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Abstract

Software has become increasingly important in data-driven research and plays an integral role in
today’s science, contributing to all steps of scientific investigations. Knowledge of how software is
applied in scientific investigations is essential to the scientific community in terms of provenance,
because knowledge of utilized software is a prerequisite for reproducibility and software influences
the outcome of scientific research. Furthermore, tracking the usage and impact of software provides
a central feedback mechanism for the development of research software, a task often performed by
researchers themselves. However, knowledge of software application in research is sparse, with a
majority of information on software usage being informally described in the textual descriptions
of scientific research, leading to a lack of software visibility. This thesis, develops a method to
systematically analyze software usage in scientific publications at a large scale. For this purpose,
I created the high-quality ground-truth dataset SOMESCI, which is based on manual annotation
covering all relevant knowledge of software usage in scientific publications, such as software meta-
data (e.g., versions or developers), contextual information, and unique identifiers. Findings on this
dataset revealed that providers of bibliographic data currently use unsuited representation formats
for formal software citation, hampering systematic analyses of software citations. I therefore de-
veloped an automatic information extraction pipeline for software mentions in scientific articles,
solving the problem with a high recognition rate of 86.6% in terms of FScore. However, my results
also demonstrate the complexity of the task, highlighting the challenges of generalization and the
complexity of the required Entity Disambiguation. The established extraction pipeline was applied
on a large-scale dataset of 3.2 M articles from PubMed Central and the resulting data was formally
modeled in the Research Knowledge Graph SOFTWAREKG, to allow a FAIR publication and reuse
by the scientific community. Finally, I performed large-scale analyses to provide insights on soft-
ware usage over time, between domains, in dependence of article impact, and concerning the state
of open source software, as well as specific analyses tracking the publication of software, extend-
able software architectures, and the relation between software and article retraction. Overall, the
resources of SOMESCI and SOFTWAREKG—made available in the scope of this work—build the
bases for further analyses of software in science and can serve as a starting point to implement
applications required by the scientific community, such as software impact measures or a software
recommendation system.






Zusammenfassung

Software hat in der datengestiitzten Forschung zunehmend an Bedeutung gewonnen und spielt in
der heutigen Wissenschaft eine entscheidende Rolle, da sie in allen Schritten von wissenschaftlichen
Studien eingesetzt wird. Das Wissen dariiber, wie Software in der Forschung eingesetzt wird,
ist fiir die wissenschaftliche Gemeinschaft in Hinblick auf Provenance unerlasslich, da die Ken-
ntnis der verwendeten Software eine Voraussetzung fiir die Reproduzierbarkeit ist und Software
Auswirkungen auf Studienergebnisse hat. Dariiber hinaus dient die Verfolgung der Verwendung
und der Reichweite von Software als zentraler Feedback-Mechanismus zur Entwicklung von wis-
senschaftlicher Software, welche haufig von Forschenden selbst tibernommen wird. Jedoch ist das
Wissen iiber den Einsatz von Software in der Forschung begrenzt, wobei die meisten Informationen
dazu informell im Text von wissenschaftlichen Veroffentlichungen beschrieben werden, was zu einer
mangelnden Sichtbarkeit von Software fithrt. In dieser Arbeit wird eine Methode zur systematis-
chen grofiflichigen Analyse der Softwarenutzung in wissenschaftlichen Publikationen entwickelt. Zu
diesem Zweck habe ich den hochwertigen Ground-Truth Datensatz SOMESCI entwickelt. Dieser
basiert auf manueller Annotation, die alle relevanten Informationen iiber die Softwareverwendung
in wissenschaftlichen Publikationen, wie Metadaten (z. B. Versionen oder Entwickler), Kontex-
tinformationen und eindeutige Identifizierungen enthalt. Ergebnisse aus diesem Datensatz haben
gezeigt, dass die Herausgeber bibliografischer Daten fiir formale Softwarezitate derzeit ungeeignete
Repréasentationen verwenden. Aufgrund dessen habe ich eine automatische Informationsextraktions-
Pipeline fiir Softwareerwéahnungen in wissenschaftlichen Artikeln entwickelt, welche das Problem mit
einer hohen Erkennungsrate und einem FScore von 86,6% lost. Meine Ergebnisse zeigen jedoch auch
die Vielschichtigkeit des Problems, vor allem die Herausforderungen der Generalisierung und die
Komplexitat der erforderlichen Entity Disambiguation. Die entwickelte Extraktions-Pipeline wurde
auf einem groflen Datensatz mit 3,2 Mio. Artikeln aus PubMed Central angewendet und die resul-
tierenden Daten wurden formell im Research Knowledge Graph SOFTWAREKG modelliert, um eine
FAIR-Veroffentlichung und die Weiterverwendung in der Wissenschaft zu ermdéglichen. SchliefSlich
habe ich umfangreiche Analysen durchgefiihrt, um Einblicke in die Softwarenutzung im Lauf der
Jahre, zwischen verschiedenen Forschungsbereichen, in Abhéngigkeit der Reichweite eines Artikels
und in Bezug auf den Status von Open-Source-Software zu gewinnen. Zudem habe ich spezifische
Analysen durchgefiihrt, welche die Veroffentlichung von Software verfolgen, und erweiterbare Soft-
warearchitekturen, sowie den Zusammenhang von Software und dem Widerruf von Verdffentlichun-
gen untersuchen. Insgesamt bilden die Datensatze SOMESCI und SOFTWAREKG, die im Rahmen
dieser Arbeit 6ffentlich verfiigbar gemacht wurden, die Grundlagen fiir weitere Softwareanalysen in
der Wissenschaft und kénnen als Ausgangspunkt fiir die Entwicklung von Anwendungen dienen, die
von der wissenschaftlichen Gemeinschaft benotigt werden, wie z.B. eine Methode zur Messung der
Reichweite von Software oder ein System zur Softwareempfehlung.
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1 | Introduction

Software has become increasingly important in data-driven research and plays an integral role in
today’s science [104, 93]. It contributes to all steps of scientific investigations, ranging from the
recording and analysis of data to the visualization of research results [119]. Surveys across scientists
further highlight the impact of software reporting that 91% to 95% of scientists use software in
their research [93, 193] and that 63% are convinced they could not perform their research without
it [193]. Furthermore, scientists increasingly take up the role of software engineers themselves,
with 84% reporting that developing software is essential for their research [93]. Not surprisingly,
an analysis of the 100 most cited articles unveiled multiple articles describing software which are
central research tools in different research fields, for instance, BLAST' and ClustalW in the area of
Bioinformatics or SHELX, HKL, and PROCHECK in Crystallography [198]. Historically, however,
the publication of a software has been considered a weaker contribution than the publication of
an article [101]. By now, the impact of software on science has been recognized by the scientific
community and it is considered as a key research result and resource [267, 81], and one of the main
pillars of science—besides articles and data—as it contains the logic of data transformation [68].
Since software facilitates, or even enables, scientific investigations, its impact on research results has
to be considered by the scientific community. In practice, software errors have been found to bias
study results and have led to article retractions [134]. One of the first examples, is the retraction of
five impactful articles published around 2001, three of which published in the journal Science, due
to one error in the self-developed analysis software used throughout all five investigations, which
flipped two data columns [186].

1.1 Research Software and Software in Research

Since the importance of software in science increases, various studies proposed definitions for sci-
entific or research software. A definition is required by different stakeholders, such as researchers
or funders of scientific research, since there is an increasing need for funding specifically allocated
for the development of research software, as researchers themselves fill the role of software devel-
opers [116]. Moreover, this creates an increasing need for proper credit and attribution for the
development of software. The work of Goble [93] summarizes existing definitions of scientific and
research software. The term scientific software has, for instance, been defined as software that an-
swers a scientific question, is developed with a domain expert, and provides output data to support
the scientific work [138]. It has also previously been considered as software developed by scientists
for scientists [262], while the term research software has been defined similarly, referring to software
developed in academia and for research purposes [110, 195]. This also coincides with the definition
made by other stakeholders, e.g., by the Journal of Open Source Software (JOSS) [133]. Recently,

!Note that software is a research object of this work and is not formally cited when it is mentioned in that context.
All software that was applied in the scope of this work is formally cited.
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Chapter 1. Introduction

the Research Software Encyclopedia (RSEPedia) set out to define the term research software in a
community driven, open source effort [264] (see also [279]). It concludes that a clear definition on
a single page cannot be reached. Instead, a context dependent definition needs to be derived that
best reflects the needs of a stakeholder.

In the remainder of this work, the notion of software is used to refer to all software used for
research, instead of research software specifically, as all software used for research contributes to the
research results and is part of the research’s provenance. Therefore, this work explicitly includes
software that was not developed by researchers or in the scope of academia. Particularly, the
knowledge of potentially unsuited software in scientific investigations can be crucial to identify
errors or biases in investigations, with a prominent example being the use of Fzcel for analyses
involving gene names [317].

In the scope of this work, software is distinguished based on its availability, since access to specific
software used or created in investigations can be a prerequisite for repeatability and reproducibility
of the results [148]. Moreover, incentives for the creation of software differ between commercial and
freely available software [75]. In general, research software established based on public funding is
free, and should—following good scientific practice—be published open source [105]. Therefore, it
depends on proper attribution as a feedback mechanism for both developers and funders, e.g., to
secure future funding for extension and support. Commercially distributed software do not depend
on attribution as their developers are financially compensated, e.g., by licensing fees. The work of
Howison and Bullard [118] found that the attribution of software in scientific publications differs
based on its availability. Specifically, it showed that proprietary software, in terms of source code
availability, is more commonly cited similar to scientific instruments, while non-commercial and
open source software is more likely to be formally cited. In this work, the availability of software is
distinguished based on whether it is free to use in academics between free and commercial software.
Furthermore, it is distinguished between open source software and closed source software, with
proprietary source code. In general, both aspects are related with a majority of open source software
being also free, and most commercial software being closed source, however, exceptions are possible.
Note that software which is stated to be available upon request is not considered as open source in
this work, since prior work has revealed sever issues regarding this form of data sharing [87, 278|.

1.2 The Importance of Knowledge of Software Usage

In general, knowledge of software is important for the scientific community in terms of provenance.
From a microscopic perspective, the knowledge of utilized software is a prerequisite for reproducibil-
ity of study results, as software includes the processing logic of most investigations. From a macro-
scopic perspective, knowledge about software in scientific investigations enables large-scale analyses
of software impact, similar to evaluation metrics for scholarly publications [136]. Therefore, different
stakeholders have an interest in knowing about software in science regarding its development, usage,
impact, and the interaction between different software [119]. Researchers developing software, for
instance, are interested in how their software is used and re-used, because feedback from the user
community is important for active maintenance and improvement. For them, attribution is also
of high importance, as they often spend significant parts of their academic careers developing and
maintaining software [258]. Moreover, an impact measure providing credit for software use and re-
use in investigations can serve as an incentive for software publication and maintenance. Knowledge
of a software’s impact is also crucial to funding agencies supporting the development of scientific
software [119]. Similarly, outlets for software publication, such as software journals, could track the
re-use of published software not only by the citation of corresponding articles but by tracking the
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actual usage of the software.

Knowledge of software is further relevant to the scientific community because software con-
tributes to research results and influences study outcomes. Therefore, it is essential that the quality
of software used in research is assessed and that software is evaluated [94, 116]. However, researchers
often use software without it being thoroughly validated. Since proprietary source code cannot be
inspected and prevents an evaluation of the implemented algorithms, this is often the case for com-
mercial software [237]. The potential pitfalls of software errors were already highlighted above, with
a single software error leading to the retraction of multiple high impact articles [186]. With the
increasing importance of software for research, there have also been more recent reports of research
data and results compromised by employed software [80, 325, 317]. For instance, 31% of human
genome data handled with Microsoft Excel has been shown to be altered by the software’s auto
conversion features [1], while a bug was recently reported in the Python Machine Learning (ML)
toolbox Scikit-Learn, which leads to a miscalculation of FScores in specific versions of the soft-
ware [36]. The influence of software on scientific research can be further highlighted by examples
from Retraction Watch (RW) [238], where errors in software usage or unintended behavior of soft-
ware significantly impacted study results. One article, for instance, had to be retracted because
Microsoft Excel re-ordered single data columns upon import [144, 183], while another retraction
was caused by data rows shifting between observation groups when exporting data from Excel to
SPSS [297]. Knowledge of where software is applied, would enable automatic quality checks and
allow to alert authors when software bugs are discovered and fixed. It could further enable an
automatic tracking of misused software and the recommendation of alternatives, combining quality
control and software suggestion, described below.

Knowledge of software in science is further important for researchers looking to identify suitable
software for their research. In general, finding suitable software is considered a challenging task [118,
94] and a variety of tools is often available. Software support in Biology has even been described
as overwhelming and difficult to select due to the large amount of existing tools [236]. Therefore,
researchers use different strategies to identify software for their research including web searches,
opinions of colleagues, related literature, but also online forums or project repositories [122]. Here,
researchers could benefit from better knowledge of available software and recommendation of al-
ternatives, based on an underlying mapping of existing and used software in their own and related
research domains.

The reasons stated above summarize the most important reasons why the scientific community
requires knowledge of software usage in scientific investigations. However, there are several other
aspects of interest beyond these most pressing issues, which are interesting in the scope of extended
bibliographic analyses with respect to software in science. For instance, exploring the co-occurrence
of software [165], analyses on software citation quality [118, 75], differences in use of commercial and
open source software [118], or comparative analyses in software usage between scientific disciplines.

1.3 Software Mentions in Scientific Literature

As described above, software is widely used in scientific investigations and commonly related to
data recording, processing, and analyses. Therefore, its use is part of the research’s provenance and
should be documented within scientific publications. In general, authors indicate software usage
by in-text description in the full-text document of the publication, which can include a citation of
the software by a formal bibliographic reference. In the remainder of this work, in-text software
mentions will be referred to as informal citations and citations to bibliographic references as formal
citations. An example of a software mention in scientific literature, containing both informal and
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formal citation, is given in Listing 1. The software is stated informally in-text with further metadata
closer identifying it, including a formal citation to a bibliographic reference (details on metadata
are introduced in Section 3.1). The corresponding provided bibliographic reference associated with
the in-text software mention is given in Listing2. In this case, it references an article associated
with the software that was cited in its place. This is a common practice in scientific publications
and is further described in Section 3.1.4.

Recently, multiple studies have investigated how software can be properly cited in scientific
literature [263, 73, 57, 9] and software citation guidelines have been published [135]. These guidelines
recommend formal citation of the software itself, rather than a corresponding article, to enable a
unique identification of the software including its version. For this purpose, the guidelines define
several metadata that should be included in a software citation such as the software’s name, its
creator, and its release date or version. Since the guidelines were recently established it is difficult
to assess compliance by the scientific community, but funders and advisory groups are beginning to
require software citation as mean to connect publications and its supporting software [267]. However,
earlier and more recent work showed that software is more commonly mentioned informally than
formally [118, 75]. Moreover, when software was formally cited, citations of software articles were
found to be more common than citations of software itself [118]. The guidelines are also not fully
implemented by scientific journals, yet. PLoS ONE, a large open source journal, for instance,
considers software in its submission guidelines since 2019, instructing authors to: “List the name
and version of any software package used, alongside any relevant references” [218]. However, the
journal’s policies do not consider direct citation of software itself.

1.4 The Lack of Software Visibility in Scientific Research

Currently, the majority of information on scientific software usage is contained in the full-text docu-
ment of scientific publications, hidden from reference scanning mechanism, hampering its large-scale
identification. Gathering this information manually is not feasible due to the large amount of exist-
ing scientific publications and the high volume of new publications. Moreover, software names are
challenging processing targets due to ambiguities and inconsistent naming across publications [76],
which impedes tracking unique software across scientific literature. Overall, this leads to a lack of
visibility with respect to scientific software in publications, hindering development of applications
as outlined in Section 1.2.

Currently, the scientific community has limited means to systematically investigate software
citations compared to the citation of scientific literature, which is systematically analyzed in the
field of Scientometrics by measures such as the h-Index. For the analyses of scientific literature,
a broad infrastructure has been established that allows complex analyses, e.g., the examination of
co-citation networks. The majority of bibliometric analyses depends on knowledge bases containing
structured bibliographic information including references and their interrelation, such as Crossref,
Semantic Scholar, or Scopus (see Section 3.2.3). While these databases can potentially only reflect

1 R language [30] (version 3.2.2; R Foundation, Vienna, Austria) was used for statistical
2 analysis and creation of several figures.

Listing 1: Example of an informal software mention from the dataset introduced in Section 3.2 including a
name (), formal citation (| ), version (), and developer (). The example was extracted from Bigras
et al. [32].
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1 Ihaka R, Gentleman R. R: a language for data analysis and graphics. J Comput Graph Stat.
2 1996;5:299-314.

Listing 2: Formal bibliographic reference associated with the software mentioned in Listing 1 by citation
#30, referring to an article published about the software R.

the fraction of formally cited software in the scientific literature, it is not clear whether their
infrastructure can be utilized for the analyses of software citations, because they are differently
structured and contain elements not present in regular citations, e.g., version numbers.

Overall, investigations are required to determine which information have to be systematically
extracted from scientific articles to satisfy the requirements of the scientific community, and to
determine how such an Information Extraction (IE) can be implemented. In general, automatic
methods are required that process articles to systematically extract the hidden information on
software usage and offer scalability to the large volume of scientific publications. Moreover, it is
necessary to consider both, informal and formal software citations, the metadata provided with
these mentions, and the unique identification and tracking of software across scientific literature.
Specifically, the identification of software can be considered along three dimensions, the identification
of the software itself required for tracking, the identification of its developer required for proper
attribution, and the identification of the specific codebase by version or release data, necessary
for reproducibility as software changes over time. Furthermore, the citation intent of scientific
software can be important for analyses to identify the creation and publication of new software in
articles, while distinguishing different types of software can also enable targeted analyses. Finally, all
extracted knowledge needs to be semantically represented and provided to the scientific community
to enable all researchers to access and work with this knowledge.

1.5 Contribution

In this work, I developed a method to systematically analyze software usage in scientific publica-
tions at a large scale. For this purpose, I created a high-quality ground-truth dataset based on
manual annotation, covering all relevant knowledge of software usage in scientific publications, and
developed an automatic IE pipeline for software in scientific articles. Further, I formally modeled
the resulting data in a scientific Knowledge Graph (KG), to make it available to the scientific
community as a FAIR [308] publication in terms of Findability, Accessibility, Interoperability, and
Reusability. Finally, I performed large-scale analyses that give insights on software usage over time,
between research domains, in dependence of article impact, and concerning the state of open source
software.

Overall, the pipeline for examining software in science that I developed in this work does not
only allow to examine software in science and implement features desired by the community, e.g.,
a software impact measure. The established pipeline also serves as a model on how knowledge
from scientific articles can be systematically extracted and modeled, in order to implement the
same process for other scientific artifacts, such as data. In this context, this work also serves
as a demonstration of major caveats that need to be taken into account when developing similar
approaches, e.g., Entity Disambiguation (ED) (see Section 4.4) proved to be a challenging problem,
but was not yet taken into account by previous work assessing software in science (see Section 2.1)2.

ZNote that Istrate et al. [128] take ED into account, but their work was performed after the work described here.
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1.6 Outline

The remainder of this thesis describes the development of a scalable, automatic, large-scale extrac-
tion pipeline for software mentions from scientific literature, the semantic modeling of the corre-
sponding information, and analyses performed based on this data. Initially, Chapter 2 discusses
related work on the topics of software analyses in scientific literature and the modeling and publi-
cation of information in research KGs, and introduces the required preliminaries for the ML models
used in the scope of this work. Then, a manual analysis of informal and formal software citations
is described in Chapter 3, with the goal of determining the requirements for large-scale software
analyses and establishing a suited high quality gold standard corpus that enables the development
and evaluation of ML models. This analysis also assesses the current representation practices of
formal software citation by scientific literature databases, evaluates their corresponding information
representation quality, and their usability for systematic software analyses. Next, the automatic
information pipeline and the corresponding ML approaches for large-scale software extraction from
scientific articles are introduced in Chapter 4, and their application on 3.2 M articles of the PubMed
Central Open Access Subset (PMC OA) is described. The pipeline itself is split into three main
parts based on the problems of Named Entity Recognition (NER) for software and its metadata,
Relation Extraction (RE) between identified information, and Entity Disambiguation (ED) of identi-
fied software. Then, Chapter 5 discusses the developed semantic representation of software mentions
in the scientific literature and introduces the corresponding KG scheme. Subsequently, Chapter 6
describes how large-scale analyses on software mentions are performed to gather insights on software
usage and citation by the scientific community, taking into account changes over time, differences
between research domains, article impact, and the state of open source software. Moreover, a case
study regarding the relation between software usage and article retraction is included in the scope
of the analyses. Each chapter includes a separate discussion of results and limitations, before Chap-
ter 7 reaches a conclusion of the overall work and outlines future research regarding the analyses of
software usage in science and its requirements.
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The content of this section is based on the following publications:

Frank Kriiger and David Schindler. “A Literature Review on Methods for the Extraction of Usage
Statements of Software and Data”. In: Computing in Science & Engineering 22.1 (2020), pp. 26-38. DOI:
10.1109/MCSE . 2019 . 2943847 [150], covers a review of literature concerned with the analyses of
software and data mention in scientific publications.

Related work is split up into three major sections to cover the main aspects of this work. First,
prior work analyzing software in science is described with respect to its methodology, and its find-
ings are summarized to highlight the current knowledge of software in science, its reliability, and
open questions. Next, research KGs are introduced, highlighting their value for data sharing and
reproducible research. Then, related work on ED is introduced, split between the fields of Natural
Language Processing (NLP) and large-scale databases. Finally, ML preliminaries are introduced,
which build the basis of the automatic IE pipeline developed in this work. This section covers the
main principles of applied ML models, but also includes general concepts, e.g., unbiased evaluation.

2.1 Analysis of Software in Science

This section provides a detailed overview of prior work dealing with the analyses of software in
scientific investigations, classifying it between manual and automatic approaches, as described in
Section 1.4. Note that some of the work described here was actually published after some or all
methods described in Chapter 4 were developed and published (particularly concerning the work of
Istrate et al. [128]). A summary of the related work is also provided in Table A1.

2.1.1 Manual Analyses and Ground-truth Data

The mention of software in scientific publications has been analyzed manually in different investi-
gations. Manual analyses have the advantage of providing highly reliable data and provide valuable
insights on software mention practices, but are expensive in terms of annotation effort and are,
therefore, limited to a small number of publications. Manual analysis was performed by Howison
and Bullard [118], who examine 90 publications in the field of Biology with an annotation overlap of
83%, and perform a detailed examination regarding metadata associated with the software. Nangia
and Katz [192] annotated 40 articles from the journal Nature in a call for collaboration on the topic
of software mentions without considering associated metadata. Duck et al. [77] established BioN-
erDs, a set of 85 Life Science articles focused on Bioinformatics annotated for informal software
mentions with an FScore of F'=80% without annotation of associated metadata. Most recently,
Du et al. [74] established Softcite, a dataset of 4971 articles, including metadata on developer, ver-
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sion, and URL, annotated with an overall overlap of 76% followed by further expert curation. The
articles were sampled from the research disciplines of Life Sciences (2521) and Economics (2450).
Softcite was further updated in a recent release to Softcite v2 [24, 120], adding annotations re-
garding software types and the mention context of software (see Section 3.1.1), and extending the
overall number of annotated tosoftware. Annotation specific details on BioNerDs and both versions
of Softcite are summarized in Table 3.3 in the scope of Section 3.3, which compares them against
the dataset established in this work.

While the available ground-truth datasets are valuable resources for software mentions in science,
they do not capture all relevant aspects regarding software mentions in scientific literature. As
described above, BioNerDs only considers software names without any further metadata, while
Softcite captures some metadata, with information on the mention context being added in Softcite
v2. However, both do not consider the unique identification of software across scientific publications,
as they do not provide any means to disambiguate software beside the extracted name. Another
relevant aspect is the age of the contained articles, due to recent paradigm shifts towards data
driven analyses across all disciplines, making software a first class citizen in science and changing
the awareness for software citation. This might lead to a concept drift of how software is indicated
in scientific literature. Both, BioNerDs and Softcite, contain articles published before 2011, which
do not reflect the most recent changes.

2.1.2 Automatic Analyses

Automatic methods can be used to perform large-scale analyses, e.g., regarding software trends over
time or across disciplines, but are commonly less reliable than manual approaches as they require
automatic IE models. A system based on manually engineered rules incorporating a dictionary
of known resource names, for instance, was developed based on BioNerDs to recognize software
and database names in scientific literature [77], achieving a strict overlap FScore of F=53% with a
Precision of P=49% and Recall of R=57%". The rule-based method was extended by an additional
ML post-processing filter [78], improving the performance to F=67%, P=66%, and R=69%. It was
implemented by a Random Forest classifier, which performed best out of a selection of ML methods.
In a separate work, a Conditional Random Fields (CRF) classifier was also applied on BioNerDs [76],
achieving a performance of F=63%, P=54%, and R=74%. Based on the best performing model
714 k articles from PubMed Central (PMC) were further analyzed in the work of Duck et al. [78].
The work of Pan et al. [205] also employs a rule-based method based on contexts and software names
learned by iterative bootstrapping. This method has the advantage of requiring minimal supervision
for training, but usually achieves low performance, particularly in terms of Recall. Pan et al. [205]
report a performance of F'=58%, with P=94% and R=42%, and use their approach to analyze a set
of 10 k articles from the journal PLoS ONE. Li and Yan [165] restrict the set to software packages
of the software framework R and only consider articles that mention or cite R. They then develop
a rule-based approach that contains manually engineered features and a dictionary of known R
packages gathered from prominent package repositories. Based on this approach they achieved an
FScore of F=86%, with Precision of P=84% and Recall of R=87%. The classifier is then applied
to =14 k articles with the goal of performing a co-mention analyses. While this method achieves
high performance, it is restricted to a limited set of target software and does not generalize beyond
R packages.

Following my first results, different studies applied deep learning models to the problem of
software mention detection. Lopez et al. [173] developed a classifier for software mentions based
on the Softcite dataset and compare a Bi-LSTM-CRF approach with a SciBERT-CRF (for details

!Details on the calculation of Precision, Recall, and FScore are provided in Section 2.4.2
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regarding CRF's, Long Short Term Memory Networks (LSTMs), and BERT see Section 2.4). The
results show that the SciBERT-CRF performs better on the problem and achieves an FScore of
F=71%, with a Precision of 69% and Recall of 73%. They report that performance could be further
improved to F=74% through additional Entity Linking (EL) with Wikidata. The classifier was later
applied in the work of Du et al. [75] on the CORD-19 corpus containing more than 280 k articles
related to COVID-19 and research on coronaviruses. Further analyses of software mentions was
then performed on a manually selected set of recognized software. Most recently, the approach was
updated by training a SciBERT-CRF model on Softcite v2 with P=74%, R=89%, and F=81% [24].
This approach was developed to track the production of research software on a national level in
the scope of the French Open Science Monitor (BSO) platform. Istrate et al. [128] established a
large-scale dataset containing software mentions in 3,8 M articles from PMC and further 16,8 M
articles obtained from publishers and bioRxiv, with significant overlap between sets. The software
extraction within the dataset was based on SciBERT and trained on Softcite with a reported
performance of F'=92%, P=90%, and R=93%. Moreover, Istrate et al. [128] employ DBSCAN for
ED of software mentions and evaluate the performance by additional data annotation. They report
a final performance of F=70%, P=95%, and R=56% for this step.

Overall, early automatic approaches for large-scale analyses of software in science often employed
methods based on low performance values, which led to unreliable results. In more recent work,
higher recognition performances have been achieved based on the use of state of the art methods in
NLP, while the problem of ED (see Section 2.3) is not considered by most prior work and requires
further investigation.

2.1.3 Prior Findings

Descriptive statistics are reported for most manual

Duck et al. 2016. Howison and Bullard 2016

and automatic approaches introduced above. One ma- Panetal. 2015 Duetal. 2021
jor aspect is the average number of mentioned software, -
with previously reported results illustrated in Figure 2.1. _ \\@\/\@o
The findings of prior work strongly vary between studies, % ¢ &%
dependent on the underlying scientific domains. Z’i &

However, the results may also be influenced by the E ¢
specific data selection, e.g., regarding the age of the ana- = o
lyzed articles, or the methodology employed for analysis. o
The reported numbers range between only .2 software & 6 5 10 15 w25 %

. . . . . Average Number of Software

mentions per article in the Softcite Economics set [74]
to 30.8 within the domain of Bioinformatics in BioN- Figure 2.1: Average number of software
erDS [78]. Further, Howison and Bullard [118] report 3.2 per article reported across prior work,
software per article in Biology, while Duck et al. [78] re-  showing strong disciplinary differences,

port 12.9. For articles sampled from PMC, Duck et al. but _alSO discrepancies between different
[78] report 5.5 while Du et al. [74] report 1.4, and Pan et studies.

al. [205] report 2.7 in articles published by Public Library of Science (PLoS), with both representing
a broad selection of articles with main focus on Life Sciences. The distribution of software itself
was found to be skewed towards commonly used general purpose software, which is often statistical
software. However, there is some variation in the actual reported numbers. Pan et al. [205] report
that 20% of software names account for 80% of mentions, while Duck et al. [78] report that 5%
account for 47%. However, both methods do not take ED of software names into account, making
the results hard to interpret.
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Prior work is also concerned with the completeness of software citations, with respect to provided
metadata. As described in Section 3.1, complete citation is essential for proper identification and
attribution of software. However, this information is often missing in practice. Howison and Bullard
[118] found that only 28% of software mentions include a version, 18% the developer, and 5% a
URL. They were still able to locate 86% of used software by using web searching, but could only
identify the codebase (see Section 1.4) in 5%. Du et al. [74] report that 27% of mentions include
version information, 31% developer, and 17% URL. Du et al. [75] found that 46% include versions,
4% URLs, 35% developer, and 18% a formal reference. Further, they report that 96% of the software
were identifiable based on the provided information and that the codebase could be identified for
43% of software.

Formal software citation is only investigated by Howison and Bullard [118] and Du et al. [75].
Howison and Bullard [118] found that 44% of software mentions include a formal citation. Further,
both investigations distinguish the cited resource behind formal citations and report that respective
84% and 89% of citations refer to articles. Howison and Bullard [118] further identified 5% of
citations referring to software manuals and 11% to software directly, while Du et al. [75] report 8%
referring to software directly. Moreover, Du et al. [75] analyses the content of formal citations and
report that 35% include a version and 78% identify software developers.

Another aspect that received attention in existing literature is the availability of the used soft-
ware, in terms of free availability and open source publication. Here, Pan et al. [205] found that
64% of the most commonly mentioned software are free for academic use. Howison and Bullard
[118] analyzed accessibility, license, and source code availability in combination with citation style
and report that commercial software is more likely to be mentioned similar to scientific instruments
while open-access software is more likely to receive a formal citation. Du et al. [75] report that 97%
of software is accessible online, with 68% being free to use, 47% with source code available, and
43% with open source licenses granting modification permission.

Additionally, there is some work that analyzed specific aspects of software mention and citation,
while restricting the scope to specific software or groups of software. Such a restriction can be of
interest for software developers and facilitates analyses because keyword search for names, URLs,
and associated terms can be applied, potentially followed by manual verification. A semi-automatic
approach on a large scale has been established by SWMATH [96, 53], who map software used in
Mathematics contained in zbMATH by manual labeling software pre-filtered by a heuristic search. Li
et al. [164] analyze mentions of the software LAMMPS used in the research discipline of Engineering
and found that important information such as the version and the software specific settings are
often omitted. An analysis of the software R and associated packages by Li et al. [166] revealed
inconsistencies resulting from a variety of citation standards that are not well followed by authors.
Overall, they could show that R receives a high number of formal citations while there is a trend
towards more package citations. Pan et al. [204] analyzed the completeness of software usage
statements for three specific bibliometric tools and found that a version is provided in 30% of cases,
URLs in 24%, and formal citations in a comparatively high number of 76%. They argue that this
number, which is higher than average reported numbers, could result from good author citation
instructions provided by the tools. Allen et al. [8] analyzed the availability of source code for
software mentions in Astrophysics and report that they could locate it for only 58% of all mentions.
The work of Tomaszewski [282] analyzed cited references of the software MATLAB by using the Web
of Science, to investigate in which discipline the software is applied. Lastly, the work of Irrera et al.
[127] matched a restricted set of 22 software by name, URL, and Digital Object Identifier (DOI) to
analyze the citation position of software in scientific articles.
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2.1.4 Different Approaches to Tracking Software in Science

There have also been other approaches with the goal of improving traceability and citability of
software in scientific publications. SciCrunch [254] introduces research identifiers for scientific re-
sources including software, which provide a unique identifier for each individual resource. However,
the success of this approach depends on the compliance of both software developers and users to
allow proper tracking, e.g., by registering new software. Another aspect is the archival of software
to ensure reproducibility, which is a cornerstone of science [81]. This is attempted by Software
Heritage [69, 3], a nonprofit organization that collects software source code for preservation and
long term archival. It can, therefore, also serve as a resource to uniquely identify software that
additionally takes versioning into account, which is not considered by SciCrunch. The Software
Sustainability Institute [266], on the other hand, sets out with the more general goal of improving
research software and making it more sustainable. There are also efforts to facilitate and im-
prove formal software citation in the scientific literature. One initiative is the Citation File Format
(CFF)?, which allows developers of software to easily add human and machine-readable citation
information in their repositories, while the biblatex-software package® has been released to sup-
port authors of scientific publications in citing software, considering the specific citation targets of
software, software versions, software modules, and code fragments.

2.1.5 Summary

The results of prior work give some suggestions on how software citation in scientific literature can
be systematically analyzed, to enable the applications outlined in Section 1.2. Overall, the previous
investigations suggest that software is more commonly mentioned than formally cited, while the
mentions themselves often omit essential information. However, reported results often vary, show-
ing strong disciplinary differences in software mentions and rapid changes in citation and mention
habits of scientific software, highlighting the difficulty of the problem. Limited gold standard data is
available for recent publications reflecting new developments in software usage and citation. Partic-
ularly, the most recent trends have only been analyzed based on automatic approaches, which offer
less reliability compared to manual methods. Some aspects such as distribution of software within
scientific articles are currently investigated without considering software ED and could be biased.
Most attention has been payed to software mentions as they are known to be the most common
way software is mentioned, with only limited work examining formal citations and no ground-truth
annotation available for the problem. There has also not been any previous investigation of how
software citations are handled within existing literature databases and of the related data quality.
Overall, there is need for further investigation and a high quality ground-truth dataset that cov-
ers all intricacies of software mention and citation in the scientific literature, to enable large-scale
software analyses as described in Section 1.2.

2.2 Knowledge Graphs

KGs have established themselves as a common way to represent knowledge. The development
of large-scale KGs has initially been driven by industry applications such as the Google [259],
AirBnB[47], or Amazon [149] KGs. Due to their advantages, they have also been broadly applied
for knowledge representation in research, and large-scale KGs were established by the scientific
community such as Wikidata [293], DBpedia [161], Freebase [34], or YAGO [114]. The core idea

*https://citation-file-format.github.io/, accessed 3 March 2024.
Shttps://www.ctan.org/pkg/biblatex-software, accessed 3 March 2024.
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for all KGs is to use graphs for data representation enhanced with a way to explicitly represent
knowledge, used for applications that require large-scale integration, managing, and extraction of
values from diverse sources of data [200, 115]. Different definitions for the term KG have been used
in scientific literature throughout the years. In general, KGs represent knowledge that is amenable
to processing in a graph in which entities are related to their attributes and other entities, along
with provenance of where that knowledge was obtained [35]. Here, the definition of Hogan et al.
[115] is used to provide a definition that is well suited for the context of this work, defining a KG as
“[...] a graph of data intended to accumulate and convey knowledge of the real world, whose nodes
represent entities of interest and whose edges represent relations between these entities.”.

Graphs provide a concise and intuitive abstraction for data representation, with edges capturing
relations between entities, and are applicable to a multitude of different data and domains [12].
Their biggest advantage is that they offer an explicit representation of knowledge, and enable linking
between different knowledge bases, allowing to combine existing knowledge. This adds value to the
data as it can enable new use cases and allow unexpected re-use of information [31]. This makes
KGs particularly well suited for the scientific community, as this format allows a broad integration
of different sources, enabling new analyses that would otherwise not be possible, hence, advancing
scientific progress. Data analysis itself can also be directly performed on the graph structure by
running queries against it, which can be highly abstracted. Moreover, regarding accumulation
and linking of knowledge, queries can be federated over graphs to allow broader analyses. The
SPARQL query language, standardized by W3C*, can be used as a tool for this purpose, having the
same expressive power as relational algebra [13]. Overall, representing information in KGs allows a
semantic representation and enhances findability, accessibility, interoperability, and reproducibility
through the underlying graph structure, which contributes to a FAIR publication of established
resources [308].

KGs offer advantages, specifically in comparison to relational models, which are commonly used
for representation of record type data with known structure and a fixed schema, making their
extension difficult and different schemata hard to integrate, especially by automatic approaches. In
contrast, KGs allow to easily link different published data and enable broad analyses [115]. The
definition of the schema itself could even be postponed allowing data to evolve in a more flexible
way, and to capture incomplete information [2]. However, KGs are also well suited to semantically
represent information, which is a prerequisite for linking data. Semantic representations for KGs
are commonly included by using ontologies, which define the semantics of terms used to label nodes
and edges in the graph [115].

The information for KGs can be generated in different ways. The information for general
purpose KGs, for instance, is either based on public data sources or added by manual curation as a
community effort. Wikidata [293] and DBpedia [161], as prominent examples, have been generated
based on automatically processing information obtained from Wikipedia, while Freebase [34] and
YAGO [114] are built as community efforts. A common way to obtain knowledge for KGs is by
automatic IE. For the research KGs described below, this information is often obtained from
publishers of scientific literature or from scientific publications themselves, e.g., by NLP.

2.2.1 Research Knowledge Graphs

In the scope of this work, research KGs are of particular interest because the results of this work
will be released in a research KG due to the advantages highlighted above, particularly, in order to
link it with existing research KGs. The term research KG is used to refer to KGs that represent
information about scholarly literature, the scientific community, and research in general. Different

‘https://www.w3.org/TR/sparqlii-query/, accessed 25 January 2024.
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research KGs are available, some covering information about scholarly publications in general, while
other focus on specific aspects of scientific publications.

A first effort to represent scholarly data as Linked Open Data was established by the Database
Systems and Logic Programming (DBLP) research group at the University of Trier. The corre-
sponding DBLP® was first introduced in 2007 and contains information on scientific publications in
the domain of Computer Science. According to a recent statement, it covers more than 7 M pub-
lications, 7k conferences and workshops, 2 k journals, 115k table of contents, 142 k books, 3.4 M
authors, and includes links to external resources [4]. The main limitation of the database is that
it is limited to a specific scientific domain, while the active quality maintenance of the database is
associated with a high curation effort.

The Open Citation Corpus (OCC) [215, 216] was developed to make scholarly citation data
openly available to the scientific community. For this purpose, data from PMC OA was selected and
processed to create suited representations, based on a newly developed ontology for the description
of citations. The main drawback of this approach is that it only considers citations and no other
entities such as publication venues, fields of study, or their interrelations. ScholarlyData.org [201]
is an effort to represent the academic conferences centered around the Semantic Web community
as linked data. It is based on the Semantic Web Dog Food (SWDF) linked dataset of the Semantic
Web community that contains information on papers, people, organizations, and events related
to conferences. It covers 48 conferences, 235 workshops and 93.5 k individuals. Here, a main
limitation is the restriction to a specific community. SPedia [15] is a large, semantically enriched
knowledge base of scientific publication data, containing information about over 9 M documents and
24 disciplines in 4 languages. It is based on data gathered from the academic publisher Springer,
who has also released a KG representation of its publication data, described below.

The Academic Knowledge Graph (AceKG) [299] is another example of a large research KG,
including 62 M papers, 52 M authors, 50 k fields of study, publication venues (22 k journals and
1k conferences), and 20 k institutes as well as relations between entities. The data itself is based
on Acemap®, with limited information available on data gathering, quality control, and updates.
AceKG has the advantage of covering a large set of scholarly publications, but the usability is limited
by the unclear data handling. AIDA [11] also represents information of 21 M publications and 8 M
patents, with the goal of integrating knowledge on both academia and industry. Its main focus are
topics drawn from the Computer Science Ontology. The information is based on information from
existing knowledge bases, including the Microsoft Academic Graph (MAG), described below. It
enhances the information by performing a topic detection for publications, classifying the type of
author affiliation, and industry sectors. Regarding the covered publications, it has not the same size
as other large-scale KGs, due to the restriction of the considered scope. Wikidata, a general purpose
KG, does also contain bibliometric information, which was integrated based on initiatives such as
WikiCite”. However, the specialized, large-scale research KGs outlined below, contain a significantly
higher number of bibliographic information [84], even so the number of covered publications has
increased up to 22.6 M in April 2023 [307].

Groth et al. [97], further, proposed the concept of nanopublication. It is a framework that
allows the publication of minimal statements or claims from scientific articles as Resource Descrip-
tion Framework (RDF) triples. While the base concept was proposed, a broad implementation is
more challenging because it requires crowd-sourcing or reliable automatic extraction of claims from
articles. An application of the concept is performed by Wijkstra et al. [305], to enable the idea of
living literature reviews, capturing the results of reviews as nanopublications to allow updates as

"https://dblp.org/ [6], accessed 25 January 2024.
Shttps://www.acemap.info/, accessed 26 January 2024.
"http://wikicite.org/, accessed 25 January 2024.
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regular reviews are static and quickly updated in active research fields. However, this work also
presents an initial case study and does not publish a large-scale KG.

The Springer SciGraph aggregates Linked Open Data from the academic publisher Springer
Nature and its scholarly partners. It was first published 2017 and is an effort driven by the academic
publisher itself. Aside information about publications it covers funders, research projects, coferences,
and affiliation, and uses Shapes Constraint Language (SHACL) for data validation [103]. In a 2019
release [265], it contained 8 M articles, 4.5 M chapters, 270 k books, 5k journals, 7 M persons,
400 k grants 30 k clinical trials, and 300 k patents, while the graph is actively extended with new
data. From a linked data perspective this approach is valuable and would allow complete coverage
if all scientific publisher would follow this approach. However, overall it covers significantly less
publications than large-scale KGs aggregating information over publishers.

Semantic Scholar® is a well established scientific literature data and search engine. In the scope
of this work, the underlying Semantic Scholar Academic Graph (S2AG) has been established, a
KG containing metadata of scientific publications for 205 M articles, 121 M authors, and 2.5 B
citation edges [295, 143]. It is based on information from Crossref, PubMed, Unpaywall, Preprint
Servers and other sources, but also incorporates information extracted directly from article full-text
documents for 60 M articles, based on published PDF files. In that way a field of study classifier
is developed, and a disambiguation of papers, authors, and other covered entities is performed.
Overall, the covered database is large, and the resource is available through an API, while the data
can also be downloaded. However, the semantic structure of the information is not further discussed
and it is hard to assess how well it can be linked with other data.

A central resource, that built the basis of different other KGs is the MAG [260]. It represented
information on 209 M papers, authors, venues, events, and institutions, and enhanced data with
an automatic field of study classification. The development effort was driven by Microsoft, and
was, therefore, an industry effort. The gathering of information was largely based on Bing and on
data that already existed in-house at Microsoft, with most details of the processing being hidden.
The corresponding data was further transformed into an RDF graph in the work of Féarber [84].
However, MAG was discontinued in 2022, creating the need for a replacement as it had established
itself as a central resource with broad usage.

As a replacement, OpenAlex [220] was developed, with efforts driven by OurResearch, a non-
profit organization”. In contrast to its predecessor, it is a fully open source project covering scholarly
metadata, achieving a clear step towards open science. It is the largest of the outlined KGs,
representing five types of scholarly entities and their connections. Works (219 M) describe any
kind of scholarly document including datasets; authors (213 M) describe people creating work and
are disambiguated with ORCIDs; venues (124 k) are places hosting works such as conferences or
journals; institutions (109 k) are represented with ROR IDs; and concepts (65 k) are abstract ideas of
what works are about. Information is gathered from different sources, e.g., publication information
from Crossref and publishers. The used concepts are based on Wikidata concepts and structured
hierarchically. They are automatically generated based on titles and abstracts with the extraction
trained on MAG’s corpus.

Specific Research KGs

The previously outlined KGs focus mainly on representing scholarly publications themselves, some-
times enhancing information by including aspects such as field of study classification. The research
KGs described here focus on representing specific aspects of publications. Semantic Lancet [20], for

8https://www.semanticscholar.org/, accessed 25 January 2024.
“http://ourresearch.org/, accessed 25 January 2024.
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instance, generates semantic abstracts based on deep learning methods, with its data being based
on Science Direct and Scopus, for which it creates RDF data to create Linked Open Data.

There is different prior work dealing with the extraction of claims or statements from articles.
All are based on existing tool support to extract the corresponding information from articles using
ML methods. Buscaldi et al. [42] include 12 k abstracts from the domain of Semantic Web research,
based on MAG. They extract and represent the entities of task, method, metric, material, other-
scientific-term, and generic and a set of relations between them, resulting in 27 k relations in the
corresponding KG. Luan et al. [175] extract the same information to construct a KG including
100 k& abstracts from twelve AI conferences based on the Semantic Scholar corpus. AI-KG [66]
covers 330 k articles, extracting 820 k research entities, and 1.2 M statements. It covers the entities
of method, task, material, metric, and other entities, and relations between them. Compared to the
other approaches it covers a broader range of publications, but is also limited to a specific scientific
domain. The subsequent work CS-KG [65] further increases the number of represented articles
setting the focus on Computer Science articles and the corresponding research concepts they deal
with. It includes 6.7 M articles, 10 M entities and 179 different semantic relations between the
entities, with article data originating from MAG, where future versions will adapt OpenAlex.

The Open Research Knowledge Graph (ORKG) [16] represents structured and semantic descrip-
tions of research contributions based on article content. It includes 29 k papers, 45 k contributions,
729 research fields, 33 k benchmarks, 6.4 k research problems, and other entities, with metadata iden-
tifying articles gathered from Crossref. It allows to perform state of the art comparisons between
articles dealing with the same problems. The graph is populated with survey articles presenting an
overview of state of the art research, which often provide semi-structured information, e.g., through
tables. It is based on manual sourcing and curation, employing a human in the loop approach,
where users add papers aided by ML based tool support. Due to the human curation high quality
can be achieved, but the scope of the KG is limited. Another drawback is that reviews are static,
and new literature on the benchmark is not automatically integrated.

Another highly specific KG represents information on benchmarks used for evaluation of arti-
ficial intelligence based on the Intelligence Task Ontology (ITO) [33]. It covers 7.6 k papers with
26 k benchmark results achieved on 3,6 k benchmark datasets, further including aspects such as
performance metrics. To establish it, Papers With Code'" was utilized, a platform where users can
add benchmark datasets and report their performance results for the corresponding tasks. The data
was then further manually curated.

Summary

Research KGs are an active research field. Large-scale scholarly publication graphs have been estab-
lished to support the scientific community in bibliographic analyses, often enhanced by automati-
cally extracted information. Specialized KGs further add information to enable deeper analyses or to
provide specific services to the scientific community. They are often based on automatic processing
of article content, however, there has also been work that is based on manual curation. Currently,
these KGs do not include representation of software, while OpenAlex does include datasets. A new
KG representing software in scientific publications could be integrated in the existing landscape
of research KGs to make use of the advantages KGs offer in terms of linked data, in order to en-
able broad analyses for the scientific community. Notable, Wikidata does represent both scholarly
articles and software, however, it does not establish a link between them.

https://paperswithcode.com/, accessed 25 January 2024.
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2.3 Entity Disambiguation (ED)

Another important aspect of this work is ED for scientific software mentions, to identify cases
when different publications refer to the same software. The concept of software identities is further
described in Section 3.1.3 and the need for ED in large-scale analyses is outlined in Section 3.5.
Therefore, this section summarizes existing work dealing with related topics on ED, and their
applicability for software mentions. In general, the problem of ED exists in different research fields
and is approached with different methods based on their specific requirements. Here, methods from
the domain of NLP are discussed as they best match the domain of the given problem considering
ED based on mentions extracted from text. Further, methods from database ED are introduced,
because the approach of this work is intended for application on large datasets, and the work of the
database community focuses on reducing run-time requirements specifically in the scope of big data.
Run-time is a central problem in ED because a direct comparison of entity mentions results in a
quadratic run-time complexity O(n?), where n is the number of extracted mentions. This problem
is particularly prevalent when large-scale databases with millions or even billions of entries are
considered, motivating the search for methods reducing run-time to a sub-quadratic level. Initially,
EL is also briefly discussed, which offers run-time benefits but requires a suited knowledge base to
link against.

2.3.1 Disambiguation by Linking

EL describes the process of linking entities against an existing knowledge base. For this purpose,
different methods have been proposed in the literature, e.g., manually engineered features and
SVMs [72] or more complex methods such as deep learning approaches [294]. If an ED problem
can be solved by EL the time complexity can be reduced. Assuming a direct comparison between
all mentions m and knowledge base entries e it would lead to a complexity of O(n,,n.), which is
a run-time improvement assuming that n,, > n.. In general, an external source to link against
is not available for every problem, or it might lack the required coverage. Specifically for software
mentions, EL has been applied in the work of Lopez et al. [173], who report that EL improved
entity recognition as a post-processing step, and enriches information, however, the achieved linking
coverage is not provided. It has also been applied in the work of Istrate et al. [128], who use it to
link software to external sources after performing ED. Based on curator feedback, they report that
54% of extracted links are correct, while correctness was unclear for a large amount of links (40%).
In the scope of this work, it is argued that the coverage of software in available data sources is
insufficient to perform EL for large-scale analyses and, instead, ED of software in scientific articles
is required (see Section3.5). Therefore, EL is not further considered here and other ED methods
are the primary focus. However, EL can still be useful as an additional step after ED to gather
additional information about software [173, 128], and could be used in future applications when
more comprehensive knowledge bases of software in science are available.

2.3.2 Entity Disambiguation for Natural Language Processing

Different work has investigated ED based on mentions of entities extracted from texts, often referred
to as Cross-Document Coreference Resolution (CDCR). Cattan et al. [44] approach the problem of
event CDCR based on the ECB+ dataset [59], containing 982 documents of news articles, with the
largest category of entities being actions with ~15 k mentions. Their method works from an initial
prediction of mention spans, which are encoded based on document encodings by using Large-Scale
Language Models (LLMs) (see Section2.4.3). Spans are then pairwise scored by an ML based
scorer to establish a distance measure between them, which is initially trained on scoring mention
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pairs to binary predict whether they refer to the same entity. During training the ratio of positive
and negative pairs is selected in a 1:20 ratio. Based on the established distances, agglomerative
clustering is performed.

Zeng et al. [318] also work on the ECB+ dataset to solve the problem of event CDCR. They
perform an initial document clustering to narrow the search scope, which decreases the number
of required comparisons and was reported to mitigate errors. Their ED method is also based on
pair-wise comparisons by an ML model, with the model being trained on the problem by over-
sampling positive and downsampling negative sample pairs during training. They combine two
different similarity vectors with a deep learning approach. The first vector is based on BERT (see
Section 2.4.3), calculating similarity based on the sentence containing the event mention, while the
second vector is based on Semantic Role Labeling. Furthermore, the work of Caciularu et al. [43]
establishes a pre-trained language model specifically for cross-document contexts. In the scope of
their work, they test it on different benchmarks including the ECB+ corpus, on which they report
good performance using their model with pair-wise comparisons. In general, prior work on the topic
commonly followed the approach of using pair-wise scoring followed by clustering [58, 315, 52, 23].

While the prior work described above focused on news articles, Ravenscroft et al. [224] perform
CDCR across scientific articles and newspapers for entities mentioned in both. They create a new
dataset containing automatically gathered pairs of scientific publications and corresponding news
articles about them. The corpus has approximately the size of ECB+. On this basis they compare
the performance of different baseline approaches, such as using BERT to encode mentions and the
described approach of Cattan et al. [44]. Cattan et al. [45] fruther develop a CDCR approach
for technical concepts in scientific publications, particularly focused on Computer Science. Same as
other work, they employ existing baseline models and LLMs on the problem and base their approach
on pair-wise scoring, with the final step performed by agglomerative clustering.

In general, the outlined approaches are closely related to the problem of software ED even so
they consider different document types and entities. Especially, the approach of Cattan et al. [45]
is similar to the problem considered in this work regarding the underlying texts and the task itself.
However, the general drawback of all outlined methods is that they only consider small gold standard
datasets. Therefore, they do not take run-time complexity into account but optimize the recognition
performance. Particularly, all outlined approaches have run-time requirements of O(n?), and often
employ complex ML methods for each comparison. Only the approach of Zeng et al. [318] includes
document clustering to reduce the number of required comparisons, however, since there is general
purpose software applied over all scientific domains this approach cannot be direclty applied to
software ED. Only the work Istrate et al. [128], published subsequently to the methods introduced
in this work, considers the ED of software mentions. For that purpose, it constructs a similarity
matrix between software mentions which is clustered by applying DBSCAN [82]. The matrix itself is
constructed based on three separate components, a keyword-based synonym generation based on the
Python Package Index (PyPi), The Comprehensive R Archive Network (CRAN), and Bioconductor,
the use of SciCrunch synonyms (see Section 2.1.4), and Jaro-Winkler string similarity. They report
an FScore of F=70.4% with a Precision of P=95.4% and Recall of R=55.8% for ED, with the
evaluation based on curator labeling of 5884 synonym pairs in the disambiguated data.

2.3.3 Entity Disambiguation for Large-Scale Databases

ED is actively researched in the context of databases, because several problems regarding big data
and data linking are related to it. One problem that is particularly close to the context considered
in this work, is referred to as dirty Entity Resolution (ER), and considers one collection of data
in which duplicate mentions can exists. In the following, a general overview of methods employed
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in this context is provided based on the review of Christophides et al. [54]. Note that below the
term mention is used to refer to database entries to use consistent terminology with the descriptions
above.

ER is commonly approached in four different steps. Initially blocking is performed to reduce
the number of candidates to be compared for ER. Blocking creates sub-blocks of mentions, and
only within these blocks the actual resolution is performed, while mentions that are not in the
same block are not compared in subsequent steps. In general, the goal of blocking is to reduce
the number of required comparisons as far as possible while maintaining high Recall. This initial
run-time optimization enables the application of subsequent ER methods, and has the general goal
of achieving a sub-quadratic run-time. Therefore, it is highly relevant for the entire pipeline, and
different work is solely focused on improving blocking itself, outlined below. Often, block cleaning is
performed as a second step to prune larger blocks that would require a high number of comparisons.
The third step is matching, to identify whether mentions refer to the same entity. It is usually based
on the calculation of similarity scores between pairs of mentions within the generated blocks, and
commonly has a quadratic run-time complexity, similar as in the domain of NLP. The final step is
clustering, where different approaches have been employed in existing literature [54].

Recently ML models have been adapted to both blocking and matching. Here, the main focus
are blocking methods, as they differ from the methods employed in NLP ED. DeepER [79], for
instance, establishes an end-to-end approach, solving the blocking step by calculating tuple embed-
dings, based on word embeddings processed with a LSTM (see Section 2.4). Subsequently it uses
Locality Sensitive Hashing (LSH) on the generated representations, which is used to approximate
high-dimensional Nearest Neighbor Search [125]. In contrast to regular hashing, trying to prevent
collisions, LSH strives to generate collisions for similar mentions. For matching, cosine similarities
are calculated between pairs of samples and clustering is performed up to an optimized threshold.
Another approach is Autoblock [321], which assumes semi-structured features such as attributes
based on mention descriptions in relational databases. Token-based embeddings of the attributes
are then combined by a deep learning attention mechanism to calculate tuple signatures, which are
used for blocking with LSH.

The DeepBlocker framework [280] follows the same general approach as the work outlined above.
It uses word embeddings to generate tuple embeddings for specific mentions. However, it further sets
up a framework to compare different ML methods for generating tuple representation to compare
how well they perform. The work found Autoencoders [111] to be well suited for blocking, as well
as a hybrid approach between Autoencoders and cross-tuple training, which aims to optimize tuple
embeddings by defining a training objective over pairs of tuples integrating regular Autoencoder
training. Same as above, LSH is used to achieve efficient blocking based on generated embeddings,
and a combined approach of LSH and similarity based pairing, e.g., by cosine similarity, is proposed.
Most recently, the work of Zeakis et al. [316] compares different available word embeddings and
language models for blocking and matching. They use an otherwise equal setup to assess which pre-
training approach is best suited for the problem, with mentions represented by the concatenation of
their attributes. They report that SentenceBERT [229] performs overall best for blocking across the
ten considered evaluation settings, and argue that it is due to the sentence based training and the
wider training corpora for the model. Particularly, compared to other BERT based language models
generating contextualized representations, which were found to perform worse on the problem.

The main difference between ED performed in the scope of large-scale databases and in NLP
is the step of blocking, introduced specifically to reduce run-time, while the methods employed
for matching and clustering are similar and focus on pair-wise distance calculation for which ML
methods have been adapted in both fields. A drawback of the used blocking methods is that it is
not clear whether they are applicable to software in scientific publications. Blocking is generally
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based on embedding methods and requires the mentions of interest to be well represented to achieve
high performance. Highly specialized scientific software is rarely mentioned and only appears in few
contexts across all existing literature, making its representation in word embeddings and language
models challenging. Further, it is also not clear how well embeddings integrating context information
would work for software, as there is a broad range of software that is mentioned in similar contexts
in scientific literature. In general, extensive investigation is required to determine how blocking
methods could be adapted for software mention ED.

Another main difference is that database methods are employed on semi-structured data corre-
sponding to record entries. However, they are often handled by concatenating record information as
a string before employing NLP methods, while only some work explicitly considered semi-structured
data. In general, ED input information on software mentions is either available as full sentences, or
as semi-structured data, assuming that metadata is extracted together with the software mention.
This makes both NLP and database methods applicable in the given context.

2.4 Machine Learning Preliminaries

Prior work has shown that large-scale analyses of software in science is a challenging problem and
requires the use of ML approaches (see Section 2.1.2). Therefore, this section describes state of
the art ML methods for the problems related to software analyses, which are later tested and
evaluated in the scope of this work. Extensive background on essential, complex models is provided
where necessary, while some base concepts regarding ML and Neural Network (NN) optimization
are assumed and pointers to further literature are provided. However, some base concepts are also
explicitly introduced, e.g., regarding measures and methods for unbiased evaluation.

Supervised learning is applied in the scope of this work, which has the goal of automatically
learning a mapping between observations and corresponding outcome. Formally, the goal is to learn
a mapping function f from the observations X to predictions y with 6 parameterizing the ML
model: y=f(X]#). The statistical method of the model provides the framework for the learning
process and has significant influence on how well the problem will be represented, with the goal of
learning 6 to best approximate the real function between observation and outcome.

2.4.1 Data

ML models are directly dependent on the data that is used to train them, with the quality of the
training data influencing the quality of the model. Even within gold standard data established by
manual annotation, errors are present. This was demonstrated by Northcutt et al. [199] who estimate
an average error of 3.3% across ten commonly used ML benchmarks. It should also be considered
that a problem might not be solvable based on given data, because the provided information might
not be suited to discriminate the posed target variable, for instance, due to ambiguities in the data.
In the scope of natural language data, they can make it difficult to determine what an author refers
to in a restricted context without external knowledge or topic background.

This work considers natural language data, which makes it necessary to introduce some base
concepts of how language is represented for ML methods and the related terms that will be used
throughout this work. Document refers to the complete text of one semantic document, in the
given context this corresponds to one scientific publication. Sentence refers to a semantic sentence
in a document, and Token refers to a continuous string without spaces within a sentence, including
all punctuation. Lastly, Character refers to a single character, either letter, number, or special
character. Since ML models require numerical inputs, the semantic units described above are
transformed into numerical representations. Documents are commonly represented as sequences of
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sentences, where each sentence is a sequence of tokens, and each token a sequence of characters.
Numerical representations are often generated on the basis of tokens, characters, or sub-strings of
tokens.

To test ML models the available data is usually split between training, development, and test
sets. The training set is intended for learning the mapping function from input features to targets,
while the development set is used to assess the performance specifically for model selection and
hyper-parameter optimization. The test set is reserved and only used to evaluate the performance of
the final selected model to achieve an unbiased evaluation of its generalization capability. The term
generalization describes the ability of the model to correctly predict unknown samples. There are
two main problems that can occur in this training process, assuming the available data is suited to
represent the given problem. Querfitting occurs when the model is fitted to close to the training data
and has learned to represent noise in the training data, while underfitting occurs when the model is
not able to represent the relationships between features and targets [137]. The reason for overfitting
is usually that the model is too complex, i.e., the model has a high capacity for feature representation
and is able to memorize the data instead of learning suited feature representations. Underfitting, on
the other hand, is caused when the model is lacking capacity for feature representation. In both cases
the model does not generalize well and the errors can be identified examining the models performance
between sets. When the model is overfitting the training error is low and the development error
is higher, while both the training error and the development error are high when underfitting is
present.

2.4.2 Evaluation

Evaluation is a central aspect in ML and concerns both data and models. Evaluation metrics are
usually defined based on the differences in model prediction g=f(x|f) and known target value y.
The same concepts can also be applied to evaluate the quality of data annotation by comparing
the annotation labels y; and s assigned by two human annotators. Here, all given problems
are classification tasks, which is why only labeled data on a nominal scale is considered. In the
following, the main performance measures used throughout this work are introduced: Cohen’s k,
which is primarily used to assess Inter Annotator Agreement (IAA) for data annotation, and FScore,
Precision, and Recall, which are used to assess performance for classification problems.

Cohen’s &

Cohen’s k assumes that annotators have an underlying distribution of annotations, as they annotate
some classes more often than others [14]. The & statistic then accounts for chance agreement between
the annotation leading to a suited estimation for categorical annotations tasks [55]. It is defined as:

Po — Pe
K= —r

, 2.1
T (2.1)

where pg is the measured agreement and p, the probability of chance agreement calculated based
on the knowledge of how often every class was annotated by each annotator [14], defined as:

1
Pe = m Z NaicNases (22)
ceC

where N is the cardinality, C' the set of annotated classes, and ng,. is the number of annotations
for class ¢ made by annotator a;.
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FScore

The FScore can be applied to both binary and multi-class classification problems. First, the eval-
uation of a binary classification task is considered, where only two outcomes exist: 1 (true) and 0
(false). This results in four evaluation cases considering the prediction of a classifier p against the
target label t: true positive (tp) t=p=1; false positive (fp) p=1 At=0; false negative (fn) p=0At=1,;
and true negative (tn) t=p=0. Based on these values, the Recall describes which amount of overall
true labels was identified by the classifier and is defined as:

ip
R=——, 2.3
tp+ fn (2.3)

while the Precision describes the amount of assigned true labels that is actually true, defined as:

t
p=_"7
tp+ fp

(2.4)

The FScore is calculated as the harmonic mean between Recall and Precision to assess the overall
performance, defined as:
2PR 2tp

F= = .
P+R  2p+ fp+ fn

(2.5)

Theoretically, a weighting factor different from 1 can be added to the FScore to implement a trade-
off between Recall and Precision if one is more important in a specific application, which is not
considered here. With respect to multi-class problems, a separate binary score can be calculated
for each class projecting the problem back down to the binary case. These separate scores allow to
assess for which classes the classifier performs well, and can be summarized to an overall score.

2.4.3 Models

In ML, there is often a distinction made between classical approaches based on manual feature
engineering followed by statistical predictors and deep learning approaches—also known as Neural
Networks (NNs)—which aim to learn suited feature representations. Which models are best suited
for a problem is dependent on the specific application and its requirements regarding predictive
power and explainability, but also on the available data. Deep learning models commonly require a
large amount of supervised data due to the high amount of parameters to be trained, while classical
models can benefit from prior defined features. This section introduces the ML models that were
used in this work, while the choice for these models is motivated in Chapter 4.

All ML models are of statistical nature, and can be adjusted to different problems by changing
hyper-parameters, which control the capacity of the model, its structure, and the statistical prop-
erties of its learning process. The parameters are unique to each method and their optimization
is a central part of finding a suited model and adapting it to a given task. Therefore, this section
explains the main hyper-parameters for the considered models, while the considered optimization
process is described in Chapter 4. In general, the training and optimization of state of the art NNs
is a resource intensive process. Beyond the basic hardware requirements it consumes a considerable
amount of energy, and produces both financial and environmental cost [273]. The task is particu-
larly challenging when a high number of hyper-paramters has to be considered, and there are several
approaches that try to reduce the run-time requirements of model selection, such as using Bayesian
hyper-parameter search [309], population based learning [129], or Hyperband [167].
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Random Forest

Random Forest [38] is a classical ML approach that it is broadly applied because it achieves high
predictive performance on a broad range of problems, while offering good explainability of the
decision process. This allows it to be employed in sensitive applications where it is important to
control the behavior of the application. As described in Section 2.1.2 it has also proved successful
for software mention detection in comparison to other ML methods. The concept of the Random
Forest is based on Decision Trees, a tree based classifier with further background provided in [112,
137, 168]. Hyper-parameters relevant in this context are the purity criterion used to generate the
Decision Tree, for which either the entropy and the Gini index are used [137], and methods to
regularize the tree by restrictring its growth, e.g., by setting a maximum depth or setting a minimal
number of samples for which leaf nodes are further split.

The Random Forest uses an ensemble of Decision Trees to reduced overfitting [38], with the
goal of generating several trees with a low correlation between their classifications. T'wo methods
are usually combined to achieve this goal. The first is bootstrapping (also referred to as bagging)
of samples from the training data [37], where a separate sample set is created for training each
Decision Tree by sampling with replacement. The second restricts the tree creation process by
only considering a randomly selected subset of all available features at each step. With respect to
hyper-parameters, both aspects and the number of used Decision Trees need to be considered. The
classification is then performed by a majority vote between all generated trees.

Conditional Random Fields

Conditional Random Fields (CRF) [152] are useful when predicting multiple outputs with inter-
dependencies. Here, their specific application on sequential data is considered where the output
labels are dependent on the neighboring output labels, which is often the case in NLP applica-
tions because tagging restrictions are imposed on output data. A broader introduction beyond the
application to sequence data can be found in Sutton, McCallum, et al. [276].

The application of CRF's in a sequence tagging context, particularly in combination with a LSTM
(introduced below), was described in multiple prior studies [155, 177, 50]. All apply CRF's for joint
output modeling in a similar fashion, which is summarized in the following. The input sequence is
defined as X=(x1,X2,...,Xn), with a corresponding output sequence given by y=(y1,vy2,.--,Yn),
with a classification between k distinct output tags at each step y;. It is assumed that a score
matrix P of size nxk was calculated in a previous step of a larger ML model, where entry F; ; is
the score of jth tag of the ith step in the sequence. The score of tag sequence y for features X is
then defined as:

S(X,¥) =Y Ayyin + > Piy., (2.6)
1=0 =0

with A defined as the transition matrix between tags, with A; ; denoting the transition score between
tag ¢ and tag j. At this point, the literature differs in implementation details between modeling a
start probability [50], or including explicit start and end tags [155], which also influences the size
of matrix A, but does not change the overall CRF behavior.

The model is then trained by maximizing the log-likelihood of the correct tag sequence based
on a softmax formulation of the problem, defined as:

log(p(y[X)) = s(X,y) —log [ Y exp*™¥) |, (2.7)
yEYx

38



2.4. Machine Learning Preliminaries

Input

X1
Weighted Sum
>y

N
2 wix+b
i=1

Activation Output

> fo —> ¥

b Bias

Figure 2.2: Illustration of the processing of a single NN neuron.

with Yx defined as the set of possible tag sequences for input sequence X. The training itself,
corresponding to weight updates for the CRF, is then implemented by Stochastic Gradient Descent
(SGD), together with the entire model. During prediction, the most likely output sequence can be
calculated by applying the Viterbi algorithm. When the CRFs are applied as described here and
their training is integrated together with a NN for feature generation there are no specific hyper-
parameters that need to be tuned aside the ones determining the overall training process, which are
further discussed in Section 2.4.3.

Neural Networks

Neural Networks (NNs) receive their name from their original modeling based on human neurons,
while most practical implementations do not bear much resemblance. The base idea is built on
stacked neurons that perform weighted sums of their inputs with added non-linearity. The concept
is illustrated in Figure 2.2 and defined by:

zj = ijil'i +0b, y= f(Zj), (2.8)
ieP

where j indicates a specific neuron in the network, P is the set of all predecessors to neuron j, wj;
the weight of neuron j for input 4, z; the input value from predecessor ¢, b an added bias term, and
f a non-linear activation function applied on the neurons output. This non-linearity is essential
because otherwise the network would come down to simple linear transformation of a given input.
Networks are usually defined in terms of layers, where each neuron in a layer behaves in the same
way. Layers are then stacked to form deep networks where information is typically only passed
between adjacent layers. The network layers are often specifically designed to represent features of
specific data structures, for instance, recurrent networks are usually used to represent sequence data
and convolutional networks for image data. This means humans still define the model architecture,
but they do not actively engineer features, as in classical ML approaches. Theoretically, it was
shown that two stacked layers with a sufficient number of neurons are sufficient to model every
function and can be considered as universal approximators [117]. In practice, however, deeper
network designs with a higher number of layers have been found to perform better, and achieve
state of the art performance in many ML benchmark, since the necessary hardware to train them
has become available [158].

Here, some basic principles regarding deep learning are introduced, while a deeper background is
available in Goodfellow et al. [95]. Models are commonly trained by SGD based on the principle of
backpropagation, with the process begin implemented in mini-batches of samples to reduce variance
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in weight updates while allowing an efficient implementation [231]. For this purpose, the output
of a NN model is compared against the target output based on a defined cost function, e.g., the
categorical cross-entropy loss for classification problems, and the resulting loss is propagated back
through the network to update the weights. Often the process is also based on more complex
methods than plain SGD, which additionally modify the strength of weight updates, such as the
widely applied Adam optimizer [142]. Overall, it should be noted that the loss functions become
non-convex due to the non-linearity in the NNs, and that there is no global convergence in NN
training. Instead, the iterative weight updates will most likely reach a local minimum [95].

In practice, there are several additional aspects influencing the training and performance of a
NN, i.e., how well it solves the problem it is trained on according to the defined evaluation metric.
For one, the choice of activation function, referring to the implementation of the non-linear functions
within the network, does influence performance. It is also necessary, to appropriately initialize the
networks weights, typically with small, random values. There is also a number of methods with the
goal to reduce overfitting by regularization of networks, with well known approaches being dropouts
and batch normalization[126]. Other typical issues are vanishing or exploding gradients in NN,
with a simple approach for exploding gradients being gradient clipping, e.g., by rescaling them when
they are beyond a given threshold [206]. Another concept that often finds application in practice are
residual networks [107], which introduce short-cut connections that bypass layers, with the benefit
of better gradient propagation.

Long Short Term Memory Networks

Long Short Term Memory Networks (LSTMs) [113] are a form of recurrent NNs [235]. This means
they share parameters and weights across time steps and can process sequences of arbitrary length.
This means sequences of arbitrary length are mapped to the same hidden representation, which will
lead to a selective keeping of past information at every step in the sequence [95]. The major issue
in recurrent networks is to learn long-term dependencies due to vanishing gradients, because short
term dependencies result in higher gradients and mask the learning of long term dependencies.
This makes learning them particularly difficult and time consuming even at short sequences of
only 10 to 20 elements [30]. This problem is mitigated by the LSTM [113, 206] that introduces a
gating mechanism for the memory cell. Intuitively, the gates can create instances in which certain
elements from the memory cell are not updated and instead the value in the memory is passed on
over multiple steps, which allows long term gradient flow.

The gate units in LSTMs define how an update of the internal network cell is performed at
a time step t based on the input x; and the previous network cell state h;_;. The principle is
illustrated in Figure 2.3 and defined by Ma and Hovy [177] as:

ir=0(W;hi—1 + Uix; + b)), (2.9)
f; =0 (Wshy_1 + Usx; + by), (2.10)
o =0 (Wohi_1 +Uyxt +by), (2.11)

¢; = tanh (W, hy_1 + U.x; + b,), (2.12)
¢ =f, 01 +isod, (2.13)
h; = o; o tanh (c;) . (2.14)

The gating mechanism is controlled by the input gate i, (Equation2.9), forget gate f; (Equa-
tion 2.10), and output gate o; (Equation 2.11), which are all based on the same mechanism. Both,
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Figure 2.3: Illustration of an LSTM cell at a specific time step ¢, taking reference to Equations 2.9-2.14.

the previous cell state h;_; and the input x; are multiplied with respective weight matrices W, ,
and U,/ f /011, with additional bias terms b;,/,. The outputs for all gates are then calculated by
applying a sigmoid activation function o, scaling the outputs between zero and one. This is the
main aspect of the gating mechanism, as it defines the strength with which new information is
added to the internal memory, the strength with which information from the internal memory is
forgotten, and what information is returned at the current time step. The update to the internal
memory state is then calculated by first creating a new candidate memory state ¢; (Equation 2.12),
and then combining previous and candidate memory scaled based on forget gate f;, and input gate
i; in Equation 2.13, where o denotes a point-wise multiplication. Intuitively, a forget gate value
of 0 completely removes information from the previous memory cell, while a value of 1 retains it.
Similarly, an input gate value of 0 completely ignores new information, while a value of 1 includes
it. The new hidden state is then modified by the last gating mechanism o; in the same manner, to
create the new hidden state h; (Equation2.14).

In terms of hyper-parameters there are several aspects to consider. Aside parameters for modi-
fying the training process of NNs in general, the main aspect of LSTMs is the size of their hidden
state, which also determines the size of all weight matrices contained across all gates. Additionally,
it can be decided whether to use a uni-directional or bi-directional model [253], where two separate
memory cells are used to process a sequence, one forward and one backward, with the outputs com-
bined at each step so information of the entire sequence is available at each time step. Moreover, it
can be considered to stack multiple LSTMs on top of each other, for a deeper network structure in
terms of layers.

Convolutional Neural Networks

The idea of Convolutional Neural Networks (CNNs) was originally based on the work of LeCun
et al. [159], and implements the mathematical concept of a cross-correlation. Details on CNNs
can be found in Goodfellow et al. [95] and are not discussed here, because CNNs are not applied
in this work but only mentioned as an alternative implementation of a sub-module of a network
architecture. Coarsely, a single neuron implements a n-dimensional convolution kernel of a fixed size
k that is applied on a n-dimensional input, kernel itself learned as the neurons parameter weights.

1)\ atrix multiplication is used as an effective notation for the application of multiple neurons, i.e., a layer.
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This enables the model to extract shift invariant features from its input, which can implement
complex filter operations based on parallel applied neurons in one layer, and multiple stacked layers

on top of each other.

Transformers and Attention Models

Attention based models have been achieving state of the art performance in a broad range of NLP
problems, particularly in combination with pre-training approaches (see Section 2.4.3) generating
Large-Scale Language Models (LLMs), such as BERT (Bidirectional Encoder Representations from
Transformers) [67]. A major benefit of this model class is that their training can be parallelized
more efficiently in comparison to recurrent network models. The base principle of neural attention
has first been proposed in combination with other network structures in the context of machine

translation [21, 176]. The concept has been fur-
ther adapted by Vaswani et al. [291], who base
a new model structure mainly on a specific atten-
tion mechanism called self-attention, a mechanism
relating different positions of a single sequence to
compute a representation of the sequence. The
initially proposed model was also intended for
machine translation and, therefore, consisted of
an encoder-decoder architecture. Subsequently, it
was found that particularly the encoder part of the
model can be used for training LLMs, described
below. Therefore, only the encoder part of the
network is introduced in the following, while the
specific training procedures for LLMs are outlined
in Section 2.4.3.

The transformer encoder as introduced by
Vaswani et al. [291] consists of six identical layer
modules that are stacked on top of each other,
with the structure of one module illustrated in
Figure2.4. Each layer consists of a multi-head
attention layer and a point-wise fully-connected
feed-forward network. The multi-head attention
is based on parallelly applied scaled dot-product
attention, defined as follows:

QK"
Vi

with the matrices Q and K of size N xdj, and V of
size N xd,,, defined as query, key, and value infor-
mation. The query, key, and value are calculated
at every step t€N of the input based on a trained
weight matrix, which can also be interpreted as a
simple fully-connected feed forward network. The
main aspect of the attention lies in how a new rep-
resentation is calculated based on Q and K, and
V at each time step. For further explanation, the

fa(Q, K, V) = softmax ( ) V, (2.15)

42

f

Layer Norm

Position-wise
Feed @ full-connected
For-  feed-forward

Multi-head
attention

Figure 2.4: Illustration of a transformer en-
coder block consisting of a multi-head attention
mechanism based on scaled dot-product atten-
tion and a point-wise feed forward network. Each
block is separately covered by a residual short-cut
connection and followed by a layer normalization.
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ated by multiplication with trainable weight ma-
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process is illustrated for a specific time step ¢ defining q;=Q; «, ki=K;+, and v;=V, .. Initially,
scores s1,...,sn are generated by calculating the dot product between ¢ and all keys ki, ..., ky,
normalized by the key length /dj, with the normalization argued to control the gradient of the
subsequent softmax function. The scores are then transformed to a probability distribution based
on a softmax formulation defined as:

exp(s;)
> j—1exp(s;)

Note that the softmax operation in Equation 2.15 performs the same operation row-wise over the
provided matrix input, yielding another matrix as output. Finally, the generated values are scaled
by the calculated probability scores, and are summed to generate the output at point :

pi = softmax(s;) = (2.16)

=1

In the multi-head attention described by Vaswani et al. [291] this scaled dot-product attention is
then applied eight times in parallel, with results being concatenated and transformed by another
trained weight matrix.

The attention output is then passed to a point-wise fully-connected feed-forward network, which
means that the same network is applied at each time step in the sequence. Moreover, residual
connections [107] (see Section 2.4.3) are applied around the attention layer and the fully-connected
layer, as indicated in Figure 2.4. Finally, layer normalization [17] is applied after each layer, which in
difference to batch normalization (see Section 2.4.3), normalizes an input based on a single training
sample based on mean and variance to stabilize the training process. Furthermore, a cyclical
positional encoding is added to the input data representation to integrate sequence information
in the model. In general, there are several hyper-parameters that could be tuned regarding this
model architecture. However, the model is usually applied pre-trained as a LLM, as outlined below.
Therefore, the architecture is pre-defined and only the training process can be modified as in regular
NN training. BERT [67], for instance, uses an architecture with 12 layers, and 12 attention heads,
and increases the feature dimension of query, key, and value vectors of the original transformer.

Transfer Learning

A central problem for deep learning is data sparsity since NNs require large amounts of data to
perform well. Therefore, there are approaches aiming to reduce the amount of required task specific
training data [95]. Transfer learning can in this context be considered regarding the domain D of
the underlying data and the task T to solve. In general, the goal of transfer learning is to generate
representations for a target task T on the target domain Dy based on a source task Tg and a source
domain Dg, where Dr#Dg and Tr#Tg. More specifically, the term transfer learning is often used
to describe the application of a model trained on one task to another (Tr#Ts A Dr=Dg), while
domain adaption describes the application of a model for the same task but with different underlying
data distribution (Tr=Ts A Dr#Dg). In the context of the given work, different domains could,
for instance, be scientific articles from different fields of research, while examples for different tasks
are outlined below, when pre-training objectives for BERT are described. A more extensive formal
definition of the problem is given in the work of Zhuang et al. [324] and Ruder [233].

Another central concept, with particular success in NLP is pre-training of models in order to
learn general feature representations without task specific training data. In general, the selection of
representation determines how difficult a task is to handle [95]. Where classical feature engineering
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tried to find representations manually, ML models create latent representation during training.
When applying pre-training the latent space is already initialized in a meaningful way, shifting the
objective from learning a new feature representation for a problem to mapping existing features for
a task, reducing the required amount of task specific training data. Empirically, the method works
well in the domain of NLP with LLMs achieving state of the art performance in NLP benchmarks
since the publication of LLMs such as BERT [67]. The power of language models such as GPT [39]
is also demonstrated by their recent application in chatbot systems, e.g., ChatGPT 2.

Pre-training approaches generally work in two steps, where a large-scale model is first pre-
trained, and then fine-tuned with task specific data. In the domain of NLP pre-training is com-
monly performed on unsupervised data, but with an approach that is often referred to as self-
supervision [130], where labels are generated based on unsupervised data. This can, for instance, be
achieved by masking words from a sentence and predicting the missing word, or by predicting the
next word in a sentence. For such tasks a large number of data is available, e.g., NLP applications
can be trained on all English websites. A drawback of this approach is that considerable compu-
tational resources are required for pre-training and that it is coupled with a high time and energy
consumption. Therefore, it is common practice to rely on published pre-trained models, while it
should also be considered that these models can learn biases based on the underlying data [196].

BERT [67] combines two different self-supervised training tasks. In the first task, the objective
is to predict parts of an input sequence which were randomly masked, leading to a setting in which
information from both left and right context of the masked tokens are included in the prediction.
The second task is a prediction of the next sentence based on a binary selection between the actual
next sentence and a random sentence in a 50:50 ratio. As underlying data for the model the
BooksCorpus [323] of 800 M words and English Wikipedia with 2500 M words were used. Different
versions of BERT were trained in the literature because it was argued that there is a data distribution
shift from general texts to biomedical articles [160]. Specifically SciBERT [27], BioBERT [160], and
PubMedBERT [98] were adapted as versions of BERT specifically trained on scientific literature.
SciBERT was trained on full-text articles from Semantic Scholar with 18% of articles set in the
domain of Computer Science and 82% in Biomedicine, while BioBERT was trained on PubMed
abstracts and PMC full-text articles. PubMedBERT was also trained PubMed abstracts and PMC
full-text articles, however, in difference to the other two models it was not initialized from a pre-
trained BERT model, but newly trained. The authors argue that this leads to the learning of better
representations specific to biomedical NLP problems, however, it is not clear how this translates to
software related problems.

2https://chat.openai.com, accessed 25 January 2024.
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3 | Manual Analysis of Software in Sci-
entific Publications

The content of this section is based on the following publications:

David Schindler et al. “An annotation scheme for references to research artefacts in scientific publications”.
In: 2019 IEEE International Conference on Pervasive Computing and Communications Workshops (PerCom
Workshops). 2019, pp. 52-57. DoI: 10.1109/PERCOMW.2019.8730730 [250], covers definitions of software
related information.

David Schindler et al. “Investigating Software Usage in the Social Sciences: A Knowledge Graph Ap-
proach”. In: The Semantic Web — ESWC 2020. 2020, pp. 271-286. DOI: 10.1007/978-3-030-49461-2_16
[251], covers a partial annotation of the established dataset.

David Schindler et al. “SoMeSci- A 5 Star Open Data Gold Standard Knowledge Graph of Software
Mentions in Scientific Articles”. In: Proceedings of the 80th ACM International Conference on Information
& Knowledge Management. CIKM ’21. Virtual Event, Queensland, Australia, 2021, pp. 4574-4583. DOI:
10.1145/3459637.3482017 [244], covers the full annotation of informal software citations.

David Schindler et al. “A multi-level analysis of data quality for formal software citation”. In: Quantitative
Science Studies (2024). Accepted for publication; currently available as Preprint from https://doi.org/10.
48550/arXiv.2306.17535 [246], covers the full annotation of formal software citations.

As described in Section 1.2, different stakeholders in the scientific community would profit from
systematic large-scale analyses of software mentions in scientific publications. However, existing
analyses of software mentions, summarized in Section 2.1, differ strongly in reported results, depen-
dent on underlying data and method of analysis. Furthermore, existing ground-truth annotation
for software in science lack important aspects of software citations such as contextual information,
identity, and formal software citation (see Sections 3.1.1, 3.1.3, and 3.1.4). In summary, this creates
the need for further manual analyses of the problem, and further data annotation to establish a
comprehensive ground-truth dataset for the development of automatic approaches. Therefore, this
chapter describes the process of a manual high-quality data annotation for formal and informal
software citations in scientific publications. Based on the established dataset, initial analyses on
the role of software in science are performed and the requirements for following large-scale analyses
are systematically assessed.

A central aspect of the analyses performed in this chapter concerns data quality. Measurements
of data quality, according to Batini et al. [25], consist of different dimensions including completeness
and accuracy. Regarding software citation in general, data quality—specifically completeness—is
dependent on the authors of scholarly publications who provide metadata allowing an identification
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of software and its codebase (see Section 3.1). Formal software citation could further allow an inte-
gration of software citations in scientometric analyses, based on existing infrastructure for scientific
publications. For this purpose, further analyses of data quality are required, since data quality is
known to be essential for bibliographic analyses [106]. While it is the author’s responsibility to
provide complete information in formal citation, the corresponding reference information needs to
be marked up to enable downstream processes on the publisher’s side. Compared to other citations,
technical updates might be necessary to create suited and machine-readable software representa-
tions [267], particularly, regarding special aspects of software such as versioning (see Section 3.1).
Here, completeness determines whether all information provided by authors is also reflected in the
structured metadata, and accuracy determines whether the information is correct and reflects the
same semantics. A semantic representation is important, because metadata that is not correctly
structured can become useless for downstream tasks. Moreover, the information from publishers
is usually not directly used for applications such as scientometric analyses. Instead these analyses
are based on literature databases, and similar to publishers, it is not known whether they ade-
quately reflect software. Therefore, it is also important to investigate how well the information
provided by authors and publishers is reflected within these databases. As before, both dimensions
of completeness and accuracy can be considered regarding this question.

This remainder of this section first defines and illustrates metadata and information related
to software usage in scientific publications, and outlines different practices for formal software
citations. Then, it is described how all outlined information was systematically annotated in a
set of representative publications to establish a high-quality dataset, which can be utilized for
analyses of software mention and citation practices, but can also serve as training and evaluation
data for subsequent automatic analyses. Finally, the data is quantitatively analyzed, the results
are presented and discussed, and conclusions regarding large-scale analyses of software mentions in
science are drawn.

3.1 Software Metadata

There is several essential metadata with respect to scientific software, that is required to identify the
software itself, its developer, and the utilized codebase, i.e., the development state in the software
life-cycle, see Section 1.4. However, as outlined in Section 2.1 some of this information is often
missing in practice. In the following, all metadata considered in this work is defined, illustrated, and
its purpose in identifying the software is described. The metadata is based on previous studies and
the recently established software citation guidelines [135], which are intended for formal citations but
define the overall necessary information to identify software. Initially, metadata relevant for both
software mentions and bibliographic references is outlined, then specific information for informal
references, and, lastly, specific information for formal references.

The most basic information about software is its name, a designated, human-readable identifier
which is commonly assigned by the software’s developer. It is the main analyses target of most
related work on software citation outlined in Section 2.1. Here, software is considered as named
entities, which means that software names are required to be proper nouns. However, the word itself
is not required to start with an upper case letter because software often receives unconventional
names in terms of spelling and casing. Examples for software names are ImageJ, MEGA, and R with
further examples given throughout Listings and Figures. Since software names are often acronyms
or can be shortened, many authors include more than one name to better identify the software,
which is considered as an additional metadata (alternative name). For informal mentions the
name is always given as the anchor of the mention, while it is possible that the name is missing
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Reconstructed images were further processed using image-editing software (Adobe@® Photoshop®
CS ver. 8.0.1; Adobe Systems Inc., San Jose, CA) when needed to produce printouts.

These AOI were automatically counted, and data was exported and saved to a spreadsheet computer
program (Microsoft 0ffice Excel 2003, Microsoft Corporation, Redmond, WA).

Ut W N =

Listing 3: Examples from the dataset established in the scope of this work, illustrating the use of version,
extension and release date. Software name (| ), developer (), version (), release date (), and extension
(| ) are highlighted. Both sentences originate from Salinas-Navarro et al. [239].

from formal citations associated to software.

The concept of versioning is essential in software development as most software is under constant
development and receives regular updates after its initial publication. Therefore, the range of func-
tions and their behavior can vary over time, making knowledge of the applied version a prerequisite
for reproducible research. Version indicators are also required by software citation standards [135],
while the amount of provided versions in combination with software citations was first manually
analysed by Howison and Bullard [118]. In general, versions can be provided by different means:
version numbers are commonly assigned by developers to uniquely identify the software devel-
opment state, and use a number format intercepted by delimiters to distinguish major and minor
development states; release dates define a software development state by a specific date; exten-
sions distinguish different meta-versions of a software, e.g., professional and standard distribution.
The different types of versioning are illustrated in Listing 3 with version 8.0.1 and extension CS for
Photoshop and release date 2003 for Office Fxcel.

The person, group, or organization developing and maintaining a software is considered as its
developer. Knowledge of the developer provides a means to closer identify a software and provides
attribution for its development. This aspect is also required by citation guidelines [135] and the
amount of provide developers was manually analyzed by Howison and Bullard [118]. It has been
pointed out that its often difficult to identify the developer of software due to dynamic changes [263,
135]. In large-scale open source projects, for instance, it can be impossible to distinctly identify a
developer, while the developer can change in commercial software due to mergers or acquistions.
Authors typically only state the current developer of a software at the time they acquired it, in form
of a named entity. While this information cannot be considered as complete, it is still valuable since
it enables a better identification of a software. Furthermore, information on the full development
process of the software might be publicly available and accessible through additional sources once
the software was uniquely identified. Examples for developers are given in Listing 3 with Adobe
Systems Inc. and Microsoft Corporation.

A bibliographic reference connected to the software by an in-text citation is considered as a
formal citation. As described, this practice is advocated by software citation guidelines [135],
with its extent having been investigated by Howison and Bullard [118]. This is generally a string
identifying a reference of the article’s bibliography, as provided in Listing 1. The resolved references
do provide further information and are introduced in detail in Section 3.1.4.

URLs are resource identifier connected to the software, which commonly indicate a download
location, documentation of the software, or any other website maintained by the publisher. They
are valuable resources in identifying a software, and can serve as unique indentifiers in case they are
persistent, e.g., pointing to archives such as Zenodo'. Their use with software citations has been

"https://zenodo.org/, accessed 10 March 2024.
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1 Diffusion image preprocessing was done using FSL 4.1.4 (www.fmrib.ox.ac.uk/fsl).

Listing 4: Examples illustrating the use of a URL. Software name (| ), version (), and URL () are
highlighted. The example originates from Mulder et al. [190].

1 The pSSAlib source code and pre-packaged installers are freely available from mosaic.mpi-cbg.de
2 as open source under the GNU LGPL v3 license.

Listing 5: Examples illustrating the use of a license. Software name (. ), URL ( ), license ( ), and
version () are highlighted. The example originates from Ostrenko et al. [203]. Note that in this example
the version refers to the license, not the software, which has to be annotated and modeled accordingly during
data annotation.

analyzed by Howison and Bullard [118]. However, the URLs provided in scientific publications often
point towards software specific websites. These are usually not persistent and might no longer be
accessible after only a few years due to link rot [212]. Software citation guidelines [135], therefore,
distinguish between archives, and URLs, but during data annotation archive URLs were found to
be extremely rare. An example for a URL is illustrated in Listing 4. There have also been efforts
to introduce unique identifiers for research objects such as software, see Section 2.1.4, which are
also covered by citation guidelines [135]. Since these identifiers are fairly new compared to DOIs as
assigned by Zenodo, further investigation is required to determine which are the most commonly
used unique identifiers for software in scientific publications.

The license associated with a software declares its permissions and terms of usage, and is mostly
mentioned when new software is developed and published as part of the research. Knowledge about
the license is important for practitioners working with a software. An example for a license is
illustrated in Listing 5 with license GNU LGPL associated with software pSSAlib.

Additionally, there is metadata that only concerns formal software citation, namely a descrip-
tion and type of citation can be included in a direct software reference in accordance to software
citation guidelines [135]. The description provides additional information about the software, while
the type of citation specifies the resource cited in a bibliographic reference and is often stated in
square brackets, e.g., “[source code]”. While it is also possible that a description for a software is
provided in-text, it is difficult to clearly identify it. In the scope of a formal citation a description
clearly provides additional information about the purpose of a software, while in-text the applica-
tion of a software is described together with its capability. Overall this leads to a situation where
a description cannot be concisely defined as in-text metadata.

3.1.1 Contextual Information in Software Mentions

All metadata outlined above is available as separate textual information in a statement on software
usage or inside a formal reference. Additionally, contextual information associated with software
is present in informal mentions. The software type distinguishes four different types of software
applied in scientific research and allows deeper and more specific analyses of software and their
interaction. The distinction is based on the work of Li et al. [166] who distinguish between end user
applications and Pluglns:
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PluglIn_of
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Version_of- Version_of-
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The functional networks of identified proteins was constructed using ClueGO vi71 [47], a Cytosca?e v2.83 [48] plugin.

Figure 3.1: Complex software mention example containing the mention of a Plugln in combination with
a host Application software. The example further illustrates relations between metadata in a setting where
relations are not directly clear. The example originates from Gangoda et al. [88], and is illustrated by a
screenshot from the annotation tool BRAT (see Section 3.2.2).

[Application Allusion]* - tation-of ProgrammingEnvironment_Allusion
—_— = —
ImageJ [17] is a public domain, Java-based image-processing program developed at the National Institutes of Health.

Figure 3.2: Example illustrating the mention type Allusion and the software type PE. It originates from
Bigras et al. [32].

o Application is a stand-alone program, including web-services. Further, the definition includes
compiled programs that can be readily installed, but also source code that can be obtained
and executed by a user.

e Plugln is a software that is specifically built upon an existing software to extend its function
range, and cannot be executed on its own. The combination of a Plugln and its corresponding
host-software is illustrated in Figure 3.1.

e Programming Environment (PE) is an environment used for writing executable code that is
based on a programming language but also include the means to execute the program, i.e., a
compiler or interpreter. The mention of a PFE is illustrated in Figure 3.2.

e Operating System (OS) is the basic software for any computer system used to manage the
hardware of a computer and its software processes.

There are cases in which the distinction between software types is not clear, for instance, software
can be available both as a Plugln and Application. Furthermore, there are cases where a software
has clear programming elements but also aspects of a stand-alone Application, e.g., MATLAB.
Lastly, it is difficult to distinguish scientific databases from web-services, especially if they allow
interactive exploration. Here, databases are not considered software as long as they only implement
data storage, filtering, and selection. If they include complex analytic tools, e.g., for gene sequences,
they are considered as Applications.

Authors of scientific articles have different intents when mentioning software in their publica-
tions. Therefore, the mention type is considered here to capture the intent to enable more specific
analyses. It is based on the work of Howison and Bullard [118], who distinguish between software
that was only mentioned and software that was used, which is further extended to the following
four mention types:

o Allusion describes the mere statement of a software name without any further indication of
how it relates to the described investigation, e.g., a fact is stated about a software or multiple
software are compared. An example is provided in Figure 3.2.

e Usage statements indicate that software was applied as part of the investigation, and it can
be inferred that the software has made a contribution to the study results, making it a part of
the research’s provenance. Examples for software Usage statements are provided in Listing 1,
3, and 4.
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PMC3900378:
The VBA toolbox is then used to invert a "dynamical" variant of the Q-learning model (cf.
section "Reinforcement learning models of choice data"), given the agent's sequence of choices.

PMC3492432:
The re-sampling procedures were conducted in Microsoft Excel 2010 using VBA code written by
FAC (Appendix S2).

N OO R W N =

Listing 6: Examples illustrating two mentions of a software called VBA referring to two different software
entities. Software name (| ), developer (), and release date () are highlighted. The first sentence
originates from Daunizeau et al. [62] and the second from Wikberg et al. [306].

e (Creation statements indicate the development of a new software as part of an investigation.
Knowledge about established software is valuable to assess the overall available research soft-
ware and to provide scientific credit for its development. The software can either be the main
focus of a software article (see Section 3.1.4) or only a partial aspect of an investigation.

e Deposition statements are a special case of Creation statements, which do not only indicate
that a software was created, but that it was also published and made available to the public
or other researchers. In this work, a deposition statement is required to either include a
publication URL or license. Knowledge about the deposition of a software enhances the
information on created software and enables analyses on its availability and terms of usage.
A deposition statement is illustrated in Listing 5.

3.1.2 Relations in Software Mentions

Up until now it was explicitly assumed that the described metadata is associated to software. In
practice, it is necessary to explicitly model the relations between metadata. The reason are complex
cases as depicted in Listing 5 and Figure 3.5, where a version is connected to a license instead of a
software or where multiple software and metadata are mentioned together. In general, all metadata
except the name requires a relation to other metadata, where all metadata can relate to a name,
representing the software itself as anchor of informal mentions. Additionally, URLs and alternative
names can also relate to developers and licenses and versions can relate to licenses. Moreover,
software names can be related among each other if one software is a Plugln and the other the
corresponding host-software (see Figure 3.5).

3.1.3 Identity

All software mentions and formal references refer to real world software. The software identity
is a concept uniquely identifying the real world software and allowing a clear distinction between
software. In general, software cannot be distinguished based on software name alone due to spelling
variations or errors present in scientific literature [76]. Software names can also vary between
scientific disciplines, due to cultural differences, name changes over time, or marketing decisions.
It is also possible that different software has the same name. An example is provided in Listing 6
regarding the name VBA, that refers to the software Variational Bayesian Approach in one case
and to Visual Basic for Applications in another. Moreover, some software becomes unavailable
over time which can make a subsequent identification based on name alone impossible. Therefore,
unique identifiers, as advocated in citation standards [135], are of high importance. With respect to
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1 Weckx S, Del-Favero J, Rademakers R, Claes L, Cruts M, et al. (2005) NovoSNP, a novel
2 computational tool for sequence variation discovery. Genome Res 15: 436-442.

Listing 7: Example for the bibliographic entry of a software article. The example originates from Zhang
et al. [319] and the content of the bibliography entry is provided as in the original PDF publication. All
information describing the software is highlighted with developer () and name (| ). Note that a publication
year is provided, but does not provide information about the used software and codebase but about the article.

analyses, the software identity is the only way to aggregate over all references of the same software,
which is a prerequisite to many important analyses, e.g., an impact measure for software or an
analysis of the software distribution in science. Therefore, software ED or EL is an essential aspect
regarding analyses of software in science, which needs further investigation, as it is not taken into
account by most prior work regarding software analyses (see Section 2.1).

Moreover, the concept of identity is not restricted to software, but does also concern its related
metadata. Specifically, the software developer, formal citation, and license have clear identities,
that can be further disambiguated beyond the name alone. Only with respect to version, no ED
should be required, as versions are defined to be unique in the context of a specific software.

3.1.4 Formal Software Citation Types

As discussed in Section 1, software used in scientific investigations should be adequately indicated to
ensure reproducibility and provide provenance information about the research results, with current
guidelines suggesting a formal citation [135]. However, different types of resources can be referenced
by the bibliographic entry associated with a software, because different software citation practices
exist in the scientific community. Not all of these practices are suited for formal software citation
because they might not provide all necessary information to identify the software. The relevant
resource types were defined based on the previous work of Howison and Bullard [118], who dis-
tinguished between citations to publications, user manuals, and project names or websites. The
considered types were then further extended based on observations made during data annotation.

Software articles are scientific articles describing a research software that are published by
developers of the software, and cited in its place [94]. An example is provided in Listing 7. The
practice is common as it allows developers to receive scientific attribution for the costly development
of research software. Historically, publishing papers about software was considered a stronger
contribution than the publication of the software itself [101]. Software articles are among the
highest cited scientific papers [288] and specific journals for publishing software articles have been
established, e.g., The Journal of Open Research Software or Source Code for Biology and Medicine.

There are drawbacks to the use of this citation style. In general, software articles are cited
the same way as other scientific articles without software specific information. Therefore, infor-
mation identifying the codebase such as the version or release date is generally missing from this
citation type. Furthermore, a software article might not credit the full developer team, particularly,
concerning aspects such as long time maintainance.

Software manuals are textual instructions for using a software, and, often the closest textual
document associated with a software, especially for commercial software. It is an established practice
to cite such manuals instead of the software itself with an example given in Listing 8. Corresponding
references are formatted for citing a text source with information typically provided for online
sources such as an URL and a date of access. Similar to software articles, this citation type omits
crucial information closer describing the corresponding software.
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1 Muthen LK, Mutheri BO. Mplus User’s Guide. Seventh ed. Los Angeles, CA: Muthen & Muthen;
2 1998-2012.

Listing 8: Example for the bibliographic entry of a software manual. The example originates from Maraz et
al. [182]. Information identifying the software, its developer, and the used codebase are highlighted: developer
(), name (| ), version (). Note that information on the version or publication date of a manual can in
some instances be used to identify the software codebase if the manual is updated with every release of the
software and authors cite it appropriately.

1 Accelrys Software (2005) DS Viewer Pro 6.0 [computer program] . Available:
2 http://www.accelrys.com/dstudio/ds viewer/index.html . Accessed 3 November 2007 .

Listing 9: Example for the bibliographic entry of a direct software citation. The example originates from
Del Sol and Carbonell [64]. Information closer identifying the software is highlighted: developer (), year
(), name (. ), version (), type of citation (), URL (), date of access (| ).

Direct software citations (referred to as direct citations) describe the cited software itself and
are the recommended way to cite software by recently established software citation guidelines [135].
An example for a direct software citation is given in Listing 9. Properly executed, direct citations
capture all metadata of software that is required for a unique identification of the software, its
developer, and the exact codebase. In practice, not all required information may be present and
the references themselves can be arbitrary structured as there is no commonly agreed upon citation
style for direct software citations.

Websites associated with a software are sometimes cited instead of a software. The correspond-
ing references are structured as typical online resources, potentially providing the date of access.
An example is provided in Listing 10. Same as for other styles, relevant information specifying the
software itself is missing. As direct citations often include URLs, it is important to distinguish them
from websites. Here, all cases where additional information about the software is provided (except
name, URL, type of citation, and date of access) are considered as direct citations.

Lastly, Other citations describe the rare instances in which no verifiable resource is described
by a reference. Those cases are present in practice and are likely to result from faulty automatic
citation recommendations or author errors.

3.2 Dataset Creation

This section describes the process of establishing a high-quality ground-truth dataset reflecting
software mentions and formal citations in scientific literature. For this purpose, a set of represen-
tative articles was selected, and manually annotated to capture all information introduced above.
As outlined in Section 2.1, existing datasets do not fully assess the state of software citation and
are lacking important aspects of software in science to serve as ground-truth data for developing
automatic extraction methods. A detailed comparison of these annotated resources and the dataset
established in this work with respect to size and contained information is provided in Table 3.3
within Section 3.3.

Data size and annotation quality are two central concerns for creating the dataset. Both aspects
influence the reliability of statements made about software in science based on it, and its applicability
as ground-truth data for ML models. In general, a direct trade-off exists between data size and
annotation effort. ML models require large datasets to perform well, while annotation of textual
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1 gplots-Rpackage . Available: http://www.rdocumentation.org/packages/gplots/versions/3.0.1

Listing 10: Example for the bibliographic entry of a software website. The example originates from Malvisi
et al. [179]. Information identifying the software, its developer, and the used codebase are highlighted: name
(1), type of citation (), URL ().

documents, specifically scientific texts, is a highly expensive process because it requires trained
annotators to perform the complex annotation task. A potential reference point to estimate required
data size are existing datasets. Here, the CoNLL dataset [281], a well-solved standard benchmark
for NER is selected, with the objective of matching at least the same order of magnitude in sample
number. The sample number range between 5062 and 10,645 for the English, and 3968 and 6579
for the German benchmark set. With respect to annotation quality, the annotation process is split
up into individual steps to reduce its complexity, and the annotation quality is separately evaluated
at every step, with details described below.

The remainder of this section first describes the selection of a representative article set, intro-
duces measures for annotation quality, and then outlines all steps of the annotation process including
background on the annotation framework and the involved annotators.

3.2.1 Article Selection

A base requirement for articles selected for the dataset is that they are published under a license
that allows republication so the annotated resource can be released as a stand-alone dataset covering
software citation. This excludes a large amount of publications that are either pay-walled or pub-
lished under terms that do not allow a republication. A notable exception is PMC OA containing
more than 3 M freely available articles with suited licenses to make the resulting dataset available to
the scientific community. Furthermore, articles from PMC OA are available as Journal Article Tag
Suite (JATS), a XML-based format for scientific publications using a common mark-up scheme that
allows the extraction of both metadata and plain text. This facilitates text extraction and prevents
errors compared to using PDF documents, which requires a PDF to text conversion, potentially
leading to artifacts due to markup and encoded metadata, e.g., journal specific formatting including
headers or footers.

On the other hand, PMC OA has the drawback of being built primarily for biomedical literature
and has an overall bias towards Life Sciences. The Public Library of Science (PLoS) is one of the
largest open-access publishers indexed in PMC OA, with an interdisciplinary focus covering a broad
range of scientific domains. Therefore, all articles included in the dataset were sampled directly
from PMC OA or from PLoS, to reduce biases by journals and domains.

In general, annotation of full-text articles is a highly time-consuming task. Therefore, it was
considered to only annotate specific segments of an article, to reduce annotation time, while achiev-
ing good generalization. Specifically, four different data sets were selected to optimize annotation
effort while still fully covering the intricacies of software mention and formal citation in science.

e PLoS methods sections (PLoS-m) is the largest subset in terms of contained software men-
tions. It consists of 480 “Materials and Methods” (methods) sections automatically extracted
from 500 randomly sampled articles from PLoS tagged with the term “social science”, with
20 articles omitted because they did not contain a methods section. The selection of methods
sections was performed to reduce annotation effort based on the assumption that the applica-
tion of software is most frequently described as part of the methodological description. The
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Figure 3.3: Research subjects of articles in the PLoS_m subset.

article set was initially selected to represent Social Sciences, but the distribution of scientific
disciplines within the selected articles, illustrated in Figure 3.3, shows that a wide variety of
domains is present, even so the main focus remains Life Sciences.

o PubMed full-text documents (PubMed_f) contains 100 full-text document articles, to allow an
assessment of generalization capabilities of ML methods to full-text documents. The specific
number of articles was chosen as a trade-off between annotation effort regarding full-text
document articles and sufficient sample size for reliable generalization statements, with details
on annotation efforts outlined in Section 3.2.4.

e PLoS sentences (PLoS_s) consists of individual sentences selected from 677 PLoS articles that
contain the names of common software, selected based on prior work in software identifi-
cation [205]. They were selected to increase the number of mention contexts with minimal
annotation effort while also increasing the number of negative samples if the identified word
does not actually refer to a software in the given context.

e Creation sentences (Creation_s) consists of individual sentences from 110 articles (50 PMC OA
and 60 PLoS), that describe software development. They were specifically selected to increase
the number of samples for the otherwise rare cases of software Creation and Deposition, de-
scribed in Section 3.1.1. The articles were automatically pre-selected by analyzing titles and
abstracts for structure and keywords, which indicate articles to be related to software devel-
opment. Resulting articles were then randomly selected and manually verified, before specific
sentences containing software Creation and Deposition statements were manually extracted.
Additionally, a limited number of Allusion and Usage statements were also extracted and
added to the set when they were observed in the context of Creation and Deposition state-
ments to further increase the overall number of samples.

3.2.2 Annotation Implementation

The annotation is implemented through manual annotation by human annotators. The literature
states that for high quality annotations it is important that annotators understand the research
question and the purpose of the annotation [86]. This is the case for all three annotators involved
in the performed annotation process because they are all involved in research on scientific software
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mention and citation. Furthermore, all annotators have a background in computer science or engi-
neering and a general understanding of software in science. All concepts to annotate were discussed
between the annotators, all discrepancies within the initial overlapping annotations were resolved,
and all issues or challenging examples were further examined by multiple annotators throughout
the entire annotation process. A different number of annotators was involved in every annotation
step, as they took different effort, with the details being provided below.

To further optimize the annotation process it is aided by tools which allow the annotators to
work efficiently. BRAT v1.3 [272, 271] is utilized for text annotation, the most complex annotation
problem in the given context. It was chosen because it is widely used, well established, and can easily
be run on a local installation without specific hardware requirements, and it allows to implement
all relevant text annotations. Annotations made with BRAT are illustrated in Figures 3.1 and
3.2. Moreover, a simple custom tool was implemented to perform fast point-and-click annotation
of citation types for software references. Further, automatic checks were implemented to ensure
annotation consistency, e.g., checks for missing entity relations.

Since human annotators are prone to errors and data quality is crucial for all downstream
applications of the dataset (see Section2.4.1), the annotation quality was assessed at every step
throughout the annotation by measuring the IAA on overlapping annotations. For this purpose,
two measures were mainly applied. Cohen’s k [55] was utilized for categorical annotations, and
FScore for text annotation as suggested by Hripcsak and Rothschild [121] (both measures are
introduced in Section 2.4.2). Cohen’s & is suited for categorical annotation because it accounts for
chance agreement in the evaluation, however, it was argued that it is unsuited for full-text document
annotation because chance agreement can be neglected when random phrases are annotated in a
given text. Furthermore, the k statics is missing a well defined negative class [121], which could
be any arbitrary selection of non-annotated phrases in text annotation. Therefore, the FScore was
suggested as a better suited alternative. Note that Recall and Precision, in difference to FScore,
are ill-defined for TAA as they depend on the notion of prediction and ground-truth, which is not
given in manual annotation. The FScore, however, is symmetric and can be applied by simply
assuming one annotation as the ground truth and the other as the prediction [121]. In general,
all outlined evaluations do not consider partial overlap as matching annotation, but as an error,
because annotation boundaries are important for consistency and there is no separate control step
for the annotation.

3.2.3 Annotation Pipeline

The annotation is split into multiple steps to reduce the complexity of the annotation and to
improve the resulting annotation quality. Most steps are hierarchically dependent, which leads to
re-examination of previous annotations at each step and can help uncover errors in earlier annotation
stages, particularly if the annotators switch between the annotation stages. Even so the pipeline
is defined for software it can serve as a general template for future annotation of information in
scientific articles due to the high IAA that was achieved based on the described process. An overview
of the annotation pipeline is given in Figure 3.4 and the distinct steps are described in the following;:

1. Entity (Software): In the first annotation step, software name, software type, and mention
type are annotated, as well as relations between software, making it the most important step of
the annotation process. The corresponding annotation result is illustrated in Figure 3.5. The
TAA was calculated on 10% overlapping samples of each of PLoS_-m, PLoS_s, and PubMed_f.
Creation_s were excluded because the annotation methods varied from the other sets since
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Figure 3.4: Overview of the annotation pipeline for research artifacts in scientific literature split between
text annotation and reference annotation. The illustration shows the annotation target at each annotation
step, and the context the annotators need to examine at each step.
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the individually annotated sentences were selected during annotation. The text annotation of
software names was performed with F'=95% (n1=329, n,=339). The categorical annotations
of software type and mention type were annotated with respective x values of k=.82 and
Kk=.79, with error propagation taken into account, i.e., non-overlapping software annotations
are included in this calculation as errors. Relations between software were considered as a
categorical annotation with a clearly defined negative case, in which no relation exists between
two software mentions. Here, the IAA was evaluated at k=1 based on n=16 related software.
Overall, the TAA was considered sufficiently high for the remaining articles to be annotated
by a single annotator, while all discrepancies between annotations were re-evaluated and the
annotations updated. However, determining the software type and mention type proved to be
challenging even so the IAA values can be considered in the ranges of “almost perfect” and
“substantial” agreement [156].

. Metadata: In the second step, all metadata associated with software and its relations were

annotated. An illustration of the annotation after this step is provided in Figure3.1. The
annotation is performed by re-examining the imme-

diate context of annotated software from the first

annotation step. Therefore, the annotation effort Metadata

in this step is significantly lower, as only excerpts Information F (%) n
of the text need to be analyzed by the annotators.

After this step, all information regarding software Version 98 136
contained in the textual description is annotated. Release 89 5
As in the first step, the IAA was calculated on Extension 100 4
10% of overlapping samples from each of PLoS_m, Developer 93 85
PLoS_s, and PubMed_f, including the annotation re- Citation 92 40
sults from the first step. The text annotation of ad- URL 100 16
ditional information was estimated with an overall Alternative name 100 7
FScore of F=96% (n=293) with scores for all indi- Overall 96 203
vidual entities provided in Table 3.1. Furthermore,

the categorical relation classification was evaluated Table 3.1: TAA for metadata annota-
at a value of k=.98. The IAA for metadata was tion.

considered sufficiently high for a single annotator to
annotate all remaining samples.
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Plugln Usage)™ " 49"

The functional networks of identified proteins was constructed using ClueGO v1.7.1 [47], a @Jsé@ v2.8.3 [48] plugin.

Figure 3.5: Annotation state after the first annotation step in which software name, software type, mention
type, and relations between software are annotated, corresponding to the example given in Figure 3.1.

1 "https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5690316": {

2 "sentence_119": {

3 "string": "R language [30] (version 3.2.2; R Foundation, Vienna, Austria) was used for

4 statistical analysis and creation of several figures.",

5 "links": {

6 "R":{"beg": 0, "end": 1, "link": "https://www.wikidata.org/wiki/Q206904" },

7 "[30] ": {"beg": 11, "end": 15, "link": "https://doi.org/10.1080/10618600.1996.10474713"},
8 "R Foundation": {"beg": 32, "end": 44, "link": "https://www.r-project.org/foundation/"}
9 }
10 }
11 r

Listing 11: Information on unique identities for software (R), formal citation (/30]), and developer (R
Foundation) in an annotated sentence formatted as JSON. The example corresponds to the example given
in Listing 1.

3. Identity: In the third annotation step, the identity was annotated for all software, develop-

ers, licenses, and formal citations. Wikidata?, introduced in Section 2.2, was selected as the
primary source for unique identifiers because it is a general purpose KG that covers a broad
range of entities. When software was not covered in Wikidata, package repositories such
as CRAN?, Bioconductor®, or PyPi®> were considered, before Github® and general websites
were considered as alternative sources in the stated priority. Regarding developers, Wikidata
entries were prioritized over general websites, licenses were assigned URLs corresponding to
opensource.org, and formal citations were assigned DOIs. An example for annotated identities
is provided in Listing 11. If possible, all links were adjusted to the suggested canonical form.
The TAA for this step was initially assessed on 10% of software. It was determined by overlap
because all entries differ in value and chance agreement for entering URL based identifiers can
be neglected. However, only 68% agreement was achieved in the initial assessment, which was
considered insufficient. Therefore, all entries were annotated twice and discrepancies merged
in order to ensure high quality annotation. Further investigation regarding the reason for low
annotator agreement showed that the errors were due to: different web-resources available for
the same entity; resource locations changing over time; no use of canonical form; old software
without valid, persistent identifiers; and information hidden behind pay walls.

Citation Type: In the fourth step, the type of formal citation introduced in Section 3.1.4 was
annotated for all formal references associated to software citations. The reference content
was obtained from the article JATS. The annotation decision was based on the reference
information including an online search for the referenced resources in cases of uncertainty.
An initial overlapping annotation of 10% of references for this categorical problem showed
an IAA of k=.75, which can be considered substantial agreement [156] but was determined

*https://www.wikidata.org/, accessed 10 March 2024.
3https://cran.r-project.org/, accessed 7 February 2024
“https://www.bioconductor.org/, accessed 7 February 2024.
*https://pypi.org/, accessed 7 February 2024.
Shttps://github.com/, accessed 7 February 2024.
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1 <ref id="pcbi-0030239-b042">

2 <element-citation publication-type="other">

3 <collab> Accelrys Software </collab>

4 <year>2005</year>

5 <source>[P§_Y%9y§{_P;g:ktg::[computer program] | </source>
6 <comment>Available:

7 <ext-link ext-link-type="uri" xlink:href="http://www.accelrys.com/dstudio/ds\_viewer/index.html">
8 http://www.accelrys.com/dstudio/ds_viewer/index.html
9 </ext-link>. Accessed.E%_Ngqu?q;_?QQ?j

10 </comment>

11 </element-citation>

12 </ref>

Listing 12: Corresponding JATS entry for the direct software citation in Listing 9, highlighting developer
(), year (), name (| ), version ( ), type of citation (), URL ( ), and date of access ().
Additionally, metadata that is not structured with a corresponding label is highlighted (| 1).

as insufficient for the annotation. Therefore, all samples were annotated twice by different
annotators, and discrepancies were discussed and re-annotated to ensure high annotation
quality.

5. References: It is possible that software references exist that are not linked to an informal
software mention, for instance, when software is mentioned by generic phrases (e.g., “source
code”) instead of its name. While Howison and Bullard [118] report this case to be uncommon
and to only account for 1% of software mentions, further reasons might exist in practice.
Therefore, in the fifth annotation step, the extent of this practice is investigated by annotating
all bibliographic references in the PLoS_m and PubMed_f sets for citation type. The remaining
articles were not included to keep the number of references and the corresponding annotation
cost at a feasible level. Moreover, the annotation was implemented in two steps to improve
Recall and annotation efficiency, and performed based on the reference information available
from the publisher (as illustrated in Listing 12). In the first step, it was only annotated if a
reference is potentially relevant, and in the second step the citation type (see Section 3.1.4) was
annotated for the marked references. Here, the citation type of software article was excluded
from the task, because it can, in general, not be distinguished from regularly published articles
without examining its content, making the task infeasible in the scope of this annotation.
The annotation quality of this annotation was measured by assessing the Recall based on the
known references connected to informal software mentions that are known to be present in the
references from previous annotations. Overall, 74 of 75 (99%) known direct citations, 24 of 25
(96%) manuals, and 5 of 5 (100%) Websites were successfully identified, which was considered
as satisfactory quality.

6. Formal Metadata: In the sixth annotation step, metadata in formal software citations was
annotated for all available direct software citations, manual references, software websites,
and other references (as defined in Section 3.1.4), identified in the previous two annotation
steps. The corresponding reference texts were manually extracted from the published PDF
documents in February, 2023. Examples of the annotation are provided in Listing 8, 9, and 10.
The annotation was performed by two annotators and the IAA was calculated on 10% overlap
at a value of k=.82, which is considered in the range of “almost perfect” agreement [156].
The remaining data was then annotated by a single annotator, while challenging cases were
further discussed throughout the process.
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3.2. Dataset Creation

7. Formal Quality:

In the seventh and final annotation step, representations of formal software citations by
providers of bibliographic data were annotated for the same references as in the previous
step. Specifically, the information provided by the publisher and the information provided
by state of the art literature databases were analyzed regarding their data quality, as both
contribute to the databasis of scientometric analyses (see Section 3). Crossref” was selected
as the first example of a literature database. It is the result of a joint effort by an asso-
ciation of publishers with over 17,000 members as of June 2023, with the goal to improve
linking between publications made by heterogeneous publishers [153]. The main application
of Crossref is a database of metadata for scholarly articles and professional materials that
enables unique identification of covered resources by incorporating and introducing persistent
identifiers. Crossref was selected because the corresponding bibliographic information is inte-
grated into the database by publishers with central quality control by Crossref. Metadata is
further enriched by Crossref, mainly by adding citation links, but also through adding further
information such as funder registry information or journal classification codes [109]. More-
over, Crossref is widely used for scientometric analyses, for instance, for citation analyses by
Dion et al. [71] and Peroni et al. [214] and citation network analyses by Cho and Yu [51], and
enables such analyses by making its database openly available without any license restriction
through an API. Regarding software citations, Crossref does provide information to publish-
ers, but does not consider a specialized format taking into account aspects such as versioning,
and recommends a submission as unstructured citations [154].

Semantic Scholar® was chosen as a second example for a literature data base because it is also
well established but based on a different methodical approach. It is a discovery service for
scientific literature [295] developed and maintained by the Allen Institute for Artificial Intelli-
gence (AI2). The service is based on S2AG containing metadata of scientific publications (see
Section 2.2.1). A major aspect of Semantic Scholar is to integrate ML methods to enhance
data quality and search. This includes the development of a system for publication dedupli-
cation named S2APLER and citation linking based on fuzzy text-matching heuristics [143].
Data is provided free and open by Semantic Scholar via an API. Semantic Scholar it is widely
used as a search mechanism for academic publications, while the underlying KG also enables
scientometric analyses [194].

The publishers’ references were automatically gathered while the corresponding Semantic
Scholar and Crossref entries were manually gathered in August, 2022. An automatic collec-
tion was not possible due to partially missing entries in both databases that hindered precise
matching. Additionally, multiple entries per reference are in some cases present in Semantic
Scholar, which were all extracted and annotated separately. The extracted information was
then annotated for the same information considered as in the previous annotation step. Ad-
ditionally, to allow an assessment of representation data quality, specific tags were introduced
in the annotation:

o unstructured marks information that is not labeled within the database, but instead
part of a single field containing multiple information about the software. Entries can be
partially structured, e.g., the developer and publication date being labeled, but version
and software name being unstructured within one field.

"https://www.crossref.org/, accessed 19 January 2024.
Shttps://www.semanticscholar.org/, accessed 19 January 2024.
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1 {'paperId': None, 'externallds': None, 'url': None, 'title': 'DS Viewer Pro) ;6. 0"[computer progra.m] ’

2 'venue': 'Accelrys Software:', 'year': 2005, 'publicationDate': None, Journal" None, 'authors' []}

Listing 13: Semantic Scholar reference entry corresponding to the JATS entry in Listing 12 [ID:
PMC2134966, Semantic Scholar ID: 1116831, [64]]. Metadata is highlighted for: developer (), year (),
name (| ), version (), type of citation (). Metadata represented in an unstructured manner (i 1), for
which no label is provided, and metadata represented with the wrong label (: ) are marked. Information on
the URL and date of access from the original publisher information is missing.

1 {'key': 'pcbi-0030239-b042', 'unstructured': 'Accelrys Software:_'2005 'DS Viewer Pro:,6 0,

2 '[computer program] | Avallable ihttp://www.accelrys. com/dstudlo/ds_v1ewer/1ndex html,

3 Accessed | .3 November 2007 . '}

Listing 14: Crossref reference entry corresponding to the JATS entry in Listing 12 [ID: PMC2134966, [64]].
Metadata is highlighted for: developer (), year (), name (| ), version (), type of citation (), URL
(), and date of access (| ). Metadata represented in an unstructured manner (| 1) is marked.

e wrong place indicates that information is structured but with a false underlying concept,
e.g., a developer being labeled as a publication venue;

e wrong content indicates that the information in a database is wrong;

e incomplete content indicates that some information is only partly represented, and part
of the original information is lost;

e duplicate indicates duplicate information introduced by a database. Note that this entry
refers to duplicate information within one reference, not the duplicate entries for one
reference within Semantic Scholar mentioned above.

Since this annotation proved to be challenging from the beginning, all references were anno-
tated by two annotators with discussion of all challenging cases to achieve high quality data.
The result for this annotation is illustrated in Listings 12, 13, and 14, which illustrate the
respective JATS, Semantic Scholar, and Crossref representations. Potential errors are illus-
trated in both Listing 13 and 15, including unstructured representation, incomplete content,
and wrong content.

3.2.4 Annotation Effort

The overall annotation effort for creating the dataset is estimated at about 593 h, with the textual
annotation taking up the most time with about 480 h. In detail, the annotation of PLoS_m took
up the largest part with 320 h. The value is estimated based on an average duration of 20+5 min
for the two annotation runs per article, followed by 15 min of identity annotation for an average of
three software mentions, and their developers, licenses and citations. Annotation of PMC fulltexts
took 112 h with an estimated 45 min for both annotation passes followed by 22 min for identification
of software identities. For PLoS_s an average of 3 min per article is estimated and for Creation_s
10 min, summing to a total of 34 h and 18 h, respectively.

The remaining 113 h were allotted to formal reference annotation. In detail, the annotation
of 603 references for citation type took an estimate of 30 s per reference, summing to a total of
11 A for two annotators and the subsequent re-annotation of 68 references. The annotation of
~29, 000 references to identify software citations without plain text mentions is estimated to take
5 s per reference in the first run summing to 40 h, and 20 s in the second run summing to 4 h. The
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Figure 3.6: Adapted alluvial plot with added explanation of information flow. The detailed plot design is
described in the text.

annotation of plain text annotation completeness for all direct software citations is estimated with
around 2min per 205 references, summing to 8 A including the overlap for quality control. The
final annotation of JATS and database entries—including gathering the corresponding entries—is
estimated around 7min per reference, summing to 48 h as all references were examined by two
annotators with additional 2 A for manual identification of database entries.

3.2.5 Adapted Alluvial Plots

The results regarding database data quality are illustrated through adapted alluvial plots, with
an example illustrated in Figure 3.6. The plots assume an annotated set of samples according to
annotation step seven described above, and take into account one specific metadata at a time,
e.g., the developer in Figure3.6. All annotated samples are individually listed in the plot from
top to bottom while their order can change from left to right. The flow of a specific sample is
indicated by the color originating from the middle column named Publisher. If multiple samples
have the same information flow their lines are summarized. The middle Publisher column shows
the information available from the publisher’s JATS file, and indicates whether the information is
available and whether it is correctly structured. The columns left and right from the middle show
the same information for Crossref and Semantic Scholar (Semantic), respectively. The outermost
columns Crossref_ Error and Semantic_Error show whether the represented information is correct or
whether an error is present, for Crossref and Semantic Scholar, respectively. Since it was observed
that some references are missing entirely in Crossref and Semantic Scholar they are shown with
the special label “missing” to indicate that no information is available in these cases. As a result,
the information flow illustration allows a direct comparison of how the different sources structure
metadata and whether errors are introduced. Particularly, the difference between the structure
provided by the publisher and the corresponding representation by the databases can be observed.

3.3 Results

This section summarizes the results of the manual analyses of software in science. It initially gives
an overview of the established dataset—from here on referred to as SOMESCI (Software MEntions
in Science)—and compares it to existing resources of software in scientific publications. Then, it
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Mention Type ‘ Metadata
=
o o) -8
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= o o
g . £ E| 8§ & % s 5 g g 5 =
3 E » 0§ 2| @ T & % 8 g9 g B w
3 = & g o g o X X5 = T KM 2 =2 =
&= < P o A >~ A H < O &/ P 3 < N
Appl. 2699| 193 2207 197 102 | 1222 772 47 31 411 50 236 34 65 70
Plugln 425 | 51 275 70 29| 30 12 - 4 142 1 56 12 12 6
0S 173 | 30 143 - -1 31 9 5 - - 1 - — - -
PE 421 | 47 374 - -1 70 73 - - 41 35 8 - - 137
Developer - 7 2
License 28 - 2 2

Overall ‘3718‘ 321 2999 267 131 | 1381 86 52 35 594 87 309 46 81 213

Table 3.2: Overview of the frequency of the different label types. Note that only the most specific Mention
Type is counted. Combinations that are not possible were left blank, while combinations that did not occur
were indicated by —.

outlines some general, preliminary analyses of software in science that build the basis for subsequent
large-scale analyses, followed by an analysis of software citation completeness for both formal and
informal citation, and their combination. Lastly, it investigates how well formal software citations
are currently represented by providers of bibliographic data to investigate if their data can be
integrated in large-scale analyses on software in science.

The SOMESCI dataset contains 47,837 sentences out of 1367 scientific articles split into four
subsets. Software is mentioned within 2703 (5.7%) of these sentences, with a total of 7128 anno-
tations split between 3718 software mentions and 3410 metadata entities, which disambiguate to
884 distinct software. The remaining sentences further function as negative samples for training to
improve Precision. A detailed overview of the software, software type, mention type, and metadata
contained in the established data is provided in Table 3.2”. As described, the resource was iteratively
updated, where later steps serve as quality control for prior steps. Therefore, the reported num-
bers differ from prior publications, and include fixes of annotation errors from previously published
versions. The annotation goal formulated in Section 3.2, to reach the same order of magnitude in
annotation as the NER standard benchmark CoNLL [281], was reached for the main annotation
target software, while fewer data is available for more specific annotations. Here, it can be argued
that recognition of these specific aspects is easier than a standard NER problem, as they are defined
in the context of software. However, thorough analyses are required to investigate which tasks can
be solved in practice based on the established dataset.

With respect to formal citation, 603 reference entries to in-text citations were annotated with
citation type, which correspond to 594 citations (see Table 3.2) because one citation string can
contain multiple references. Moreover, 28,903 references were annotated for citation types of interest
as described in Section 3.2.3, with a reduction to 1,392 references in the first annotation step. In the
second annotation step, 32 additional references referring directly to software, software websites,
or software manuals were identified. A total of 205 direct software and software manual references

9During annotation of informal mentions it was not distinguished between URL, archive, and identifier, due to
the iterative annotation process this distinction was only introduced for the final annotation steps concerning formal
citation.
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BioNerDs Softcite Softcite SoMEScI
2.0

2016 2020 2023 2021

# Documents 85 4971 f4971 11367
# Software 2625 4093 5134 3756
# Other 0 2541 3091 3481
Software Type; Mention Type O O | |
Developer; Version; URL O | | [ |
Citation; Alt Name; Extension; License O O O |
Entity Disambiguation O O O |
Entity Linking ] U U |
Formal Citation (Type; Metadata; Quality) O O ([ ‘ |
Indirect Mention ([l O | ‘ O
Source Domain BI LE L.E L
Source Year 2002-10 2000-10 2000-10 2001-20

Table 3.3: Comparison of the publicly available corpora for software mentions in scholarly articles. Domain:
BI=Bioinformatics, L=Life Sciences, E=Economics; f=not all negative sentences were published; *=set in-
cludes full-texts, methods sections, and single sentences, see Section 3.2.1.

were annotated for completeness and representation quality.

A detailed comparison between available ground-truth resources and the resource established
in this work is provided in Table 3.3. Note that the development between Softcite and SOMESCI
was partly overlapping, with the first annotation of the described data being published before
Softcite (in [251]), but the full annotation being published after (in [244]), with Softcite v2 being
published most recently. From Table3.3 it can be observed, that BioNerDS covers only basic
information about software, while Softcite and SOMESCI include additional metadata. The main
advantages of SOMESCI are the coverage of information required for ED, EL, formal citation, and
contextual information, enabling analyses beyond the scope of other datasets. Further, its article
selection can be considered as advantageous because newer articles and a broader article range are
included. On the other hand, Softcite has the advantage of including not only Biomedicine, but
also Economics, which allows deeper analyses into disciplinary differences, particularly, because
the number of software per articles is already known to strongly differ between the disciplines, as
outlined in Section 2.1.

With Softcite v2, Softcite and SOMESCI became more similar in their annotations, which mo-
tivated efforts to systematically investigate differences and similarities between the datasets. An
analysis was performed in the scope of a Chan Zuckerberg Initiative (CZI) Hackathon [46] regarding
the topic of software citation, and resulted in a detailed list of differences that need to be taken into
account when merging the datasets [22]. It includes both, semantics differences, e.g., with respect
to the annotation or programming languages, and differences in specific annotation decisions, e.g.,
the annotation of software name abbreviations, and can serve as an instruction for merging both
datasets in future work. However, some information from both datasets would need to be omitted
in the process or added by further annotations. Overall, considerable curation effort is required to
unify both datasets with high data quality, which is out of the scope of this work.

Aside the information outlined in Table 3.3, the TAA between sets also differs, but cannot be
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directly compared. While an FScore of F'=80% is reported for BioNerDs, an overlap of 76% is
reported for Softcite, followed by additional expert review of annotations. This step can, however,
only improve Precision and not the Recall of the original annotations. In this work, the annotation
was split into several steps to reduce the complexity of the annotation task with individual evaluation

at each step, further impeding a direct comparison.

3.3.1 Analysis of Software Citation

Large-scale statements about software usage over time or
software usage between disciplines are not possible based on
the manual analyses because too few samples are available.
However, the analysis allows to gain first insights on software
citation that can be further explored and corroborated in a
large-scale analysis. Figure 3.7 shows the distribution of the
publication time over all articles in SOMESCI. It can be seen
that a broad range of articles from 2000 to 2020 is included,
with most articles published from 2012 to 2018. Given that
the overall number of scientific publications is rising, it should
be expected that more articles from the year 2019 and 2020
are included in the dataset. However, the dataset was iter-
atively developed, with most articles sampled in 2019, and
only inlcuding articles up to 2018, explaining the specific
distribution shown in Figure 3.7. Since SOMESCI consists
of four distinct subsets differing in sample selection and an-
notation, the distribution of software mentions between the
subsets is illustrated in Figure 3.8. PLoS_m contains the most
mentions with 1563 (42%), followed by PLoS_s (25.7%), Cre-
ation_s 783 (21.1%), and PubMed_f 415 (11.2%).

A central aspect regarding software in science, which has
been explored in most related work on software in science
(see Section 2.1), is how often software is overall applied in
research. Figure 3.9 summarizes both, the relative amount
of articles using software, and the number of distinct soft-
ware used within articles using software, split between the
SOMESCI subsets. An aggregated analysis would not make
sense at this point, as PLoS_s and Creation_s would add a
clear selection bias, which can also be observed from the plot.
It can be observed that there is a difference in the number of
articles mentioning software between PLoS_m and PubMed_f
with 80.8% to 57%, respectively. There is also a difference
in the number of software mentioned, with a higher number
observed in PubMed_f with 4.8 software per article compared
to 2.85 software per article in PLoS_m. The higher number
of software could be explained by the annotation methods,
which only considered methods sections in PLoS_m, while
the different ratio of software articles might suggest journal
or discipline specific differences which require further explo-
ration in large-scale analyses.
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Another aspect of interest is whether software is cited without being mentioned in-text. As
described above, 32 references were identified in the annotation where this is potentially the case,
while further manual analysis showed that only 14 truly reflect the case of interest while the rest is
due to the annotation process (e.g., references contain software in non-annotated parts of PLoS_-m)
or errors (e.g., mixed up references within articles). The 14 cases consist of seven direct citations,
four manuals and three websites. In relative numbers this amounts to 8.5% of direct citations for
a total of 82 direct citations in PLoS-m and PubMed fulltexts, 13.8% of 29 manuals, and 37.5% of
8 websites (details on formal reference types are provided in Section 3.3.2). Note that the sample
size for manuals and websites is quite small and that all additionally identified websites result from
the same article. The manual analyses of the underlying citation practices showed that in four
cases generic terms were mentioned instead of the software name (e.g., “processing was done with
[19]”, where [19] is the software citation), in seven cases the use of a software was not indicated,
and in three cases knowledge from the software was cited, e.g., the FAQ of the software instead of
the software itself. Overall, the trend can be considered negligible since only a fraction of software
is formally cited, and a further fraction is cited by direct citations and citations to manuals, as
described in Section 3.3.2.

The cumulative distribution of software mentions by dis-
tinct software is illustrated in Figure 3.10. As before, it only
makes sense to include PLoS_m and PubMed_f due to the
selection bias in the other two subsets. It can be observed
that the distribution is highly skewed towards few distinct
software which account for a high number of overall men-
tions, while a long tail of rarely mentioned software exists. In
the given plot the long tail distribution becomes linear after
about 50% of distinct software, with all remaining software
being mentioned only once. Moreover, it can be observed
that the skewedness of the plot increases with the number of
considered software mentions from PubMed_f over PLoS_-m 7% 25 50 75 100
to their combination. In general, it can be expected that the Unique software (%)
long tail of rarely mentioned software grows beyond the soft-
ware covered in SOMESCI, while the often mentioned general
purpose tools stay the same. Therefore, it can be assumed
that the distribution shifts further, making large-scale analy-
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Figure 3.10: Cumulative distribu-
tion of software mentions.

ses necessary to reliably estimate the distribution of software Mention g Software
in science. 2 App.-
The 884 distinct software contained in SOMESCI can fur- = —
ther be distinguished by software type, with the results il- %
lustrated in Figure3.11, split between number of software f= PE-
and number of mentions. In total, 636 (71.9%) of identi- & os-
fied software are Applications, followed by 214 (24.2%) Plu- 0 20 20 60

gln, 24 (2.7%) PEs, and 10 (1.1%) OSs. The numbers differ Relative Amount (%)
strongly when considering the relative amount of mentions,

with 72.6% referring to Applications, 11.4% to PlugIns, 11.3% Figure 3.11: Relative amount of
to PEs, and 4.7% to OSs. This suggests that the distribu- :ggzzig ;ggieiiﬁgm of unique
tions differ between software types. Particularly, few PFEs '

and OSs are used quite commonly, while a large number of

different Pluglns is used but each mentioned only few times. Since the number for all types ex-
cept Application is considerably low, further large-scale analyses are required to corroborate these
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findings. It was also found that the distribution of software types differs between the individual
sets, with Creation_s containing more PEs and OSs, which is expected as they describe the develop-
ment of software. Further, PLoS_s contains fewer Pluglns, which is also expected due to the article

selection approach.

The identity annotation mapped all 884 distinct software
to unique identifiers based on Wikidata, package reposito-
ries, Github, and general websites, in the given priority. The
resulting ratio of link locations is summarized in Figure 3.12.
Overall, 23.2% of unique software, covering 59.9% of men-
tions, could be linked to Wikidata, while package reposito-
ries (CRAN, Bioconductor, and PyPi) include 9.6% of dis-
tinct software covering 3.9% of mentions. Github further
covers 10.2% of software, which only accounts for 6.9% of
overall mentions. The remaining software was annotated for
general websites, but can be further distinguished between
other package repositories (Zenodo, BitBucket, Sourceforge)
covering 3.9% of software and 2.8% of mentions, other web-
sites covering 50.6% of software and 25.6% of mentions, and
software that could not be identified covering 2.6% of soft-
ware and 1% of mentions.

An overview of the ten most common software in
SOMESCcI is provided in Figure3.13, taking into account
the ratio of articles in which they are mentioned and the
amount of overall software mentions they cover. As before,
only PLoS-m and PubMed_f are considered here. The top
ten software were analyzed concerning their absolute men-
tion number and the amount of articles in which they are
mentioned. SPSS is the most commonly mentioned software,
contained in 8.2% of articles and covering 6.5% of all soft-
ware mentions, followed by R and Stata which are mentioned
in 4.6% and 4.5% of articles, respectively. Overall, eight out
of the ten most common software are general purpose statis-
tical software, with only Windows and ImageJ building the
exception as an OS and an image analysis software. Further,
the difference in software spelling was analyzed for the most
common software, since the most data is available for them.
The results are summarized in Table 3.4, and show that mul-
tiple names exist for all considered software. For some, such
as ImageJ or Stata, only minor differences are found in the
names, while strong differences are present for other software,
such as SPSS or R.

3.3.2 Citation completeness
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Figure 3.12: Relative amount of
identity annotation targets for all an-
notated software. Repo: repository;
P-Repo: package repository.

Mentions Articles

Software
A

Q
S . . . .
& 0 2 4 6 8

Relative Amount (%)

Figure 3.13: Most common soft-
ware in terms of article mentions and
relative amount of overall mentions.

The citation completeness refers to the amount of metadata that is provided with formal software
citations, required to capture provenance information of the investigation and to provide attribution
for its development. As described in Section 1.4, the completeness can be considered along the
dimension of identification of the (1) software, (2) developer, and (3) codebase. In the following,
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Software # Spellings Top five Spellings

SPSS 12 SPSS, SPSS Statistics, Statistical Package for the Social Sciences,
Statistical Package for Social Sciences, PASW Statistics

R 2 R,GNUR

Stata 2 Stata, STATA

MATLAB 3 MATLAB, Matlab, MatLab

SAS 3 SAS, Statistical Analysis System, SAS Enterprise Guide

Prism 4 Prism, GraphPad, PRISM, prism

Windows 2 Windows, windows

Excel 5 Excel, EXCEL, Office Excel, excel, Microsoft Office Excel

SPM 3 SPM, Statistical Parametric Mapping, statistical parametric map-
ping

ImageJ 3 ImagelJ, Image J, Image-J

Table 3.4: Overview of spelling variations for the most common software.

completeness is first considered for informal software citation, then for formal citation, and finally

with respect to their combination.'’

Informal Citation Completeness The results for cita-
tion completeness for informal software mentions are sum-
marized in Figure3.14, with all Confidence Intervals (CIs)
provided in the scope of this work being calculated as de-
scribed in Appendix Section B. As before, only PLoS_m and
PubMed_f are included. In total, 31% (Clg5=[28.5,33.4])
of in-text software mentions include a formal citation to
a bibliographic reference, which can provide additional in-
formation about the software. Information on the soft-
ware developer is provided in 30.7% (Clg5=[28.2,33.1]) of
cases, while the version is indicated with the highest ratio of
46.6% (Clgs=[44,49.2]). URLs are only provided sparsely in
10.1% (ClIg5=[8.5,11.6]) of cases, while extensions and alter-
native names are mentioned the least, with respective 1.8%
(0195:[1.1, 25]) and 3.6% (0195:[2.6, 45])

The analysis is further extended to explicitly represent
the identifiability of software, developer, and codebase. The
results are summarized in Figure 3.15. Software is considered
as precisely identifiable when either the developer is provided
or when a formal citation is provided. Proper attribution is
considered as given in the same cases. While formal citations
are not always complete themselves, as outlined below, they
usually provide sufficient information to identify the software
in combination with the given name, and also provide attri-
bution to the developer. Provided URLs are considered as
conditionally identifiable because they are often not persis-
tent or might point to the developer instead of the software.
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Figure 3.14: Informal software ci-
tation completeness.
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Figure 3.15: Informal software ci-
tation completeness with respect to
software identifiability.

Overall, 60.8% (CIg5=[58.2,63.4]) of software is precisely identifiable, 67.2% (CIg5=[64.7,69.7])
is identifiable with uncertainty considering URLs, and codebase identification is given for 33.4%
(Cl95=[30.9,35.9]), when the version is stated and the software itself is identifiable.

10Releases are included as versions in all following analyses, because they are rare in informal mentions.

67



Chapter 3. Manual Analysis of Software in Scientific Publications

The criterion used above describes a theoretic criterion of when software is considered identifi-
able. The same is true for codebase identification as it formally requires identifiable software, while
an upper bound for codebase identification is given by the number of provided versions. However,
in practice, cases exists where software is identifiable from an article based on the name alone,
e.g., when SPSS is mentioned in the context of statistical analyses. However, more information
is required in general due to problems such as software ambiguities (see Section 3.1.3) and legacy
software. As described in Section 2.1, Howison and Bullard [118] analyze how much software can
be identified by manual web search based on information provided in scientific publications.

Formal Citation Completeness In mention contexts in
which a formal citation was provided, the bibliographic ref- el s

Q

o X
erence can provide further information about the mentioned S Vi&' g
software. However, not all references do directly refer to 5 ﬁ\i&' el
software, as described in Section 3.1.4, with the distribution g <->\{_’$z;' -
of the introduced resource types illustrated in Figure 3.16. © $$Q H
The results show that most references are software articles & 2 40 60
in 375 or 69.6% (Cly5=[65.9,73.6]) of cases, followed by di- Relative Amount (%)

rect citations in 120 or 22.3% (CIg5=[18.6,26.3]), and man- ) o

uals in 35 or 6.5% (Clyg5=[2.8,10.5]). Websites and other Figure 3.16: Distribution of formal
references were only found in 5 or .9% (Clg5=[0,5]) and 4 citation types.

or .7% (Clg5=[0,4.8]) of cases, respectively. Note that some

annotations were excluded from the analyses: nine duplicate e ﬁletvfirﬁir gti];ion
entries with one software cited twice in one article; 30 ref-
erences contained in Creation_s since they might add a bias
as authors developing new software might be more particular
about software citation; 13 entries because the citation was
unrelated to software, e.g., references were mixed in a publi-
cation; and twelve entries because the citation only refers to
an application of a software.

Not all citation types include all information necessary to
fully describe used software, e.g., software article references
do, in general, not capture software versions. Therefore, it Sl
is necessary to further investigate if authors systematically
provide the missing information in the full-text document &
when they utitlize such citation types. For this purpose, the
amount of informally provided metadata, in terms of ver- 0 20 40 60
sions, developers, URLs, and alternative names, is compared Relative Amount (%)
between the different citatiqn types, includ'ir.lg cases where Figure 3.17: Informal citation com-
software was not formally cited as an additional category. .

pleteness in dependence of the used
The citation types website and other are excluded because formal citation type.
there are too few data points available for them. The results
are illustrated in Figure 3.17 and show that less versions are provided informally when software
articles are cited with 31.3% (Cly5=[26.7,36.0]) compared to cases where software is not for-
mally cited with 51.5% (Cly5=[49.4,53.7]) and in comparison with mentions including direct ci-
tations with 59.8% (Clgs=[51.1,68.5]). The difference is found to be significant by a x? test,
x2(1, N=2482)=51.8, p<.001, testing whether the number of informally provided versions system-
atically differs between not cited software and software cited by a software article, with an effect size
of V=.15 estimated by Cramer’s V. Further, developers were found to be less frequently informally
mentioned in all cases where software is formally cited as compared to not formally cited software.

Information
4.

fof
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3.3. Results

The informal mention of URLs is at a similar level between software cited with software articles
and software that was not cited, while URLs have never been provided informally when software
was cited directly or through a manual. A similar picture is found for alternative names.

The completeness of formal software citations was an-
alyzed for 153 direct software citations—including 8 web-
sites and 4 other citations as incomplete direct citations—
and 44 manuals, as before, excluding 8 references from
the Creation_s set. The corresponding results are summa-
rized in Figure 3.18. Regarding the large sample of direct
software citations, name, developer and publication year
are commonly included in 146 or 94.8% (Cly5=[91.3,98.3)),
141 or 91.6% (Cly5=[87.2,95.9]), and 132 or 85.7%
(Cl95=[80.2,91.2]) of instances, respectively. Version, de-
scription, and URL are less commonly stated with 100 or
649% (0195:[574, 725]), 77 or 50% (0195:[421, 579]), and
62 or 40.3% (Clg5=[32.5,48.0]), while the type of citation
and date of access are only rarely provided in 44 or 28.6%
(Clg5=[21.4,35.7]) and 25 or 16.2% (Cly5=[10.4,22.1]) of
cases. Release date (3, 2% (ClI95=]0,4.13])), identifier (1,
6% (Clg5=[0,1.92])), and archive (1, .6% (Clg5=[0,1.92]))
were only sporadically found. Regarding manuals, most re-
sults are at a comparable level, with a notable difference in
version, which are less often contained in citations to manuals
with 25% (Clg5=[12.2,37.8]).

The analysis was extended to directly cover the identifica-
tion of software, developer, and codebase based on provided
metadata. The corresponding results are illustrated in Fig-
ure 3.19. Regarding direct citation, software can be identified
with high confidence in 132 or 87.4% (Clg5=[82.1,92.7]) of
cases based on the mention of name and developer, while
archive and identifier are only stated in one case each and
overlap with mentions of name and developer. The over-
all number of identifiable cases increases to 149 or 98.7%
(Cl95=[96.9,100]) when including cases with URLSs, however,
as described in Section 3.1 URLs can be subject to link rot.
The exact codebases can be identified with high confidence
in 101 or 65.6% (Clg5=[58.1,73.1]) of cases, with versions
being provided in 99 cases and release dates in three. Note
that the software itself also has to be identifiable for codebase
identification. Considering a date of access sufficient, un-
der the assumptions that the newest available version at the
date of access was used, the ratio increases to 113 or 73.4%
(Clg5=[66.4,80.4]). Regarding citations to manuals, the val-
ues for software identification and developer attribution are
at equal levels, however, the value for codebase identifica-
tion is lower with only 25% (Clg5=[12.2,37.8]) and 27.3%
(Clg5=[14.1,40.4]) being identifiable with and without con-
sidering a date of access, respectively.
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Figure 3.18: Amount of metadata

provided in formal software citations.
Desc: description.
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Figure 3.19: Relative citation com-
pleteness of direct software citations
and software manuals with respect
to identification, including 95% Cls.
“precise”’: clearly identifiable; “un-
certain”: includes identification by a
URL or date of access.
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Combined Completeness The last analyzed aspect of ci-
tation completeness is whether informally and formally pro-
vided metadata complement each other when both are pro-

vided. Only the common metadata of version, developer, and —e— overall informal —e- formal
URL are considered here, while all other metadata provided

in formal citations does by definition complement informal ci- . bed
tations. The name on the other hand, is by definition always A@\on Lol e o
given for informal mentions and, therefore, complements for- F § ww g
mal citations. The results are illustrated in Figure 3.20. De- g & ) e E
velopers are only rarely provided when software is cited with 5 & 4

a direct software citation in 6.9% (CIg5=[2.6,11.3]) of cases g .
and for manuals in 0 cases. All of the cases where a devel- = o&*' ¢
oper was mentioned in-text overlapped with cases where the & e gz’
developer was also provided in the formal references, there- ° @é@ T 5
fore, not improving the overall coverage. Versions are pro- & — i

vided quite often with the informal mention when software is O 20 40 60 80 100
cited with a direct citation with 58.5% (C'Ig5=[50, 66.9]) and Relative Amount (%)

47.1% (ClIy5=[30.3,63.8]) for citations to manuals. Through
aggregating over formal and informal information the overall of direct software citations and soft.
coverage for versions improves up to 80% (Clgs=[73.1,86.9]) ware manuals for the combination of
for direct citations and to 55.9% (Clg5=[39.2,72.6]) for man- formal and informal metadata.

uals. URLs were never mentioned in the full-text document

when software was formally cited by either a direct citation

Figure 3.20: Citation completeness

or a manual.

3.3.3 Data Quality of Literature Databases

The quality of database representation allows to assess whether existing infrastructure for represent-
ing bibliographic references can be applied for systematic analyses of software citation in science.
It was evaluated on the same references as formal citation completeness, additionally including the
references from Creation_s, because they do not add a bias in this analysis as only the representation
of the information is investigated. As outlined in Section 3.2.3, the annotation covers the original
publishers and the databases Semantic Scholar and Crossref, and contains information on whether
the originally published information is covered, how it is structured, and whether it is correct. The
quality of database representation was investigated individually for the considered metadata, and
is illustrated in newly established, adapted alluvial plots described in Section 3.2.5.

As described in Section 3.2.3, multiple entries for one reference can exist in Semantic Scholar.
Overall, 40 (24.8%) out of 161 represented citations have duplicate entries, with 33 (27% of 121) in
direct citations and 7 (17.5% of 40) in manuals. For all following analyses the most complete entry,
covering most relevant information, was selected.
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3.3. Results

1 PDF:

2  Boersma P, Weenink D. Praat: Doing phonetics by computer [Version 6.0.05, Computer program].
3 Retrieved Nov 8 2015 .

4

5 Semantic Scholar:

6 1

7 'title': ‘:_P_r;_;la_t_: :_c_i_ai'._rfg___513_?;1_&}:_1__(1;__1_;3[_::_51?;311_{:_51_:: (version|4.4.24]) ', 'year':|2006|, ,

8

9 'authors': :['authorId': '145317765', 'name': 'P. Boersma']:

10 F

Listing 15: Original PDF reference information and the corresponding Semantic Scholar reference entry for
Direct Software Clitation in the presented dataset [ID: PMC5574543, Semantic Scholar ID: 27589464, [312]].
Several errors are present in Semantic Scholar: information on date of access and citation type are lost, the
content for version is wrong, author information was partially lost and wrong information on the publication
year is added. Metadata is highlighted for: developer (), name (| ), description (| ), version ( ),
type of citation (), and date of access (| ). Metadata represented in an unstructured manner (| 1), with
incomplete ({ !) information, or errors ([ ]) is marked. Note that the version in Semantic Scholar is both
unstructured and wrong.

General Analysis

Missing entries for references were identified in Crossref and Semantic Scholar, where it is necessary
to distinguish two cases of missing references: entire articles missing and individual references
missing. References that are missing because the entire article is not contained in a database are
ignored because this is a problem of overall coverage and does not provide any information about
the quality of software citation representation. However, individual references missing, even so an
article is represented, can point to a problem regarding software citation representation and needs
to be investigated. Overall, 36 of 157, 22.9% (ClIg5=[16.4,29.5]) of direct citations and 5 of 45,
11.1% (ClIg5=[1.93,20.3]) of manual references were individually missing from Semantic Scholar. In
Crossref, 8 of 155, 5.2% (Cly5=[1.7,8.6]) of direct citations and 6 of 47, 12.8% (Cly5=[3.2,22.3]) of
manuals were missing''. To investigate if this is a systematic bias concerning software citations, the
amount of software articles missing from the databases was also investigated, serving as a sample
of regularly published articles, with 4 of 382, 1.1% (Cly5=[0,2.1]) and 1 of 381, .3% (Clys=[0, 1])
of software articles missing from Semantic Scholar and Crossref, respectively. To test if the amount
of missing references differs between software articles and direct software citation a y? test was
employed for each of the databases, with Semantic Scholar x?(1, N=539)=74.4, p<.001 and Crossref
x2(1, N=536)=13.2, p<.001 with respective effect sizes of V=.38 and V=.17, estimated by Cramer’s
V. Manuals are not further tested because fewer data is available and statements would be less
reliable.

During annotation it was further observed that Semantic Scholar sometimes adds wrong infor-
mation without relation to the original reference (see Listing 15), and that information is sometimes
duplicated in a wrong location, e.g., the software name is represented as both title and publication
venue. In total, wrong information is added to reference representations of direct citations in 19,
15.7% (Clg5=[9.2,22.2]) and for manuals in 25, 62.5% (Clg5=[47.55,77.5]), while duplicate infor-
mation is added in 26, 21.5% of direct citations and 2, 5% of manuals, with 3 cases overlap. Both
problems were not observed for Crossref.

1Note that the overall number of references differs between databases due to missing articles.
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Software name representation across databases
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Figure 3.21: Adapted alluvial plot illustrating data quality of software name representation in terms of
availability, structure, and correctness within direct software citations and citations to manuals. The results
for availability and structure for the publisher’s representation in the middle column are compared to the
results for Crossref on the left and Semantic Scholar on the right. The outermost columns show the correctness
(Error) for Crossref on the left and Semantic Scholar on the right. Missing samples in Crossref and Semantic
Scholar are added for comparability between columns. The illustration follows the principle illustrated in
Figure 3.6.

Software Name

The results for database data quality of software names are given in Figure 3.21, and a further
summary of the results is provided in Appendix Table A2. The software name is commonly included
by publishers in both direct citation (149 of 158, 94.3%) and citations to manuals (43 of 47, 91.5%),
with only some information represented in a structured manner with 20 (12.7%) direct citations
and 14 (29.8%) manuals. Crossref and Semantic Scholar only lose information on software names
in rare cases with 3 of 147 (2%) and 4 of 121 (3.3%), respectively, for direct citations, and 4 of 41
(9.8%) and no losses for manuals. In turn, information is added by Semantic Scholar in 1 (.8%)
direct citation. Semantic Scholar manages to increase the ratio of structured information for direct
citations by 11.3 pp to a value of 24% (29 of 121) and for manuals by 30.2 pp to 60% (24 of 40), while
Crossref directly reflects publisher structure, when information is not lost'?. Notably, Semantic
Scholar does not retain structure for all direct software references, but instead loses structure for 7
(5.8%), and adds structure for 18 (14.9%) references. Regarding manuals, Semantic Scholar does
not lose structure, but adds it in 12 (30%) cases. All information on software names contained
in Crossref are correct, while Semantic Scholar introduces a small amount of errors in both direct
citations (4 of 115, 3.5%) and manuals (2 of 37, 5.4%'?). Regarding manuals, all errors are due to
misrepresentation of software names as other information, while for direct citations 75% of errors

12The results are always reported excluding entirely missing references (M).
13The amount of errors is always reported excluding not covered information (NA).
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Developer representation across databases
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Figure 3.22: Adapted alluvial plot illustrating data quality of software developer representation in terms
of availability, structure, and correctness within direct software citations and citations to manuals, following
the principle of Figure 3.6.

are due to misrepresentation and 25% due to wrong information.

Developer

The results for database data quality of software developers are given in Figure 3.22, and a further
summary of the results is provided in Appendix Table A2. The software developer is commonly
included by publishers in both direct citations (140 of 158, 88.6%) and citations to manuals (46
of 47, 97.9%). It is structured in a majority of 27 (57.4%) manuals but less frequently for direct
citations with a value of 52 (32.9%). Crossref and Semantic Scholar both lose information on
software developer in a notable amount of cases for direct citations (22 of 147, 15% and 30 of 121,
24.8%, respectively) and manuals (15 of 41, 36.6% and 6 of 40, 15%). Semantic Scholar manages to
increase the ratio of structured information slightly for direct citations by 1 pp to a value of 33.9%
(41 of 121) and strongly for manuals by 10.1pp up to 67.5% (27 of 40), with structured samples
outweighing unstructured samples. Same as for software name, Crossref mostly reflects publisher
structure for developers, when information is not lost. Again, Semantic Scholar does not retain
structure for all direct citations, but instead loses structure for 19 (15.7%), and adds structure
for 26 (21.5%) references. Regarding manuals, Semantic Scholar also loses structure for 4 (10%)
but adds it in 13 (32.5%) references. Semantic Scholar introduces a notable amount of errors in
both direct citations (25 of 80, 31.2%) and manuals (5 of 34, 14.7%). For direct citations they
are distributed between wrong information (44%), incomplete entries (32%), and misrepresentation
(28%)*, and for manuals between misrepresentation (80%) and incomplete entries (20%). Crossref
also introduces a notable amount of errors in both direct citations (17 of 111, 15.3%) and manual (8
of 25, 32%). In Crossref almost all errors (direct citation 94.1%, manual 100%) are due to incomplete

M Errors are not exclusive, therefore, the percentages do not necessarily sum to 100%.
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Identifier representation across databases
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Figure 3.23: Adapted alluvial plot illustrating data quality of software identifier representation in terms
of availability, structure, and correctness within direct software citations and citations to manuals, following
the principle of Figure 3.6.

entries because Crossref only includes the first author when representing article references. This is
no problem with respect to scientific articles since the full author information can be gathered from
the article entry corresponding to the reference. However, software citations generally do not have
a corresponding entry from which the information can be gathered, which currently leads to a loss
of information regarding software developers for direct software citations and software manuals.

Identifier

Information on the publication venue of a software is analyzed as a combination of ID, Archive
Link, and URL, where the most relevant information is chosen in the given order if available!”.
The results for database data quality of software identifiers are given in Figure 3.23, and a further
summary of the results is provided in Appendix Table A2. A software identifier is included by the
publisher in almost half of all references in both direct citation (72 of 158, 45.6%) and citations
to manuals (19 of 47, 40.4%), always in a structured manner. Semantic Scholar loses information
about identifiers in a high amount of 32 of 121 (26.4%) direct citations and always loses it for
manuals. Crossref loses information less frequently with 10 of 147 (6.8%) direct citations and 6 of
41 (14.6%) citations to manuals. Further, Semantic Scholar loses structure for 13 of 121 (10.7%)
direct citations, while Crossref loses structure for 6 of 147 (4.1%) direct citations and 1 (2.4%)
citation to a manual. Errors are only present in rare cases concerning Semantic Scholar and direct
citations, affecting 3 of 18 (16.7%) covered references. The errors are due to misrepresentation in
33.3% of cases and wrong information in 66.7%.

15 A1l metadata is semantically related and samples for ID and Archive are too rare to analyze individually.
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Version representation across databases
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Figure 3.24: Adapted alluvial plot illustrating data quality of software version representation in terms of
availability, structure, and correctness within direct software citations and citations to manuals, following
the principle of Figure 3.6.

Version

The results for database data quality of software versions are given in Figure 3.24, and a further
summary of the results is provided in Appendix Table A2. The software version is commonly
included by publishers in direct citations (98 of 158, 62%), but less frequently in citations to manuals
(11 of 47, 23.4%). For both citation types, versions are rarely represented in a structured manner
with 6 (3.8%) in direct citations and 1 (2.1%) in manuals. Crossref rarely loses information on
software versions in 10 of 147 (6.8%) direct and 1 of 41 (2.4%) citation to manuals. Semantic
Scholar, on the other hand, loses version information in a considerable amount of direct citations
(17 of 121, 14%), but never in manuals. Crossref does not lose structure information when versions
are represented, but adds structure for 1 of 147 (.7%) direct citations. Semantic Scholar loses
structure for 2 of 121 (1.7%) direct citations and 1 of 40 (2.5%) manuals. No errors are present in
Crossref for manuals and only few (2 of 83, 2.4%) for direct citations, all due to misrepresentation
of the version as other information. For Semantic Scholar a notable amount of errors is present in
direct citations (17 of 68, 25%) and manuals (3 of 9, 33.3%). The errors in Semantic Scholar for
direct citation are mainly due to wrong information (76.5%), followed by incomplete information
(17.6%), and misrepresentation (5.9%), while for manuals they are due to incomplete information
(100%) and misrepresentation (66.7%).
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Publication date representation across databases
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Figure 3.25: Adapted alluvial plot illustrating data quality of software release date representation in terms
of availability, structure, and correctness within direct software citations and citations to manuals, following
the principle of Figure 3.6.

Release Dates

Same as for the identifier, information on release dates is summarized for analyses, where the
release date, date of access, and publication year are prioritized for analyses in the given order to
always select the most complete information. The results for database data quality of release date
information are given in Figure 3.25, and a further summary of the results is provided in Appendix
Table A2. The publication date is commonly included by publishers in both direct citation (138
of 158, 87.3%) and citations to manuals (45 of 47, 95.7%). It is often represented in a structured
manner for manuals (28, 59.6%) but less frequently for direct citations (49, 31%). Crossref and
Semantic Scholar only lose information on publication date in few references with 2 of 147 (1.4%)
and 9 of 121 (7.4%) direct citations, respectively, and 0 of 41 and 2 of 40 (5%) citations to manuals.
In turn, information is added by Semantic Scholar for 1 (.8%) direct citation. Semantic Scholar
manages to strongly increase the ratio of structured information, for both direct citations by 45.9 pp
(93 of 121, 76.9%) and citations to manuals by 35.4 pp (38 of 40, 95%), while Crossref mainly reflects
the structure of the publisher. Notably, Semantic Scholar retains structure in all cases except for 3
(2.5%) direct citations, and adds structure for 55 (45.5%) direct citations and 15 (37.5%) manuals,
while Crossref adds structure for 4 (2.7%) direct citations. A high number of errors is present in
Semantic Scholar for direct citations (26 of 103, 25.2%) and manuals (22 of 38, 57.9%). For Crossref,
few errors are present in manuals (2 of 39, 5.1%), all due to incomplete information. Errors in
Semantic Scholar for direct citation are distributed between wrong information (88.5%), incomplete
information (7.7%), and misrepresentation (3.8%), and for manuals between wrong information
(90.9%) and incomplete information (9.1%).
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3.4. Limitations

Description and Type of Citation

Description and type of citation are considered less crucial to software citation as the information
discussed so far. Therefore, only the results are summarized with the corresponding alluvial plots
available in Appendix Figures A1l and A2. A software description is included by publishers in about
half of direct citations (78 of 158, 49.4%) and citations to manuals (27 of 47, 57.4%), with only
some information represented in a structured manner with 13 (8.2%) direct citations and 15 (31.9%)
citations to manuals. Crossref and Semantic Scholar only lose information on software descriptions
in rare cases for manuals with 1 of 41 (2.4%) and 2 of 40 (5%), respectively. Semantic Scholar
manages to increase the ratio of structured information, for both direct citations by 10 pp (22 of
121, 18.2%) and citations to manuals by 23.1pp (22 of 40, 55%), while Crossref directly reflects
publisher structure, when information is not lost. Errors are rare for descriptions and only appear
in 2 of 67 (3%) direct citations in Semantic Scholar and 1 of 75 (1.3%) in Crossref.

The type of citation is commonly not included in both direct citation (42 of 158, 26.6%) and
citations to manuals (16 of 47, 34%), and never represented in a structured manner. Information
is in some cases lost for direct citations (Semantic Scholar: 11 of 121, 9.1%; Crossref: 5 of 147,
3.4%) and manuals (Semantic Scholar: 1 of 40, 2.5%; Crossref: 3 of 41, 7.3%). Structure is mainly
represented as by the publisher for both databases, with Semantic Scholar adding structure in 1 of
121 (.8%) direct citations. Errors appear in 3 of 19 (15.8%) direct citations within Semantic Scholar
and 1 of 35 (2.9%) in Crossref.

3.4 Limitations

While the annotation quality of SOMESCI was ensured by high TAA and duplicate annotation,
errors are still present in the dataset. Some errors of previous annotation steps were later identified
through the iterative annotation process, however, this approach can only improve Precision and
not increase the Recall, as only the context of annotated software is re-examined. Throughout
the annotation process, several annotation targets proved to be challenging for human annotators.
This concerns the annotation of contextual information, i.e., software and mention type. Here, a
challenging aspect was distinguishing between Applications and Pluglns. Similarly, the distinction
between mentions of algorithms and software proved difficult, as authors tend to name software
based on the implemented algorithm. Software identity annotation also proved challenging due to
high variance in annotation targets, i.e., distinguishing standard and canonical links, identification
of old software without valid persistent identifier, or accessing pay-walled information. It was found
that external knowledge is required for identification of software identities by human annotators.
Therefore, it should also be considered to include external knowledge in automatic ED approaches.
Moreover, annotation of formal citation quality proved challenging as it adds the dimension of
representation errors. Finally, cases were observed (<10) where software and provided metadata
stood in obvious conflict, e.g., the provided developer did not reflect the actual developer. This
information was annotated to represent the author’s intent to provide additional information for the
software. This shows that errors are made by authors regarding the citation of scientific software.
In general, the data selection for SOMESCI can lead to a bias in the resulting dataset. SOMESCI
is based on the PMC OA subset, leading to a selection bias towards Life Sciences, while previous
work has shown that there is a difference in software usage between scientific disciplines (see Sec-
tion 2.1). Different disciplines are likely to use different software based on specific requirements,
research methods, and specialized tool-support, e.g., ML frameworks applied in Computer Science
are less likely to be used in biomedical research. Dependent on the use case and type of software, it
might also be mentioned in different contexts impeding generalization to other research domains. It
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is, for instance, possible that the use of archive links is more common in disciplines that frequently
reuse and adapt source code, e.g., in Computer Science. As all included articles stem from PMC OA,
the data selection might also exhibit a bias towards open-access publications. Researchers choosing
to publish under open-access might also be supporters of the open data movement and, therefore,
have a better awareness for attributing other open work such as software. Furthermore, the majority
of articles included in the dataset was published between 2012 and 2018, with the overall dataset
spanning a range from 2000 to 2020. It can, therefore, only make statements about software citation
in the examined time span, and the amount of available data is not sufficient to analyse trends over
time. A benefit of the given article selection, on the other hand, is that bibliographic data providers
had sufficient time to react and represent the formal software citations given within the articles,
making the examined dataset well suited to assess the representation quality of formal software
citation.

Another selection bias concerns scientific publishers because a large amount of articles is pub-
lished by PLoS. This specifically affects the analysis on database accuracy, where the data repre-
sentation of scientific publishers is investigated. Here, it is argued that PLoS is a representative
choice regarding the handling of software citation because PLoS has a high interest in software.
PLoS ONE, the largest journal published by PLoS by a considerable margin, allows software sub-
mission and publishes corresponding software articles, but also encourages proper software mention
(see Section 1.3). Moreover, the same general trends with the same major issues from both the
publisher side and the bibliographic databases are also observed when articles published by PLoS
are excluded from the analysis, however, based on a notably smaller sample size. This highlights
that the identified issues of formal software citation representation are not specific to one publisher
but exist broadly across the current bibliographic infrastructure. However, it should be noted that
specific publishers might already handle software citation in a suited manner.

The dataset might further contain a bias towards specific article sections and overrepresent
software mentions. Since the annotation process was expensive, a trade-off between annotating
sufficient data and available time for the annotation had to be found. The dataset was created
from four subsets with different data selection strategies, which led to an overall higher sample
number and enables analyses such as Creation and Deposition classification. However, specific
sub-datasets are likely to contain a higher average of software mentions per sentences, than would
appear in full-text articles, which also concerns the largest set PLoS_m containing 42% of extracted
software mentions. This means ML methods trained on it might learn to represent a wrong prior
probability for software mentions, potentially creating more false positives when applied on full-
text document articles. For this purpose it should be explicitly assessed if trained ML models
overrepresent software, by applying systematic test cases during evaluation. Moreover, PLoS_s
should, in general, not be included in any evaluation setting, since it strongly overrepresents software
mentions, and would lead to an overestimation of performance, while Creation_s has to be considered
during evaluation because it contains specialized mention types that are not present in other subsets.
Here, a potential bias also has to be tested in a corresponding evaluation setting.

Despite the enrichment strategy, the frequencies for some types of entities are still low, for
instance, regarding software deposition statements. This is argued to reflect the general rareness of
those entities within articles of the represented domains. Metadata such as license or extension for
which only few samples are available are still relevant for practical analyses, e.g., regarding software
availability. Here, further tests are required to assess if the information can be recognized in
practice. This might be possible even so the sample size is small, since the extraction of metadata is
less complex than other NER problems, because they can only appear in combination with software
citations.

Lastly, the performed annotation was restricted to named software, and did not include indirect
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mentions of software. The extent of this problem is partially investigated by analyzing the occur-
rence of software citation without informal mentions in the article text, showing that this practice
is neglectable compared to the overall number of software mentions. However, further cases might
exist where authors only refer to software by generic terms without ever stating the name of the
software, e.g., by terms such as “source code”. These cases are only of interest regarding the appli-
cations outlined in Section 1.2 when additional information about the software was provided, since
only then software can be properly disambiguated and represented for large-scale analyses. While
these instances are not represented here, they are encoded in Softcite v2 [120] (see Table 3.3), and
found to be uncommon accounting for ~2% of annotated software.

3.5 Requirements for Large-scale Analysis

The ground-truth dataset SOMESCI for software in scientific publications was introduced. It covers
several aspects of software citation for which no ground-truth data is available and that have only
been superficially analyzed in existing literature such as software type, mention type, software
identity, and formal software citations, with a detailed comparison outlined in Table 3.3. The corpus
was created by manual annotation of 1367 articles from PMC OA in a broad range of publications in
Life Sciences and related disciplines, where entities were linked to unique identifiers. High quality
is underlying the manual annotation process, which was ensured by assessing the IAA at every
annotation step. The dataset was created to serve as ground-truth data for developing automatic
methods for software analysis, to perform preliminary analyses of software in science, and to assess
the requirments for a subsequent large-scale analysis.

The annotation process underlying the creation of SOMESCI was designed to decrease annotation
complexity by splitting the annotation task into multiple steps. While the benefit of this approach
was not systematically documented, it was found that the re-iteration of existing annotations in
subsequent annotations steps led to enhanced discussion between annotators, discovery of errors,
and re-annotations. Particularly, ED by manual EL led to further research on software and served
as an additional quality check for annotation decisions. Certain annotation targets and steps also
proved to be challenging for annotators, which is taken as further indication that splitting the
annotation and reducing the complexity benefited the overall annotation process.

First preliminary analyses of software in science revealed aspects that require further investi-
gation in large-scale analyses. Particularly, the ratio of articles using software and the number
of software per article were found to differ between the annotated subsets. This could be partly
explained by the annotation methods, which only considered methods sections in one of the sets.
However, this does not explain the ratio of articles using software that was identified as the trend
points in the opposite direction. This means the underlying effect is more likely due to disciplinary
or even journal specific differences in software usage, effects which have already been observed in
prior work (see Section 2.1). Further, the distribution of software was found to be highly skewed
towards few software with high mention numbers, while a long-tail of software exists that is only
rarely mentioned. However, an analysis further showed that, due to the small sample size, the
distribution cannot be fully assessed based on the given dataset, suggesting that the skew might be
stronger than estimated. Moreover, the results showed that the distribution might differ between
different types of software such as PFEs and PlugIns. The results further show that the majority of
the most common software is specialized on statistics allowing a broad application across scientific
disciplines. Here, further analyses can provide background on discipline specific software. All out-
lined analyses are of preliminary nature and require further large-scale analyses to make reliable
statements, particularly, regarding the following research questions:
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e How is software usage distributed in scientific publications?
e Do disciplinary differences in software usage exist?
e How have software citation and its completeness changed over time?

The results of analyzing SOMESCI also provide valuable insights on software ED and the re-
quirements to implement a large-scale software ED. Initially, the results highlight the importance
of performing an ED because all common software were found to have multiple names, which makes
their aggregation a necessity for reliable reasoning. Further, it shows that the same name can refer
to different software adding an additional layer of complexity to software ED as it proves that dis-
ambiguation by software name alone can lead to errors. The results further show, that ED by EL is,
in general, not possible in large-scale analyses due to the low coverage of software in general purpose
knowledge bases, with only 23.2% of distinct software in SOMESCI covered. While general purpose
software that is broadly applied in scientific research is covered by knowledge bases, specialized
research software is mostly not. Moreover, EL against repositories such as Github or PyPi is also
challenging due to the high number of contained software and the identified ambiguities in software
names.

Regarding formal and informal software citation, the results indicate that informal citation is
the dominant practice. While 31% of informal mentions were found to be additionally accompanied
by a formal citation, the trend to cite software without informal citation was found to be negligible.
The results further show that the information provided in informal citation does complement the
information authors provide informally, particularly regarding URLs, publication dates, software
descriptions, and type of citation. However, this does only apply to some practices of formal
software citation, and not the most common type of software articles. Moreover, an inverse trend
was observed regarding software articles, with a y? test showing that authors citing software articles
provide significantly less information in article full-text documents to enable the identification of
software codebases. Overall, software articles were found to account for 69.9% of formal citations,
while direct citations, found to be the most complete class, cover only 22.3%. With respect to
prior studies, this corresponds to a higher amount of direct citations but confirms the results that
software articles are the most cited resource for scientific software. A reason why this practice might
be well adapted is that authors are familiar with article citation. In practice, the choice of formal
citation type can also be influenced by citation recommendation of software authors [75], which
are placed on software websites or repositories. Authors are likely to follow these recommendations
in order to provide the desired attribution to the software developers, and because the provided
information can be readily used. However, these recommendations often do not recommend direct
citations but other citation types such as manuals and, therefore, omit essential information such as
the version that identify the codebase and are part of the research provenance. For the widely used
statistical framework R, for instance, the recommended citation style is a citation of the manual,
which does not include a version number!'®. Further, authors that publish software articles have a
vested interest in the article being cited and are likely to recommend the citation of the software
article because they do otherwise not receive attribution and impact for the development of the
software.

The results showed that software citations are often incomplete with respect to software, author,
and codebase identification. Considering informal citation, information to identify a software beyond
the software name is provided in 67.2% of cases, while information for developer attribution is only
provided in 30.7%. Metadata allowing the identification of used codebase is also only available
for 33.4% of software. Regarding formal software citation completeness was explicitly assessed for
direct citation of software and citation of software manuals. The analysis of citation completeness

5The citation recommendation can be obtained by the function “citation()” in R; tested for R version 4.3.2.
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showed that software is almost always identifiable from direct citations in 88%-99% of cases, even
so the practice is only used in about 23% of formal software references. However, unique identifiers
and archive links have almost never been utilized to identify software, showing that this is not a
common practice, yet. Attribution of developers is also possible for a majority of references in 88%
of cases, while the information regarding codebase is only identifiable in 66%—73%. In general, the
use of version numbers was found to be a common practice, while release dates are almost never
used, and mostly in cases where software developers utilize release dates, e.g., “Matlab r2023a”.
The situation regarding citations to manuals is similar, with software identification and attribution
being given in most cases, while codebase identification is at a notably lower level (see Figure 3.19).

The data quality for representation of software citations by providers of bibliographic data was
analyzed to assess if the existing infrastructure can be utilized for systematic analyses of software
in science. While the sample size is small, it is considered sufficient to make reliable statements
about the quality of formal software citation and its representation in bibliographic databases. The
results showed that information provided by publishers is mostly unstructured for direct citations,
hindering systematic analyses of software usage in science, which rely on structured information.
Developer and date information are structured to some extend, but still less than 50% of cases, while
the name is structured in even less cases and versions only in single instances. The only information
that is almost always consistently structured are identifiers. In general, information from citations
to manuals is more often structured than information from direct citations (see Table A2), which
reflects the similarity of manuals to scholarly articles in contrast to other research objects such as
software and data.

Crossref was found to mostly retaining the structure and information of the publisher. Especially,
names and identifiers are almost always identical in their representation, while some information for
versions, developers, and identifiers is lost. With respect to completeness, Crossref systematically
represents author names by the last name of the first author for all references, but maintains all
information for the actual elements. To access the data, a persistent identifier, i.e., DOI can be
used to link the reference of a citing article to the actual entry in Crossref. However, this raises
a problem, when such an identifier is not present, as it is the case for most software citations.
Moreover, Crossref omits a small amount of direct software citations and manuals, as compared to
software articles. Overall, Crossref is not performing any special treatment for software citation,
but is mostly successful in representing the information available from publishers.

Semantic Scholar omits a significant amount of 22.9% of direct software references. It is suc-
cessful at increasing the structure of information to some extend, while introducing errors when
it comes to direct software citations and software manuals. Wrong information (14%) as well as
duplicated information (18%) is present in 30% of represented references in Semantic Scholar, which
likely results from adding information that was found by erroneous linking of different references
to the same element (see Listing 15). Moreover, Semantic Scholar loses information within the
software citations it retains. It does, for instance, drop a high number of versions, and the majority
of URLs. It also introduces a high number of errors in versions, developers, and dates. Overall,
software citation representation in Semantic Scholar is poor, because it seems that the underlying
implementation has not been adapted to handle direct software citations. Specifically the concepts
of versions and URLs that are common in software citations are not represented in Semantic Scholar.
However, it succeeds in improving some references, and it can be assumed that with proper adap-
tion it could be successful in representing and even adding structure to software citations, when the
original published information lacks it.

Overall, based on the current scientometric systems, systematic analyses of formal software
citations in scientific articles are not possible. Both analyzed databases are currently unable to
adequately represent software citations, as proper handling of the direct citations does not seem
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to be implemented by both. Some fault does also lie with the publishers because in all annotated
cases no specialized format for the citation of scientific software was used. Additionally, a spot
check was performed on the Scopus database!”, which is generally known as a high quality data
source for bibliometric studies [18]. It provides a large curated abstract and citation database,
including metadata records of articles, author and institution profiles, and has been the basis for
different bibliometric analyses [296, 162, 217]. The spot check revealed similar issues, for instance,
unstructured data, missing specialized treatment for software with different version, or citations
to the same software that are not linked and consequently evaluated independently. The data
annotated here, can support publishers to better represent software citations as it highlights errors
that exist in current practices. Necessary updates to the current infrastructure in order to represent
the intricacies of software citation are discussed in Chapter 7.

In summary, establishing SOMEScI highlighted the need for large-scale analyses of software
in science including an ED of software mentions. The results further outline the requirements of
implementing such analyses. In general, they should focus on informal software citation rather
than formal citation since it is more common, and several issues in the automatic analysis of formal
software citation were identified. The analyses should also include metadata associated with software
and its mention context. Moreover, it is necessary to also extract information on how software and
metadata are related, as cases were identified where multiple software are mentioned in the same
context. It is also required to perform a software ED in order to identify different articles mentioning
the same software. Here, the focus should be on methods that perform an ED rather than an EL
because the coverage of current databases was found to be insufficient for EL. Further, it should be
investigated how external databases can be integrated for ED, as the information was also required
by human annotators. In general, the task has proven to be challenging for human annotators and
state of the art ML methods should be considered for solving it. Particularly, the identification of
software, the classifcation of mention context, and software ED have proven to be challenging.

"https://www.scopus.com, accessed 3 March 2024.
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4 | Automatic Information Extraction

The content of this section is based on the following publications:

David Schindler et al. “Investigating Software Usage in the Social Sciences: A Knowledge Graph Ap-
proach”. In: The Semantic Web — ESWC 2020. 2020, pp. 271-286. DOI: 10.1007/978-3-030-49461-2_16
[251], covers the development of a Bi-LSTM-CRF model for software entity recognition and of
a manually engineered, rule-based software ED method.

David Schindler et al. “SoMeSci- A 5 Star Open Data Gold Standard Knowledge Graph of Software
Mentions in Scientific Articles”. In: Proceedings of the 30th ACM International Conference on Informa-
tion & Knowledge Management. CIKM ’21. Virtual Event, Queensland, Australia, 2021, pp. 4574-4583.
DOI: 10 .1145/3459637 . 3482017 [244], covers establishing a Bi-LSTM-CRF benchmark model
for recognition of software, related metadata, and classification of mention context, and the
development of a Random Forest classifier for RE between identified entities.

David Schindler et al. “The role of software in science: a knowledge graph-based analysis of software
mentions in PubMed Central”. In: PeerJ Computer Science 8 (2022), e835. DOI: 10.7717/peerj-cs.835
[245], covers the development of a large-scale extraction pipeline for software in scientific
articles including recognition of software entities, related metadata, and context classification
based on LLMs; RE between entities by an updated Random Forest approach, and software
ED by automatic weighting of manually engineered rules by an ML model.

The requirements for large-scale analyses, outlined in Section 3.5, showed that it is necessary to
extract information from in-text software mentions to obtain information on how software is used
in scientific investigations. Therefore, full-text documents of scientific publications are the main
analysis target from here on, while bibliographic references are no longer considered. The annotation
effort further revealed that the problem is complex and requires the use of state of the art ML
methods. Moreover, the automatic Information Extraction (IE) pipelines for the problem needs
to integrate several different steps to extract all required metadata on software (see Section 3.1),
its mention context (see Section 3.1.1), and identity (see Section 3.1.3). The required methodical
approaches used for IE are derived from established methods in the domain of NLP because the main
resource are human written texts and most problems that need to be solved are strongly related to
existing NLP problems. The recognition of software and its related metadata is closely related to
Named Entity Recognition (NER) and can be approached by the same methods, e.g., by sequence
tagging. Context classification (software type and mention type) can be broader considered as a
text classification problem, but can in this scope be integrated with the NER problem to save run-
time and potentially improve performance. The requirements further showed that its necessary to
match software and its metadata, which can be considered a Relation Extraction (RE) problem.
Lastly, determining software identities is an Entity Disambiguation (ED) problem. In general, the
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outlined tasks have different levels of complexity and require different methodological approaches.
SOMESCI is used as ground-truth data for the development and evaluation of the entire IE pipeline.
The remainder of this chapter describes the methodical approaches for the problems of NER, RE,
and ED, the chosen evaluation methods, and summarizes the corresponding performance of the IE
pipeline. Lastly, it describes how the pipeline was applied on a large-scale dataset of 3.2 M scientific
publications.

4.1 Data and Preprocessing

All established methods are based on supervised training and require annotated ground-truth data.
Table 3.3 contains an overview of all datasets available for this purpose, including the one estab-
lished within this work. It was selected as the best suited ground-truth dataset because it has the
best coverage of metadata and includes information on mention context and software identities.
Furthermore, its annotation basis is more recent and provides a broader time range, which can
benefit generalization, especially since the scientific software landscape is consistently changing.
As described in Section 3.3, it was not possible to further combine datasets without considerable
manual annotation effort due to annotation differences.

The data was split into training, development and test set in a 60:20:20 ratio to allow an unbiased
evaluation of generalization performance as described in Section 2.4.1. Specifically, the PLoS_m,
PubMed_f, and Creation_s subsets of SOMESCI were all separately split in a 60:20:20 ratio, with the
Creation_s subset included because it contains mention contexts that are too rare in the other subsets
to allow a proper evaluation. The PL0S_s set is entirely added to the training set to not introduce
an evaluation bias by overrepresenting software'. The resulting number of validation samples for
all specific tasks is provided together with the corresponding evaluation results. Moreover, specific
test setups are designed in order to reliably estimate how well the established models generalize,
e.g., regarding an overrepresentation of software mentions discussed in Section 3.4.

All article documents are preprocessed in order to apply ML methods?. The two main steps
of the preprocessing are sentenization, splitting a text into individual sentences, and tokenization,
splitting a sentence in its individual tokens. Here, a custom preprocessing is implemented for
both problems to best represent software mentions because this is not a focus of existing methods.
Particularly, the methods integrated in the Genia Tagger [151, 283, 284], which were developed to
handle the special terminology and structure of scientific articles was adapted for software. Both,
sentenization and tokenization are based on regex expressions, which were updated to incorporate
aspects such as splitting between software and version numbers and false positive sentence splits
where software is concerned, e.g., on publisher names that are often abbreviated (“SPSS Inc.”). An
example of a software specific tokenization is provided in Listing 16.

Moreover, preprocessing handles text normalization with respect to particularities of scientific
articles that are not relevant to software mentions, often due to practical reasons. Mathematical
formulas are replaced by a general placeholder token, because they cannot be reasonably split by
a regex expression and lead to long sentences in terms of tokens, which makes applying sentence
based classification more challenging. Greek letters and other special characters are normalized to
keep them consistent between articles, and to reduce the number of overall characters that need
to be represented, and, in turn, to increase the number of contexts available for each character.
Moreover, citation formats are automatically adjusted, and missing brackets and semicolons are
added. Lastly, preprocessing also handles the transformation between different data formats.

!This bias might also exist for PLoS_m and Creation_s, with details described in Section 4.2.3
2The terms used here were introduced in Section 2.4.1.
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1 Sentence: We used SPSS16 (SPSS Inc.) for all analyses.

2  Tokenized Sentence: We used SPSS 16 ( SPSS Inc. ) for all analyses .
3 Metadata: 0 O B-Software B-Version 0 B-Devel I-Devel 0 O 0 0 0
4 Mention Type: 0 O Usage 0 00 0 0 O 0 0 0
5 Software Type: 0 0 Application 0O 00 0 0 0 0 O 0

Listing 16: Illustration of entity recognition and classification of software and mention type based on custom
tokenization. “B-” indicates a begin tag, “I-” an inside tag, “O” an outside tag, “Devel” refers to a developer.

4.2 Named Entity Recognition (NER)

The goal of the NER task is to extract software and the related metadata from text. This concerns
all metadata covered by the manual annotation introduced in Section 3.1. Strictly, not all metadata
are named entities, but all can be extracted by sequence tagging methods used for NER [177, 155,
50]. Therefore, the main goal of this task can be defined as identifying all continuous selections of
tokens in a text that refer to software or related metadata, including a classification of the metadata
type. NER is commonly approached as sequence tagging problems where each sentence of text is
individually processed, and each token in a sentence is tagged with a classification label. The task
is usually framed with IOB2 format, where the labels indicate both, the type of entity for each
token, and if a token is part of a longer entity. A begin tag (“B-") indicates that a token is the first
element of an entity, an inside tag (“I-”) indicates that it is part of an entity, and an outside tag
(“O”) indicates that a token does not belong to an entity. An example of the given NER problem
in IOB2 format is illustrated in Listing 16. Furthermore, the classification of software type and
mention type, is integrated in this task as two additional objectives as depicted in Listing 16. This
is a consideration in terms of efficiency, since large-scale prediction requires analyzing millions of
articles and run-time can be saved when one instead of three models is applied. This multi-task
setup can also improve recognition performance and lead to learning of better feature representations
because training with multiple related tasks implicitly increases the sample size [232].

4.2.1 Multi-task Setup

The combined classification tasks, outlined above, are handled as a hierarchical, multi-task, se-
quence labeling problem as illustrated in Figure4.1. A tokenized sentence (bottom-left, blue) is
expected as an input, which is then processed by the shared layers to generate a feature represen-
tation (bottom-left, green). For now, details on the shared layer implementation are ignored and
described in Section 4.2.2. However, the shared layers contain the main amount of trainable param-
eters and the capacity for feature representation. Based on the shared-layer feature representation
the classification mechanism is applied. Each sub-task has separate output layers for sequence
prediction, always consisting of a fully-connected layer and a second layer classifying IOB2 labels,
which can either be implemented by a softmax or a CRF, dependent on the implementation of the
shared layer, described in Section 4.2.2. Since multiple outputs are generated there are also multiple
loss functions, all calculated by a cross-entropy loss as all are multi-class classification problems.
For backpropagation the loss weights are summed since the loss values are assumed to be at a
comparable level as all were generated by the same loss function. Therefore, techniques such as
learning task weights [139] or normalizing gradients between tasks [49] are not applied. However,
a grid search for loss weights is applied, which has been reported to be competitive compared to
other task balancing approaches [290].
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Figure 4.1: Illustration of the multi-task, hierarchical, sequence labeling architecture. Features are gener-
ated based on shared layers (bottom-left). The features are passed to three separate tasks and loss signals
are summed to update shared weights. Outputs of entity recognition classification and mention type classi-
fication are passed back to the network as input features to higher level tasks, depicted from left to right in
the image. Teacher forcing—replacing lower level classification outputs with gold label data—is conditionally
performed during training. Colors represent similar types of information.

As depicted in Figure 4.1, the tasks are modeled hierarchically. This mechanism is implemented
by adding the classification result of lower level sub-tasks as input to higher level sub-tasks. Specif-
ically, the classification layer for mention type receives the software recognition output, while the
software type classification layer receives the concatenated output of both software recognition and
mention type layers. During training, no gradient is passed backward through the hierarchical
connections, but only through the shared layers so the weight updates in each classification layer
are only based on the individual task loss. Moreover, teacher forcing—passing the correct predic-
tion regardless of the actual model prediction—is performed during training with respect to the
output of the lower layers in the hierarchical classification because the tasks are strongly related
and through this approach the model should reliably learn to only classify mention and software
type if a software is actually present. It is expected that this approach leads to better update
steps and a faster learning convergence. However, teacher forcing can also lead to errors in the test
setting when the model receives inputs that vary from the correct input it receives during training
time [95]. Therefore, it is investigated if teacher forcing improves performance by evaluating settings
with different frequencies of teacher forcing.

Due to the multi-task learning objective the labels of multiple outputs have to be combined with
potential tagging inconsistencies between tasks. The tags are automatically combined based on a
rule set that enforces consistency: (1) all I-tags without leading B-tags are transformed to B-tags,
including I-tags that do not match their leading B-tags; (2) entity boundaries for higher level tasks
are adjusted to the base level entity boundaries; and (3) when there are multiple conflicting labels in
higher hierarchy steps for one entity, the label for the first token is chosen. The process is illustrated
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1 Sentence: We wused SPSS Statistics 16 .
2 Metadata: 0 O B-Software I-Software I-Version O
3  Mention Type: 0 0O B-Usage I-Mention 0 0
4 Fixed: 0 0 B-Software-Usage I-Software-Usage B-Version O

Listing 17: Example for enforcing tagging consistency. Rules (1) and (3) are applied and tagging inconsis-
tencies are highlighted ().

in Listing 17.

The hyper-parameters of the extraction model with respect to multi-task learning are sum-
marized in Table4.1. One hyper-parameter determines whether multi-task learning is applied or
whether a single model is trained for each of the individual tasks, with otherwise equal structure
(Table4.1 Multi-task). Further, the outlined task weights are varied individually for all three tasks
in a fixed range (Table4.1 Task weights), and
the ratio of samples for which teacher forcing is

applied is varied based on randomization (Ta- Parameter Default Range

ble4.1 Teacher forcing). The influence of these Multi-task yes yes, no

parameters is assumed to be largely indepen- Task weights (1,1,1) ([1,5], [1,5], [1,5])

dent of the shared layer implementation and Teacher forcing 1.0 .5, .75, 1.0

is tested on the default model setup for the

shared layer implementation because includ- Table 4.1: Hyper-parameters associated with multi-

ing them in the overall search space for hyper- task learning, including their default value, and tested
range.

parameters would increase run-time complex-
ity to a no longer feasible level.

4.2.2 Shared Layer Implementation

The shared layers allow different implementation methods. Methods that have been empirically
proven to perform well for sequence prediction in NLP are used and compared to each other to
select the best suited model for the given problem. The Bi-LSTM-CRF model combining different
feature inputs could for a long time be considered state of the art on the problem [155, 177, 50]. The
model is a combination of a bi-directional LSTM model and a CRF classification, both introduced in
Section 2.4.3. This approach works on sentence basis and views the input as a sequences of tokens.
Initially, token-based features are generated for each token in a sentence. These features usually
consist of word embedding representations for the tokens, which are known to capture multi-level
semantic similarities between words [184]. Here, an established Word2Vec model specifically adapted
for scientific literature is used for this purpose [221]. Moreover, character based features that capture
a tokens orthography are calculated by an additional Bi-LSTM model as in Lample et al. [155].
Alternative methods such as using CNNs have been proposed in the literature [177] but perform at a
similar level. A Bi-LSTM is then applied over the sequence of concatenated feature representations,
which captures sequence information based on the context of tokens, making information of the
entire sequence available at each token due to the bidirectional nature (see Section 2.4.3). Finally,
a fully-connected layer and a CRF are applied on the feature sequence generated by the Bi-LSTM
to assign the most likely tag sequence. Integrating the CRF enables the model to represent tagging
consistencies that exist due to the task design and are unknown to the previous steps, e.g., an I-tag
can only occur after a B-tag.
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There are several hyper-parameters associ-
ated with the Bi-LSTM-CRF model which are

systematically optimized during training in or- Parameter Default Range

der to select the best suited parameter com- Char LSTM size 50 25, 50, 75
bination for the given problem. Reasonable LSTM size 100 50, 100, 150
base assumptions based on prior studies [155, LSTM layers 1 1,2,3

177, 50] are made for parameters to keep the Dropout rate 2 .0,.1,.2,.3
required effort for parameter optimization at Learning rate .01 [.05, .001]

a reasonable level. Table4.2 summarizes all Learning decay custom linear, sqrt, log
model specific parameters, their default set- Gradient clipping 5.0 [1.0, none]
ting, and the parameter search range. The Sampling rate 1.0 [.25, 1.0]

main parameters of the LSTM define the hid-
den size of the model and the number of applied =~ Table 4.2: Hyper-parameters considered for Bi-
LSTM layers (Table 4.2 LSTM size, LSTM lay- LSTM-CRF models including their default setting,
ers). Further, dropouts are applied on the to- and test range.

ken feature representation and on the sequen-

tial features generated by the Bi-LSTM (Table4.2 Dropout rate). SGD is used to optimize the
gradient descent in combination with gradient clipping to avoid exploding gradients as described
by Lample et al. [155], who report that this method outperforms more complex gradient descent
methods such as Adam [142] for Bi-LSTM-CRF models. The process is defined by the learning rate
and the clipping value, which are set to literature values [155] (Table 4.2 Learning Rate, Gradient
clipping). Additionally, a decay factor is introduced to decrease the learning rate during training
(Table4.2 Learning Decay). The custom setting halves the learning rate after a fixed number of
epochs, and is compared to different functions reducing the learning rate either by linear, square-
root, or logarithmic reduction. The negative sampling rate is a factor introduced to reduce the
amount negative samples, with no software mentions, during training. The factor randomly retains
negative sample with the given probability, i.e., a sampling rate of .25 retains about 25% of overall
negative samples leading to an oversampling of sentences containing software that are otherwise
sparse in the dataset (Table4.2 Sampling rate). It is used because oversampling has been found
to increase performance on imbalanced datasets [41]. Effectively, this parameter also modifies the
trade-off between Precision and Recall as it increases the prior probability of software mentions
in the data. Based on the different parameter setting the number of trainable parameters for the
Bi-LSTM models varies between =151 k and ~1,81 M with ~381 k in the default setting.

More recently, pre-trained transformer-based models achieve state of the art results across a wide
range of NLP tasks, see Section 2.4.3. Particularly BERT [67], a transformer model pre-trained on
a self-supervised, masked language task, performed well and has been adapted in a broad range
of applications. The main architecture of the model and its adaptions BioBERT, SciBERT, and
PubMedBERT specifically pre-trained for scientific literature, has been described in Section 2.4.3.
Here, the specific implementations are used as they have been shown to perform better on NLP
tasks on scientific publications [160, 27]. BioBERT, SciBERT, and PubMedBERT are all utilized as
pre-trained models and only adapted to the given tasks by adapting the final output layer. This is
the common approach when working with large language models as the computational requirements
for training new models from scratch are too high. Moreover, the approach of pre-training has been
shown to work well for a broad range of NLP problems [67]. The added task specific layers for
BERT models are simple fully-connected layers followed by a softmax activation function for each
of the objectives outlined in Section4.2.1. This means, BERT models have no specific layer for
tagging consistency. It was briefly investigated if there is a performance gain from adding a CRF
layer, but there was no positive effect and, in turn, a notable increase in required training run-time.
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It is also not reported that an additional CRF layer improves NER performance with large language
models, even so other work on software citation uses this approach [173].

Since the model architecture is fixed, the
hyper-parameter space for BERT based mod-

els is smaller than for Bi-LSTM-CRFs. The Parameter Default Range
hyper-parameters for this model only relate to Model SciBERT SciBERT,

the training setup for fine-tuning the model BioBERT small,
and selection of the pre-trained model, and BioBERT large,
are summarized in Table4.3. BERT models PubMedBERT
are often available with different numbers of Learning rate 51076 [5-107°, 5:1077]
parameters, leading to higher representative Sampling rate 1.0 [.25, 1.0]

power but also to higher run-time complexity Dropout rate 1 .0,.1,.2, .3

and memory requirements (Table 4.3 Model). Gradient clipping 1.0 .5, 1.0, 2.0

Particularly, BioBERT is available in two dif-
ferent parameter configurations with ~110 M Table 4.3: Hyper-parameters considered for BERT
and ~360 M trainable parameters, allowing models including their default setting, test range, and
an estimation of the model complexity and & Prief description.

performance, while a comparison between the

small BioBERT model, SciBERT, and PubMedBERT allows to assess if the underlying training data
and method influence the representation quality of the language model for software identification,
because all have ~110 M trainable parameters. The learning rate (Table4.3 Learning Rate) and
dropout value (Table4.3 Dropout rate) are chosen based on fine-tuning recommendations in the
original BERT publication [67]. Further, gradient clipping (Table 4.3 Gradient clipping) is applied,
which is a common approach when fine-tuning BERT models [188].

As for LSTM models, a negative sampling rate (Table 4.3 Sampling rate) is also considered during
fine-tuning BERT models. The training of BERT (incl. SciBERT, BioBERT, and PubMedBERT)
is originally implemented using the Adam optimizer. Adam [142] uses adaptive learning weights,
which can lead to faster convergence and decreased effort in optimizing for learning rate [231]. Here,
fine-tuning is performed with AdamW, which changes the weight decay regularization compared to
Adam, and was shown to improve generalization performance [174]. Note that parameter values and
the corresponding test ranges between Bi-LSTM and BERT models vary, but were selected based
on known parameter setups reported in existing literature. The differences stem from systematic
differences in the training setup, e.g., Bi-LSTM models are newly trained, while BERT models are
fine-tuned. The test range for the sampling rate was further determined during test time and set
individually for both models because they were found to be differently affected by the parameter.

4.2.3 Evaluation

Since a multi-task problem is considered it is challenging to define a suited evaluation measure to
compare different models. Here, recognition of software entities is defined as the main evaluation
task for model selection. The value is selected because software extraction is the main objective of
the model, and all other tasks directly depend on it, i.e., wrong software classification also leads
to errors in metadata, mention type, and software type classification. Extracting information on
the software itself is also most important for all intended applications of the model, as all other
information can only be utilized in context to a software. The only exception is the evaluation of
the multi-task hyper-parameters (Table 4.1), where the interaction of performance between tasks is

3Note that this work was performed in parallel to the investigations performed in this work.
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of interest. Furthermore, the final performance of the selected model is reported for all tasks. In
general, all results are reported through mean and standard deviation values of repeated training
runs to make more reliable performance statements. This is done because NN training includes
randomization in weight initialization and the training process, e.g., sample order, which can result
in the optimization process leading to different local minima for repeated experiments, with potential
performance differences between them.

A second evaluation setting is added to evaluate how well the model generalizes towards full-
text document articles. As outlined in Section 3.4, software mentions might be overrepresented
in SOMESCI due to the data selection process. This bias might also be reflected in the standard
evaluation method as it includes samples from the PLoS_m and Creation_s sets. Therefore, an
additional generalization test is performed by splitting the 100 full-text document articles from
PubMed_f in five non-overlapping sets and performing a cross-validation using all remaining data as
training data. The cross-validation setting is chosen to include the remaining articles from PubMed_f
to avoid a potential domain or journal specific bias, as most articles of the largest PLoS_m set are
samples from PLoS, which has an interdisciplinary focus. Furthermore, this test is performed based
on the described default model to assess the generalization performance without the optimization
process adding a bias to the evaluation. In general, this test is also a good indicator of how well
the model will generalize when applied to further articles sampled from PMC.

4.3 Relation Extraction (RE)

The goal of the RE step is to classify whether and what type of relation exists between software
and metadata. The set of possible relations is restricted to the relations described in Section 3.1.2.
Namely, every metadata entity is required to have a relation relating it to a software, with the
exception of version, which can also be related to a license, and URLs and alternative names, which
can both be related to licenses or developers. Moreover, software can be related to other software,
if one software functions as a Plugln and the other as the host-software. RE is applied on top
of NER outputs during prediction and, therefore, depends on NER performance and the resulting
data quality. During training and model selection and for performance estimation the RE model
is trained with the gold-standard NER data, assuming perfect prediction of software and metadata
entities®.

The RE task is considerably easier than the NER task due its restricted setting. Furthermore, it
is also easier than general RE problems discussed in the literature [187, 322]. Based on the definition
of the relation only certain entity combinations can be related, and it is often known that a specific
relation has to be given between software and metadata. The challenging cases are instances where
multiple software is mentioned within one sentence, as the association is not clear in theses cases
and the relation between software is optional. Since the problem is easier, it is also possible to apply
less complex classification mechanisms that do not learn representations but are based on manual
feature engineering. These methods are faster during training, model selection, and prediction of
new data. Moreover, the feature engineering effort stays at a comparable low level if simple rules
are sufficient to represent the problem.

In the scope of this work, the following features were manually developed and implemented
as basis for the classification: 1. entity order, 2. entity types, 3. entity string length, 4. entity
distance in tokens, 5. number of software entities in the given context, 6. sub-string relations between
entities, and 7. matching of automatically created acronyms. All features are either represented as
integer or boolean values dependent on the respective context. During development of the features

4Perfect in terms of ground-truth quality, which can potentially still contain errors.
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further candidate features were included and later pruned from the final selection because they
did not improve overall performance, but negatively impacted the overall run-time. The pruning
was performed by running the classifier and specifically omitting features while evaluating the
performance.

The Random Forest classifier is selected for the RE problem on top of the generated features
because it is a standard approach in ML based on manual feature engineering and known to achieve
high performance on classification problems, while being more run-time efficient than complex NN
approaches. The method is introduced
in Section2.4.3 and optimized with respect

to the hyper-parameters listed in Table4.4. Parameter Default Range

The number of overall trees (# Trees), the # Trees 100 50, 100, 200, 300
impurity criterion (Criterion), the maxi- Criterion Gini Gini, Entropy
mum number of features considered per split # Features sqrt sqrt, log, half, all
(# Features), and the maximum number of # Bootstrapping 1.0 25, 1.0]
samples used for bootstrapping single trees Max Depth None 5, 10, None

(# Bootstrapping) were optimized. Further, # Split Samples 2 2,4,6

maximum tree depth (Maz Depth) and mini-
mum number of samples required in a node for
further splitting (# Split Samples) were used
to regularize the building process of individual
Decision Trees.

Table 4.4: Hyper-parameters considered for Ran-
dom Forest RE models including their default setting,
and test range.

4.3.1 Evaluation

RE is tested in the same evaluation settings as NER (see Section4.2.3), including the standard
evaluation setup and the test for full-text generalization. To allow a better overview whether
“relates-to” relations are more often wrongly classified in combination with a specific entity, they
are relabeled during training and evaluation, e.g., “version-relates-to” in combination with a version
entity. This is assumed to not influence overall performance as it imposes further restrictions on
the data, and the information on entity type is included in the features, i.e., a decision tree should
be able to directly represent that a “version-relates-to” relation is only possible regarding a version.

4.4 Entity Disambiguation (ED)

In the given setting, ED has the objective of determining which software mentions refer to the same
software entity. Software ED is essential for numerous analyses because, as outlined in Section 3.1.3,
the same software is often referred to by different names due to use of abbreviations, geographical
differences in software names, or naming conventions changing over time. The major challenge in
software ED is that EL to external knowledge bases is not possible, as discussed in Section 3.5.
Therefore, it is necessary to adapt methods of ED which work by clustering all mentions referring
to the same software without explicitly linking to an external knowledge base. Instead, existing
information from the mention context, such as orthography and contextual information, are utilized.
Furthermore, run-time has to be taken into account when clustering a large-scale dataset, because
the required calculations can quickly become infeasible when millions of mentions are examined,
with distance calculations of all mention pairs requiring O(n?) operations for n software mentions.
Further ED methods for developers, licenses, or other metadata could also be developed but are
not considered here, as analyses of software is the main objective of this work.
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Two different approaches for ED based on clustering were implemented and compared in terms
of performance and run-time. Both make the base assumption that mentions with the same name
refer to the same software, which strongly reduces the number of required comparisons and improves
run-time. On the other hand, this approach also introduces an error as it was found that software
mentions with the same name can refer to different software during annotation (see Section 3.1.3).
However, this case is rare and was only identified for one pair out of 884 distinct software within
SoMEScI. Therefore, it is assumed that high ED performance can still be achieved under this
assumption, which makes the trade-off between run-time and quality reasonable.

4.4.1 Rule-based approach

The rule-based approach employs manually created rules to directly cluster software mentions to-
gether. For this purpose the following rules are used:

1. Normalized string comparison, entailing: case-folding, replacing of special characters, removal
of trailing numbers, removal of trailing syllable “pro”, removal of stopwords within the men-
tion, and stemming.

1 Statistical Package for the Social Sciences — statist packag social scienc
2 SPSS — spss

3 IBM-SPSS Statistics — ibm spss statist

4 SPSS16.0 —> spss

5 Statistic Package for Social Study — statist packag social studi

2. Acronym comparison, entailing: automatically generated acronyms on normalized strings
based on leading characters.

1 statist packag social scienc —> spss
2 statist packag social studi — spss

3. URL comparison based on provided metadata URLs.

4. Comparison of known DBpedia alternative names, entailing

o rdfs:label

e foaf:name

o dbo:wikiPageDisambiguates
o dbo:wikiPageRedirects

The rules are sequentially applied and software that matches based on the rule is clustered. The
clustered mentions are then used in aggregated form for the following rules. External knowledge
from DBpedia is utilized in the last step. Even so a full EL is not possible based on external
knowledge bases, the partial information on alternative names for specific software can be utilized.
The corresponding alternatives name were obtained for all software concepts covered in DBpedia
with the exception of video games. Further, data was gathered in multiple languages (English,
Spanish, French, and German) to capture potential language based naming variations. The used
query is listed in Listing A22, and was executed in April 2021.

4.4.2 Automatic weighting of rules

Same as the rule-based approach to ED, the automatic weighting of rules is also based on a set of
manually engineered rules, but instead of directly applying them for clustering, they are processed
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Figure 4.2: Overview of the software ED by automatic weighting of rules. For all pairs of extracted software
mentions (my, ms), features are extracted (Feature Eztraction) and used to determine a probability between
mentions indicating if they should be matched (Perceptron). Finally, agglomerative clustering is performed
to cluster similar software names.

by a NN trained supervised on the task. This follows the general architecture of state of the art
methods for NLP ED, with an overview of existing literature provided in Section 2.3. In difference
to the most recent methods, however, manually generated rules were preferred over embeddings,
since it is not clear how well scientific software is represented in these embeddings (see Section 2.3).
An overview of the approach proposed in this work is given in Figure4.2. For a given pair of
software mentions (mj,mz) the objective is to determine whether they refer to the same software
entity. For each pair (my,m2) a feature vector v, m, is established with features based on string
similarity, similarity of extracted context, automatically generated abbreviations, and similarity of
alternative names gathered from DBpedia. The vector is then mapped to a probability estimate
Prink by @ NN, which estimates whether the mentions refer to the same entity. A low complexity,
multi-layer perceptron is used for this purpose made up of four fully-connected layers (15 x 10x5x 1)
in order to keep run-time complexity to a minimum. The model is trained supervised to predict
whether a link exists based on the annotated ground-truth data based on a sigmoid output, which
is then considered as a probability estimate. Due to the simplicity of the model, no extensive
hyper-parameter optimization was performed.

In the final step, agglomerative clustering is performed based on the predicted probabilities
using a single-linkage approach to merge the clusters. For that purpose, the two clusters containing
the mention pair with the largest probability pj.; are combined at each step until a threshold ¢
is reached, indicating the minimal probability after which no further clustering is performed. The
threshold ¢ itself is determined based on the available gold standard labels, and set at the value for
which they are optimally clustered. Here, the optimal threshold can vary depend on the underlying
dataset, as the decision boundaries shift in a more densely populated feature space, as illustrated in
Listing 18. To counteract it, the threshold ¢ is optimized separately for prediction by determining
it based on the merged set of gold standard data points and prediction data. Same as before, the
threshold is set at the value where the gold standard data is best predicted, but this threshold shifts
due to the additional data and the denser feature space. As before, the performance for this step is
estimated in terms of Precision, Recall and FScore.

Single and average linkage were compared for clustering and found to perform almost identically
for gold standard data alone. Single linkage was then chosen for all subsequent tests, as it offers
strong benefits in run-time and space complexity compared to average linkage. When single linkage

93



Chapter 4. Automatic Information Extraction

1 PMC3629193: PASW Statistics 17 SPSS, Inc.
2 PMC6910861: SPSS 20.0 IBM
3 PMC6322718: SPSS PASW 17 SPSS Inc.

Listing 18: Example illustrating the effect of adding more features in a clustering setting. Samples one
(PM(C3629193 [141]) and two (PMC6910861 [48]) have high distance in the feature space based on the
provided information because all information is different and DBpedia does not reflect PASW Statistics as
an alternative name for SPSS. However, both are close to sample three (PMC6322718 [277]) and will be
added to the same cluster with a low threshold when three is included in the dataset. Software name (| ),
alternative name (= ), developer (), and version ( ) are stated as provided in the original articles.

is applied the initially calculated similarities can be used for the entire agglomerative clustering,
as it allows merging clusters based on the closest existing pair at every step. Average linkage, in
contrast, would require additional computation for cluster distances based on average similarity
after each new cluster is generated, which would lead to higher run-time requirements.

As described, the base assumption was made that all mentions with the same name refer to the
same software. This was implemented as a pre-clustering step, but multiple contexts of each software
were included during prediction, to increase the number of available contexts for each software. This
step is important as clustering takes context information into account. However, a trade-off between
run-time and sample number was required, and the number was therefore set at six contexts for each
unique software name. To further improve run-time, symmetric feature vectors between mention
%. In practice,
this assumption is not strictly correct, as the entities’ string lengths are included as features, which
makes the feature vectors non-symmetrical. However, the NN is trained on both directions, and is
assumed to make similar predictions between vy, ym, and vy, m, -

pairs (m,mg) were assumed, reducing the number of required comparisons to

A problem that was encountered when working with this approach is the interaction between
the sample size and the density of samples in the resulting feature space. In the manually annotated
training set with a small number of data points the samples are less dense than in the larger inference
set described in Section 4.8.1. Moreover, the large-scale set is based on automatic extraction instead
of manual extraction which means that it is likely to have a higher number of false positive mentions
with a resemblance to software mentions. This increases the difficulty of finding suited decision
boundaries for the posed ML problem based on the training set alone. To counteract this problem,
data augmentation was applied to add further entities resembling false positive extracted software
names, which should not be linked to any other mentions. To simulate closeness to existing software
names the new samples were generated by recombining sub-strings of existing samples, e.g., ImageJ
and SPSS Statistics could be combined to Image Statistics. It was made sure to not re-create given
software names or duplicates during augmentation. In total, 2n augmented samples were created
from the n original software mentions and included with the training samples. Augmented samples
were also added to the test set to estimate performance with false positive samples. This cannot
lead to an overestimated evaluation as only negative samples, which should not be linked, are added,
which do not affect the employed values of Recall, Precision, and FScore.

4.4.3 Evaluation

The clustering performance for ED is compared between rule-based clustering and automatic weight-
ing of rules. Due to the nature of the clustering task, the performance can shift with the amount
of input data, as new clustering links can occur with each added sample. Therefore, two evaluation
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settings are considered. In the first setting, only the annotated gold standard data is used, while
in the second setting additional 100 k articles are included in the gold standard test set. For each
article the final selected model of the described NER (see Section4.2) and RE (see Section4.3)
steps were applied to extract software and related metadata. The software and related metadata is
clustered together with the samples from the test dataset, with the performance estimation based
on how well the test dataset is clustered in this setting. This approach increases data size and also
adds noisy data due to prediction errors, which allows a further estimation of robustness of the ED
step. Here, no generalization test is performed, because in small data samples the number of actual
existing links between samples becomes too small to allow a meaningful evaluation, which would be
the case in the generalization setting.

To enable the comparison described above, the ML component of the automatic weighting
approach is initially trained as described in Section 4.4 to predict if two samples should be linked,
and its performance assessed separately on the test set. Further, the required threshold ¢ of the
automatic weighting approach is determined based on clustering the training data. In the 100 &
setting, the additional articles are also added to the training set when determining the threshold.
The threshold setting is then used to estimate the performance on the development and test set.

4.5 Results

In the following, all results regarding IE hyper-parameter optimization and performance are sum-
marized, split by the considered tasks of NER, RE, and ED. The NER results are further split
between hyper-parameter optimization for Bi-LSTM-CRF, Transformer models, multi-task training
parameters, and prediction performance estimation. Next, RE results including hyper-parameter
optimization and final performance estimation are presented, and, lastly, the performance evalu-
ation results for ED are compared between the manually engineered approach and the ML based
weighting of rules.

4.5.1 Named Entity Recognition
Bi-LSTM-CRF hyper-parameter optimization

All Bi-LSTM-CRF hyper-parameters were tuned individually based on the default configuration
summarized in Table 4.2, with a reasonable default setting based on existing literature that reported
good performance on existing NER problems (see Section 4.2.2). An overview of the optimization
process results on the development set is given in Figure4.3. While performance of the default
configuration achieves a value of P=80% (+1.6), R=77.4% (+1.1), and F=78.7% (£+.4), it can be
seen that the hyper-parameters do have varying influence on performance. The Clipping Value is
found to have an influence, with a higher clipping threshold leading to better performance, with the
effect dropping of at higher values, and the best performance of P=83.6% (£+2.2), R=78.9% (+£.8),
and F'=81.2% (+1.4) achieved without application of gradient clipping. For application of Dropout
values no notable performance differences are observed. The same is also true for parameters
influencing the model capacity in terms of trainable parameters, i.e., the Char LSTM Size and the
LSTM Hidden Size. The number of applied LSTM Layers, retaining an approximately equal number
of parameters but splitting them in multiple stacked LSTM layers, is also found to not influence
performance. The Initial Learning Rate is observed to influence performance with a higher rate
leading to better performance with the best performance achieved at the highest tested parameter
setting of Ir = 0.05, at values of P=83% (£1.2), R=77.4% (£.9), and F=80.1% (+.8). Different
methods of Learning Rate Decay, on the other hand, were not found to influence performance.
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Figure 4.3: Hyper-parameter optimization results for the Bi-LSTM-CRF model on the development set. The
default parameter setting is indicated by (D). All plots show the mean performance value and one standard
deviation of repeated tests to assess the influence of randomness in training. Note that the performance axis
does not start at 0 but at 55 to allow a better comparison of small performance differences.

Lastly, the Neg Sampling Rate, performing an increasing oversampling of positive samples at lower
values, is found to have an influence on performance, with higher oversampling leading to better
performance. However, the benefit does not notably improve beyond the default value.

In summary, the results suggest that the performance of the default model can be further
optimized by hyper-parameter optimization, particularly by optimizing the parameters controlling
the training process. With respect to these parameters, further investigation of the learning rate
would be required as the best performance was reached at the highest tested value. Moreover, a
more exhaustive search strategy would have to be applied as multiple parameters were found to
influence the performance, but their interaction requires further investigation. In the scope of this
work, no further tests of the Bi-LSTM-CRF model were performed. This decision was made because
the initial results for Transformer based models, summarized below, showed that they outperformed
the Bi-LSTM-CRF model by a considerable margin, which led to the decision to not allocate further
computational resources for the costly optimization of the Bi-LSTM-CRF.

Transformer hyper-parameter optimization

As before, all hyper-parameters for the Transformer based models were tuned individually with the
remaining parameters set to the default configuration, selected based on the suggested parameters
for fine-tuning in the literature (see Section 4.2.2). The optimization results on the development
set are summarized in Figure 4.4 and contain only a limited parameter set because parameters such
as the model architecture and its capacity are fixed by the pre-training. The default training con-
figuration achieves a performance of P=86.3% (+1.1), R=89.6% (£1.2), and F'=87.9% (£.3). The
Initial Learning Rate is observed to influence performance, with high and low values showing perfor-
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Figure 4.4: Hyper-parameter optimization results for Transformer based models on the development set. All
plots show the mean performance value and one standard deviation of repeated tests to assess the influence
of randomness in training. The default parameter setting is indicated by (D). Note that the performance
axis does not start at 0 but at 55 to allow a better comparison of small performance differences.

mance decreases, while the best performance is found at {r=1-10"° with values of P=88.5% (+£.5),
R=87.8% (£.6), and F=88.2% (4.4), and at default value (Ir=5-10"%). Moreover, with increasingly
lower learning rate a performance gap between Precision and Recall can be observed, which does
not exist at value Ir=1-10"°. Regarding both the Neg Sampling Rate and the Clipping Value, no
notable performance differences are observed. The Dropout value influence performance, with a
higher value in the observed interval leading to better performance. In terms of FScore the per-
formance stays at a comparable level for dropout values of .1, .2, and .3, while the performance
in Precision and Recall varies with a lower Precision and higher Recall at higher values. Lastly,
the selection of the Pre-trained Model does influences performance. The values for SciBERT are
given as baseline, while PubMedBERT achieves a performance of P=87.1% (+.4), R=90.3% (£1.2),
and F'=88.7% (+.1), and the small and large version of BioBERT achieve respective performances
of P=87% (£.6), R=89% (+.3), and F=88% (+.4), and P=89.8% (+1.6), R=88.9% (+1.4), and
F=89.3% (£.2).

Compared to the prior described Bi-LSTM-CRF model, the results are considerably higher by
~4 pp in Precision, =10 pp in Recall, and =8 pp in FScore, with the largest improvement in terms of
Recall. Overall, the results confirm that the default fine-tuning parameter setup is reasonable for
the problem and leads to good performance results, while a small adjustment to the learning rate
can lead to a better Precision-Recall trade-off. The second aspect that has potential for optimization
is the selection of the pre-trained model, with the models varying in model size regarding number
of trainable parameters and underlying pre-training data. The comparison between BioBERT (S)
and BioBERT (L) show a small performance improvement in the more complex, larger model
by 2.8 pp in Precision and 1.3 pp in FScore, while the Recall is at a similar level. However, the
larger model also has higher computational requirements which have to be taken into account when
considering a large-scale application. Unfortunately, the remaining models are only available in a
single configuration and do not allow further investigation of the model capacity on performance.
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Figure 4.5: Hyper-parameter optimization results for multi-task learning on the development set. The
default parameter setting is indicated by (D). All plots show the mean performance value and one standard
deviation of repeated tests to assess the influence of randomness in training. Note that the performance axis
does not start at 0 but at 55 to allow a better comparison of small performance differences. TF: teacher
forcing; Weight: task weight.

With respect to the underlying training data, it is found that SciBERT and BioBERT (S) perform
equally, while PubMedBERT performs better by a small margin (<1pp). Finally, SciBERT is
selected as the preferred model since it is not primarily trained on Life Science publications (see
Section 2.4.3). While this might offer an advantage on the given dataset, it is argued that SciBERT
might be better suited for an application in other scientific domains, i.e., Computer Science which
is included in its training set. Therefore, the only change to the initially selected model is an
adjustment of the learning rate to a value of lr=1.107>.

Multi-task Learning

As described, the effects of multi-task learning were assessed on the development set based on
the BERT default setup. They are summarized in Figure4.5. On the left side, the difference in
software recognition performance regarding Multi-task Training is depicted, for which no differences
are found. Further, the influence of teacher forcing ( TF) and sampling weight ( Weight) are assessed.
Here, results in Figure4.5 are not only depicted for software recognition, but for all tasks, since
the parameters are used to optimize performance between tasks. It is found that teacher-forcing
does not influence performance of software recognition, which is expected since teacher-forcing only
modifies the subsequent training process. Further, no notable influences on the tasks of software
type and mention type classification is observed. The same is true for task weighting regarding
all three tasks. Therefore, the model setup is retained as described in the default configuration,
with multi-task learning applied since it is more run-time efficient, even so it does not influence
performance.

98



4.5. Results

Performance summary

The final hyper-parameter setup based on the op-
timization results described above is summarized
in Table4.5. Its final prediction performance on
the test set is illustrated in Figure4.6 and exact
performance values for both test and development
set are provided in Table4.6. Software recognition
performs well with values of P=87.9%, R=85.4%,
and F'=86.6%. Overall performance is also high
at a value of P=86.2%, R=86.4%, and F=86.2%.
However, when considering individual entities, per-
formance differences can be observed. While de-
veloper (F'=86.5%), version (F'=91.8%), and URL
are recognized with high performance rates, Re-
lease (F'=78.7%), Citation (F'=79.9%), and License
(F=81.6%) are at a lower but good level. For the
targets of Alternative Name (F=50%), Abbrevia-
tion (F'=61.7%), and Extension (F'=55.1%) notably
lower performance values are found. Overall, per-
formance is correlated with the number of available
data samples, with particularly few samples avail-
able for Extension, Alternative Name, Release, Li-
cense, and Abbreviation.

Considering the task of software type classifi-
cation, the overall performance is lower than en-
tity recognition but at a high level with values
of P=74.4%, R=73.8%, and F=73.3%, consider-
ing that error propagation from software recogni-
tion is taken into account in the evaluation. It
is found that the different types are recognized
with varying performance, with PEs (F=92.3%)
and OSs (F=83.7%) recognized with high perfor-
mance, while Pluglns (F=40.1%) show the low-
est performance due to confusion with Applications
(F=77.4%). Lastly, the task of mention type clas-
sification also performs well considering that error
propagation is taken into account with values of
P=79.5%, R=78%, and F'=78.4%. Here, the tar-
gets are also recognized with varying performance.
Creation (F=90.3%) and Deposition (F=84.6%)
are recognized with high performance, while Allu-
sion (F'=49%) proves to be the most challenging
target due to confusion with Usage (F'=81.2%).

Between the development and test set a perfor-
mance decrease is observed concerning all tasks. Re-
garding software and general entity recognition the
margin is small with 1.6 pp FScore (F=88.2% to
F=86.6%) and 2.1 pp (F'=88.3% to F'=86.2%), re-

Parameter Value
Model SciBERT
Learning rate 1-107°
Sampling rate 1.0
Dropout rate 2
Gradient clipping 1.0
Multi-task yes

Task weights (1,1,1)
Teacher forcing 1.0

Table 4.5: Hyper-parameters setup of the fi-
nal selected NER model, including fine-tuning
and multi-task learning parameters.
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Figure 4.6: Final NER performance of the
selected model. All plots show the mean per-
formance value and one standard deviation of
repeated tests. Note that the axis starts at 20.
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spectively. With respect to software type classification the drop is larger with 5pp (F=78.3% to

=73.3%), while the difference is also small for mention type classification with .7 pp (F=79.1% to
F=178.4%). Overall, the tested model is strongly overfitted with an almost perfect performance on
the train data, however, stronger regularization was not found to improve performance.

Target Test Set Devel Set Target Test Set Devel Set

P 87.9(+ 1.2) 88.5(+ 0.5) o P 742(+ 1.5) 79.4(+ 1.1)

?ﬁigf{fm) R 85.4(+ 1.8) 87.8(+ 0.6) éﬁ;ﬁ,tf&) R 80.9(+ 0.9) 83.9(+ 1.3)

F 86.6(x 1.4) 88.2(+ 0.4) ’ F 77.4(+ 1.0) 81.5(+ 0.9)

Developer P 87.4(+ 21)  89(x 1.9) 0S P 86.6(+ 4.9) 88.4(+ 3.7)

(=105, 105) B 857(x 12) 892(x 08) (n=33.16) R BLL(E 13) 93.8(+ 0.0)

’ F  86.5(+ 1.3) 89.1(% 0.7) ’ F 83.7(x 24)  91(+ 2.0)

. P 89.3(+ 2.0) 92.8(+ 1.2) P 57(+ 3.7) 53.3(+ 1.6)

Xffi%g 71y ROO4A(E L1) 975 (% 06) Ziig;f 7y R OBLS(E50) 85.6(d 47)

F 9L.8(+ 1.6) 95.1(+ 0.7) ’ F 40.1(+ 3.8) 42.4(+ 3.3)

Fialenes P 658(+£120)  77(* 5.3) PE P 96.7(+ 24) 94.2(% 2.7)

(net: 11) R 100(+ 0.0) 818(+ 0.0) (net0: 63) R 883( 0.9) 95.2(% L1)

F  78.7(+ 8.8) 79.2(+ 2.8) ’ F o 92.3(+ 1.1) 94.7(% L.1)

URL " Sfi(i > ggg(i ‘1"2) Overal P 744(+ 07)  T78(+ 0.9)

(n=61; 52) (£ 2.1) 899(% 16) verat R 738(+ 1.1) 79.2(+ 0.9)

F 88.5(% 2.1) 87.4(+ 2.7) (n=>511; 551) Fo733(+ 12) 783(+ 10)

Citation P 80.5(+ 2.8) 81.8(+ 1.0) : : : :

(neg6, 120) B 7T92(x 5.1)  89( 34) Creation P 91.3(+ 2.3)  78(+ 6.3)

F  79.7(x 2.6) 85.2(% 1.5) (el 45) R 895(£ 3.9) 78.9(+ 6.0)

AltNamme P 43.8(+10.8) 64.7(+ 3.9) F 90.3(+ 2.0)  78(+ 1.6)

(ne2. 7) R 62.5(x21.7) 71.4(£ 0.0) Deposition P 806(+ 47) TT.L(E 4.1)

F 50(£11.8) 67.9(+ 2.1) (ne30; 20) R 892(x 28) 888(x 29)

Abbrev P 61.2(+ 45) 67.5(% 3.9) ’ F  84.6(+ 3.7) 824(+ 2.6)

(ne10: 12) R 625(+ 4.3) 93.8( 3.6) Allusion P 61(+ 8.2) 55.7(+ 6.4)

F  61.7(x 3.6) 78.3(% 2.1) (nets, 71y B 4L2( 13) 486 (x 29)

Extension P 46.6(+ 8.7) 408(:&11.6) F 49(+ 3.2) 5L.7(+ 3.5)

(n=10: 5) R 67.5(£13.0)  55(+ 87) Usage P 80.6(+ 1.0) 83.2(+ 1.0)

F 55.1(£10.3) 45.7(+ 8.3) (ne352 405) B SLS(x 22) B844(x 0.5)

Liconse P 73.8(+ 7.2) 62.2(+15.1) ’ F 81.2(+ 1.3) 83.8(% 04)

(n=9; 10) E 2} Z(i ‘512) Z;g(ig-g) Overall P 795(+ 1.1) 78.9(% 0.8)

e 58 (E=62) (it 51y B 78(E 21) T95( 0.6)

Overall P 86.2(+ 1.1) 87.3(+ 0.4) F o 784(+ 1.4) 79.1(+ 0.7)
(ne016; 1054) B 864(£ 1.6) 894( 0.8)
F o 86.2(+ 1.2) 88.3(+ 0.3)

Table 4.6: Final NER performance with one standard deviation across the sub-tasks of software and
metadata recognition, software type classification, and mention type classification. The error bars indicate
the standard deviation of repeated training runs. P=Precision, R=Recall, F=FScore.
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Generalization performance

Generalization performance was assessed on the de-
fault model in a five-fold cross-validation on un-
known full-text articles. It has the goal to assess
potential biases by underlying domain, journal, and
restriction to methods sections. The result of the
five-fold cross-validation are depicted in Figure4.7.
In summary, the average performance across all
five folds is P=75.1%, R=83.1%, and F=77.9%,
which is notable lower than the estimated predic-
tion performance, with a large difference in Preci-
sion. In the results, strong differences in perfor-
mance are observed between the individual folds,
with values ranging from F'=92.9% (4+1.0) in fold
two to F'=66.7% (+4.3) in fold three. As for the
overall, performance, a particularly low Precision of
P=53.8% (£6.1) can be observed at fold three as
compared to P=92.4% (£1.0) at fold two.

As the results suggest strong differences in per-
formance between specific articles, the errors were
further manually inspected. It was found that indi-
vidual articles have a high impact on the error, and
that confusion between method names and software
names can lead to an accumulation of errors. It is
often the case that the methodical approach or al-
gorithm is named equally with the software, which
is challenging for prediction. An example is pro-
vided in Listing 19 which shows excerpts from an
article, where initially a methodical application of
WGCNA is described in general, without connec-
tion to a software, while later in the text the imple-
mentation of the analyses with an equally named R
package WGCNA is described”.

life. WGCNA determines
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Figure 4.7: Generalization performance of
the BERT default model toward PMC full-text
articles in a five-fold cross-validation. The er-
ror bars indicate the standard deviation of re-
peated training runs, except for Overall where
they indicate the standard deviation between
the cross validation folds. Note that the axis
starts at 20 in this plot.

Using a newly-available ovine array and weighted gene co-expression network analysis (WGCNA)
on differentially expressed genes (Additional file 1: Figure S1), we identified co-expressed
genes in different regions of the ovine fetal brain, from mid-gestation to one day of postnatal

pair-wise correlations between gene expression profiles to create modules
(clusters) of co-expressed genes (Additional file 2: Figure S2).

All the analyses were performed with the WGCNA package for R software.

Listing 19: Illustration of a challenging software prediction for WGCNA, highlighting potential confusion
between algorithm or method name (| ) and software implementation () [ID: PMC5574543, [223]]. Note
that software R is also mentioned but not highlighted in the example.

SNote that this article is not actually part of the test set, but was chosen as suited illustration of the problem.
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Figure 4.8: Hyper-parameter optimization results for Random Forest RE models on the development set.
All plots show the mean performance value and one standard deviation of varying a specific parameter across
all settings of the remaining parameters. Note that the performance axis starts at 40.

4.5.2 Relation Extraction

The hyper-parameter optimization results for the RE model are summarized in Figure 4.8. In differ-
ence to the NER models, the runtime is lower, and a full grid-search of parameters was performed.
Therefore, the depicted values show the performance for a specific parameter across all possible
settings of the remaining parameters to see if they have a general influence®. It is found that most
parameters do not have a notable overall effect on the performance, which is true for # Trees (num-

ber of decision trees), the used impurity Criterion, the

# Bootstrapping Samples, and the number of samples that are Parameter Value
split at leaf nodes (# Split Samples). Only the Max Depth # Trees 100
has an influence on performance with higher depth up to no Criterion Gini
restriction leading to better results, where a performance of # Features half
P=78.7% (£8.8), R=63% (£+13.2), and F=67.3% (£10.5%) is # Bootstrapping 1.0
reached when the depth is restricted to d=5 and P=95.1% (+.7), Max Depth None
R=94.4% (£1.1), and F=94.6% (£.6) for unrestricted growing. # Split Samples 4

Another observable effect is that the variance decreases with
respect to Recall and FScore when full or half of available Table 4.7: Final Random For-
# Features are used, while it is higher when the feature size is est RE model hyper-parameter
further reduced by using the logarithm or square-root. selection.

The final model was then chosen based on the highest performance in five repeated runs based on
the grid-search. The corresponding configuration is summarized in Table 4.7. The performance of
the final RE model is illustrated in Figure 4.9 with detailed performance values provided in Table 4.8,
including results for the development set. High recognition rates are achieved, with an overall FScore

5Varying parameters from the default values, as for NER models, shows the same influences.
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of F=93% and good performance for a majority of recognition targets, i.e., F>90% for all targets

except Release (F'=

70.8%), Plugln (F=77.6%) and Specification” (F
relations between software are the most challenging classification targets.

=71.6%). This indicates that
In comparison to the

development set, a small drop in performance is observed from F=95.5% to F'=93%.

The generalization performance regarding
PMC OA full-text articles was also assessed for
RE. The corresponding five-fold cross-validation
results are summarized in Figure4.10. The overall
RE performance is found to be at a generally
high level with an average value of P=95.1%,
R=95.7%, and F=95.1%. Some variation between
F=92.8% (+0.5) and F'=99.4% (£0.4) is found, but
at a notably lower level than observed for NER.

Target Test Set Devel Set
Developer P 97.2(+0.8) 94.3(+0.4)
(n=105; 106) R 90-6(£L9) 97.7(x0.9)
T F 93 7(£0.9) 96 1(+0.5)

: P 96(+0.6)  98(+0.3)
(ijigg 171y R 961(03) 98.2(0.1)
’ F  96.1(£0.5) 98.1(+0.2)

] p 100 (£0)  91.7 (40.1)
&efiben) R 77.1(£7.9) 100 (£0)
’ F 86.9 (£5)  95.7(40.2)
— P 96.8(£0.1) 93.5(+0.9)
(n=—61; 52) R 98.3(£0.2) 93.4(+1.1)
’ F  97.6(+0.2) 93.4(+0.5)

L P 94.5(£1.5) 97.4(+0.5)
Sifgg?“m) R 86.7(£1.6) 93.7(0.4)
’ F  90.3(+0.5) 95.5(+0.4)

P 100 (£0) 100 (£0)

@L@aﬁf R 100(£0) 85.8(0.1)
’ F 100 (£0)  92.2(40.1)
Abbrev P 100 (£0) 100 (£0)
(n=10;12) R 90 (+0)  100(+0)
F  94.8(+0.1) 100 (£0)

. P 100 (£0) 100 (£0)
(E;iel%s?)l R 8L9(+0.1)  100(+0)
’ F 90 (+0) 100 (+0)
License P 100 (£0) 100 (+0)
(n=9; 10) R 100 (+0) 90 (+0)
F 100 (£0)  94.8(+0.1)

Plugln P 86.3(+0.2)  80.6(%1)
(ne2T; 27) R 70.3(£0.2) 77.7(%5.2)
T F  77.6(£0.2) 79.1(£3.2)
Specification P 70-8(£5.9)  85.8(0.1)
(n=8; 7) R 72.5(£5.6) 85.8(+0.1)
- F  71.6(£5.4) 85.8(+0.1)

P 95.4(+0.4) 95.7(+0.3)

&fjf(}.l s37) R 908(£07)  95.1(x0.3)
’ F 93 (£0.3) 95.5(£0.4)

Table 4.8: Final RE performance with one standard
deviation for repeated tests.
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Figure 4.9: Final RE performance. The plot
shows the mean performance value and one
standard deviation of repeated tests. Note that
the axis starts at 40.
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Figure 4.10: Generalization performance of
the default Random Forest RE model toward
PMC full-text articles in a five-fold cross-
validation. The error bars indicate the stan-
dard deviation of repeated training runs, ex-
cept for Overall where they indicate the stan-
dard deviation between the cross validation
folds. Note that the axis starts at 40.

"A specification describes cases in which two mentions have the same identity.
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Test Set Devel Set Train Set
Task Rule Auto Rule Auto Rule Auto
Precision  94.2 100 96.4 99.7 97.2 98.2
Plain  Recall 88.8 93.1 89.2 94.5 91.4 94.9
FScore 91.4 96.4 92.7 97.1 94.2 96.5
Precision  92.4 94.1 96.3 98.7 94.0 97.9
100k  Recall 88.6 93.2 90.2 95.1 92.2 96.1
FScore 90.4 93.7 93.1 96.9 93.1 97.0

Table 4.9: ED performance comparison between rule-based (Rule) and automatic (Auto) approach across
all sets for plain setting considering only labeled data, and 100 k& setting, including software mentions from
100 k articles on which NER and RE prediction was applied.

4.5.3 Entity Disambiguation

As described, ED is evaluated in two different setting. Once on annotated data only, and once
including 100 k£ additional articles tagged by the NER and RE models to increase data size and
to add noise labels. For the automatic weighting of rules, the perceptron performance is assessed
first, separately from the actual clustering. Based on the training threshold of t=.5 and including
augmented data in the test set, the employed perceptron model achieved a performance of P=96%,
R=90% and F=93%. The thresholds for automatic weighting were then determined for both test
settings at values of ?p44,=.2270 and t100,=.0378, with the threshold of the 100k setting being
notably lower, due to the additional links occurring through the larger data size, as illustrated in
Listing 18.

The results of the ED clustering are summarized in Table 4.9. The development set performance
is used to select the best of the two models while the test set allows a performance estimation for the
selected model. Initially, the development set performance is used to select the approach, before the
performance is estimated based on the test set. In the plain test setting the automatic weighting
outperforms the rule-based approach with F=97.1% compared to F=92.7% on the development
set. In the 100 k setting the automatic weighting also achieved higher performance with F=96.9%
compared to F'=93.1% on the development set. Further, no strong performance differences are
observed between both evaluations on the development set (<0.5pp). The prediction performance
is, therefore, estimated for the automatic weighting approach on the test set with values of P=100%,
R=93.1%, F=96.4% in the plain setting and P=94.1%, R=93.2%, F'=93.7% for the 100 k setting.
Here, a performance difference is observed between the two settings, with the Precision being 5.9 pp
and FScore 2.7 pp lower in the 100 k setting, but remaining at a high level. Overall, both approaches
were found to perform well, with the automatic approach consistently outperforming the manual
approach by a small margin. Therefore, it is selected as the preferred approach. However, it should
be noted that the manual approach is more run-time efficient and does not require an adjustment
to new data. Therefore, it might be the better choice when available hardware is limited or the
number of input data grows too large.

4.6 Limitations

The general limitation are the underlying data. A discussion of the corresponding biases towards
Life Sciences and open-access publication is given in Section 3.4, while the potential bias towards
an overrepresentation of software in training and test setting has been described in Sections 3.4 and
4.2.3. While the extent of a domain and open-access bias cannot be accessed based on the available
data alone, a potential evaluation bias by the sampling method was systematically assessed by
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testing the generalization to unknown PMC OA full-text articles in the outlined cross-validation
setting. It was found that the generalization test for NER exhibits a lower performance than the
same model in the standard test setting by a margin of 11.2 pp in Precision, 6.5 pp in Recall, and 10 pp
in FScore. This confirms that an evaluation bias does exist in the model. While the main bias can
be attributed to the evaluation on the Creation_s set in which software is strongly overrepresented,
part of this bias might result from a domain difference between the largest training set of PLoS-m
which has an interdisciplinary focus, and the test set of PubMed_f which is sampled from Life
Sciences in general. However, it is crucial to include Creation_s in the evaluation setting because
otherwise the classification of software Creation and Deposition practices could not be evaluated.
The a specific generalization test for RE exhibits no lower performance, while a test for ED could
not be performed as described in Section 4.4.3.

Another limitation of the dataset is that some metadata, software types, and mention types are
rare (see Section 3.4), making their extraction challenging for automatic approaches. It was observed
that all classes were successfully learned by the model, including the ones with only ~50 overall
samples. It is argued that the ML models can represent these classes based on only few training
samples because the extraction of metadata is a comparatively easy task. This is the case because
metadata can only appear in the direct context of software mentions, and a sufficient number of
training samples is available to train the software extraction itself. However, the results also show
that, in general, metadata with fewer samples (e.g., Extension or Abbreviation) is extracted with
lower performance than metadata with more samples (e.g., Developer and Version). Furthermore,
the evaluation for these classes is less reliable as fewer test samples are available. In summary,
it is necessary to increase the available ground-truth data in future work and to perform further
evaluation regarding the extraction of rare metadata.

In general, high performance was observed for all ML methods employed for IE and ED. However,
it is important to consider that error propagation exists between them. The given evaluation for
software and mention type classification does take error propagation into account, but the results
for RE and ED do not. Therefore, the performance of RE applied on noisy NER results is expected
to be lower than the performance of F'=.94% found when tested on gold standard NER results. For
ED the effects of false positive entities were modeled by data augmentation, but it is not possible to
estimate whether this completely suppresses their effect. Further, false negatives resulting from NER
are inherently missing in the ED step. Moreover, evaluation for ED has proven to be challenging and
the gold standard dataset alone is no good predictor for performance on large-scale ED. Therefore,
a second, adjusted evaluation method was employed to take large-scale data into account, however,
further systematic evaluation is required for software ED as this is the first work and dataset
systematically assessing the problem. In summary, it can be expected that performance will be
lower than the estimated performance for both RE and ED due to error propagation, however, both
methods are expected to still perform well during prediction as their base performance is high.

4.7 Discussion

A pipeline for automatic software recognition was established. It splits the problem in three steps,
starting with NER of software and its metadata and includes a classification of software and mention
type, all integrated into an NN implemented with SciBERT. Then the relation between multiple
software and metadata is assessed by RE implemented by a Random Forest classifier. Lastly, ED is
performed based on agglomerative clustering of sample distances calculated by an automatic weight-
ing of manually generated rules. All methods were found to perform well, while some limitations
have been outlined above. All individual steps of the pipeline are discussed in the following.
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Different state of the art NER models have been implemented and compared for the given
problem. Regarding software recognition, a final recognition of F'=86.6% FScore was estimated on
the test set using a SciBERT model. In general, BERT-based models were found to outperform Bi-
LSTM-CRF models by a considerable margin of ~8 pp during model selection on the development
set, illustrating the effectiveness of SciBERT for mining scholarly documents. This also represents
an increase over the previous automatic approaches by Pan et al. [205] with F=58%, Duck et
al. [78] with F=67%, and Lopez et al. [173] with F'=71%. While a further generalization test
shows a performance of F=77.9% and suggests that the performance might be overestimated, as
discussed in Section 4.6. Based on the generalization test, the performance is closer to the results
achieved by Lopez et al. [173] who use SciBERT in combination with a CRF, but still =7 pp
higher. In subsequent work, higher performance values were reported, with F=92% in the work of
Istrate et al. [128] using SciBERT trained on Softcite. However, it was argued that these results
might overestimate performance since they are trained and evaluated with an overrepresentation
of software because they considered positive paragraphs instead of full-text documents [24]. Most
recently, a better performance was reported using SciBERT with a CRF on Softcite v2 with a
performance of F=81%, which is a ~3 pp improvement over the generalization results reported
here. Overall, it should be noted that the results outlined above are based on different datasets and
not directly comparable.

High performance is achieved regarding the identification of software metadata (F'=86.2%),
software type (F=73.3%), and mention type (F=78.4%), with the results taking error propagation
into account. In the generalization test, software metadata is also recognized with lower performance
but by a smaller margin of 4.2pp (F=82%). For context classification, the generalization test
cannot be reasonably performed because the mention types of Creation and Deposition are rare in
all subsets of SOMESCI except for Creation_s. Only the prior work of Lopez et al. [173] considers
software metadata in terms of version, developer, and URL, reporting an overall performance of
F=74.6%, which is 5.4pp lower than the generalization results achieved here. The subsequent
work of Bassinet et al. [24] also extracts metadata in terms of version, developer and URL with an
overall performance of F'=81.6%, which is at a similar level as the performance reported here with
a performance difference <0.5 pp®.

This work is the first that considers automatic classification software mentions according to
both, software and mention type. Subsequent work of Bassinet et al. [24] reports a performance of
F=80.3% for software type classification, which is an 7 pp improvement. However, the considered
types cannot be directly matched up due to annotation differences, hindering a comparison. The
results for context classification reported here, show that software type Plugln and mention type
Allusion were extracted with lower performance as other types. In both cases the lower performance
is mainly due to confusion with another class (Application and Usage) with corresponding higher
prior probability but a difficult to distinguish context. This is consistent with the results of the
manual annotation (see Section 3.4), where annotation IAA was also found to be lowest for these
classes. Plugln identification is particularly challenging when Plugins are mentioned on their own
without the host-software. During annotation the difference was established based on the use of
external knowledge with potential errors discovered by the sequential annotation pipeline. Future
methods for software type classification could utilize external databases (e.g., DBpedia) and package
repositories (e.g., CRAN) to improve the classification.

An influence of the pre-trained model on performance was observed, offering potential for fur-
ther improvement, particularly on the given data selection. PubMed based BERT models perform
slightly better than SciBERT. PubMedBERT might be better suited for the given data because it

8The work of Istrate et al. [128] does not report results for metadata extraction.
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was specifically trained on PubMed data, while SciBERT is set in other domains, which could lead
to more general representations. Therefore, SCIBERT was chosen for prediction to allow a poten-
tially better generalization to other domains in future applications. However, it might make sense
to perform further tests with respect to model initialization for pre-training based on the findings
regarding PubMedBERT. Further, considering models with higher capacity might lead to better
results, as it was found that larger model size could have an influence on performance in the com-
parison between BioBERT (S) and BioBERT (L). However, implementation of these comparisons
would require considerable additional computational resources and is out of the scope in this work,
because each of the models should be individually fine-tuned to achieve the best comparison.

It was found that the proposed multi-task learning setup does not influence the overall perfor-
mance. However, the approach still offers a benefit in terms of run-time and is, therefore, utilized
in the proposed model. The corresponding hyper-parameters also do not have an influence on per-
formance. Regarding the weighting of individual tasks, this supports the hypothesis that further
optimization in this regard is not required because all tasks are optimized based on the same loss
metric at a comparable scale.

RE for software mentions has, to the best of my knowledge, not been evaluated as part of
any scientific investigation regarding software mentions because corresponding ground-truth data
is only available in the established corpus. The RE performance observed for the used Random
Forest classifier is high with a value of F=94%, with a better Precision of P=95.4% and lower
Recall of R=90.8%. In general, RE performs well for additional information related to software,
but the prediction of relations between software, e.g., Plugln-of, was found to be more challenging
(F=71.6-77.6%). This was expected since, by definition, additional information is always related
to another entity, while two software entities are not necessarily related to each other making their
prediction more difficult.

Two different algorithms were proposed to solve the problem of software ED, evaluated in two
different test settings. High performances were found for both methods with the automatic weighting
of manually generated rules performing better and achieving a performance of F'=96.4% on ground-
truth data, and F'=93.7% in the 100 k large-scale test setting including noisy data. While the prior
work of Lopez et al. [173] and the subsequent work of Istrate et al. [128] considered EL of software
(see Section 2.3), no work has considered a full ED of software mentions, beyond matching of equal
names. Therefore, a comparison to state of the art results is not possible.

ED was found to be a challenging problem because the density of the feature space changes
with the number of samples, influencing the distance based clustering. In small datasets, only few
spelling variations (and other features used for ED) of software exist; this number increases with
the size of the dataset. This means that finding reliable boundaries between different software gets
more difficult with increasing dataset size because rare spelling variations (and other features) of
software with similar names tend to overlap stronger. In the given case, the entire SOMESCI corpus
contains 3718 software mentions, when during prediction millions of software mentions have to be
considered. To recreate this effect for the training data, a large set of augmented, fictional software
names was included when training the perceptron for the automatic weighting approach. With
respect to evaluation, the negative effect of increasing sample size on the ability of finding reliable
boundaries between different software prevents the transfer of quality statement from training to
inference dataset. To counteract this effect, the 100 k test setting was developed by combining the
manually disambiguated ground-truth data with part of the inference dataset for which NER and
RE have been applied. The threshold for clustering is then determined on the combined data, and
the quality is evaluated by clustering the data together. This approach leads to a larger sample
size, includes real false positives, but does not shift the objective of clustering the labeled data.

The actual clustering step during ED is based on single linkage. It was selected due to computa-
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tional and space complexity because it enables an efficient implementation when distance between
all pairs is pre-computed and sorted up to a given threshold (see Section 4.4.2), but is known for
semantic drift away from cluster means. However, an initial evaluation showed only marginal dif-
ferences between single and average linkage based clustering for ED, which seemed sufficient for the
task at hand.

Reliable Method for Software Mention Extraction

Overall, the outlined IE pipeline achieved superior recognition rates compared to previous, au-
tomatic methods for software mentions in scholarly publications, making large-scale analyses of
software mentions in scientific literature more reliable. It is, therefore, considered as suited to per-
form automatic large-scale analyses. However, errors are still contained in the results of the IE
pipeline. Therefore, large-scale analyses should be designed to not concern software on mention
basis, but software mentions on article level. This is assumed to make the results more robust
due to aggregation over mentions. The aggregation also partially alleviates the confusion between
algorithm and implementation, as illustrated in Listing 19, by disregarding false positives in the
aggregation step. Further, the Recall is expected to improve on article level as one positive mention
is sufficient to identify a software. Lopez et al. [173] explicitly assess the benefit of aggregated anal-
yses and find that the performance results improve by a margin of 5.4 pp from F=71% to F=76.4%
when switching from mention to article level.

4.8 Application

To perform large-scale analyses, the IE pipeline, consisting of NER, RE, and ED, was applied on
the article set described below with additional information on articles gathered to enable further
analyses. Since the work outlined in this thesis was performed iteratively, the large-scale pipeline
was not applied based on the entire results outlined in Chapter 3 and 4. Specifically, minor changes
have been made to the data annotation in the scope of iterative reviewing, and the model was
applied as described in Schindler et al. [245], with a different initial learning rate for fine-tuning.
Since the made improvements are small they do not justify a re-execution of the entire pipeline
in the context of sustainability, because it would require significant computational resources and
high calculation time. Instead, it is argued that the data should be upgraded in a future extension
of the large-scale analyses covering a broader article range and updating the analyses with recent
publications.

4.8.1 Dataset and Information Enrichment

The PMC OA subset was used as a data basis for the large-scale analysis same as for the initial data
annotation (see Section 3.2.1) due to the advantage of providing articles as JATS XML documents
with licenses allowing a full republication of labeled data. Here, all available data as of January 22,
2021 was used in the analyses, which amounts to a sufficient dataset for large-scale analyses with
a total of 3,215,396 articles, obtained via bulk download from PMC?. All files were preprocessed
equally to the training data, however, some files from the set had to be removed because the full-
texts were not available as JATS but only as PDF documents. As argued in Section 3.2.1, PDF's
are not considered here, because text extraction from PDF's introduces artifacts in scientific articles
caused by elements such as headers, footers, page numbering, or other layout elements. Therefore,
a total of 3,036,913 (94.4%) articles is utilized.

“https://www.ncbi.nlm.nih.gov/pmc/tools/ftp/, accessed 16 March 2024.
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Additionally to the article full-text, metadata on articles was gathered to enable analyses de-
pendent on publication time, scientific domains, and bibliometrics. Information on the publication
date and the publishing journal were directly extracted from the JATS document. Information on
article references could also be extracted from the JATS document as done in Section 3.2.3, but
were omitted as they were not included in the IE pipeline as argued in Section 3.5. To further cover
bibliometric and domain information, data from PubMedKG [313] was integrated (PKG2020S4
(1781-Dec. 2020), Version 4 [314]). It includes Scimago data on the Scimago Journal Rank (SJR)
and related journal domains. Moreover, it includes citation information for articles originating from
PubMed and Web of Science, which were used to generate citation counts. For integration of Pub-
MedKG, PMC identifiers were matched against the PubMed identifier used in PubMedKG based
on PMC’s mapping service'".

Lastly, information on software availability was added to enable analyses on the state of free
and open source software in science, as defined in Section 1.1. The information on both aspects was
manually annotated including, if applicable, the corresponding open source license. The manual
annotation was necessary since the information cannot be systematically obtained from available
sources. As described in Section 3.3, the coverage on software in existing knowledge bases is sparse,
and the specific aspect of availability can additionally be missing. Since the manual annotation
requires considerable effort, only a subset of all software could be annotated. To make reliable
statements the most common software was selected with the goal of achieving an annotation cov-
erage of 50% of extracted software mentions, resulting in a total of 428 software. The effort of the
annotation strongly varied between the specific software. While details for availability information
and license can easily be obtained for software published in repositories such as Github, informa-
tion on software published in custom repositories or by commercial publishers is often difficult to
obtain, particularly for older software without active maintainance. The overall annotation effort
is estimated with two minutes per software, which leads to a total annotation effort of ~14 h.

https://www.ncbi.nlm.nih.gov/pmc/pmctopmid/, accessed 16 March 2024.
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5 | Data Model for Software Men-
tions in Scientific Publications

The content of this section is based on the following publications:

David Schindler et al. “Investigating Software Usage in the Social Sciences: A Knowledge Graph Approach”.
In: The Semantic Web — ESWC 2020. 2020, pp. 271-286. DOI: 10.1007/978-3-030-49461-2_16 [251],
establishes an initial data model for software in scientific publications.

David Schindler et al. “SoMeSci- A 5 Star Open Data Gold Standard Knowledge Graph of Software
Mentions in Scientific Articles”. In: Proceedings of the 30th ACM International Conference on Information
& Knowledge Management. CIKM ’21. Virtual Event, Queensland, Australia, 2021, pp. 4574-4583. DOI:
10.1145/3459637 . 3482017 [244], establishes a data model for textual annotation of software in
sclence.

David Schindler et al. “The role of software in science: a knowledge graph-based analysis of software
mentions in PubMed Central”. In: PeerJ Computer Science 8 (2022), e835. DOL: 10.7717/peerj-cs.835
[245], establishes a data model for large-scale analyses of software in science.

The previous chapters described how information on software in science was systematically gath-
ered by manual annotation of a ground-truth dataset and by automatic extraction on a large-scale
dataset. This chapter describes how the corresponding information can be semantically modeled as
a Knowledge Graph (KG) to allow a FAIR publication, and enhance aspects such as findability, ac-
cessibility, and interoperability, particularly with existing research KGs, described in Section 2.2.1.
Therefore, this chapter describes a data model for software mentions in scientific publications, its
implementation with suited RDF/S vocabulary, and the KG that was built on it and the large-scale
extraction described in Section 4.8

The data model was built to represent informal and formal software citation in scientific lit-
erature. Therefore, it needs to represent all aspects of software citation in scientific publications
introduced in Section 3.1, and requires a concept to model software identities. Particularly, it needs
a mechanism to express uncertainty for knowledge about software that was aggregated over differ-
ent scientific publications, after the software identity was resolved. Moreover, the model needs to
represent scientific articles, their corresponding metadata, and their formal references associated
with software. Lastly, it needs to consider information provenance and the associated data quality.

In the following, it is first outlined which existing ontologies and vocabularies were chosen to
represent the given problem. Then, the data model and its RDF/S lifting is described, including a
detailed description of the information aggregation. Next, it is described how the data model was
implemented in terms of SHACL, to allows a formal validation of data corresponding to the data
model. Lastly, the resulting KG is summarized and the data model is critically reflected.
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Chapter 5. Data Model for Software Mentions in Scientific Publications

5.1 Vocabulary Selection

A prerequisite for establishing the data model is to define the semantic representation of the covered
concepts. For this purpose, the data model is built upon existing ontologies and vocabularies to
improve interoperability with other data sources. Several different ontologies with varying scopes
are incorporated in the data model because it covers a wide range of concepts related to scholarly
articles, textual data, and software metadata. More general concepts can be covered by widely used
ontolgies while specific concepts, such as the representation of software, require explicit search for
suited ontologies. In these cases, ontologies were manually identified in the existing literature and
compared to determine which is best suited. Additionally, new terms were defined to represent
concepts that are not covered in any of the existing vocabularies with respect to the required
semantics. When possible they are defined as rdfs:subClassOf or rdfs:subPropertyOf of existing
terms in the introduced vocabularies.

The schema.org [99] ontology was included to cover general terms such as URLs. It was selected
because it is a widely used vocabulary for general terms, that is also used in other ontologies,
for instance, by the Software Description Ontology (SDO) (see below), which bases its definition
of organization and developers on it. The Dublin Core Metadata Initiative Terms (DCT) [63]
defines terms for the general description of metadata and is applied several times in the data
model to represent metadata and relations between resources. Further, the Simple Knowledge
Organization System (SKOS) [185] provides terms to model information about scientific domains
and their relations, and is used for this purpose in the data model, while The PROV Ontology
(PROV-0) [157] is used to model provenance of information from different data sources. All three
were selected because they are W3C recommendations and cover concepts central to the data model.

The Bibliographic Ontology (BIBO) [60] is used to represent scholarly publications and their
metadata. However, it does not introduce a semantic distinction between the bibliographic ref-
erences of an article and a general bibliographic record that describes any given resource and is
complete in terms of the covered information (further details on the distinction are provided in Sec-
tion 5.2.4). Therefore, the Bibliographic Reference Ontology (BiRO) [70] is included to specifically
represent this difference. Both ontologies were selected based on the review of Ruiz-Iniesta and Cor-
cho [234] comparing existing ontologies for representation of bibliographic information. Further, the
NLP Interchange Format (NIF) [108] is included to represent text and annotation information in
the data model and to integrate statements regarding annotation confidence. In general, NIF was
developed as an interchange format for NLP tools, language resources, and annotations, making it
suited for the representation of texts, its semantic structures and the information contained within
it. Furthermore, Internationalization Tag Set 2.0 (ITS)" [85] allows to model the connection from
human language to real world entities. Therefore, it is included in the data model to bridge the gap
between NIF and the other vocabularies by modeling entity identities, as described in Section 3.1.3,
i.e., it establishes the link between the concept of mention and the concept of entities, such as
software.

Software and its metadata also needs to be semantically described in the data model. In the
literature, there are several ontologies specifically dealing with the representation of scientific soft-
ware, namely the Software Ontology (SWO) [178], CodeMeta [132], OntoSoft [91], and SDO [89].
SWO [178] is an ontology developed for the description of software that is used to store, manage,
and analyze data. It originates from the field of Biomedicine, and focuses on software users rather
than describing the software itself, i.e., it models the information processing of software, the data
inputs and outputs, and used data formats. CodeMeta [132] is built as a minimal metadata scheme

"http://www.w3.0org/2005/11/its/rdf#, accessed 16 March 2024.

112


http://www.w3.org/2005/11/its/rdf#

5.2. Data Model Implementation and RDF/S Lifting

specialized for scientific software and code, and intended for standardized representation of meta-
data across software publications. It covers a broad range of terms related to software, covering
aspects of software development, funding, but also metadata such as version. OntoSoft [91] is also
concerned with covering software metadata, with the focus on scientists sharing and using software.
Similar to CodeMeta, it covers a wide range of information, aspects of software identity, background,
execution, and updates, including metadata such as version. SDO [89] is an extension of OntoSoft,
that simplifies the base model, extends the semantic by introducing concepts where OntoSoft used
textual descriptions, and adapts terms from CodeMeta. SDO was selected in favor of the other
ontologies because it offers the most complete representation in terms of semantics. Particularly,
SWO does not reflect software developer information in a suited way, CodeMeta does not introduce
a type for software versions but only a property relating it to textual information, and OntoSoft is
a direct prior work to SDO, that uses textual descriptions instead of semantic concepts. The aspect
not covered by any existing vocabulary is the mention of software within scientific publications, for
which terms are newly defined in the scope of the data model.

5.2 Data Model Implementation and RDF/S Lifting

This section introduces the formal data model and describes how all information described in
Section 3 and further metadata necessary for large-scale analyses of software in science are integrated
in a KG scheme and how the data is lifted into a RDF representation. For this purpose, the covered
information itself is described and the terms used to represent them based on the vocabularies
introduced above. Since the overall model is complex, it is separated into four semantic parts in
the description below: 1. academic publications, 2. bibliographic references, 3. software mentions,
and 4. software entities. In the following, the used vocabulary namespaces are abbreviated when
describing RDF/S lifting, with abbreviations summarized in Figures 5.1-5.5, and the namespace
http: //data. gests. org/ softwarekg/vocab/ with the prefix skg covering newly introduced
terms. Furthermore, it is divided between optional and required properties, where required indicates
that objects must possess the property.

The intention of the data model is to fully cover the practice of software citation in scientific
publication, all associated metadata, and the corresponding software entities and their metadata.
However, the model is not intended to be exhaustive in its representation of scientific software and
does not consider all aspects of software, e.g., SWO [178] does cover further information such as
software functions, dependencies or parameters that are not included here. Furthermore, only infor-
mation necessary for large-scale analyses outlined in this work is reflected for scientific articles and
bibliographic references, while external links are used to connect the given KG to other databases
to enable further integration in future work.

5.2.1 Modeling Uncertainty

The data model needs to distinguish between the concept of software, an existing entity that sci-
entists employ in their work, and its citation within scientific literature. From here on, the rep-
resentation of software is referred to as entity level and the description of its citation as mention
level. While the mention of software allows to track where and how software is applied in scientific
investigation, knowledge about the identity of software is crucial to asses aspect such as the impact
of software. In the scope of this work the available information is gathered on the mention level by
text mining scientific publications. This means, all knowledge regarding the entity level needs to
be inferred from information on mention level. Note, that the entity level represents the concept of
software identity outlined in Section 3.1.3 that was also included in the annotation.
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On mention level, software has several metadata associated with it, which was summarized in
Section 3.1. In general, software entities have the same metadata with some semantic differences,
e.g., while a software mention has a specific version, a software entity has a release history covering
all versions throughout the development of the software. Since only the mention level is observable,
the information on entity level needs to be inferred by aggregating over all mentions of a specific
software. Moreover, the aggregation method needs to account for uncertainty, as information on
mention level is subject to uncertainty and can contain errors or contradicting metadata, e.g., the
developer of a software can change over time (see Section 3.1) and the software is subject to spelling
variations (see Table 3.4). To model the inherit uncertainty on entity level its metadata is modified
by a numerical value expressing the certainty of the information. The value is always calculated
in the same way, as described below, but based on semantics the modifier can take the meaning
of (1) proportion, or (2) confidence. A proportion expresses the case where multiple attribute
expressions can be true at the same time, e.g., a software can have multiple valid versions or
associated publications, while confidence expresses metadata where only one instance is true, e.g., a
software can only have one name or a single license. The details of which metadata is semantically
associated with a proportion or confidence is described in Section 5.2.5.

The result of the aggregation is a mapping of existing software, its usage, and metadata, where
a certain level of validity on entity level metadata can be expected when working on a large-
scale dataset. In general, high validity is expected for commonly mentioned software, while the
representation of highly specialized, rarely used software might still be subject to uncertainty.
It should be noted that this definition might in some cases not be reasonable, which leads to an
extension of the discussion in Section 3.1, where it was argued that it is often difficult to identify the
developer of software due to dynamic changes [263, 135]. Due to these reasons, directly modeling
a software developer by a confidence value might not be adequate for all software. Here, it is
argued that based on the available data it is the best approximation, while further enhancement
would require external data. One approach to further improve the representation without external
knowledge would be to infer information (i.e., developer or name) on software version basis, making
the representation robust to changes over time. However, this would require a higher number of
data samples to make reliable statements. Therefore, it is not performed in the scope of this work
because the dataset contains many specialized software for which data is sparse.

Implementation

The aggregation of metadata is performed across all mentions of a specific software. To achieve
a balanced result, the information is first aggregated within each individual document and then
between all documents containing the metadata of interest, assigning equal weight to each document.
Hence, the number of times a document contains specific information does not increase its weight
in the aggregation. Formally, let I, , be the set of all forms of a piece of information for a given
relation r (e.g., Version) and software x (e.g., SPSS). Further, let D be the set of all articles and
My.q, the mapping of a piece of information a€l, , (e.g., version “v20”) to x under the relation r.
The confidence or proportion ¢, , . is then defined as:

) _ 1 . | {mr,a,:p € d} |
"o T A €D [ mnpa € b€ gt | 22 Tpey [ {mrbr €} |

b, (5.1)

where a = b signals that both, a and b represent the same type of information, e.g., name, version,
or developer. This way a ratio based fair weighting is achieved on mention level and on document
level. All values range from 0 to 1 and also add up to 1. Note that the definition of confidences and
proportions requires a recalculation when the dataset is extended.
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Figure 5.1: Illustration of how edges with a modifier can be represented through reification statements in
RDF on the example of software names.

RDF/S Lifting

Metadata on entity level resulting from the aggregation cannot directly be represented in RDF triples
because RDF does not allow modified edges. Therefore, they are implemented through reification
statements, illustrated in Figure5.1. Instead of representing the relation between software and
its metadata directly, a rdf:Statement is introduced that relates to the software by rdf:subject,
the metadata by rdf:object, and represents the relation between both by a rdf:predicate relation.
The modifying information is then also added to the statement as a further property either as
skg:confidenceOf to express a confidence or skg:proportionOf to express a proportion, dependent on
the semantics described above. In the given example the software (sd:Software) is the subject, the
metadata is represented as a string (zsd:string), and their relation is by predicate name (sd:name).
The modifier is provided as a floating point value (zsd:float) and as a confidence (skg:confidenceOf)
to express that a software can only have one name. The modifier properties skg:confidenceOf
and skg:proportionOf are newly defined to represent confidence and proportion of an aggregation
statement as described above.

5.2.2 Article perspective

The data model needs to represent scientific articles as they are the main source for software
mentions and formal citations. There is some metadata associated with articles that needs to be
represented to enable large-scale analyses of software mentions within them. An overview of all
types and properties connected to the representation of scholarly articles is given in Figure 5.2.
Below, all covered classes, their properties, and relations are introduced.

Articles

The source for software mentions in science are scholarly articles. They are represented by the
two different types bibo:AcademicArticle and nif:Context, with the former semantically capturing
the scientific publication and the latter the textual document as natural language data. Several
metadata of articles is relevant for unique identification and systematic analyses. The properties
dct:title and dct:created are required metadata and form the minimal requirement for identification
of an article by representing its name and publication data. Furthermore, articles have optional
identifier properties bibo:doi, bibo:pmid, skg:pmclD, skg:semanticscholarID, and skg:crossrefID cap-
turing various different identifiers for scientific publications and establishing links to other databases.
The most common unique identifier for scholarly articles are DOIs. They are widely adapted by
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Figure 5.2: Excerpt from the overall data model covering the representation of scholarly publications,
journals, research domains, datasets and their associated properties. The connection to other parts of the
data model is given by biro:BibliographicReference and nif:Sentence. Further, the representation of newly
introduced properties as rdfs:subPropertyOf bibo:identifier is illustrated. Optional properties are highlighted

()

scientific publishers and identify articles globally unique. However, older articles or specific ar-
ticle types such as letters or editorials are sometimes not assigned a DOI. In those cases they
might be identifiable by specific database identifiers such as PubMed identifiers (PMID), but also
in knowledge bases such as Crossref or Semantic Scholar (introduced in Section 3.2.3). The prop-
erties skg:pmclD, skg:semanticscholarID, and skg:crossrefID were newly defined as sub-properties
(rdfs:subPropertyOf) of bibo:identifier, to specifically represent PMC, Semantic Scholar, and Cross-
ref IDs, to establish links to external knowledge bases.

Articles can optionally have a citation count, captured by the newly introduced property
skg:citationCount, that describes the number of citations an article has received, to allow
analyses with respect to article impact. Further, they can optionally have an article type
(skg:article Type) that closer defines the type of article, that might be of interest in specific large-
scale analyses. The expected value for this property is one of defined types: skg:PubType_Article
for scholarly articles, skg:PubType_Review for review articles, skg:PubType_Brief for brief re-
ports, skg:PubType_Case for case reports, skg:PubType_Letter for letters, skg:PubType_Editoral
for editorials, skg:PubType_Correction for corrections, skg:PubType_Retraction for retractions,
and skg:PubType_Other summarizing all remaining types. Lastly, articles have the property
skg:textFormat that captures the format from which their full-text document was obtained. The
corresponding values are restricted to only allow specifically defined types skg:JATS and skg:PDF to
capture the JATS and PDF format, respectively (see Section 3.2.1 for background on the formats).

Further metadata for articles is omitted because it is not required for software specific analyses
in the scope of this work, e.g., authors, affiliations, or countries. Information with respect to
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this metadata can be gathered from external sources based on the included identifiers if required
in future analyses, e.g., from OpenALEX [220] or other research KGs described in Section 2.2.1.
Articles are further related to the representations of sentences (nif:Sentence) and bibliographic
references (biro: BibliographicReference), with respective details described in Section 5.2.4 and 5.2.3.

Journals

Most academic articles, especially in the domain of Life Sciences, are published in scientific journals?
In general, journals differ in several aspects, e.g., in their publication policies and review require-
ments. Modeling journals allows targeted analyses towards software mention in specific journals,
for instance, to uncover how journal policies impact software citation completeness. In the data
model, journals are represented by type bibo:Journal and articles are connected to them by the
optional property dct:publisher. Journals themselves have a title, captured by the property dct:title
and further optional identifying properties capturing their International Standard Serial Number
(ISSN) (bibo:issn) and eISSN (bibo:eissn), used for electronic publications. Furthermore, a link
to Scimago® is added through the newly defined property skg:scimagolD, which is modeled as a
sub-property (rdfs:subPropertyOf) of bibo:identifier, same as the previously introduced identifiers.
Journals have an optional property skg:hasJournalRank relating them to journal rank informa-
tion represented by type skg:ScimagoJournalRank. The rank itself is based on the SJR. Modeling
this information allows to incorporate systematic analyses of software citation with respect to jour-
nal ranking. The skg:ScimagoJournalRank itself is calculated on a yearly basis and, therefore, has
the required properties dct:date to capture its time frame and skg:rank that describes the actual rank
obtained from Scimago, represented as a floating point value as in the original Scimago data. Same
as for articles, only information immediately required for analyses is included, e.g., the journals
publisher is omitted, with further information being identifiable through unique identifiers.

Domains

Both, articles and journals, are set in specific scientific domains, which are known to influence
software usage, as outlined in Section 2.1. Domains are represented as type skos:Concept to which
articles and journals are related by the optional property dct:subject. Since domains can be defined
with different levels of specificity a skos:Concept can optionally be related to another skos:Concept
by property skos:broader to indicate that the second is a top-level domain of the first. Every domain
has a required property skos:prefLabel to provide a human readable label describing the domain.
Furthermore, following SKOS best practices, an overarching skos:ConceptScheme is introduced to
which each skos:Concept is related by required property skos:topConceptOf, indicating that all
introduced domains belong to the same domain classification scheme used specifically within this
data model. It is also assigned a human readable name by required property skos:prefLabel.

Dataset and Source

The data model further represents the data source from which scientific articles were obtained.
This can be any existing collection of articles, e.g., an existing dataset, a database, or a publisher’s
collection. Adding information on source allows to capture the provenance of the data creation.
Explicit modeling of the source further allows to integrate data of different origin, while ensuring
reliability of analyses based on the data.

2Conference publications could be modeled similarly, but were not considered here.
Shttps://www.scimagojr.com/, accessed 16 March 2024.
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Figure 5.3: Excerpt of the data model covering the representation of textual information for software
mentions. The connection to other parts of the data model is given by bibo:AcademicArticle. The connection
to the software entity representation is omitted due to complexity, but is included in Figure 5.5. Optional
properties are highlighted ().

Each article is modeled as part of a dataset by the required property dct:isPartOf relating an
article to a dataset (dct:Dataset). The dataset itself has the required properties of dct:title and
dct:description that provide a human readable identifier and description for the dataset. More-
over, it is modeled whether the dataset was based on an existing dataset by the optional property
prov:wasDerivedFrom indicating the potential source of the original dataset as an Internationalized
Resource Identifier (IRI). The source of a dataset is then represented by type skg:Source to which
datasets relate by the required property dct:source. Same as the dataset, it has a human readable
title through required property dct:title, and a location at which the source can be accessed by
property schema:url relating it to an IRI.

5.2.3 Annotation perspective

Articles are not only viewed as scholarly publications but as text sources containing information
of interest. Therefore, information on software mentions in full-text documents are modeled as
NLP data, with the text being split into sentences and phrases, defined as continuous strings in a
sentence. Phrases are only represented if they refer to a textual entity of interested as introduced
in Section3.1. Moreover, a concept for annotation quality is included to allow the integration
of data from different annotation sources with varying annotation or extraction confidence. The
representation of textual information in the data model is illustrated in Figure 5.3.

Sentences and Phrases

An article (nif:Context) consists of sentences represented as type nif:Sentence and related to their
context by required property nif:broaderContext. Phrases are continuous strings within one sen-
tence and represent either software or associated metadata. They are modeled by type nif:Phrase
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and relate to the sentence containing them by required property nif:sentence. Both, phrases and
sentences, have the required properties nif:beginIndex, nif-endIndex, and nif:anchorOf. The former
two describe the position of the sentence or the phrase within the respective larger context, while
the latter represents the actual string content.

To represent the mention of software metadata in textual documents, all different metadata types
described in Section 3.1 are represented by a newly defined type to semantically separate them. All
defined types are sub-classes (rdfs:subClassOf) of nif: Phrase, as described above, to capture their se-
mantics as phrases appearing in a document, and to inherit the corresponding properties of phrases
in the data model. In detail, the new terms skg:SoftwareMention for mention of software names,
CitationMention for formal citations, skg:AltNameMention for explicit mention of a second alter-
native name, skg:URLMention for URLs, skg:VersionMention for versions, skg:EztentionMention
for meta-versions, skg:LicenseMention for licenses, and skg:DeveloperMention for developers, are
defined. Note that releases are not explicitly modeled and instead represented as versions in this
context. This decision was made because all informally provided release dates identified in SOMEScCI
are date based versions, e.g., “Excel 2003” or “Matlab R2020a”, instead of full dates. All mention
types except the name mention (skg:SoftwareMention) have a required property skg:relatesTo that
relates them to another mention to which they refer. This is semantically modeled by defining both,
the domain (subject) and range (object), of skg:relatesTo as nif:Phrase through rdfs:domain and
rdfs:range. Moreover, software mentions can be related to each other with the optional property
skg:plugInOf describing that one software is dependent on the other software to run, making them
related as Plugln and host-software. As before, this is modeled by defining domain (rdfs:domain )
and range (rdfs:range) of skg:plugInOf as skg:SoftwareMention.

Furthermore, software names (skg:SoftwareMentions) have the required properties of
skg:softwareType and skg:mentionType describing the software and mention types introduced in
Section 3.1.1. The values for both properties are restricted to newly defined types capturing the ex-
act semantics of the allowed software and mention types. In detail, the software type Application is
modeled by skg:Application, Plugln by skg:PlugIn, PE by skg:ProgrammingFEnvironment, and OS by
skg:OperatingSystem. Similarly, the mention type Allusion is represented by skg:Allusion, Usage by
skg:Usage, Creation by skg:Creation, and Deposition by skg:Deposition. Further, the mention repre-
sentation is connected to the citation perspective through citation mentions (skg:CitationMention),
described in Section 5.2.4, and connections to the software entity representation through all other
introduced mentions (e.g., skg:SoftwareMention), described in Section 5.2.5%

Source and Quality

Phrases have metadata further describing how they were annotated or extracted. This information
is crucial as it determines the annotation quality of all extracted information, because it is subject
to errors, regardless if annotated by human or extracted by machine. Detailed modeling of the
annotation process can help users to filter information with a sufficient level of confidence for
specific analyses. It also allows to integrate data from different sources with different levels of trust
into one model.

The annotation information is modeled by type nif:Annotation to which phrases are related by
required property nif:topic. The annotation source has a human readable title and description mod-
eled by required properties dct:title and dct:description, and a property nif:confidence_of_annotation
that reflects the specific quality for the given phrase annotation, e.g., a specific IAA value re-
ported in Section 3.2.3. Moreover, it represents the used annotation method by required prop-

“These connections are not included in Figure 5.3 as they would make the illustration too complex and difficult
to comprehend.
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Figure 5.4: Excerpt of the data model covering the representation of bibliographic information and the
associated properties. The connection to other parts of the data model is given with bibo:AcademicArticle,
skg: CitationMention, and sd:Software. Optional () properties and reification statement confidence ()
and proportions () are highlighted (see Section 5.2.1).

erty skg:annotationMethod which is restricted to the specific introduced types skg:Manual and
skg:Automatic representing manual human annotation and automatic extraction by a machine, re-
spectively. The quality metric for the annotation is indicated by property skg:annotationMetric
restricted to the specific introduced types of skg:Kappa representing Cohen’s k, skg:F1Score repre-
senting the FScore value, and skg:Overlap representing simple percentage overlap (see Section 2.4.2
for details on annotation metrics). Lastly, it has the required properties of skg:validationSize, rep-
resenting the number of data points on which the agreement was calculated as an integer value, to
allow a better estimation of trust in the validation process.

5.2.4 Citation perspective

The data model needs to represent the bibliographic references of scientific articles because they
contribute to software citation practices (see Section 3.3.2). Here, a single entry within the bibli-
ography of an article is referred to as a bibliographic reference, and the in-text reference pointing
towards a bibliographic reference is called a citation. Lastly, the term bibliographic record refers to a
general record describing a specific resource. This means a bibliographic reference and bibliographic
record can refer to the same object, while the former is bound to an article and is an expression of
the latter. This distinction is introduced to model multiple bibliographic records that are related
to one software, e.g., a manual, a direct citation, or software articles, and individually cited in one
or multiple articles. An illustration of how the model represents bibliographic information is given
in Figure5.4.

An article contains a list of bibliographic references, represented by biro:BibliographicReference,
where each entry uniquely identifies a scientific resource. Since the reference information is human
provided information it is subject to uncertainty, which means that it can be incomplete or even
wrong in rare instances. Bibliographic references are related to articles (bibo:AcademicArticle) by
the required property skg:reference Of. They further have two required properties skg:publisherString
describing the content of the reference as a string exactly as provided by the publisher, and
skg:referenceLabel describing the unique citation identifier, referring to the string label used in
publications to connect in-text citation and bibliographic references. Moreover, bibliographic ref-
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1 PMC3293852: Boersma P, Weenink D. Praat: doing phonetics by computer (Version 5.1.04). 2009
2

3 PMC4726623: Boersma P, Weenink D. Praat : Doing phonetics by computer; 2015. Available from:
4 http://www.praat.org.

Listing 20: Examples for two bibliographic references from different articles (PMC3293852 [226],
PMC4726623 [300]) referring to the same bibliographic record, corresponding to the representation of soft-
ware Praat (| ). Note that references for a bibliographic record are aggregated over considered samples.
In the given example, information from external sources could be integrated because Praat is represented in
Wikidata®, however, for software this is in general not possible.

erences have a required property skg:citationType that is introduced to distinguish the different
citation types explained in Section 3.1.4. Each of the citation types is semantically represented by
a newly introduced type: direct software citations by skg:SoftwareReference, software articles by
skg:SoftwareArticle, manuals by skg:SoftwareManual, websites by skg:Software Website, and others
by skg:OtherCitation. Since citation mentions (skg:CitationMention) refer to bibliographic refer-
ences of an article, their representation is modeled by required property its:taldentRef, representing
that the mention is a citation of the bibliographic reference.

A bibliographic record, represented by biro:BibliographicRecord, is the global concept of a biblio-
graphic entry that identifies a specific scientific resource. Here, only bibliographic records referring
to software as a resource are considered”. Bibliographic records are a result of aggregating bib-
liographic references for a specific software as described in Section 5.2.1 taking into account the
citation type of the reference. An example for two different bibliographic references referring to
the same bibliographic record is given in Listing 20. Records have a required property dct:title
capturing a human readable title modified by a confidence (skg:confidenceOf) to express the uncer-
tainty about the real title. They further have optional identifiers associated with them, modified
by proportions (skg:proportionOf ), namely bibo:doi, bibo:pmid, skg:pmcID, skg:semanticscholarID,
and skg:crossrefID (see Section5.2.2). The new optional property skg:isEzpressionOf is defined to
relate bibliographic references to bibliographic records and indicates that the reference is an ex-
pression of a record. The new term had to be introduced to cover this connection as BIRO only
represents the connection through the common resource of reference and record, which is unsuited
as multiple records can exist for one software as described above. Moreover, bibliographic records
have a citation type, same as references, which is not modified by uncertainty because it is taken
into account during aggregation. Lastly, bibliographic records are connected to the representation of
software entities (sd:software, see Section 5.2.5) by property skg:relatedReference, which models that
a record refers to the software. It is modified by a proportion (skg:proportionOf) as this connection
expresses how often the record is referenced for the software.

5.2.5 Software Entity Perspective

The entity perspective models the knowledge about software and its related entities, where a software
corresponds to a real world entity. As outlined in Section 5.2.1 this information is generated by
an aggregation process implemented on top of extracted software mentions, and it is, therefore,
necessary to model uncertainties through reification statements. The data model for software entities
resulting from inference based on software mentions in scientific literature is illustrated in Figure 5.5.

®Other references could be modeled in the same way but are not relevant for the conducted analysis of software
in science.
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Figure 5.5: Excerpt from the overall data model covering the representation of software entities, their
metadata, and the associated properties. The connection to other parts of the data model is given through
all types of mentions, biro:BibliographicReference and biro:BibliographicRecord. Optional () properties and
reification statement confidence () and proportions () are highlighted (see Section 5.2.1).

Software

Software entities are represented by type sd:Software and are referred to by in-text software mentions
(skg:SoftwareMention and skg:AltNameMention), represented by property its:taldentRef relating a
mention to a specific entity. One software can have multiple names referring to it, but it usually
has one developer assigned name that is best suited to identify it. Note that this name can be
subject to change, for instance, through changes in software developer. The name of a software is
represented by required property sd:name and the respective uncertainty regarding it is modeled
by reification with modifier skg:confidenceOf. Moreover, the optional property skg:plugIlnOf (intro-
duced in Section 5.2.3) relates a software to its host-software, another sd:Software, and is modeled
by a reification with skg:confidenceOf because it is a binary relation between two software entities
that can either be true or false.

Software has two optional properties skg:openSource and skg:freeToUse that capture whether
the source code of a software is published and whether the software is free to use for academic
purposes. These aspects have not been discussed before, as they generally cannot be inferred from
software mentions in articles. The information is, however, of interest for analyses and has been
included in prior studies, see Section 2.1. It might be possible to infer the knowledge from stated
licenses, but theses are rarely present in practice, and usually only stated in cases where software
is newly developed. Therefore, it is planned that this information is gathered later on for analyses
either by automatic search and linking to other knowledge bases or through manual efforts.

The type of a software is defined in the same way as for mentions through required property

122



5.3. Formal Validation Model

skg:softwareType with allowed values of skg:Application, skg:Plugln, skq:ProgrammingEnvironment,
and skg:OperatingSystem, representing the defined types. Same as other information, the type
information is aggregated from the mention level information and is, therefore, represented in a
reification statement modified by a skg:confidenceOf as only one type can be true for a software.

Metadata

The developer of a software is represented by sd:Organization, while SDO intends to describe the
software developer as either sd:Organization or sd:Person depending on the specific software. How-
ever, this distinction cannot be made based on the available data because it is not implemented
in the IE pipeline. Licenses are represented by dct:LicenseDocument. Software (sd:Software) is
related to its developer by optional property sd:author and to license by sd:license. The property
is optional because it is possible that no knowledge on the developer or license is given, while both
are modified by a confidence. The developer and license both have a required property dct:title
capturing their names, modified by a confidence, in the same way as the name for a software. Also,
developer mentions (skg:DeveloperMention) and alternative names (skg:AltNameMention) relate to
a developer by its:taldentRef, and license mentions (skg:LicenseMention) and alternative names
(skg:AltNameMention) relate to a license by its:taldentRef as described for software above. For the
remainder of the metadata, their its:taldentRef properties are no longer explicitly described as all
function in the same way and are illustrated in Figure 5.5.

While a specific version of a software is used on mention level, a pool of versions, potentially
covering the entire release history of a software exists on entity level. A specific version is rep-
resented by type sd:Version and a software is related to it by optional property sd:hasVersion.
Since multiple versions of the software can exist the edge is modified by a proportion. The same is
the case for extensions, which describe different meta-versions of a software, for instance, a stan-
dard and professional version. They are represented by type skg:Fxtension and optional property
skg:hasExtension modified by a proportion. Same as license and developer, versions and extensions
also have a title (dct:title) modified by a confidence to express their human readable name as a
string value. Further, URLs are represented by type schema:URL, where a pool of URLs can be
used to identify a software, license, or a software developer. Therefore, the three entities software
(sd:Software), developer (sd:Organization), and license (dct:LicenseDocument) are related to URLs
by optional property schema:url modified by a proportion. Note that formal citations, illustrated
in Figure 5.5, have already been described in Section 5.2.4.

5.3 Formal Validation Model

In the previous section the data model for software in scientific publications was described based
on suited RDF/S vocabulary. However, that does not allow to represent imposed constraints on
the data, concerning optional and required properties, allowed values for properties, and their
cardinality. Therefore, a formal validation model is established in the Shapes Constraint Lan-
guage (SHACL), to explicitly describe these constraints and enable systematic tests of whether
data conforms with them. The W3C has two recommendations that allow to define restrictions on
RDF graphs, the Web Ontolology Language (OWL) and SHACL. However, OWL is intended for
inference extending RDF/S, while SHACL is intended for validation. As the application purpose
here, is explicitly a formal validation of the model, SHACL is selected. Note that Shape Expressions
(ShEx)” can also be used as a validation language for RDF graphs, but is not a W3C recommen-

"https://shex.io/, accessed 25 January 2024.
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1 skg:SoftwareMentionShape

2 a sh:NodeShape ;

3 sh:targetClass skg:SoftwareMention ;

4

5 sh:property [

6 sh:path rdf:type ;

7 sh:hasValue skg:SoftwareMention ;

8 1

9

10 sh:property [

11 sh:path skg:mentionType ;

12 sh:in (

13 skg:Allusion

14 skg:Usage

15 skg:Creation

16 skg:Deposition

17 ) ; sh:minCount 1 ; sh:maxCount 1 ;
18 1

19

20 sh:property [

21 sh:path skg:softwareType ;

22 sh:in (

23 skg:Application

24 skg:Plugln

25 skg:ProgrammingEnvironment

26 skg:0OperatingSystem

27 ) ; sh:minCount 1 ; sh:maxCount 1 ;
28 1

29

30 sh:property [

31 sh:path skg:plugInOf ;

32 sh:hasValue skg:SoftwareMention ; sh:maxCount 1 ;
33 sh:severity sh:Warning ;

34 1

35

36 sh:property [

37 sh:path its:taldentRef ;

38 sh:hasValue sd:Software ; sh:minCount 1 ; sh:maxCount 1 ;
39 ]

Listing 21: Definition of the SHACL sh:SoftwareMentionShape which defines the expected properties for
type skg:SoftwareMention, their allowed scopes, and cardinality.

dation. The defined validation model is formulated as a closed model, not allowing data entries
beyond the explicitly made descriptions. In future extension of this dataset and for integrating
more data the definition can either be extended or set to an open model. Since the model includes
RDF/S definitions, it is important to consider its interaction with the SHACL validation. Here,
the defined SHACL shapes consider the data without triples added by the RDF/S inference step.
The main principles of the SHACL model are illustrated in Listing 21 based on the example of the
formally defined shape of skg:SoftwareMentions, which allows to illustrate several core concepts of
the validation model. The entire validation model is made available with the data publication as
described in Section 7.

The SHACL model excerpt illustrates how required properties can be defined based on the
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rdf:type, which directly states that a software mention has to be of type skg:SoftwareMention. The
definition of the required property is made through determining the cardinality at a fixed value
of 1 (sh:minCount 1 and sh:maxCount 1). The example further illustrates constraints on prop-
erty objects by sh:in, which restricts the scope of the properties mention type (skg:mentionType)
and software type (skg:softwareType) to the newly defined types skg:Application, skg:Usage,
skg:Creation, skg:Deposition and skg:Application, skg:Plugln, skg:ProgrammingEnvironment,
skg:OperatingSystem, respectively. Property skg:plugInOf illustrates an optional property as there
is no required sh:minCount, while it is restricted in cardinality by sh:mazCount because a software
can only be a Plugln to one other software in the scope of a single mention. Furthermore, the sever-
ity of this constraint is set to sh: Warning by sh:severity because the cardinality of this constraint
can be violated by errors in automatically extracted information. Lastly, the definition defines
that a software mention has to be related to exactly one software entity by property its:taldentRef,
defining the relation between mention and entity.

5.4 Knowledge Graph Summary

The manually annotated gold standard dataset of SOMESCI described in Section 3.3 and the ex-
tracted large-scale dataset described in Section 4.8 were integrated into the described data model.
The established KG—named SOFTWAREKG—represents the largest KG of software mentions and
related metadata in scholarly publications covering over 300 M triples, and was upon its publica-
tion the largest dataset of software mentions in scholarly publications®. A summary of the main
resources covered by SOFTWAREKG is given in Table5.1. It contains 11.8 M software mentions of
over 606 k different software automatically extracted from more than 3 M open-access articles from
PMC OA. Moreover, information from PubMedKG was integrated to allow bibliometric analyses,
as described in Section 4.8.1.

As described, SOFTWAREKG represents information about software on the mention and entity
level. On the mention level, it contains information on >9 M metadata mentions aside from software,
e.g., 3,4 M version mentions. Furthermore, it contains 9,8 M properties (e.g., skg:relatesTo) which
relate different mentions. On the entity level, it contains the same metadata disambiguated through
the name, except for software for which the ED approach is described in Section 4.4. This is further
illustrated in Table 5.1, where corresponding types on mention and entity level are listed next to
each other. It should be noted that the manually annotated data of SOMESCI does cover more
information than the automatically extracted data, especially with respect to formal citations,
which were not included in the large-scale analyses as argued in Section 3.5. This is also apparent in
Table 5.1 where the low number of biro:BibliographicRecord results only from manual annotations.

Some information contained in SOFTWAREKG was omitted in Table 5.1 to achieve better read-
ability by limiting the table to the most relevant information for subsequent analyses. Aside the
listed information, SOFTWAREKG does contain 16 nif:Annotation objects representing annotation
quality for data on software mentions (as described above). Moreover, the data is structured into five
datasets (dct:Dataset) capturing the data selection described in Section 3.2.1 and the automatically
extracted data. Currently, there is only one skg:Source for all included datasets which represents
PMC OA. Lastly, it should be noted that only sentences with software mentions were included in
SOFTWAREKG. This decision was made as negative sentences by automatic extraction do not offer
much value for future investigations, but strongly inflate the size of the KG. Manually annotated
negative sentences from SOMESCI were included, as they can be utilized as negative examples for
training ML models.

8Recently, Istrate et al. [128] published a larger dataset which is described in Section 2.1
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Type Frequency ‘ Type Frequency

General Properties
bibo:AcademicArticle 3,215,396 | skg:relatesTo 9,410,482
nif:Sentence 9,011,987 | skg:plugIlnOf 416,120
bibo:Journal 11,075
skg:JournalRank 132,439 | Reification Statement 3,031,272
skos:Concept 338

Mentions Entities
skg:SoftwareMention 11,773,930 sd:Software 606,247
skg:VersionMention 3,437,368 sd:Version 422,114
skg:ExtensionMention 115,167 skg:Extension 22,932
skg:DeveloperMention 2,377,921 sd:Organization 113,230
skg:AltNameMention 320,196
skg:CitationMention 2,180,563 biro:BibliographicReference 1,714,573

biro:BibliographicRecord 415

skg:URLMention 616,445 schema:URL 173,568
skg:LicenseMention 10,104 dct:LicenseDocument 1148
Metadata Overall 9,057,764 Metadata Overall 3,054,227

Table 5.1: Overview of the main resources covered by SOFTWAREKG, integrating SOMESCI and automat-
ically extracted data. Reification statements cover both confidences and proportions; only positive sentences
are included except for SOMESCI; the low amount of biro:BibliographicRecord results only from SOMESCI
as this aspect was not considered in automatic analyses (see Section 3.5).

5.5 Limitations

As described, the KG does only include information from scientific publications, making the only
observable source for information on software the description of authors. This makes the information
subject to uncertainty, which is directly represented by the model. However, especially for rarely
mentioned software inaccuracies might still be present due to the sparse number of extracted mention
contexts. Users of the KG should further be aware that the data model is not built to be exhaustive
regarding software or other covered aspects. Instead it is built to specifically represent how software
is mentioned in scientific articles and omits information about software that cannot be inferred from
this context. Furthermore, it includes only metadata with respect to scientific publications required
for immediate analysis of software in science, but does include identifiers to extend available data
through external sources.

As outlined in Section 5.2.1, the modeling of specific information, e.g., developer, might not
adequately reflect reality for all software. In this regard the data model definition is driven by
the available data because the data is too sparse for more fine-grained modeling. However, it can
be expected that data will always be sparse for mentions of highly specialized scientific software.
Therefore, the defined model might be an overall suited representation. Another approach could be
to model the information in more detail only for software with sufficient sample size, however, this
would lead to inconsistent representations and might lead to problems in large-scale analyses.
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6 | Large-Scale Analysis

The content of this section is based on the following publications:

David Schindler et al. “The role of software in science: a knowledge graph-based analysis of software
mentions in PubMed Central”. In: PeerJ Computer Science 8 (2022), e835. DOIL: 10.7717/peerj-cs.835
[245], covers a large-scale analyses of software mentions in 3.2 M articles of PMC OA.

David Schindler et al. “Software use in retracted papers”. In: Proceedings of ISSI 2023 — the 19th
International Conference of the International Society for Scientometrics and Informetrics. 2023, pp. 411—
414. DOI: 10.5281/zenodo . 8428921 [249], covers a contribution describing the ongoing work on
investigating the relationship between software mentions and article retractions.

David Schindler et al. “Retracted articles use less free and open-source software and cite it worse”. In:
Quantitative Science Studies (2023), pp. 1-23. DoOI: 10.1162/qgss_a_00275 [248], covers an extended
analyses of the relationship between software mentions and article retraction.

As described in Chapter 4 and Chapter 5, an automatic extraction pipeline for mentions of soft-
ware in scientific publications was developed and applied for IE on >3 M publications, with the
extracted information being modeled in the research KG SOFTWAREKG. Based on this informa-
tion a large-scale analysis of software in science was performed, informed by prior analyses (see
Section 2.1.3) and an initial analysis performed on the manually annotated gold standard dataset
SoMEScI, described in Chapter 3. Specifically, the use of software in science, its citation quality,
and the amount of utilized open source software were analyzed, with all aspects being further inves-
tigated regarding changes over time, differences between research domains, and the impact of the
articles and the publishing journals. Moreover, the outlined IE pipeline was used in a specific case
study investigating the relationship between software and article retraction. This study was based
on different underlying data, and serves as further demonstration of how the methods established
in this work can be applied to gain a better understanding on the impact of software on science. In
the following, some base statistics on the publications contained in SOFTWAREKG' are introduced
before the results of the analysis and the case study are described.

6.1 Publication Statistics

As described in Section4.8.1, information from PubMedKG was included in SOFTWAREKG to
integrate information on research domains. Overall, 303 sub-domains corresponding to 27 top-level
domains are distinguished. While all information is represented in SOFTWAREKG, only top-level
domains are utilized in the subsequent analysis to facilitate comparisons and to ensure a sufficiently

1Only automatically extracted information contained in SOFTWAREKG is considered in this chapter.
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Chapter 6. Large-Scale Analysis

Main research domain

Research subcategories (excerpt)

Physics and Astronomy

Chemistry
Social Sciences
Materials Science
Engineering
Economics,
and Finance
Multidisciplinary
Energy

Econometrics

Agricultural and Biologi-
cal Sciences
Environmental Science
Veterinary

Nursing

Decision Sciences

Earth and Planetary Sci-
ences

Pharmacology, Toxicol-
ogy and Pharmaceutics
Mathematics

Computer Science

Biochemistry,  Genetics
and Molecular Biology
Dentistry

Neuroscience

Arts and Humanities
Psychology

Business, Management and
Accounting
Medicine
Immunology and Microbi-

ology
Health Professions

Chemical Engineering

Acoustics and Ultrasonics, Astronomy and Astrophysics, Atomic and Molecular
Physics, and Optics

Analytical Chemistry, Chemistry (miscellaneous), Electrochemistry

Anthropology, Archeology, Communication

Biomaterials, Ceramics and Composites, Electronic

Aerospace Engineering, Architecture, Automotive Engineering

Economics and Econometrics, Economics, Econometrics and Finance (miscella-
neous)

Multidisciplinary

Energy (miscellaneous), Energy Engineering and Power Technology, Fuel Technol-
ogy

Agricultural and Biological Sciences (miscellaneous), Agronomy and Crop Science,
Animal Science and Zoology

Ecological Modeling, Ecology, Environmental Chemistry

Equine, Food Animals, Small Animals

Advanced and Specialized Nursing, Assessment and Diagnosis, Care Planning
Statistics, Probability and Uncertainty, Information Systems and Management
Atmospheric Science, Computers in Earth Sciences, Earth and Planetary Sciences
(miscellaneous)

Drug Discovery, Pharmaceutical Science, Pharmacology

Algebra and Number Theory, Analysis, Applied Mathematics

Artificial Intelligence, Computational Theory and Mathematics, Computer Graph-
ics and Computer-Aided Design

Aging, Biochemistry, Biochemistry

Dentistry (miscellaneous), Oral Surgery, Orthodontics

Behavioral Neuroscience, Biological Psychiatry, Cellular and Molecular Neuro-
science

Archeology (arts and humanities), Arts and Humanities (miscellaneous), Conserva-
tion

Applied Psychology, Clinical Psychology, Developmental and Educational Psychol-
ogy

Accounting, Business and International Management, Business

Anatomy, Anesthesiology and Pain Medicine, Biochemistry (medical)

Applied Microbiology and Biotechnology, Immunology, Immunology and Microbi-
ology (miscellaneous)

Chiropractics, Complementary and Manual Therapy, Health Information Manage-
ment

Bioengineering, Catalysis, Chemical Engineering (miscellaneous)

Table 6.1: Overview of the 27 main research domains and 3 of their sub categories that were used to group
journals. Bold font highlights the abbreviation of the respective research domain used here.

large number of data samples for each domain. An excerpt of how top-level domains relate to
sub-level domains is given in Table 6.1, with the full summary provided in supplementary Table A3.
The table also indicates how domain names were abbreviated in all following analyses.

The distribution of the publication year of all articles contained in SOFTWAREKG is illustrated
in Figure6.1. In the illustration and for all subsequent analyses, articles published before 1990 were
excluded due to low sample number and because they are also less relevant with respect of utilized
scientific software. Moreover, publications from the year 2021 were excluded because only partial
information on this year is available as data was gathered in January. This reduces the number of
articles analyzed in subsequent analyses to 2,929,567 (96%).
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6.1. Publication Statistics

Information on the underlying scientific domain of
publications is available for 2,697,820 (92.1%) arti-
cles. The distribution of articles in the 27 top-level
domains described in Table6.1 is illustrated in Fig-
ure 6.2. As expected from a repository of open-access
articles from Life Sciences, the distribution is skewed
with ~1.9 M articles relating to Medicine, while only
~2 k articles are related to Economics. However, there
is a high relative amount of articles not directly re-
lated to Medicine (819,643, >30%). This includes dis-
ciplines such as Computer Science (=39 k articles) and
Mathematics (=76 k articles), but also Business (~3 k
articles) and Arts and Humanities (=8 k articles).

The articles were published in a total of 11,605
different journals. The distribution of publications
per journal is highly skewed with PLoS ONE contain-
ing 239,962 (8.2%) publications and Scientific Reports
containing 125,673 (4.3%) publications, while other
journals only contribute a single article, e.g., Zygon?.
Information of the underlying journal rank is available
for 1,936,845 (66.1%) of the considered publications.
Moreover, 2,421,571 (82.7%) of the considered articles
have a citation count larger than zero. Articles with a
citation value of zero, on the other hand, were either
not cited yet, or data is missing for them.

Different publication types are represented in the
KG as described in Section 5.2.2. Their distribution
over the largest groups of article types is illustrated in
Figure 6.3, with the remaining types summarized un-
der Other. In general, it has to be assumed that theses
types strongly differ in their purpose, structure, and
in the role of software within them, e.g., Research Ar-
ticles, Letters, and Case Studies are assumed to differ
strongly in these regards. While all types were added
to the KG, peer reviewed articles are the main tar-
get of interest and only these are considered for the
subsequent analyses. Specifically, the types Research
Article and Review Article are considered, which rules
out unwanted influences from strongly differing publi-
cation types with a different prior probability for soft-
ware usage, e.g., Letters. Overall, research (76.8%)
and review (8.3%) articles account for 2,493,869 (85%)
articles covered in the KG. However, these two groups
account for >95% of overall identified software men-
tions. For this group, domain information is avail-
able for 93.3% of articles, journal rank for 67.8%, and
85.9% have a citation count larger than zero.

2020~

2010~

Year

2000-

1990-

200,000
# Articles

400,000

Figure 6.1: Distribution of publication year
over all analyzed articles.
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Figure 6.2: Relative amount of software men-
tions per research domain.
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Figure 6.3: Relative amount of article types
represented in SOFTWAREKG.

*https://onlinelibrary.wiley.com/journal/14679744, accessed 3 February 2024.
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Figure 6.4: Cumulative distribution of software mentions per unique software. Left (bottom) scale gives
the relative values, whereas right (top) scale provides the absolute numbers.

6.2 Results: Analysis of Software Mentions

In this section the main analyses regarding the role of software in science are summarized. First,
aggregated results regarding software mentions in science are presented, investigating the software
distribution, the most used software, and other base statistics. Then the number of software used
and the usage of open source software is investigated along the dimensions of time, article discipline,
journal impact, and article impact. Subsequently, the software citation quality is analyzed regarding
the same variables, before additional aspects of software in science are explored. All analyses
described below only consider the set of 2,493,869 research and review articles published between
1990 and 2020.

6.2.1 Software Mentions

Overall, 10,919,349 mentions of software were identified in the considered set, corresponding to
552,105 unique software entities with 1.25 different spellings and 19.8 mentions on average, after
performing ED. A highly skewed distribution of mentions per software was observed, where about
10% of the software account for about 90% of the software mentions across all articles. Figure 6.4
illustrates this distribution graphically. Table 6.2 provides an overview of the ten most frequent
software, including their absolute and relative number of mentions across all articles. With 517,262
respectively 446,877 mentions, SPSS and R are mentioned most frequently across all articles, where
749 different spellings were observed for SPSS and 69 for R?. The different spellings for SPSS include
common names such as “SPSS” (80.3%), “SPSS Statistics” (10.7%), and “Statistical Package for
the Social Sciences” (3.1%), but also spelling mistakes such as “Statistical Package for the Spcial
[sic] Sciences”. SPSS is applied in twice as many articles as R, which is a notably higher difference
as in absolute mention numbers. Such a difference can also be found between Prism and ImageJ,
with Prism being applied in more articles, while ImageJ has a higher number of overall mentions.

The top ten most used software per research domain are further illustrated in Figure 6.5, from
which domain-specific differences can be observed. Each domain is characterized by a different
distribution of the top ten software, and no domain is consistent with the domain-independent
view (see Table6.2). SPSS (top software for 12/27) and R (7/27) together represent the top

3Spelling variations include Alternative Names identified by the IE pipeline.
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Software Abs. # Mentions  Rel. # Mentions  Abs. # Articles Rel. # Articles  # Spellings

SPSS 517,262 .047 449,806 180 749
R 446,877 .041 225,207 .090 69
Prism 214,225 .020 184,526 .074 23
ImageJ 222,779 .020 141,515 .057 397
Windows 134,267 .012 122,672 .049 14
Stata 139,889 .013 112,511 .045 267
Excel 141,638 .013 111,237 .045 216
SAS 134,045 .012 107,754 .043 390
BLAST 255,865 .023 97,423 .039 943
MATLAB 152,450 .014 85,743 .034 47

Table 6.2: Information about the ten most frequent software mentions across all disciplines together with
their absolute and relative number of mentions, the number of articles that contain at least one mention and
the number of spelling variation that were disambiguated. Note that the number of identified names includes
all literature in SOFTWAREKG and not just Research and Review Articles.

Domain

Rank [l : 2 s« s e 7 8 9 10
.“ 8 10
10
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Energy-
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Earth-
Dentistry -
Decision -
Computer-
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Chemical - 7 —
Business - . . 78] 10
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Arts - 7 108 6

Agricultural -

Software

Figure 6.5: Top ten software per domain. Higher rank within the domain is represented by darker color.
The number on the tile gives the rank within the domain. Software with rank higher than ten, are excluded
from the plot to improve readability. Software are ordered by rank over all domains left to right.

mentioned software in more than 70% of the domains. Prism (2/27) is the top software in Chemistry
and Immunology, while BLAST, FExcel, and ArcGIS (1/27, each) are the top software in Energy,
Economics, and Business, respectively. The software SHELXL, SHELXS, SAINT, and SHELXTL

play a mayor role in Materials, and Physics, taking ranks among 1-5 in both domains. They are
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also present in Chemistry with a lower rank, but are not among the top ten software in any other
field. Several PEs are listed among the top ten software, including R, Python, Java, C, and C++,
most prominent in Mathematics, Engineering, and Decision Sciences. Material Science shows the
least overlap with the general top ten software sharing only the OS Windows and the application
Imaged. Regarding OSs, Windows is frequently mentioned in all research domains, except for Earth
and Planetary Sciences, Energy, and Immunology. The Linuz OS, in contrast, is ranked 5th in
Mathematics, 4th in Decision Sciences, and 9th in Computer Science, respectively.

The usage of specialized software between domains is further illustrated based on statistical
software, which is the most common type of software applied in scientific investigations. A summary
of the most mentioned statistical software in the time from 2008 to 2020 is given in Figure 6.6.
Since the number of mentions increases across all
software in absolute numbers, due to the large in-
crease in covered publications illustrated in Fig-
ure 6.1, the relative number of mentions by the num-
ber of analyzed articles is considered. With respect
to all articles, it can be observed that there are dif-
ferent trends between software, with the number of
SPSS steadily increasing from 2008 to 2016, but
reaching a plateau after 2016. The mention of R
and Prism, on the other hand, has steadily increased
throughout the observed time frame. The plot for
Multidisciplinary articles, which involves more than
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While SPSS is used less frequently in comparison,
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as already observed in Figure 6.5, the use of R has

strongly increased since 2013 with R being the most . , +—
used software since 2017. ‘
It was  further found  that  48.9% 0.05- \‘/’//\'—\\f

(Clg5=[48.8,48.9]) of distinct software used = ) —
000 ke

within articles is available free for research pur- 2008 2012 016 2090
poses and 39.3% (Cly5=[39.2,39.3]) is published Year

under open source licenses, estimated based on the Figure 6.6: Relative number of articles men-
428 distinct software annotated for information tioning the most frequently used statistical
enrichment as described in Section4.8.1. There is software, illustrated across all articles and for
also a strong relation between free and open source the domain of Multidisciplinary research.
software, with all of open source software being also

free, and 71.2% of free software being open source.

6.2.2 Article Level Statistics

On the article level, it was found that 72% (Clg5=[72,0,72,1]) of articles mention software, with
3.93 (Cly5=][3.93,3.93]) distinct software being mentioned on average within them. The number
ranges from 1 software mention in 564,387 articles to a maximum of 225 distinct software mentioned
within a single article. In this particular case, the article performed a review of existing software
tools for mass spectral plant metabolomics [213].

The relative number of articles mentioning software over time is found to increase as illustrated
in Figure 6.7 (top, blue line), with only a small fraction of articles mentioning software before 1997.
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Figure 6.7: Top: Blue: Relative frequency of articles with at least one software mention per year; Green:
Absolute mean frequency of distinct software mentioned per article with at least one software mention per
year. Bottom: Orange: Relative amount of mentioned software that is available free for research purposes
per year; Red: Relative amount of mentioned software with open source code per year. 95% ClIs are provided
in all plots.

In the year 1997, a steep increase in the number of articles with software can be observed from
2.4% (Clg5=[1.88,2.96]) to 18.3% (Cly5=[17.0,19.6]). From 2001 to 2008 another strong increase
can be observed from 23.4% (Clg5=[22.2,24.7]) to 65.6% (Clg5=[65.1,66.2]), which is followed by a
less steep but consistent increase over the remaining time frame up to 76.1% (CI95=[76.0,76.2]) in
2020. From 2005 more than 50% of the articles contain at least one software. The average number
of distinct software within these articles is further illustrated in Figure 6.7 (top, green line). Due
to the low sample number before 1997, the estimation of mean software frequencies per article is
less reliable in this time, which is reflected by the provided Cls. In the time from 1997 to 2007
the number of software used per article doubles from a value of 1.87 (Clgs=[1.76,1.98]) up to
4.08 (Clg5=[4.05,4.12]), with the frequency remaining at a similar level of ~4 till 2020. Figure6.7
(bottom) further illustrates the amount of mentioned software available for free for research purposes
(orange) and published open source (red). As above, it can be observed from the CIs that there
is a high uncertainty in results before 1997. Afterwards, an increase is observed for the use of
free software (orange) from 29.4% (Clg5=[26.1,32.7]) in 2000 to 59.9% (CI95=[59.4,60.3]) in 2008,
followed by a decline down to 45.1% (Clg5=[44.9,45.3]) in 2014 and a slight, continuous increase
since then back up to 51.1% (Clyg5=[51.0,51.2]) in 2020. Regarding open source software (red),
an increase can be observed from 26.6% (Clgs=[23.1,30.1]) to 40.6% (Clg5=[39.8,41.4]) between
1999 to 2006, also followed by a decline to 29.3% (Clg5=[29.0,29.8]) till 2008. Since then, a steady
increase can be observed for the remaining time frame up to 43% (Cly5=[42.8,43.1]) in 2020. In
the time from 2008 to 2011 a notable difference can be observed between the number of software
available for free and published open source. This effect can be attributed to a high number of
software mentions for the software toolchain around SHFELX, identified in Figure 6.5, which was
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Figure 6.8: Top: Blue: Relative frequency of articles with at least one software mention per research
domain; Green: Absolute mean frequency of distinct software mentioned per article with at least one software
mention per research domain. Bottom: Orange: Relative amount of mentioned software that is available
free for research purposes per research domain; Red: Relative amount of mentioned software with open source
code per research domain. 95% Cls are provided in all plots.

most popular in that time frame, because all of these tools are free but their source code is not
publicly available. Similar effects were also found in the following analyses regarding disciplines and
journal impact.

When looking at the relative amount of articles with software per research domain, notable dif-
ferences between the individual domains can be observed. Figure 6.8 (top, blue line) illustrates these
differences graphically. While in Chemistry and Energy only respective 36.6% (CIg5=[36.4,36.7])
and 37.5% (Cly5=[36.3,38.8]) of articles contain software mentions, 78.3% (CI95=[78.1,78.5]) and
79% (Clg5=[78.8,79.1]) of articles mention software in the domains of Agricultural and Biological
Sciences and Multidisciplinary Science, respectively. The number of different software per article
shows a strong discrepancy for some domains (Figure 6.8, top, green line). The domains of Com-
puter Science, Decision Sciences, and Mathematics have a notably higher number of distinct software
mentions per article compared to all other domains with respective values of 7.8 (CIg5=[7.78,7.83]),
8.06 (Clg5=(7.84,8.28]), and 8.44 (Clyg5=[8.41,8.48]). The lowest value on the other hand is ob-
served in Economics with 1.85 (Clyg5=[1.76,1.95]) software per article. Furthermore, Figure 6.8
(bottom) illustrates differences in the use of free and open source software between domains. No-
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Figure 6.9: Top: Blue: Relative frequency of articles with at least one software mention per ventile of
journal rank; Green: Absolute mean frequency of distinct software mentioned per article with at least one
software mention per ventile of journal rank. Bottom: Orange: Relative amount of mentioned software
that is available free for research purposes per ventile of journal rank; Red: Relative amount of mentioned
software with open source code per ventile of journal rank. 95% Cls are provided in all plots.

tably, the domains with the highest number of software per article, also show a high use in both
free and open source software, e.g., Mathematics with ratios of 78.5% (Clg5=[78.2,78.8]) and 67.1%
(Clg5=[66.8,67.5]), respectively. Another notable effect regards the domains of Physics, Materials
Science, and Chemistry, where a particularly high difference is present between the number of free
and open source software, with values of 70.1% (Cl95=[69.9,70.3]) to 28.4% (Cly5=[28.2,28.6])
in Physics, 72.5% (Clg5=[72.3,72.7]) to 11.3% (Clg5=[11.1,11.4]) in Material Science, and 63.1%
(Cly5=[62.9,63.3]) to 30.3% (C'lI95=[30.1,30.5]) in Chemistry. This discrepancy is due to the soft-
ware toolchain around SHEL X, which is mainly applied in these domains as illustrated in Figure 6.5.

Further the relation between the amount of software mentions and the bibliographic measures of
journal rank and citation count per year were investigated. Figure 6.9 (top) illustrates the ventiles
(20-quantiles) of the journal rank, grouped by domain to prevent domain specific biases due to
higher journal ranks. In detail, the journals were distributed according to their rank ventiles for
each domain and the resulting ventiles were then merged across all domains. Further, the ventiles are
calculated on a yearly basis because journal ranks are also calculated on a yearly basis. Ventiles are
chosen because they allow an assessment of fine-grained trends, while also achieving an aggregation
over multiple journals, which is argued to lead to more reliable results. Following this approach
PLoS ONE is ranked in the 13th ventile from 2017 to 2020, while Nature is ranked in the highest
ventile (20th) since 2012, with an example of a journal in the lowest ventile discussed below. A
similar approach was chosen for summarizing the articles via citation count ventiles on a yearly
basis, illustrated in Figure 6.10.

When considering the journal rank, it was found that 75.4% (Clgs=[75.0,75.8]) of the articles
on the lowest rank contain software mentions, followed by a strong decrease for the next two
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Figure 6.10: Top: Blue: Relative frequency of articles with at least one software mention per ventile of
citation count; Green: Absolute mean frequency of distinct software mentioned per article with at least one
software mention per ventile of citation count. Bottom: Orange: Relative amount of mentioned software
that is available free for research purposes per ventile of citation count; Red: Relative amount of mentioned
software with open source code per ventile of citation count. 95% CIs are provided in all plots.

ventiles to a value of 56.2% (Clg5=[55.7,56.8]) (Figure6.9, top, blue line). For the remaining
ventiles an increasing trend up to ~80% for higher journal ranks could be observed with the highest
value at ventile 13 with a value of 81.6% (CIyg5=[81.3,81.8]). The number of software per articles
is overall similar, consisting of an initial high point of 4.35 (Clgs=[4.33,4.37]), a short decline
to 2.2 (Clgs=[2.17,2.22]) at ventile three, followed by an increase as the rank rises with a final
high point at the highest ventile with a value of 6.34 (Clg5=[6.33,6.35]) (Figure6.9, top, green
line). Regarding the relative amount of free and open source software the results are illustrated
in Figure6.9 (bottom). For both free and open source software, a steady increase in mention
frequency can be observed as the journal rank increases. For free software the value increases
from 12.1% (Clg5=[11.7,12.4]) to 61.6% (CI95=[61.5,61.8]) from ventile three to 20 and for open
source from 9.8% (Cly5=[9.6,10.0]) to 52.6% (Clys=[52.5,52.8]) from ventile one to 20. Notably,
in the lowest two ventiles there is a strong discrepancy between free and open source software,
e.g., at ventile one 75.7% (Clyo5=[75.4,75.9]) of software are found to be free in comparison to
the 9.8% of aforementioned open source software. Same as above, this difference is caused by the
software toolchain around SHELX. The lowest ventile, for instance, comprises the journal Acta
Crystallographica Section E with almost 20k (62.3% of the 1st ventile) publications set in the
domains of Chemistry, Materials Science, and Physics and Astronomy, in which a high number of
publications utilize the SHELX toolchain.

With respect to the citation count (Figure6.10) only small differences in the amount of arti-
cles using software can be observed between ventiles (top, blue line). A small drop is present at
both edges at the lowest and highest ventiles with values of 64.2% (Cly5=[63.9,64.5]) and 66.5%
(Clg5=[66.2,66.8]) for the 1st ventile and the 20th ventile, respectively, while the maximum is
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reached at the 11th ventile with a value of 76.5% (Clg5=[76.2,76.8]). The number of distinct soft-
ware per article, however, increases with citation count from a minimum of 3.31 (Clg5=[3.29, 3.32])
at the 1st ventile up to the maximum of 5.87 (Clg5=[5.85,5.89]) at the highest ventile. Regarding
free and open source software (bottom), there is a slight change in the ratio of free software (orange)
from 47.8% (Clgs=[47.5,48.0]) at the lowest ventile to 59.7% (CIg5=[59.5,59.9]) at the highest, with
the strongest increase in the highest three ventiles. For open source software (red) a similar but
trend can be observed, particularly at the edges with a higher ratio of open source software at higher
journal ranks from 32.9% (Cly5=[32.7,33.1]) at the 1st ventile to 50.8% (Cly5=[50.6,51.0]) at the
highest ventile.

Since the results presented in Figure 6.8 indi-
cated a relation between the number of software
mentioned in an article and the ratio of free and
open source software used, this relationship is fur-
ther illustrated in Figure6.11. The results show
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search purposes by number of software men-

Finally, four regression models were used to fur- ; K ;
tioned per article; Red: Relative amount of

ther assess and quantify the relation between soft- . -
. . i mentioned software with open source code by

ware mentions and the article metadata examined number of software mentioned per article. 95%
above. The first model is a logistic regression fitted CIs are provided.
to predict the binary target of whether an article is
mentioning software based on the covariates of pub-
lication year, scientific domain, journal rank, and citation count. As before, journal rank and citation
count are modeled in ventiles, while individual domains are provided as binary features, and the
year as a discrete number. The full results for the fitted regression are available in supplementary
Table A4, with effect sizes provided as odds-ratios (ORs). The results show that the year has
significant positive influence with OR=1.091 (ClIg5=[1.090,1.092]) for each year®. Further, almost
all domains were found to have a significant influence, e.g., Computer Science articles were found
to be more likely to mention software with OR=1.729 (CIg5=[1.672,1.788]). The journal rank also
has a positive influence with OR=1.048 (Clg5=[1.047,1.048]) per additional ventile. The citation
rank, on the other hand, has a small negative impact with O R=.985 (C'I95=][.985, .986]) per ventile.

The second model was used to predict the number of software mentioned per article containing
software. Due to the count based target variable, a Poisson regression is used for this model. Based
on the methodology described by Gelman and Hill [90] it was initially tested whether the variance
equals the mean, to assess if the underlying assumption for the Poisson regression holds true [292].
Since overdispersion was detected, i.e, a higher variance as assumed by the model, a quasi-likelihood

4The provided OR values are significant, when the provided confidence interval does not include 1.
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estimation was performed, which includes an estimation of a dispersion parameter. The full results
are available in supplementary Table A5. The results also show a significant positive influence of
the publication year, with OR=1.027 (Clg5=[1.026,1.028]) for the number of software with each
year. Moreover, all disciplines have significant influence, e.g., Computer Science with OR=2.394
(Clg5=[2.362,2.428]). The journal rank also has a significant positive influence with OR=1.034
(Clg5=[1.034,1.035]) per ventile, while the citation count also has a positive but small influence
with OR=1.009 (ClI95=[1.009,1.010]) per ventile.

Furthermore, two logistic regression models were used to predict the binary targets of whether
software is freely available and open source. The same covariates as before were considered, with
the addition of the number of software contained in an article as a discrete numerical input. The
full results are available in supplementary Table A6 for free software and in Table A7 for open source
software. In both cases the number of software mentioned in an article has an influence with strong
effect sizes of OR=1.347 (Clyg5=[1.345,1.349]) (free) and OR=1.223 (Cly5=[1.222,1.225]) (open
source) with every additional software mentioned. The influence of the year is small for free software
with OR=1.008 (CIy5=[1.007,1.008]), and slightly higher for open source software with O R=1.023
(Clg5=[1.022,1.023]) per year. Further, almost all domains have significant influence on both
free and open source software. The journal rank has a positive effect in both cases with OR=1.03
(Clg5=[1.030,1.031]) (free) and OR=1.047 (CI95=][1.046,1.048]) (open source) per ventile, while the
citation count has a small negative influence with OR=.992 (CIy5=[.991, .992]) (free) and O R=.995
(CIg5=[.995,.996]) (open source) per ventile.

6.2.3 Software Citation Completeness

Considering articles containing software mentions, it was analyzed whether the metadata necessary
to identify particular software was provided within an article. For each distinct software per an
article, which might be mentioned multiple times, it was analyzed whether the used version, its
developer, a corresponding URL, and a formal citation were provided. In total, a version was
provided for 39.5% (CIy5=[39.5,39.6]) of software and the developer for 28.5% (Clg5=[28.5,28.5]).
Further, software was formally cited in 24.8% (Clg5=[24.8,24.9]) of cases and a URL provided for
7.4% (Clgs=[7.4,7.4]).

Same as in Section 3.3, the results are further summarized regarding identifiability of the software
itself, developer attribution, and the identification of the used codebase. In the following, software
is considered as precisely identifiable when the developer is provided additionally to the name, or
when it is formally cited, while proper attribution is considered as given in the same cases. These
definitions are made based on the findings of Section 3.3, which showed that developer information
is commonly present in formal citations, while attribution is also provided through the citation.
Further, software is additionally considered as uncertain identifiable when only an URL is provided
as argued in Section 3.3, because URLs are often not persistent and might not identify the correct
target. Lastly, the codebase is considered as identifiable when the version (or release) was provided
and the software itself is identifiable. Here, formal citations are not considered as sufficient because
the results of Section 3.3 showed that a majority of formal citations points to references that do
not include version numbers (69.6% software articles). Moreover, version numbers are also not
consistently present in the remaining citation formats (64.9% in direct software citations). Overall,
precise identification and attribution is possible in 51.3% (ClIgs=[51.3,51.3]) of software mentions,
while an uncertain identification is given in 56.8% (CI95=[56.8,56.8]), and the codebase can be
identified in 25.4% (Clg5=[25.4,25.5]) of mentions. As discussed in Section 3.3, these are theoretic
criteria and more software might be identifiable based on the name and context alone, however, the
information is in general required for identification due to known ambiguities and legacy software
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Figure 6.12: Top: relative amount of provided metadata (version, developer, formal citation, and URL)
for software mentioned in articles per year. Bottom: relative amount of identifiable software in terms of
software itself (and developer attribution) and codebase identification per year. Software identification is
split between precise identification and uncertain identification, which does consider identification by only a
provided URL. 95% ClIs are provided in both plots.

for which limited information is available.

Figure6.12 depicts the completeness of software mentions per year. As in previous results, a
high uncertainty in metadata completeness (Figure 6.12, top) can be observed before 1997, and all
metadata is found to be at a low level in this period, with URLs being almost never provided.
The amount of provided versions stays consistent at a value of around 25% in the interval between
1997 and 2006, after which a positive trend from 26.6% (Cly5=[25.8,27.3]) in 2006 up to 41%
(Clg5=[40.9,41.1]) in 2020 is observed. From 1997 to 2000 there is a peak in mention of developers
with values of more than 50%, e.g., 53.2% (Cly5=[50.2,56.2]) in 1997, followed by a decline down
to 23.3% (Clg5=[22.8,23.7]) in 2006. From 2006 there is a brief increase of provided developers
up to 34.4% (Clgs=[34.1,34.7]) in 2008, followed by a steady decline for the remaining time down
to 25.7% (Clyg5=[25.6,25.8]) in 2020. For formal citations a rise can be observed from 10.5%
(Clg5=[8.7,12.3]) in 1997 up to 31.4% (Cly5=[30.9,31.8]) in 2006, which is followed by a brief
decline down to 24.8% (Clg5=[24.6,25.1]) in 2009. For the remaining time the amount of formal
citations stays at a plateau at about 25%. The amount of URLs is generally at a low level, with an
initial increase between 1997 and 2005 from .5% (CIgs=[.1,1.0]) to the overall maximum value of
8.1% (Clg5=[7.8,8.4]), after which the values stay at a plateau below 8%. Regarding identifiability
(Figure 6.12, bottom), the values are also at a low level before 1997. From 1996 to 1997 the
values increase from 31.6% (Clo5=[25.8,37.4])° to 59.5% (Clg5=[56.6,62.4]) due to the peak in
developer mentions, and stay at a high level of 58.5% (Cly5=[58.2,58.8]) till 2008 due to the
increased number of formal citations. From 2009, there is a decline for the remaining time frame

SPrecise values are provided, while uncertain values show similar results.
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Figure 6.13: Top: relative amount of provided metadata (version, developer, formal citation, and URL)
for software mentioned in articles per domain. Bottom: relative amount of identifiable software in terms of
software itself (and developer attribution) and codebase identification per domain. Software identification is
split between precise identification and uncertain identification, which does consider identification by only a
provided URL. 95% ClIs are provided in both plots.

down to 47.5% (Clgs=[47.4,47.5]) in 2020. For codebase identification there is an initial increase
from 6% (Clg5=][3.1,8.9]) to 15.3% (Clg5=[13.1,17.4]) in 1997, followed by a plateau around 17%
up to 2006. Then a brief increase occurs to 26.1% (Clgs=[25.8,26.4]) in 2008, followed by another
plateau around 26% for the remaining time frame. Even so version completeness rises after 2008,
the decreasing software identification leads to the overall plateau in codebase identification.
Figure 6.13 illustrates the amount of information provided per software over different research
domains. Overall, there are strong differences in provided metadata between domains (Figure 6.13,
top), and two inverse trends can be observed. Some domains such as Health Science, Nursing, Den-
tistry, and Materials Science provide comparatively high numbers of developers and versions, but low
numbers of formal citations. In Nursing, for instance, versions are provided with an amount of 59.7%
(Clg5=[59.3,60.0]) and developers with 45.7% (Clg5=[45.3,46.1]) but formal citations with only
9.6% (Clg5=[9.4,9.9]). On the other hand, there are domains with a comparatively high number of
formal citations which provide notably fewer developer and version metadata such as Computer Sci-
ence, Decision Science, and Mathematics, e.g., in Mathematics 15.8% (Clg5=[15.6, 15.9]) of software
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Figure 6.14: Top: relative amount of provided metadata (version, developer, formal citation, and URL)
for software mentioned in articles per journal rank ventile. Bottom: relative amount of identifiable software
in terms of software itself (and developer attribution) and codebase identification per journal rank ventile.
Software identification is split between precise identification and uncertain identification, which does consider
identification by only a provided URL. 95% ClIs are provided in both plots.

are mentioned with a version, 5.8% (Clgs=[5.7,5.9]) with developer, and 40.4% (CI95=[40.2,40.6])
are formally cited. Interestingly, this overlaps with domains mentioning a high number of software
as observed from Figure 6.7. The same trends also influence the identifiability. Where citation and
developer mention practice partially balance each other out with respect to overall identifiability
and attribution, the differences are high regarding codebase identification, e.g., in Decision Sciences
only 5.5% (Clg5=[4.9,6.1]) of codebases are identifiable, while 46.8% (CIy5=[46.6,47.0]) are iden-
tifiable in Materials Sciences. Regarding URLs there is some variation between domains, but the
values are generally at a low level.

With respect to journal rank, a slight negative correlation between the rank ventile and the
amount of provided versions and developer metadata can be observed, with maximum values of
63.7% (Cly5=[63.4,63.9]) for version and 68.8% (Clg5=[68.5,69.0]) for developer at the 1st ventile
and minimum values of 28.1% (CI95=[28.0,28.2]) and 20.7% (CI95=[20.6,20.8]) at the highest
(20th) ventile. Figure6.14 (top) illustrates these relations graphically. In turn, a small positive
correlation is found between the ventile and the provided formal citations, with the minimum value
of 11.3% (Cly5=[11.0, 11.6]) at the 2nd ventile and the maximum of 33.2% (CIy5=[33.1, 33.3]) at the
20th ventile. In low ventiles there is also a small increase in provided URL which stays at a plateau
below 10% beyond the 5th ventile. With respect to identifiability (Figure 6.14, bottom) an initial
decrease is observed in low journal ranks with values plateauing from the 5th to 20th ventile around
a value of 50% and 55% for precise and uncertain identification. Codebase identification, behaves
similarly in low ventiles, but notably decreases beyond the 12th ventile from 28% (CIg5=[27.8,28.2])
to 17.5% (Clg5=[17.4,17.6]) at the highest ventile.
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Figure 6.15: Top: relative amount of provided metadata (version, developer, formal citation, and URL) for
software mentioned in articles per citation count ventile. Bottom: relative amount of identifiable software
in terms of software itself (and developer attribution) and codebase identification per citation count ventile.
Software identification is split between precise identification and uncertain identification, which does consider
identification by only a provided URL. 95% ClIs are provided in both plots.

Considering the citation rank depicted in Figure6.15 (top), differences in provided metadata
can mostly be observed in higher ventiles. Regarding version and developer the numbers plateaus
for the first 14 ventiles, and start to drop afterwards from values of 39.1% (Cly5=[38.9,39.2]) and
29% (CI95=[28.9,29.2]) down to 30.1% (Cl95=[29.9,30.2]) and 20.8% (CIy5=[20.7,20.9]) at the
last ventile. An inverse trend is present for formal citations from 25.2% (Clg5=[25.1,25.3]) at the
13th ventile up to 30.7% (Clg5=[30.6,30.9]) at the 20th. For URLs there is almost no difference
with all values in a range between 6.2% (Clgs=[6.1,6.3]) and 8.9% (Cly5=[8.8,9.0]) at the 1Ist
and 20th ventiles, respectively. Regarding identification (Figure 6.15, bottom), no difference in
software identification and developer attribution is present throughout the ventiles, while codebase
identification follows version completeness, dropping from 25.2% (Clg5=[25.1,25.4]) at the 14th
ventile to 18.4% (Clgs=[18.3,18.5]) at the 20th ventile.

The relation between software availability and provided metadata is illustrated in Figure 6.16,
with software divided in three categories based on availability. The set comm-closed entails commer-
cial software that is not freely available with closed source code; the set free-closed entails software
that is freely available but has closed source code; and free-open describes freely available software
with open source code. It is found that provided metadata strongly differs between these groups.
The mention of both versions and developers is most common in set comm-closed with values of
64.8% (Clg5=[64.8,64.9]) and 59.1% (Cl95=[59.0,59.2]) for version and developer, respectively.
The values decrease to 48.4% (Clg5=[48.2,48.6]) and 30.5% (CI95=[30.4,30.7]) for free-closed, and
even further down to 37.1% (Clg5=[37.0,37.2]) and 14.5% (Clgs=[14.4,14.5]) for free-open. An
inverse trend is present for formal citations where the values increase from 4.8% (Clg5=[4.8,4.9]) in
comm-closed to 32.4% (Clg5=[32.3,32.6]) in free-closed, and 35.1% (Clg5=[35.0,35.2]) in free-open.
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Figure 6.16: Top: relative amount of pro-
vided metadata (version, developer, formal ci-
tation, and URL) for software mentioned in
articles in dependence of software availability.
Bottom: relative amount of identifiable soft-
ware in terms of software itself (and devel-
oper attribution) and codebase identification in
dependence of software availability. Software
identification is split between precise identifi-
cation and uncertain identification, which does
consider identification by only a provided URL.
95% Cls are provided in both plots.

URLs are also more commonly provided for free
software with 1.8% (CIg5=[1.8,1.8]) in comm-closed
compared to 13.1% (Cly5=[13.0,13.2]) in free-closed
and 9.6% (Clg5=[9.5,9.6]) in free-open. Regard-
ing identification, comm-closed software allows for
the best identification of 62.9% (Cly5=[62.9,63.0])
compared to 60% (Clg5=[59.8,60.1]) for free-closed
and 46.3% (Clg5=[46.2,46.4]) for free-open. This
is due to the high number of developers provided
in comm-closed, while the margin is reduced by the
higher number of formal citation in free software.
However, codebase identification notably decreases
from 46% (Clg5=[45.9,46.0]) in comm-closed over
36.5% (Clg5=[36.3,36.7]) in free-closed to 21.7%
(Clg5=[21.7,21.8]) in free-open.

Finally, four equal regression models were used
to further assess and quantify the relation between
the available prior knowledge on scientific articles
examined above, and the amount of provided soft-
ware metadata of version, developer, formal cita-
tion, and URL. All models are fitted as logistic re-
gressions to predict the binary target of whether a
specific software metadata item was provided in an
article. The considered covariates include the arti-
cle’s publication year, its scientific domain, journal
rank, and citation count. As before, journal rank
and citation count are modeled in ventiles, while in-
dividual domains are provided as binary features,
and the year as a discrete number. Furthermore,
the number of software contained in the article is in-
cluded as a numerical feature, and the information
whether a software is freely available, and whether
its source code is available are coded as two sep-
arate binary features. The full results for the fit-
ted regression models are available in the Appendix,
while effect sizes are provided as odds-ratios (ORs)
below. Regarding the version (see supplementary
Table A8), the results show a significant and consid-
erable positive influence of the year with O R=1.047
(CI95=[1.046,1.048]) per year.

Further, the publishing domains were found to have a significant influence with strong vari-
ations between domains. The journal rank has a significant negative influence with OR=.967
(Clg5=[.967,.968]) per ventile, while another negative influence of the citation count is found but
at a negligible effect size of OR=.997 (Cly5=[.997,.998]) per ventile. The availability of the soft-
ware has a high influence on whether version numbers, wither fewer version being provided with
OR=.444 (Cly5=].439, .448]) for free software and OR=.822 (CIg5=[.814,.831]) for software which
is also open source. Regarding developer mentions (see supplementary Table A9) an influence of
the year can be identified with an OR=1.019 (Cly3=[1.018,1.02]) per year, while domains are iden-
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Allusion Creation Deposition Usage Overall
Application 13.9 1.9 .6 68.7 85.0
(ON] 3 0 0 1.7 1.9
Plugln .5 1 0 5.1 5.9
PE 4 0 0 6.8 7.2
Overall 15.1 2.0 .6 82.3 100.0

Table 6.3: Overview of the relative frequency of software and mention types as well as their combinations
over all software mentions. Note that overall numbers do not necessarily sum to 100 due to rounding.

tified to also influence developer mentions in arbitrary directions based on the discipline. Small of
even negligible positive effects are identified for the citation count and journal rank with O R=1.008
(CI95=[1.007,1.008]) and OR=1.004 (Clg5=[1.003,1.004]) per ventile, respectively. Strong effects
can be observed with respect to software availability, with developer being mentioned significantly
less for free software at a value of OR=.165 (CIg5=[.163,.167]), and for software that is additionally
open source with OR=.835 (C'Ig5=[.824, .847]).

Formal citations (see supplementary Table A10) are negatively influenced by publication year
with an OR=.968 (Clg5=[.967,.969]) per year, and further significantly influenced by most publish-
ing domains in arbitrary directions. Further, the journal rank is found to have a positive influence
at OR=1.029 (Clg5=[1.028,1.03]) per ventile, while the citation count is found to have a small
negative influence with OR=.987 (Clg5=[.987,.988]) per ventile. This is suggested differently by
Figure 6.15, which shows a small but positive trend. A strong effect can be observed with respect to
freely available software with significantly more formal citations being provided with OR=10.072
(CI95=[9.943,10.202]). The results further show that software which is also open source received
fewer formal citations by OR=.777 (Cly5=[.768,.785]). Lastly, for URLs (see supplementary Ta-
ble A11) the most notable effect results again from free software which positively influences the
mention of URLs at a value of OR=12.537 (C'I95=[12.296,12.783]). Similarly, software that is also
open source receives fewer URL mentions with OR=.529 (CIg5=[.521,.536]).

6.2.4 Types of Software Mention

For each software mention, SOFTWAREKG contains information about the mention type and the
software type. Overall, the most frequently mentioned type of software in the analyzed set of
articles is Application with 85.0%, followed by PE with 7.2%, Plugln with 5.9%, and OS with
1.9% of the mentions. The distribution is different considering disambiguated software, where
89.0% of software were found to be Applications, 10.3% PlugIns, .4% PEs, and .3% OSs. With
respect to the type of mention, it was observed that most mentions of software reflect Usage with
82.3%, whereas 15.1% represent Allusion, while only 2% and .6% of the software mentions represent
Creation and Deposition, respectively. Table 6.3 gives a fine-grained overview of the relation between
mention type and software type. It was found that the mention type Usage is prevalent over
all software types and the software type Application over all mention types. Furthermore, the
relative frequency for both Creation and Deposition is zero for OSs and PFEs. When looking into
domain specific differences, it can be observed that Decision Science (45.8%), Mathematics (52.6%),
Computer Science (54.7%), and Engineering (56.4%) have the lowest share of Usage statements,
while disciplines such as Energy (91.8%), Materials Science (92.9%), Nursing (93.6%), Dentistry
(94.5%), and Veterinary (95.8%) have the highest share of Usage statements. The opposite trend
can be observed for software Allusion, starting with Veterinary (3.7%) and ending with Decision
Science (45.4%). Creation statements have the highest proportion in Decision Science with 6.8%
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Software # Plugln  # Articles Top five Pluglns including relative amount of mentions

R 22,031 228,581 Bioconductor (5%), gegplot 2 (3.7%), lme 4 (3.4%), vegan (2.6%), DESeq 2
(2.4%)

MATLAB 4567 17,748  Psychophysics Toolbox (6.9%), Psychtoolbox (6.1%), Statistics Toolbox
(3.8%), Image Processing Toolbox (2.7%), Neural Network Toolbox (1.4%)

Python 3320 11,372 scikit - learn (11.6%), SciPy (4.7%), TensorFlow (3.6%), NumPy (2.6%), scipy
(2.4%)

python 1503 3411  scikit - learn (9.9%), scipy (4.3%), numpy (3.1%), matplotlib (2.9%), sklearn
(2.7%)

ImageJ 1283 9173  Fiji (38.6%), NeuronJ (3.2%), Cell Counter (3.1%), MTrack] (2.3%),
Analyze Particles (1.8%)

Stata 804 2014 metan (6.3%), runmlwin (3.3%), mvmeta (2.1%), Image Composite Editor
(2%), metareg (1.9%)

Perl 787 1037 MISA (3.8%), speaks - NONMEM (2.7%), DynamicTrim (1.3%), NONMEM
(1.2%), Bioconductor (1.2%)

Excel 643 1735 XLSTAT (18.5%), nSolver (4.3%), Microsatellite Toolkit (2.9%),
Analysis ToolPak (2.1%), @ Risk (2%)

Cytoscape 561 5092 ClueGO (13.3%), MCODE (11.6%), NetworkAnalyzer (8%), BINGO (7.5%),
Enrichment Map (6%)

SPM 529 2424 DARTEL (17.1%), MarsBaR (10%), Marsbar (3.1%), DPARSF (2.8%), CONN
(2.8%)

Table 6.4: Most frequent host-software, i.e., mentioned together with a Plugln, in combination with the
most frequently used Pluglns for each of them. +# Plugln: distinct, disambiguated Pluglns; # Mentions:
number of distinct mentions of the host-software with a PlugIn in articles.

of mentions, followed by Mathematics with 6%, Engineering (5.4%), and Computer Science (5.4%).
In Veterinary and Dentistry only .4% and .3% are Creation statements. Decision Sciences (2.0%),
Mathematics (1.6%) and Computer Science (1.4%) have the highest share of Deposition statements,
in contrast, less than .1% of software mentions are Deposition statements in Materials Science,
Veterinary, and Dentistry.

The software type Plugln plays a special role, as it can only be used together with another
software, requiring the mention of both, the host-software and the Plugln. Table6.4 lists the top
ten host-software together with the number of Pluglns identified for this software, the overall amount
of PlugIn mentions for the software, and its top five PlugIns. R was found to be by far the software
with most Pluglns (22,031 distinct Pluglns), followed by MATLAB and Python. Bioconductor,
DESeq?2, ggplot2, Ime/, and limma were identified as most frequently mentioned Pluglns for R,
covering 17.1% of overall mentions of R in combination with a PlugIn. Note that the two different
spellings “Python” and “python” listed in Table 6.4 were not linked together but reflect a similar
distribution of Pluglns.

Software Creation and Deposition

Software Usage and Deposition statements are often accompanied by URLs to provide a location
to access a software and make it findable for the scientific community. Table 6.5 shows the most
common domains of URLs mentioned in combination with software Usage and software Depositions.
Usage domains (right) correspond to specific software, for instance, blast.ncbi.nlm.nih.gov or
r-project.org for BLAST and R, but also to software repositories such as Github and specific
software package repositories such as CRAN. For Depositions (left) it was found that most of the
URLSs point to source code and software repositories. Github (github.com) is the most frequent
domain with 14% of overall URLs, but other public repositories such as SourceForge, BitBucket or
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Deposition ‘ Usage
URL Absolute Relative ‘ URL Absolute Relative
github.com 7956 12.2 | github.com 23,232 4.5
journals.plos.org 5265 8.1 | ncbi.nlm.nih.gov 16,966 3.3
plosone.org 986 1.5 | r-project.org 12,712 2.5
sourceforge.net 865 1.3 | ebi.ac.uk 9813 1.9
cran.r-project.org 674 1.0 | blast.ncbi.nlm.nih.gov 8310 1.6
bioconductor.org 612 1.0 | pacev2.apexcovantage.com 7258 14
ncbi.nlm.nih.gov 504 .8 | cbs.dtu.dk 6324 1.2
ebi.ac.uk 501 .8 | cran.r-project.org 6232 1.2
bitbucket.org 376 .6 | fil.ion.ucl.ac.uk 6186 1.2
code.google.com 344 .5 | targetscan.org 5447 1.1

Table 6.5: Top ten most frequent URLs accompanying software Deposition and Usage statements together
with their absolute and relative frequencies.

Google Code are present as well as repositories focused on packages such as CRAN and BioCon-
ductor. Note that there are also two URLs that result from extraction errors due to journal specific
formatting added in PLoS articles (journals.plos.org, plosone.org).

Another aspect of recognizing software Creation and Deposition statements in articles is that
they allow to identify journals that are most frequently used for the description of new software.
By analyzing the relative number of articles per journal that contain either a software Creation or
Deposition statement, the most active journals for software description were identified. Considering
only journals with at least ten articles, JOSS has the highest relative amount of articles introducing
software, with 88.8% of the articles containing software Creation or Deposition statements. It is
followed by the journal Source Code for Biology and Medicine with 85.6%, Database: the journal
of biological databases and curation with 82%, and Proceedings of the VLDB Endowment with
81.5%. The journal Bioinformatics also has a high ratio of 79% and contains a high number of
2222 publications in comparison to the other described journals. Overall, 4122 of 10,805 (38.1%)
journals contain at least one article with either Creation or Deposition statements.

Summary

The analysis described above has focused on software mentions and its citation quality in scientific
articles, specifically along the dimensions of time, scientific domain, and article impact. Further-
more, specific aspects such as the most common URLs used for software publication, or the most
popular journals for software publication were analyzed. Before the limitations and results of the
analysis are discussed, a specific case study regarding the relation between software and article
retraction is introduced.
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6.3 Software and Article Retraction

SOFTWAREKG and the methods described in Chapter 4 have further been utilized to systematically
investigate the interaction between software and article retraction, to demonstrate how the tools
developed in this work can be used to gain further insights on the impact of software on science.
Article retraction was chosen as the subject for this case study, because prior work has found that
software has influenced study results and has led to article retractions in the past. The correspond-
ing literature was introduced in Chapter 1, and the connection was further highlighted through
some manually gathered examples from the Retraction Watch (RW) database, which showed that
unintended behavior of software has significantly impacted study results. However, while this anec-
dotal evidence for the relation between software and retraction exists, there has been no systematic
analysis of the differences in the scientific software landscape of retracted articles in the existing
literature on software in science (see Section 2.1).

Retraction is a self-correction mechanism established in the scientific community that occurs
after articles have passed their peer review and have been published [5]. The number of article
retractions has increased throughout the last decades in absolute and relative numbers [287, 268,
256, 202]. Different reasons for this increase have been described [270], one of which is lower barriers
to publishing flawed articles. For retraction itself, there are also several possible reasons. The two
most prominently investigated reasons are Misconduct and FErrors, where Misconduct refers to
scientific fraud and has been suggested to be performed deliberately [269]. Early work indicates
that Error is the most common reason [268], while later results suggest that Misconduct is more
likely as its number was previously underestimated [83]. It has also been suggested that retractions
are more likely to occur in high-impact journals as their articles receive more attention and more
rigorous screening after publication [56]. Moreover, recent work suggests that more articles might
need to be retracted when viewed based on the criteria from the Committee on Publication Ethics,
a non-profit collective in Eastleigh, UK [202].

Here, the relationship between software and retraction is analyzed in two steps. Information
available from SOFTWAREKG is used directly by examining all covered retraction notices for software
mentions. Then, the landscape of software is compared between 3,271 retracted articles and 32,710
non-retracted control articles, which were selected specifically for this analyses and independently
of SOFTWAREKG.

6.3.1 Retraction Notices

Retraction notices are released by scientific publishers to announce the retraction of scientific articles
and the corresponding reasons. Explicit mentions of software within these notices could mean that
software had a direct influence on article retractions and give valuable insights on the impact of
software on science. Retraction notices were directly analyzed for software mentions to investigate
this relation between article retraction and software. The information and content of retraction
notices varies depending on publishers and editors. They have been described as ranging from
informative and transparent to deeply obscure [287].

Since retraction notices are publisher-specific, they cannot be easily automatically mined and
accessed. However, some notices are available from PMC OA and, therefore, represented in SOFT-
WAREKG. These notices were automatically identified by the publication type skg:PubType Retrac-
tion, with the corresponding data collection process illustrated in Figure 6.17 (A and B). Overall,
1,861 retraction notices were covered in the analysis, which contain a description of why an article
was retracted. The information on software contained in these notices was directly queried from
SOFTWAREKG, all cases where software was identified were manually verified, and the correspond-
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Figure 6.17: Flowchart illustrating the data collection pipeline for retraction notices and full-text documents
of retracted and control articles. Top: Pipeline for retraction notices. Bottom: Pipeline for article selection
and IE from articles.

ing mention context was manually examined to classify the reason why the software was stated.
Additionally, all full-text documents retraction notices were re-examined for the term software to
identify generic references to software that would not be covered in SOFTWAREKG. However, no
such cases relevant to the analyses were identified.

Results

Overall, 16 (.9%) retraction notices out of 1,861 were found to contain software mentions, where
the software is related to the articles’ retraction®. The corresponding reasons why the software was
mentioned were manually examined and are summarized in detail in the following;:

e Software Errors The most common reason why software is mentioned within these notices
are biased study results caused by errors in software usage. This affects nine notices, with
six describing a mistake using point-and-click software concerning SPSS [10], Excel [123],
Photoshop [163], uVariants and uDesign [147], and Gene Expression Omnibus [169]. Another
three notices are related to programming where source code errors led to data processing errors,
twice for Matlab [275, 181] and once for Perl [102]. One software was not specified [100]. Eight
of the nine retraction notices described above clearly state how the error was discovered. In
four cases, the software error was identified by authors after publication. In three cases,
abnormalities in the research papers were found by others, and the error itself was recognized

S Additional software unrelated to the articles was discovered, which are not listed here, e.g., software employed
for automatic plagiarism testing.

148



6.3. Software and Article Retraction

by the authors afterward. In one case, inaccuracies were identified by others without further
elaboration.

e Study Design There are four instances in which the study design, including the use of specific
software, led to unreliable study results. One retraction notice described the study design,
including the use of the software DaysyView, as unreliable [145]. Furthermore, two cases
describe inconsistent published data concerning Excel [197] and TreeBASE [140]. Another
notice suggested application of BLAST for validation, which would have revealed a data
error [189].

e Journal Policy Two notices reported cases in which the software publication violated the
journal policy, leading to the retraction of the corresponding software articles. The soft-
ware GNARE required user registration even though the journal demanded unrestricted ac-
cess [274]. The second notice affects TREEFINDER, where the lead author changed the
license after publication, no longer allowing usage of the software in the US and multiple
European countries. At the same time, the journal policy requires the software to be available
for all scientists [131]. Notably, the TREEFINDER publication had a high impact with 833
citations indexed on Web of Science from its publication in 2004 to its retraction in 2015, with
further citations indexed after the retraction.

e Reporting Error One notice remarked the wrongly reported version of SPSS as a contribut-
ing reason for retraction [320].

With respect to the retraction reasons introduced in Section 6.3.2, 13 out of the 16 cases are
classified as honest errors, while the instance regarding Photoshop is labeled as a misconduct and
intentional altering of study results. The remaining instances correspond to category other and
concern the cases where authors violated journal policies.

6.3.2 Software Landscape in Retracted Articles

The second part of the analysis investigates the relation between article retraction and scientific
software with respect to differences in the software landscape. Even when software is not directly
stated as a reason for retraction, differences in software usage practices can still be related to
retractions. To this end, software mentions were identified within a set of retracted articles and
compared to a control set of non-retracted articles, selected by Coarsened Exact Matching (CEM).
The results were analyzed with respect to the software used, its availability, and with respect to
software citation habits by analyzing the available information associated with software. The data
processing pipeline for this part of the analysis is also illustrated in Figure 6.17.

Dataset

Initially, a list of retracted articles to analyze was gathered with the utilized data sources illustrated
in Figure 6.17 (A), because a broad automatic identification of retracted articles is not possible due
to the problems described in Section 6.3.1. The RW database was used as a knowledge base on article
retractions. It contains manually gathered information on retractions of scientific articles, including
a fine-grained summary of the corresponding reasons leading to the retraction. Altogether, the
database obtained from RW on January 6th, 2022, includes 32,127 entries ranging from 1756 to 2022.
Here, the analysis was limited to articles published between 2000 and 2019. Earlier publications
were excluded because too few data samples are available per year, while later publications are
excluded because full-text information is only available up to 2019 for control articles (see below).
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For the analyses, it was necessary to obtain the full-text documents of the retracted articles. This
is a challenging task, as scientific publications are often pay-walled or only available in PDF format.
Therefore, it was necessary to integrate the S20RC corpus for this analysis because otherwise the
coverage would have been insufficient. The S20RC corpus [170] contains numerous English academic
papers with metadata and plain, full-text documents for a subset of papers, which were extracted
from PDF documents. When S20RC was published, it contained 8.1M full-text documents, but
version 20200705v1 used here was further extended to cover more than 12.7M articles published
before April 2020. Articles without available full-text document could not be considered for further
analysis. The identifiers from the RW database were then matched against S20RC to obtain full-
text documents of retracted articles. Moreover, as described in Section 4.8.1, the Scimago Journal
Rank (SJR) [255] was added for all articles based on journal information contained in S20RC.

Overall, a set of 3,374 retracted articles with available full-text documents and journal infor-
mation were identified. To perform a valid statistical analysis with respect to software usage and
software citation habits they were compared against a suited control set of non-retracted articles
(see Figure 6.17 (C)), selected by CEM [124]. The idea is to generate a set of control articles for the
given retracted articles, which is equally distributed in all variables that are attributed an influence
on the dependent variable. The results previously presented in this chapter have shown that three
variables influence software usage and citation habits: Publication Date, Scientific Domain, and
Journal Rank. Therefore, these variables are controlled on article basis as follows: Publication Date
is coarsened to the year of publication; Scientific Domain is matched exactly, keeping the order of
domains intact under the assumption that the first named domain is the most influential for multi-
disciplinary work; and Journal Rank is coarsened to percentiles. The specific publishing journal is
not controlled based on the argument that the influence of journals on software citation is due to the
Scientific Domain of the journal and Journal Rank. All required information for CEM is available
in the outlined data sources. Information on publication date is available from S20RC, which also
contains information on the underlying research domain of articles. The journal rank was based on
the added SJR information, containing year based information on journal ranks. It was used to sort
the journals and to divide them into percentiles. In difference to the previously described analyses,
the journal rank was not calculated accounting for discipline, because the discipline is also added
as a separate variable for CEM. Articles for which any of the information was not available were
excluded from the subsequent analyses.

Based on the controlled variables, ten control articles from the available S20RC data were ran-
domly selected without replacement for each retracted article. This was not possible for all articles
as rare combinations of the controlled variables occurred in the RW data. Overall, 96.9% (3,271
out of 3,374) of articles were matched, while the remaining unmatched articles were excluded from
further analyses, resulting in a control set of 32,710 articles. As ten control articles correspond to
each specific retracted article, arbitrary subsets of the retracted articles can be analyzed indepen-
dent of their distribution, which is necessary, as, for instance, certain retraction reasons might be
more likely in specific scientific fields.

Information Extraction and Enrichment

The IE pipeline was applied as described in Section 4.8 for both retracted and control articles as
illustrated in Figure 6.17 (D). However, since the corresponding full-text documents in S20RC were
extracted from PDF documents, it could be the case that a higher amount of errors is generated
by the IE pipeline due to PDF extraction artifacts in the corpus. Therefore, additional manual
quality control was performed to specifically reduce the influence of large-scale errors, with details
described below. Moreover, it can be argued that errors—especially on a small scale—do not bias
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results of comparisons for retracted and control sets because errors are equally likely to be present
in both sets.

Information enrichment regarding software availability was performed for the new dataset as
described in Section 6.3.2. It was updated for this analyses to also cover the 50% of most common
software in this dataset, resulting in the annotation of 243 software. The corresponding data collec-
tion step is illustrated in Figure 6.17 (E). During information enrichment, the validity of the results
for the most common software were manually checked for: (1) whether extracted names do refer to
software and (2) whether there are ED errors for software identities. Two large-scale extraction er-
rors were identified where methods were systematically confused with software. Further, ED errors
were identified: twelve false negative errors, where two software tools were not disambiguated; ten
large-scale false positive errors, where two software were wrongly disambiguated; and 14 small-scale
false positives, where single occurrences were incorrectly accounted to a software. All described
errors were manually updated before executing the statistical analyses. It is assumed that potential
further errors will be contained in the long tail of software names as they are likely to result from
extraction errors that are unlikely to be disambiguated to other software. On the other hand, the
long tail may contain further mentions that should be disambiguated to other software, but since
the enrichment covers more than 50% of overall software mentions, these can only have a limited
impact on the results. Therefore, the reported results for the most common software and software
availability are considered as valid.

Furthermore, the information on retraction reasons, which closer identify the circumstances of
an article retraction, was extended. There is a large number of different reasons, which can, for
instance, vary due to differing communications about the retraction by publishers. To analyze the
relationship between the retraction reason, the software usage, and the citation habits, the reasons
are summarized as done in prior work [230]. For this purpose, top-level categories were manu-
ally determined by analyzing the reason descriptions provided by RW, e.g., all reasons indicating
plagiarized work were summarized, including text, images, and data. Reasons that could not be
semantically assigned to any top-level reason were summarized as other, which includes reasons such
as Ethical Violations, Rogue Editor, or Copyright Claims. A detailed overview of the summarized
reasons can be found in Table A14.

Results: Software Mentions in Retracted Articles

In general, retracted articles are slightly more likely to mention software than articles from the
control set, with 63.2% (Clg5=[61.5,64.8]) of the retracted articles containing at least one software
mention and 58.1% (Clg5=[57.6,58.6]) of control articles’. A McNemar’s x? test for 32,710 paired
samples showed that this difference is significant, x?(1, N=32,710)=200.21, p<.001, 0R=1.27. In
both sets, the relative number of articles increased from 2000 to 2019, from 18.8% (CIg5=[0, 37.9]) to
76.7% (Clg5=[72.0,81.3]) for retracted and 35.0% (Clg5=[27.6,42.4]) to 63.3% (Clg5=[61.6,65.0])
for control articles. Further details can be found in the Figure A4.

This analysis is further extended to cover specific retraction reasons. As described above, the
characteristics of different retraction reasons were analyzed by comparing the articles retracted for
a particular reason to the corresponding control set created by selecting the ten control articles for
each retracted article. This results in a separate set of retracted and control articles for each retrac-
tion reason and ensures that both sets are equally distributed for every comparison. The amount
of articles containing software per retraction reason is illustrated in Figure 6.18 and reveals further
differences in software usage. For most reasons, the overall trend can be observed with a higher rel-
ative number of articles containing software in retracted articles. An exceptionally high proportion

"CIs that are provided in figures are sometimes not given in text for better readability.
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Figure 6.18: Software mentions in scholarly articles per retraction reason separated by retracted and
corresponding control articles. The sets of control papers are constructed by selecting the ten corresponding
articles for each retracted article. Top: Proportion of articles that contain at least one software mention.

Bottom: Average number of software mentions per article with at least one software mention. Error bars
indicate 95% Cls.

can be observed for PaperMill articles, with more than 99% of the articles containing software. At
the same time, large proportions are also present for Error, Investigation, and SelfPlagiarism. In
contrast, articles retracted due to Plagiarism are less likely to contain software.

Looking at articles that mention at least one software, it was observed that retracted arti-
cles contain less software with an average of 2.92 (Clg5=[2.79,3.05]) software compared to 3.32
(Cl95=[3.27,3.38]) in control articles, a difference found to be significant, ¢(2765)=5.6,p<.001,
with a negligible effect of Cohen’s d=.11. In both sets, the frequencies increased similarly over the
analyzed years. For further details see Figure A5. Similar to the overall result, retracted articles
were found to contain less software mentions across all individual retractions reasons except for
Plagiarism and other where no difference was found, illustrated in Figure 6.18.

Besides the plain number of software per article, the frequencies for the mentioned software also
differ in retracted articles, illustrated in Figure 6.19. SPSS is the most frequently used software
in both sets, but there is a high difference in the number of articles mentioning it, with 35.8% of
retracted and 20.3% of control articles, respectively. Prism and ImageJ are also central software in
both sets, which are mentioned more in retracted articles with 13.3% and 12.7% compared to 9.8%,
8.4% in the control set. A high difference can be observed for R, used in only 4.6% of the retracted
articles, while being the third most common software in the control set (9.0%). TargetScan is a
noticeable case as it is mentioned in 7.9% of retracted articles but only in 1.0% of control articles. A
closer analysis concerning retraction reasons revealed that TargetScan is mostly mentioned within
articles retracted due to FError, Investigation, SelfPlagiarism, other and especially in PaperMill,
where 39.7% (Clg5=[33.2,46.3]) of retracted and 3.7% (CIg5=[2.8,4.7]) of control articles mention
the software.
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Figure 6.19: Proportion of retracted and control articles mentioning software out of the top 20 most used
software. Error bars indicate 95% Cls.

A closer look at the most common statistic software, illustrated in Figure A6, showed that the
distribution is strongly skewed towards SPSS and Prism in the retracted set. In contrast, a more
diverse set of tools is employed in control articles, indicated by higher usage of R, SAS, Excel, Matlab,
and Stata. Therefore, the overall distribution of software was further investigated by analyzing how
many articles mention any of the top n software. By analyzing the cumulative distribution of the n
most frequently used software, it was found that less software is used in a higher number of articles
in the retracted set (see Figure A7). In detail, for retracted articles, the top 1 software covers more
than 25% of articles while the top 2 software are required to cover 25% in the control set. This
difference increases to top 3 compared to top 7 software at 50% of articles and top 21 to top 74 at
75%.

As observed above, software is often not mentioned by its original name, but authors use spelling
variations, abbreviations, or full forms. It was analyzed how individual software is indicated in
retracted articles but no systematic trends were observed. Within retracted articles, for instance,
SPSS is mentioned by a less diverse set of names in comparison to control articles and mainly
indicated by its standard name, while an inverse trend exists for ImageJ. Mentions for Quantity
One, on the other hand, are similarly distributed. The results are also illustrated in Figure AS.

To assess the state of free and open source software in retracted articles, the differences in the use
of free and commercial and open and closed source software were analyzed, based on the manually
added enrichment information. As found in large-scale analyses (see Section 6.2.2), a considerable
overlap exists between free and open source software in the set of 243 annotated software, with 68%
of free software being also open source, and 99% of open source software being free. The results are
illustrated in Figure 6.20 and show that retracted articles utilize less free and open source software
than control articles.
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following covariates: retraction, number of  software across retracted and control articles. Error
software per article, and their interaction, see  bars indicate 95% Cls.

Tables A12 and A13. The number of software

per article was included based on the findings of

Section 6.2.2. It was found that control articles use significantly (OR=1.35, C'Ig5=[1.15, 1.57]) more
free and open source software than retracted articles. Further, the results confirm the findings of
Section 6.2.2, that the ratio of free and open software increases with higher number of software per
article (OR=1.51, Clys=[1.45,1.58] per additional software).

Lastly, retracted articles utilize fewer Pluglns with 3.7% (Clg5=[3.2,4.2]) compared to 6.0%
(Clgs=I[5.8,6.2]) in the control set and PEs with 3.4% (Clyg5=[2.9, 3.8]) to 5.3% (Clg5=][5.2, 5.5]), but
more Applications with 89.8% (Clg5=[89.1,90.6]) to 86.4% (CI95=[86.1,86.7]) as well as OSs with
3.1% (Cly5=[2.7,3.6]) to 2.3% (Clgs=[2.2,2.5]). These results are also illustrated in Figure A10.

Results: Citation Habits in Retracted Articles

This section highlights the results for analyzing software citation practices between retracted and
control articles. While the analyses outlined in Section 6.2.3 have focused on in-depth details of
software citation, the goal of this analysis is to perform a comparison that highlights the main dif-
ferences in citation habits. Therefore, broader citation styles are used to provide an easy comparison
of the main differences, similar to the prior work of Howison and Bullard [118]. For this purpose,
the following four citation styles are considered:

e No Info describes software mentions without further metadata;

e Complete Info describes mentions with a developer and version number, also typical for men-
tioning scientific instruments and described by Howison and Bullard [118];

e Partial Info describes partial metadata with either version or developer provided;

e Formal Citation describes cases in which a formal citation for the software was provided (see
Section 1.3). To facilitate the analysis, the categories are defined as mutually exclusive, by
considering all cases which provide a formal citation in this category, regardless of what other
information they provide.

8Numbers are provided for free software
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Figure 6.21: Proportion of software mentions across different levels of citation completeness, separated
by retracted and control articles, considering whether software is commercial or freely available. No Info:
Neither the version, nor the developer of a software are provided; Incomplete Info: Either version or devel-
oper is provided; Complete Info: Version and developer are provided; Formal citation: software mention is
accompanied by bibliographic citation. Error bars indicate 95% Cls.

Substantial differences in citation habits were identified between retracted and control articles.
Both sets mention a comparable amount of software without providing further information, with
36.5% (Clg5=[35.2,37.7]) for retracted and 34.8% (CIg5=[34.4, 35.2]) for control set. The number of
informal citations is higher in retracted articles with 21.4% (CI95=[20.3,22.4]) compared to 16.1%
(Clg5=[15.8,16.4]) in control articles. On the other hand, retracted articles provide fewer formal ci-
tations with 10.7% (Clg5=[9.9, 11.5]) compared to the control group with 20.5% (Clg5=[20.2,20.9]).
The overall numbers are also illustrated in Figure A11.

Since both, prior work [118, 75] (see Section1.1) and the analysis performed in Section 6.2.3,
showed that citation practices differ between free and commercial software, this difference was
further analyzed concerning retracted articles. All trends described in the following concern free and
commercial software, but are also present for open source and proprietary software, with details given
in Figure A12 and Figure A13. The results are provided in Figure 6.21 and show that commercial
software is similarly cited in both retracted and control articles. At the same time, there is a notable
difference in the citation style for free oftware. Commercial software is most frequently mentioned
similarly to scientific instruments by providing version and developer. It is also a common practice
to only mention incomplete information by providing either version or developer. On the other
hand, formal citations are almost never used in only 1.5% and 3.1% of instances in retracted and
control articles, respectively.

Free software is most commonly mentioned without any information in both sets, with a higher
proportion of 49.3% in retracted articles compared to 36.9% in control articles. It is only rarely
mentioned similar to scientific instruments with 8.1% and 5.5% in retracted and control articles,
respectively, but partial information is more commonly provided in 26.5% and 26.9% of cases. A high
difference can be observed for formal citation, with only 16.1% of retracted articles providing formal
citations while 30.7% of control articles formally cite free software. To estimate the difference of
formal software citation in retracted articles, a logistic regression was employed with the following
covariates: retraction state, number of software per article, availability of the software in terms
of free and open source software, and all pairwise interactions, see Table 6.6. The results show
that control articles are significantly more likely to formally cite software usage than retracted
articles (OR=2.89, Cly5=[1.94,4.30]). Further, the test also showed that, independently of other
covariates, free and open source software are more likely to receive formal citations compared to
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Variable OR 95% CI
Open 13.35  6.90 25.85
Free 8.02 4.81 13.36
not retracted 289 194 4.30
not retracted : Free 1.53 (.93 2.51)
# Software 1.28 1.20 1.37
Free: # Software 1.00 (.95 1.05)
Open: # Software 99 (.95 1.02)
not retracted : # Software .89 .84 94
not retracted : Open 76 (b2 1.12)
Open: Free .10 .06 .16

Table 6.6: Result of the logistic regression predicting the mention of formal software citation for retracted
papers considering the number of software per article (# Software), the retraction status (not retracted), the
software availability (Free; Open), and their interactions. OR=0dds Ratio; OR>1 indicates that a variable
is associated with a higher likelihood of formal software citation; non significant values are indicated by the
CI including 1, which is also highlighted by the use of brackets; the table is ordered by OR.

commercial and closed source software (free: OR=8.02, C'I95=[4.81, 13.36]; open source: O R=13.35,
Cly5=[6.90, 25.85]), which confirms previous studies [118, 75] and the results of Section 6.2.3. Lastly,
the ratio of formal citation was found to increase with a higher number of software per article
(OR=1.28, Cl95=]1.20, 1.37] per additional software), independently of other covariates.

Based on the initial findings, the citation habits for free and commercial software were further
analyzed with respect to specific retraction reasons, summarized in Figure 6.22. It was found that
commercial software is mentioned similarly between retracted and control articles, consistent with
the overall trend except for articles retracted due to reason PaperMill, where software is notably
more likely to be mentioned similar to instruments with 69.0% to 54.7%.

Regarding the difference in formal citation of free software, the highest divergence was found
for retraction reason PaperMill with 0% to 28.5% for retracted and control articles, respectively.
Large differences are also present for Investigation (8.7% to 30.3%), Misconduct (11.0% to 31.4%)
and SelfPlagiarism (6.1% to 33.6%), while Error (16.7% to 31.9%) is close to the overall trend.
A smaller difference is present for other (19.6% to 29.6%), while no difference can be observed for
Plagiarism.

6.4 Limitations

The analyses presented in this chapter are based on a complex IE pipeline, where each step is
subject to limitations that have been discussed in detail in Section 4.6. It should particularly be
noted, that all CIs provided for statistical results in this chapter only express the certainty based on
the extracted information. Uncertainty resulting from the IE pipeline, however, is not represented,
but does influence the results of the performed analysis. The problem is highlighted, since errors
in the IE pipeline have been identified in both the large-scale analysis and the case study on article
retraction. Large-scale extraction errors were found to exist for journal specific layout elements, for
instance, regarding the publisher PLoS, while errors were also identified for ED (see Section 6.3.2).
Furthermore, it can be expected that NER and ED errors exist in the long tail of software mentions,
since the high number of 552,105 disambiguated software was identified. While such a high number
of software does exist, e.g., with >200 k projects covered in the PyPi python repository as of January
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Figure 6.22: Proportion of software mentions across different levels of citation completeness per retraction
reason, separated by retracted and control articles, considering whether software is commercial or freely
available. No Info: Neither the version, nor the developer of a software is provided; Incomplete Info: Either
version or developer are provided; Informal Citation: Version and developer are provided; Formal citation:
software mention is accompanied by bibliographic citation (independent from any associated information).
Error bars indicate 95% Cls.
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2020 and >500 k in February 2024°, here it is assumed that the number is overestimated.

The articles in SOFTWAREKG cover a broad range of scientific disciplines, however, the selection
of PMC OA as primary data source implies a bias towards Life Sciences and open-access, as discussed
in Sections 3.4 and 4.6. Therefore, the trends reported here, might be different when looking at
domains such as Computer Science in general. For instance, BLAST is the second most used
software in Computer Science, which would likely not be true when looking at Computer Science
in general, as this software is primarily used in Bioinformatics. Moreover, results regarding the
mention and citation practices of open source software might be overestimated. While the trends
were corroborated by the case study regarding article retraction, here the article selection is based
on the composition of S20RC, which also has a dominant bias towards open-access publications.

Several performed analyses rely on external data and are, thus, influenced by their quality.
For instance, domain and journal rank information based on Scimago data were only available for
93.3% and 67.8% of articles included in the analyses, respectively, while 85.9% of articles had a
citation count >0 and were included in the analyses. For citation impact analysis, articles without
a citation count were not considered since it could not be clearly determined if they were missing
or never cited. Furthermore, the case study was also dependent on external data sources which
strongly restricted its coverage. Full-text and journal information could only be matched for ~10%
of articles contained in the RW database (see Section 6.3.2), because a high number of publications
is hidden behind pay-walls. Due to this reason, the overall sample size of retracted articles is also
too small to implement specific analyses, such as investigating disciplinary differences. Similarly,
analyses regarding software availability are limited by the extent of the manual data enhancement
(see Sections 4.8.1 and 6.3.2). As 50% of overall mentions are covered the statements have some
representative power, while otherwise no analyses in this regard would be possible. However, it is
possible that the distribution differs in the long tail of software mention. For instance, a higher
ratio of source code published in the scope of research with few re-uses might be present in the long
tail.

The performed analysis of retraction notices is based on a low sample number and has only
exemplary character. The current analyses use only retraction notices contained in SOFTWAREKG,
i.e., PMC OA, as it allows the systematic identification of retraction notices and the examination
of full-text documents. Further notices were not included because there is currently no corpus of
full-text document retraction notices available, however, further exploration of this topic might lead
to further insights on the influence of software on scientific results.

An analysis of the publication types contained in SOFTWAREKG showed that aside the largest
groups of Research Articles and Review Articles it also covers a broad range of other publication
types such as Case Reports, Letters, or Editorials. In the scope of this work only Research Articles
and Review Articles were considered for the large-scale analysis, while Retractions are covered in
the outlined case study. Therefore, it is important to note that the results presented here only
represent this specific subset of publications contained in PMC OA, while further analyses are
required to investigate software in the remaining types. The corresponding information is included
in SOFTWAREKG, allowing future work to easily extend the analyses (see Chapter 7).

A limitation specific to the performed case study is that the processed documents were based
on PDF publications, which might contain text extraction artifacts. This is expected to lead to
a higher number of errors in the IE pipeline since it was not trained to handle such artifacts.
Therefore, potential errors were initially analyzed during information enrichment, revealing some
errors which are discussed above. Overall, the results appear to be valid compared to the initially
presented analysis, particularly, comparing the number of articles using software with 72% on

9The package counts for PyPi were retrieved on 7 February 2024.
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PMC OA compared to 58.1% in the control article set, and the average of mentioned software
with 3.93 on PMC OA and 3.32 in the control article set. While the number on software mentions
differs, extraction artifacts have not led to a strong overestimation of software mentions, with the
difference being most likely caused by a different article distribution, e.g., regarding the underlying
research domain that is known to influence the number of mentioned software (see Section 2.1.3).
Spelling variations specific to SPSS are further similar with 80.3% and 79.8% of all SPSS-related
mentions using the name “SPSS”, in PMC OA and the control set, respectively. Furthermore, it is
argued that due to the design of the case study errors are equally distributed between the set of
retracted and control articles, leading to valid results for the comparison. However, SOFTWAREK G
is better suited to make general statements about software mentions in scientific publications than
the dataset from the case study.

6.5 Discussion: The Role of Software in Science

Software Mentions

With an average of 3.93 software mentions per article, the observed result confirms previous studies,
ranging from 3.2 [118] to 5.5 [78] mentions in different subsets of PMC. The results also are in the
range of manually annotated data with 4.8 in PLoS-m and 2.85 in PubMed_f (see Section3.3.1),
while PLoS_M only considers methods section and the real number might be even higher, and
the considered sample size in PubMed_f is too low to allow a reliable comparison. Moreover, the
identified top ten software align well between the manual results and the large-scale analyses with
only the pair of SPM and BLAST differing. With over 564 k, the number of different software from
over 10.9 M mentions is high, given that 2.5 M articles were included in the analysis. As discussed
above, it is assumed that this number overestimates the number of distinct software due to errors
in NER and ED, particularly, regarding the long tail of rarely mentioned software.

The distribution of software mentions per software shows that only few software are used in a
large number of articles and thus play a major role in science. This distribution partly confirms
the general trend of previously reported statements [205, 78] but shows even higher skewness. As
expected (see Section 3.3.1), it also shows a higher skewness as found in the analysis on manually
annotated data. This amplified trend could be the result of software ED which was not applied
in previous studies and highlights the importance of considering all spelling variations for software
mention analysis. Regarding software availability, it was found that the overall ratio of used open
source software is low with only 39.3%, particularly regarding its advantages for reproducibility,
software inspection, and validation, discussed in Chapter 1.

The most frequent software (seven from the top ten) are mainly used for statistical data analysis,
and, overall, an increased role of software that can be controlled via scripts rather than point and
click software can be observed. A closer look at the domain specific distribution of the top ten
software revealed domain specific differences as it characterizes all of the analysed domains uniquely.
The specific software toolchain containing SHELXL, SHELXS, SAINT, and SHELXTL, for instance,
takes a spot among the most frequently used software in Physics, Materials, and Chemistry, while
none of the tools is among the most frequent software in any other considered discipline.

The results further showed that software is mentioned differently, with some software being
mentioned more often in the context of a single publication than others. Among the top ten
software, for instance, R, BLAST, and MATLAB have a particularly high rate of mentions per
articles. Multiple mentions of the software could mean that the software is used for multiple
purposes. The function range of the software R, for instance, can be extended by the use of
different Pluglns making it applicable in a broad range of settings. However, it could also indicate
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that authors provide more details about how a specific software was applied in the scope of their
research. This might, for instance, be the case when software was applied in a complex setting, and
it is necessary to closer describe specifics of how it was applied, e.g., regarding its parameter setup.

Article Level Statistics

The importance of software increased in recent years for both, the actual investigation as well as the
reporting within the scholarly publication. This is suggested by the increasing trend of including
software mentions into the textual description and the increasing number of different software per
article. A reason could be the growing complexity of data driven analyses requiring more software
to be employed coupled with a high awareness about transparency and reproducibility in general.
The positive correlation between journal rank and number of different software supports this by
suggesting strong rigor in the description of the analysis'’. The observed domain specific difference
in software usage could reflect the role of data in those domains. While in Arts and Humanities and
Economics only few articles mention only few software suggesting an important role of manual data
analysis, in Mathematics, Computer Science, and Decision Science many articles mention multiple
different software indicating automatic and complex data collection and analyses.

The analyses identified a relation between the number of software used in an article and the
amount of employed free and open source software. One explanation for this relation could be
that work applying multiple software is building custom data processing pipelines where individual
software is employed for highly specific purposes, for which no commercial tools exist. On the other
hand, the application of multiple commercial software can also be a question of cost and institutional
availability, while such problems do not need to be considered for free and open source software.
Furthermore, researchers combining multiple different software might also have more expertise in
software usage, better knowledge of existing tool support, and a better understanding of the benefits
of open source software. A small trend towards the use of more free and open source software was
also identified in recent years and a small trend can also be identified for higher ranked journals. It
is argued that this reflects an increasing awareness for the benefits of open source software in the
scientific community. Differences are also found between domains, where a higher number of open
source software mentions is found in technical disciplines with particularly high effects identified
for Computer Science and Engineering where a high level of software expertise can be assumed.
However, it also depends on the availability of specific tool support, further discussed below.

It was found that trends regarding software availability can be notably influenced by specific
software tools. In the analyses regarding software availability a discrepancy between free and
open source software was identified in the years from 2008 to 2011. A similar effect was observed
in research domains regarding Materials Science, Physics, and Chemistry, and in journal rank
regarding the lowest quantiles. All were caused by the same toolchain around SHELX, which is
most dominantly used in these scopes. This highlights the limitation of analyses regarding software
availability, described in Section 6.4, and the high impact of the toolchain.

Software Citation Completeness

In general, citation completeness is at a low level, with only 39.5% of articles mentioning versions
and 28.5% developers, while 24.8% employ formal citations. These numbers were found to be at a
comparable level with the results from the manual analysis (46.6% version, 30.7% developer, 31%
formal citation). The values were further summarized to express whether sufficient metadata was
provided to allow software identification and developer attribution (51.3%), as well as codebase

10When interpreting the journal rank as an indicator of journal quality and thus for review quality
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identification (25.4%). While the overall citation completeness is low, it was found that it also
did not improve over recent years, with formal citations stagnating, developer mentions decreasing,
but version mentions slightly improving. This suggests a lack of awareness about the necessity for
proper software citation and its impact on reproducibility.

Differences in software citations were identified between different domains, with technical do-
mains using formal citations more frequently in contrast to research domains related to Medicine.
This could be the case because the latter more frequently employ other materials and devices and
adapt the same citation style for all research objects other than scholarly publications, while scien-
tists from the technical domains might be software developers themselves, and better understanding
the need for scientific attribution of software development described in Section 1.1. With respect to
journal rank, a growing trend exists towards the usage of formal software citation with rising rank
and a contrary trend in the completeness of in-text software mention for developer and version.
This could support the statement of increasing rigor in scholarly review and the request for more
traceable descriptions in higher quality journals.

Overall, commercial software with closed source code receives a higher number of developer and
version mentions, following the instrument-like citation style that has previously been described by
Howison and Bullard [118]. The values for version and developer mentions decrease for software
available for free with closed source code, and decrease even further when considering open source
software. An inverse trend exists for formal citation, with open source software being most frequently
formally cited. This might be the case because free and open source software used in scientific
investigations is often built in the scope of research and, therefore, is likely to have a corresponding
scientific publication, with the results in Section 3.3.2 showing that software articles are the most
common target of formal software citation. Owverall, these findings further highlight the lack of
awareness for proper attribution, and suggest that authors cite software based on the availability of
citable resources, or based on the citation recommendation provided with software, which has been
discussed in Section 3.5.

Types of Software Mention

Each software mention is classified according to mention type indicating the reason why the soft-
ware was mentioned within the scholarly article and software type providing information about the
particular kind of software. Analyses of disciplinary differences showed that most software is created
and published by scientists from the technical domains (Mathematics, Engineering, and Computer
Science). This reflects the domains with the highest interest in automating complex calculations
combined with the programming knowledge to implement new suited software. Further, software
Allusions without actual Usage are also more common within scholarly publications from those
disciplines indicating more description, discussion, and comparison between software entities. On
the other hand, there are disciplines which mostly reuse existing scientific software such as Material
Science, Nursing, Dentistry, and Veterinary.

When looking at the different kinds of software, an increasing trend towards the use of Pluglns
was identified over recent years, see Figure A3. The relative frequency of Application mentions, in
contrast, declined. This can be seen as an indicator towards the usage and extension of established
software frameworks. With respect to the host-software, a notable overlap in the most frequently
used software (Table 6.2) and the most important host-software (Table 6.4) was found. This includes
the Programming Environments (PEs) R and Matlab, but also the Applications ImageJ, Stata, and
Excel. More than 22k Pluglns were found for R making it the most important host-software for
scientific investigations. While this number seem high at first glance, inspecting the two most
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important package repositories, CRAN and Bioconductor with 18,312 and 2042 unique packages'!
indicates these results to be plausible. However, the comparatively low FScores for the identification
of PlugIns might have resulted in an overestimation of less frequent Pluglns. This growing interest
in R and its package universe was previously investigated [166, 165], some results of which are
confirmed here. In particular, an overlap of the most frequent R packages.

By analyzing the mention types Creation and Deposition, the most important targets for the
publication of software could be identified. On the one hand, this includes web services such as
Github for general purpose software and CRAN for R packages, on the other hand, software journals.
Specifically designed repositories to host and assign DOISs to scientific research data such as Zenodo
were not identified as a common source for publishing scientific software with a share of <1% of
depositions. It has to be noted that two results for the most frequent deposition URLs were the
result of a false software mention detection and its propagation.

Software and Article Retraction

The relation between software and article retraction, an essential mechanism for implementing
scientific self-correction [5], was investigated in a specific case study. While the previously discussed
results have shown that software is an integral part of modern science and thus influences certain
aspects of the data analysis and results reported in scholarly articles, the performed analysis found
evidence that software was involved in the retraction of multiple articles and revealed differences in
the scientific software landscape and software citation habits in retracted articles.

The analysis shows that software has been explicitly stated in retraction notices and has been
the cause for the retraction of articles, with a majority of errors resulting from usage errors and
unintended software behavior of which authors were unaware. While these cases only contribute
to a small number of overall retractions, they highlight the strong influence of software on science
as a single action of the software caused most reported errors. It was further found that authors
themselves catch most errors, highlighting the challenges for reproducibility but also suggesting that
there might be other unnoticed cases. A potential solution would be to include analysis scripts as
part of the scholarly publication, for instance, inter-weaved as one literate data analysis document,
as peer review can reveal such errors.

Retracted articles mention less software as well as a less diverse set of software, as observed by
the increased usage of the most frequent software. Moreover, retracted articles more frequently
employ commercial and closed source software in favor of free and open source software. Citation
completeness is also lacking in retracted articles for free and open source software, since they are
more likely to mention free and open source software without any information such as version or
developer and, in turn, are less likely to provide formal citations. Completeness for commercial and
proprietary software, on the other hand, is almost equal to the control set.

A notable outlier from other retracted articles are articles automatically generated by PaperMill
techniques, which systematically differ from other articles and exaggerate software mentions. The
generation mechanisms have learned that software is typically present in scientific publications,
which is why almost every PaperMill publication contains software. Furthermore, they have learned
to mimic proper citation for commonly applied, well-established tools. This is supported by the
findings that complete information of proprietary software is provided at a very high rate, but
information of free and open source software at a particularly low rate. Looking at specific software,
it becomes clear that PaperMills have learned that SPSS is a commonly used tool as they include
it in over 70% of publications.

"Ppackage counts for CRAN and Bioconductor were retrieved on 4 October 2021.
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In the scope of this work, I developed a method to systematically analyze software usage in scientific
publications at a large scale. To achieve this goal, I initially developed the high-quality ground-
truth dataset SOMESCI based on manual annotation. It covers comprehensive information on
software mentions in scientific publications, including metadata, context information and software
identity. Based on this resource and preliminary analyses performed on it, I further developed an
automatic IE pipeline for the corresponding information. The pipeline was then applied on a large-
scale dataset of 3.2 M scientific articles, and the corresponding information was formally modeled
to create SOFTWAREKG—a large-scale research KG of software mentions in scientific literature. I
then used this resource, which I made available as a FAIR publication [308], to perform a large-scale
analysis of software mentions in scientific publications which provides insights on software impact,
its citations, availability, and publication, considering trends along different dimensions such as time
or research discipline.

SOMESCI

Initially, a manual data annotation was performed, with the two main goals of assessing the require-
ments for large-scale analyses of software in scientific publications, and establishing a comprehensive
ground-truth dataset for the problem. The resulting dataset SOMESCI contains 3718 software men-
tions of 884 unique software entities in 1367 publications. It was annotated with a high data quality
ensured by assessing the IAA at every annotation step and by using an annotation strategy that
leads to an iterative correction of errors during annotation. Furthermore, a customized sampling
strategy was used to increase the number of contained software mentions to reduce annotation
effort, and to allow the inclusion of the rare—but highly relevant—mention context of software
development and its publication as research artifacts.

Aside mentions of the software itself SOMESCI covers a context classification of software men-
tions, a broad range of metadata, and software identities, linking mentions to real-world software
entities. The developed manual annotation process provided first insights into the complexity of
software mention extraction and showed that some aspects are challenging for human annotators.
Especially, the annotation of contextual information and the software identity were found to be chal-
lenging problems for annotators. The main limitation of the dataset is its restriction to articles from
PMC OA introducing a bias towards Life Sciences and open-access publications. Since SOMESCI
is the basis for developing all subsequent methods the bias also concerns all other described steps.

Information Extraction (IE) pipeline

The automatic IE pipeline, developed to extract software mentions from scientific publications,
achieves a high performance, particularly compared with prior approaches to the problem (see
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Section4.7). Therefore, the performance is also considered sufficient to perform reliable large-scale
analyses of software in scientific publications. However, the individual steps of NER, RE, and
ED, were all found to have individual limitations, outlined below, and it is necessary to considers
that errors are propagated throughout the IE pipeline. Overall, the results of the IE step further
illustrate the complexity of software mention detection in scientific literature, which was already
shown by the initial manual annotation effort.

NER: The initial step of NER was performed with state of the art ML approaches for sequence
tagging, which were compared on the problem. The results showed that specialized versions of
BERT, adapted for scientific publications, outperformed Bi-LSTM-CRFs, so that SciBERT was
selected to perform the extraction. It achieved an FScore of F'=86.6% for the problem, while
a further generalization test towards PMC OA articles found a performance of F=77.9%. The
recognition for metadata is also at a high level with F'=86.2% and F=82% in the two respective
test settings. Rarely provided metadata, such as extensions and alternative names, were found to
be more challenging to extract, and due to the low sample size their performance evaluation is also
less reliable. Mention and software type classification by the used SciBERT model are also at high
levels with values of F'=73.3% and F=78.4%, considering that error propagation from software
recognition is taken into account in their evaluation. However, particularly challenging extraction
targets were identified with software type Plugln and mention type Allusion.

RE: The developed RE approach was based on a manually engineered set of rules in combination
with a Random Forest classifier and achieves a high performance of F'=95.4%. Here, a less complex
classifier was chosen because the problem is considerably easier than NER, since all extracted
metadata is required to have an anchor entity, which, in a majority of cases, is the software mention
itself. The only exception are optional relations between two software, such as the relation between
Plugln and host-software that was extracted with a lower performance of F=77.6%.

ED: The problem of software ED proved to be a challenging problem, with an initial approach
showing that disambiguation by EL is not possible, because software used in science is insufficiently
covered in existing databases. Therefore, two different approaches were developed for the problem,
a manually engineered rule-based approach, and an ED method adapted from prior work of NLP
ED that generates tuple distances based on an ML model as described in Section 2.3.2. Both
were tested in two separate settings to evaluate their performance on the given dataset and their
generalization performance with larger data size and noisy data. Both methods were found to work
well on the problem with the ML model showing better performance of F'=96.4% and F=93.7% in
both employed test setting, respectively.

Overall, the developed ED provides reasonable results; 440 different spelling were identified for
539 k mentions of the software SPSS across all of PMC OA!. For the different spellings “python”
and “Python” (see Table6.4), however, no common cluster could be determined. While this clearly
represents an error and should be identified based on string similarity, the ML based distance
additionally considers the context and accompanying entities such as developer and URL. The
reason here could be the low number of spelling variations that prevent the semantic drift to
counteract misleading matching probabilities. In consequence, this would mean that more frequent
software (with many different contexts and spelling variations) are more likely to be disambiguated
than less frequent software (with fewer contexts and spelling variations), which may have had a

L All 440 were manually verified. Alternative Names are not counted in difference to Table 6.2, since the number
of times the names are mentioned are counted below.
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reinforcing effect on the power law distribution of mentioned software. For software with more
frequent spelling and context variations, in contrast, this might result in more false positives and
thus overestimate the software use. For Ezcel, 54 spelling variations were found that represent 152 k
mentions across all of PMC OA. From those only about 150 & mentions (from 13 different spellings)
can be considered as correctly classified. The remaining mentions refer to software such as Firefox
(1162, .7%) or F (185, .1%). A similar phenomenon could be observed for Stata, while ED errors
were also found in the dataset created to analyze software retractions.

In general, my work showed that the ED problem shifts with larger sample numbers, making
it challenging to find suited decision boundaries for large-scale datasets based on gold standard
training data alone, as the samples get denser in the features space. In the given work this was
taken into account in a special evaluation setting adding automatically extracted software mentions
from 100 k articles to increase the data size, and to also include noisy samples which further increases
the difficulty of the problem. However, the clustering performance is still only based on the set of
3718 mentions corresponding to 884 distinct software. Therefore, a central challenge for future
work will be to establish a suited benchmark and evaluation setting for software ED. On the
one hand, this benchmark does have to consider the shifting objective, described above. On the
other hand, it has to extend the set of considered software. This has to be performed by manual
selection and tuning of the dataset, for instance, samples of different software with the same name
should be systematically added. Further, both software well represented in databases and rare
cases of long-tail software should be included, while it is also important to consider mentions with
different amounts of provided metadata. The corresponding evaluation of the benchmark, should
also consider the weighting of individual software. Due to the distribution of software, matching of
common software tools receives a high weight, which is the case in the evaluation performed here.
Errors in the long tail of software, however, have only small impact on the overall score. Future
evaluation settings should account for this problem by assigning a higher weight to correct matching
in software samples with smaller sample number to allow a more general performance estimation.

While the outlined ED approach could be applied for the given large-scale analysis, it has a run-
time complexity of @(n?) and is not able to scale far beyond the given dataset. In the given setting,
the algorithm had to be optimized for run-time and it was necessary to impose restrictions on the
data. Specifically, ED is only performed between software with different names, even so Section 3.1.3
showed that different software with the same name exists, even when only considering SOMESCI.
Therefore, future work is required to consider extending NLP ED approaches, which have only
been applied on benchmark data and do not consider scalability for large-scale application. Suited
methods for this problem can be adapted from the problem of ER in large-scale databases, where
research is focused on reducing run-time requirements for ED by using methods such as blocking by
Autoencoders or Language Models, as described in Section 2.3. Moreover, future work could also
extend ED to not only consider software but also its metadata. This could enable the distinction
between Person and Organization for software developers that is assumed by the SDO [89].

Regarding the discussion on ED it should also be mentioned that there are efforts that aim
to solve the problem by introducing persistent identifiers for software, introduced in Section 2.1.4.
With proper implementation and compliance by the scientific community such effort could alleviate
the problem of ED in future publications. The corresponding databases, however, require crowd
sourcing to achieve a suited coverage of software, particularly by software developers to timely add
new software to make it citable in subsequent work. Furthermore, such approaches are associated
with a high curation effort to solve issues such as entry deduplication and to ensure high data
quality. During data annotation for SOMESCI the usage of persistent identifiers for software was
observed to be extremely rare, with only one identifier and one archive link provided in the entire
dataset, both within formal citations.
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Future work: Beside the research directions on software ED, described above, future work should
focus on extending available datasets for the problem. More data is primarily required to allow a
generalization to different research disciplines, as both prior work and this work have shown that
software mentions differs strongly between domains. The work of Du et al. [74], for instance,
shows that the amount of software mentions strongly varies between Life Sciences and Economics.
Moreover, generalization might also be challenging due to other domain specific aspects. Disciplines
such as Computer Science, for instance, might have a different culture regarding code sharing and
re-use, because researcher are better educated in software development and more likely to re-use and
adapt existing source code and scripts. An extension of the dataset is also required, because data is
still sparse for specific aspects regarding software citation such as licenses or specific software types,
leading to challenges in training and evaluation (see above). To improve this problem, future work
could initially make use of the results established in the scope of a CZI Hackathon (see Section 3.3)
to merge Softcite v2 and SOMESCcI, which would lead to a notable increase in sample size, before
systematically extending the dataset towards other disciplines such as Computer Science.

SOFTWAREK G

Based on the established IE pipeline, SOFTWAREKG was built—a large-scale research KG repre-
senting information on 11.8 M software mentions, in 3.2 M scientific publications, published in 11 k&
journals, covering 27 top-level scientific disciplines, and a total of more than 300 M RDF triples.
SOFTWAREKG was populated using all publications in PMC OA published up to January 2021.
It is the largest KG of software in scientific research and has upon its publication represented the
largest dataset regarding software mentions in scientific publications?. It is based on a data model
that I developed to represent software mentions in scientific articles, distinguishing between software
on mention and on entity level. The data model was developed re-using existing vocabularies and
the KG was made publicly available to the scientific community as a FAIR publication [308] to allow
easy reuse and facilitate future research on software in science. Additionally, the developed data
model was designed to allow an easy integration of further data on software mentions identified in
the scope of future work. How SOFTWAREKG and the resources established in this work can be
applied in future work has also been demonstrated in a case study on the relation between software
and article retraction described in Section 6.3, which provided valuable insights on the impact of
software on science.

Future work might plan to extend SOFTWAREKG, for instance, with information on additional
research domains or by adding recently published articles, since the current version only includes
publications up to January 2021. Therefore, it is necessary to consider an update strategy for
SOFTWAREKG. As described above, the developed data model does already consider an extension
of the data contained in SOFTWAREKG by different data sources, with differing document types,
and varying extraction quality. When performing updates to the knowledge base, it is essential to
consider that ED and entity level inference need to be recalculated. This makes updates expensive
in terms of run-time and computational resources. It is, thus, suggested to extend the dataset in
suited intervals maybe on a half-yearly basis. Note that this is a recommendation for future work,
and not part this work.

2Recently, Istrate et al. [128] published a corpus that considers a larger article collection, but does not provide
the data as Linked Open Data.
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The importance of software in science has been growing in recent years, with both its absolute
and relative number increasing over the course of the last ten years. The high impact of software
on scientific investigations is further highlighted by the performed case study on article retraction,
which revealed multiple instances where software has been the primary reason for article retraction.
Most software mentioned in scholarly articles are software for statistical analysis such as SPSS,
R, and Prism, which are applied across a broad range of scientific disciplines, while my work also
identified many domain specific peculiarities in software usage. Both, the amount of software usage
as well as the most used software and their application purpose, varies significantly between domains,
while the top ten software allow a unique characterization of domains.

Interestingly, my work identified a trend towards the use of extendable software architectures
instead of stand-alone software, which allow the problem specific extension of general software
frameworks. The most important representative of these frameworks is R by a notable margin,
followed by MATLAB, and Python. Overall, their designs allow an easy extension and offers high
flexibility. Especially adding functionality and publishing new packages or Pluglns is facilitated.
This trend could also be shown by analyzing which infrastructure is used by scientists to publish their
software. Here, Github plays a central role as a repository for publication and re-use of research
software, as previously assumed [236], but CRAN and Bioconductor are especially important in
combination with R.

Software Citation Completeness: While the importance of software increased in recent years,
as described above, there was no improvement in software citation completeness, which is at an
overall insufficient level with respect to all considered metadata. However, a positive trend exists
regarding version mention, which is consistently improving. The completeness of developer men-
tions, on the other hand, has seen a decrease rather than an improvement over recent years. This
leads me to believe that there is still a lack in awareness for software citation in science, even so
software citation guidelines have been available and promoted since 2016, e.g., by Smith et al. [263].

The most recent citation guidelines for software [135] recommend citing software formally by
a reference referring to the software directly, to enable a unique identification. Prior work has
already shown that formal citation is uncommon, which was further corroborated by the findings
of this work, with only 24.8% of mentioned software being formally cited. A more detailed analyses
revealed that the relative amount of provided formal citation did not change throughout the time
from 2009 to 2020, and was at its maximum in 2006. Regarding journal ranks, however, a tendency
towards more formal citations in higher ranked journals was identified, while and opposing trends
exists for in-text citation completeness, which is found to be lower for higher ranked journals. A
similar observation can be made for domains, where opposing trends exists between domains related
to Medicine, preferring in-text citation, while technical domains tend to more formal citations. I
believe that both finding can be attributed to a better awareness for proper software attribution.

Moreover, my results show that free and open source software is more likely to receive formal
citations, which has already been reported in the work of Howison and Bullard [118]. T believe one
reason is that authors choose to attribute software resulting from research work. On the other hand,
open source software published as research output might also be easier citable than commercial
software because they often have corresponding software articles and citation recommendations
made by their developers. That citation requests by authors influence citation practices for software
has been previously reported [75].

The manual analyses further explored the peculiarities of formal software citation. These analyses
show that the use of formal citation often leads to a reduced software identifiability, and, thus, lower
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reproducibility. The main issue is that software is most commonly cited by software articles, which
are unsuited to cite software, as they do not account for the central issue of software versioning.
This problem was inherently caused since software was seen a weaker contribution than articles
[101], but still exists in the examined data. The issue is further exacerbated since the results also
showed that significantly fewer metadata on software versions is provided when software is cited
by software articles. Overall, the findings suggest a lack of awareness regrading proper software
citation and particularly the importance of software codebase identification.

Moreover, an analysis of the representation quality for formal software citations—referring to
software directly—by providers of bibliographic data revealed strong oversights. The results showed
that metadata on software is often misrespresented or even omitted by providers of bibliometric
data, and that systematic analyses of software in scientific publications are not possible based on
the current scientometric system. For one, publishers lack a specialized format for citations to
scientific software, which was never encountered throughout the entire data annotation, while all
analyzed bibliographic databases are currently unable to adequately represent software citation. To
represent the intricacies of software citation and to enable and facilitate systematic representation
and analyses of formal software citation it would be necessary to model at least two different views
to software: (1) provide all information about the particular software as given by the authors in a
structured manner to enable reproducibility, and (2) link citations of the same software—including
different versions—to a common element to enable software tracking.

Overall, several stakeholders need to adjust their practices to improve the state of formal software
citation:

e Software developers need to update their citation requests to conform with software citation

guidelines, so they do not impose a conflict between citation formats on authors;

e Publishers need to update their citation representation to allow a representation of software

citations and to include the corresponding metadata;

e Bibliometric databases need to update their citation handling to not only consider publica-

tions, but different forms of research artifacts and their intricacies.
While action is primarily needed from the stakeholders above, future work can support their efforts
by establishing an automatic classification of formal software citation and the contained information,
corresponding to the classification of informal software citation performed in this work. This would
provide the necessary tools to implement proper software representation, while the corresponding
results could also be used for large-scale analyses to further validate the manual results found in
the scope of this work.

Open Source Software: The results also provide an overview of the current state of free and
open source software in scientific research, with a central finding being that with increasing number
of software mentions the amount of employed free and open source rises. I believe that this results
from highly specialized requirements of the employed analyses in terms of software usage, with no
commercial tool support existing for these applications or that commercial tools lack the required
flexibility, extendability, and validation to be applied in such settings. Regarding the amount of open
source software, my work showed that proprietary software accounts for the majority of mentioned
software, while a positive trend to open source software was identified over recent years, which I
see as a positive development as it leads to higher reproducibility and re-use due to missing vendor
lock-in. A higher frequency of open source software is also present in higher ranked journals with
the highest ventile using more than 50% open source software. This could illustrate that these
publications conduct more complex analyses and have a better understanding for the benefits of
open source software.
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It is necessary to note that the analyses performed on software availability are based on manual
annotation, and only include the most common software with a coverage of 50% of overall software
mentions. Therefore, only the 428 most popular software are included in the analysis. The limita-
tions of this approach are demonstrated by the software toolchain around SHELX, which due to its
high popularity from 2008 to 2011 in specific journals related to the domains of Materials Science,
Physics, and Chemistry, notably impacted trends along these dimensions. Furthermore, I believe
that the distribution of open source software does differ in the long-tail of software, and argue that
it does contain more open source software, which is highly specialized for research problems and
hence only rarely re-used. Further work is, therefore, required to fully asses the state of open source
software in science. A potential approach is to include external information in the classification,
for instance, by developing an EL of long-tail software against common publication platforms, such
as Github, Bitbucket, or CRAN, as identified in Table 6.5, and automatically gather license infor-
mation. This could be based on existing work of Lopez et al. [173] and Istrate et al. [128], which
includes methods of software EL.

Software in Retracted Articles: An analysis of the relation between software and article re-
traction found valuable insights, but also demonstrates how the techniques presented in my work
can be applied to new analysis and different data. It was found that the software landscape in
retracted articles is less diverse and that less free and open source software is employed. Moreover,
my results show that citation practices for free and open source software in retracted articles are
negligent with a substantially lower amount of formal citations. Moreover, the work showed that
software has been the primary reason for article retractions, as described above.

However, some of analyses performed on the relationship between software and article retraction
have to be considered as preliminary due to the low sample size they are based on. Future work
could extend these analyses by including a larger number of retraction notices and more retracted
articles. Furthermore, different publication types could be systematically analyzed as they might
reveal further ways in which software impacts science. The outlined analyses only consider software
in Research and Review Articles, and in Retraction Notices, while further cases might exist where
software analysis is of interest, e.g., Corrections or Reports. In the scope of retraction notices, for
instance, it was often found that software was used and explicitly mentioned for automatic detection
of plagiarism. These findings were not presented in this work, as they do not reflect software usage
by researchers, but they demonstrate the potential of SOFTWAREKG for future investigations.

KG of Software in Science

In the scope of this work, SOFTWAREKG was used to perform large-scale analyses of software
in science. However, in future work it can build the basis to develop software related features
required by the scientific community, for instance, a mapping for available software and newly
established software, or to track software usage and establish software impact measures. This
requires knowledge enrichment, e.g., by linking SOFTWAREKG with other knowledge bases, which
makes the structure of the published data particularly useful. Software developers, for instance,
could be linked to general purpose KGs such as Wikidata or to software repositories such as CRAN,
while SOFTWAREKG could be linked to OpenALEX (see Section2.2.1) to add further information
on authors, affiliations, and more specific fields of research.

Currently, information on software entities in SOFTWAREKG is based on aggregation over articles
and subject to error propagation from the IE pipeline. In general, it is desirable to make this
information as reliable and complete as possible. SOFTWAREKG is well suited to build the basis for
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such an knowledge base due to its publication format, and because it allows to identify software with
missing information. Therefore, future work should focus on improving the ED step as discussed
above, while EL to external resources can further be used to extend and correct information on
software entities. For this purpose, information can be aggregated from multiple sources, e.g., from
general purpose KGs for common software tools, from initiatives tracking software such as SWMATH
or SciCrunch (see Section 2.1), and from package repositories such as CRAN (as described above).

The identified software Creation and Deposition in SOFTWAREKG are particularly useful to es-
tablish a mapping of the scientific software landscape as it allows to track new software publications
with low latency. Furthermore, these results allow to provide researchers with recommendations on
where to publish their software and the corresponding description, by identifying the most common
publishing platforms and journals for research software. Overall this can, in future work, also build
the bases to extend SOFTWAREKG to implement a search and recommendation for software.

Lastly, future work could also extend the pipeline I developed in this work to different scientific
artifacts such as data. For this purpose, the pipeline serves as a model of how knowledge from sci-
entific articles can be systematically extracted and modeled. It provides insights on all individual
steps, from structuring data annotation to scalability considerations for ED. In this context, my
work also serves as a demonstration of major caveats that need to be taken into account when devel-
oping similar approaches, and allows an estimation of the required effort. Large-scale information
on other research artifacts would enable further analyses and might provide unexpected insights
into scientific research when explored in combination with SOFTWAREKG.
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Software

I utilized multiple different software throughout my work. ML and data processing was mainly
performed in Python version 3.11.3 [289], using several additional packages. PyTorch version
1.13.0 [208, 207] was used for implementation of deep learning models, and the Huggingface trans-
formers version 4.6.1 [311, 310] specifically for BERT models. Scikit-learn version 0.24.1 [211, 210]
was further used for Random Forest models and to implement evaluation functions, while source
code from seqeval version 1.2.2 [191] was adapted for evaluation of sequence tagging. Moreover, Ixml
version 4.6.3 [26] and NLTK version 3.6.2 [172, 171] were used for extraction and pre-processing of
articles documents, and Gensim version 4.0.1 [228, 227] to handle word embeddings for Bi-LSTM-
CRFs. Lastly, rdflib version 6.3.2 [225] was used for KG construction. Data analysis was performed
with R version 4.3.0 [222] including several packages. Tidyverse version 1.3.1 [304, 303] was used
for data analyses, magrittr version 2.0.2 [19] for data wrangling. Furthermore, ggplot2 version
3.3.5 [302, 301], patchwork version 1.1.1 [209], ggalluvial [40], and easyalluvial [146] were used for
visualization. Statistical analyses were implemented with DescTools [257], rcompanion [180], and
effectsize version 0.8.3 [29, 28], and SPARQL 1.16 [286] was used to query data from SOFTWAREKG.
Moreover, xtable [61] was used to automatically generate tabular outputs, Quarto [7] was used to
generate documents for literate data analysis, and RStudio [219] was used to support all analyses
performed in R. Additionally, BRAT [271, 272] was used to implement several data annotations.
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Availability

Source code and data developed in the scope of my work has been made publicly available
for all publications contributing to this work, as well as the extension of SOFTWAREKG de-
scribed in this work. Source code for pre-processing article documents were published in the
Python package articlenizer [247] at Github (https://github.com/dave-s477/articlenizer).
The source code implementing Bi-LSTM-CRFs and Transformer based models, Relation Extrac-
tion, and Entity linking was published in the Python package SoMeNLP [241], that was itera-
tively extended throughout this work and published at Github (https://github.com/dave-s477/
SoMeNLP). Analysis scripts for software citation in SOFTWAREKG were made available at Github
(https://github.com/f-krueger/SoftwareKG-PMC-Analysis), and the literature data analyses
scripts for the software in retracted articles were published at https://github.com/dave-s477/
Software-and-Article-Retraction. Moreover, the analysis scripts for citation representation
quality by providers of bibliographic data were published at https://github.com/dave-s477/
SoMeSci_Citation. SOMEScCI—the gold standard for software mentions—is made available to be
directly used as a ground-truth dataset for ML at https://github.com/dave-s477/SoMeSci, and
is further represented as a KG to facilitate further analyses and exploration with a correspond-
ing website and SPARQL endpoint at https://data.gesis.org/somesci. The data itself was
also made available at Zenodo to ensure long time archival [243], and corresponding source code
is published at https://github.com/dave-s477/SoMeSci_Code. The extension of formal citation
annotation published with the original SOMESCI data, while analyses scripts for formal citation are
available at https://github.com/dave-s477/SoMeSci_Citation. Lastly, the different versions
of SOFTWAREKG were made publicly available. The first version was published at Zenodo [252]
and has a corresponding website at https://data.gesis.org/softwarekg/softwarekg-social/,
while the second version (covering PMC) is also available at Zenodo [242] and has a correspond-
ing website at https://data.gesis.org/softwarekg/softwarekg-pubmed/. The last version of
SOFTWAREKG, described here and based on an updated data model, is available from Zenodo at
https://doi.org/10.5281/zenodo.10951778 [240] under CC-BY license to guarantee long time
availability and archival of the data. Overall, the publication can be considered as 5 star open data
as defined by Berners-Lee [31]. However, the published version of SOFTWAREKG only contains in-
formation available under open licenses. As this is not the case for bibliometric data gathered from
Scimago through PubMedKG, those parts where excluded from publication. However, Scimago
identifiers were added so the information can be gathered in future investigations working with the
data.
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Abbreviations

CDCR Cross-Document Coreference Resolution
CEM Coarsened Exact Matching

CI Confidence Interval

CNN Convolutional Neural Network
CRAN The Comprehensive R Archive Network
CRF Conditional Random Fields

CZI Chan Zuckerberg Initiative

DOI Digital Object Identifier

ED Entity Disambiguation

EL Entity Linking

ER Entity Resolution

IA A Inter Annotator Agreement

IE Information Extraction

IRI Internationalized Resource Identifier
JATS Journal Article Tag Suite

JOSS Journal of Open Source Software
KG Knowledge Graph

LLM Large-Scale Language Model

LSH Locality Sensitive Hashing

LSTM Long Short Term Memory Network
MAG Microsoft Academic Graph

ML Machine Learning

NER Named Entity Recognition

NLP Natural Language Processing

NN Neural Network

OR odds-ratio

OS Operating System

PE Programming Environment

PLoS Public Library of Science

PMC PubMed Central

PMC OA PubMed Central Open Access Subset
PP percentage points

PyPi Python Package Index

RDF Resource Description Framework
RE Relation Extraction

RW Retraction Watch

S2AG Semantic Scholar Academic Graph
SDO Software Description Ontology
SGD Stochastic Gradient Descent
SHACL Shapes Constraint Language
SJR Scimago Journal Rank

SWO Software Ontology
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Appendix

A Software Analyses

Article Approach Dataset Domain Performance
Howison and Bullard [118] Analysis 90 Articles B 0=83%
Nangia and Katz [192] Analysis 40 Articles N -
Manual Duck et al. [77] Annotation 85 Articles BI F=80%
Du et al. [74] Annotation 4971 Art. LS&E F=76%
Duck et al. [77] Rules BioNerDs BI F=53%
Duck et al. [76] Rules & CRF BioNerDs BI F=63%
Duck et al. 78] Rules & RF BioNerDs BI F=67%
Automatic  Pan et al. [205] 1B - LS F=58%
Lopez et al. [173] SciBERT-CRF Softcite LS&E F=T1-74%"
Bassinet et al. [24] SciBERT-CRF Softcite v2 LS&E F=81%
Istrate et al. [128] SciBERT Softcite LS&E F=92%"

Table Al: Overview of research on software mention identification, split into the main categories of
manual and automatic. Manual approaches are further divided between approaches focused on analysis
and approaches for data annotation. For automatic methods the approach closer describes the used algo-
rithms: R=manually engineered rules; CRF=Conditional Random Fields; RF=Random Forest; IB=Iterative
Bootstrapping. For manual approaches the dataset describes the number of analyzed articles; for au-
tomatic approaches it describes the dataset for training. Domains: B=Biology; N=Nature (Journal);
BI=Bioinformatics; LS=Life Sciences; E=Economics. Note that provided quality measures cannot be directly
compared, but are provided to allow a better assessment of individual approaches: O=Overlap; F=FScore.
T: Lopez et al. [173] and Istrate et al. [128] use different validation methods on Softcite making their results
not directly comparable. Note that the method of Li and Yan [165] is not listed here due to its restriction to
R packages.
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B Confidence Intervals (ClIs)

For count-based variables the calculation of Cls is based on the Poisson distribution, with the
calculation based on the formula of Ulm [285]:
X X;
C) = 04/2,2717 C, = 1-a/2,2(n+1) <71)
2 2
with n denoting the number of samples and a=.05 for a 95% CI, and C; and C,, denoting the lower
and upper boundaries of the interval, respectively.

For binary variables, Cls are based on the binomial distribution, calculated as commonly known
under the term Wald-interval, using an approximation by a normal distribution as described by
Wallis [298]:

p(1—p)

- (7.2)

Cl/uzl:z

with p being the estimated probability, n denoting the sample size and a z-score of z=1.96 to achieve
a 95% CI, and C; and C,, denoting the lower and upper boundaries of the interval, respectively.

A multinomial distribution is considered in one specific case. Here, the calculation of the ClIs is
based on the methods proposed by Glaz and Sison [92] and Sison and Glaz [261].
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C Statistics: Manual Analysis

‘g}g‘b’ (bk}oQ %qu? Structure Correctness
& & & |n NA (%) Us (%) S (%) C (%) E (%)
D JATS | 158 9 5.7 129 81.6 20 12.7 - - - -
o D CRO 147 11 7.5 120 81.6 16 10.9 136 92.5 0 0
g D SEM | 121 6 5.0 86 71.1 29 24.0 111 91.7 4 3.3
P M JATS | 47 4 85 29 61.7 14 29.8 - - - -
M CRO | 41 7 171 24 585 10 244 34 829 0 0
M SEM 40 3 7.5 13 32.5 24 60.0 35 87.5 2 5.0
D JATS 158 86 54.4 0 O 72  45.6 - - - -
5 D CRO 147 90 61.2 6 4.1 51 34.7 57 38.8 0 0
E D SEM | 121 103 85.1 13 10.7 5 4.1 15 124 3 25
-°§ M JATS 47 28 59.6 0 O 19 404 - - - -
= M CRO | 41 29  70.7 1 24 11 26.8 12 293 0 0
M SEM 40 40 100.0 - - - - - - -
D JATS 158 18 114 88 55.7 52 32.9 - - - -
5 D CRO 147 36 245 87 59.2 24  16.3 94 63.9 17 11.6
= D SEM | 121 41 339 39 322 41 339 55 45.5 25  20.7
5 M JATS | 47 1 21 19 404 27 574 - - - -
M CRO 41 16 39.0 16 39.0 9 220 17 41.5 8 19.5
M SEM 40 6 15.0 7 175 27  67.5 29 725 5 125
D JATS 158 60 38.0 92 58.2 6 3.8 - - - -
- D CRO | 147 64 435 80 54.4 3 20 81 55.1 2 14
2 D SEM | 121 53 43.8 67 55.4 1 8 51 42.1 17 14.0
§ M JATS | 47 36  76.6 10 213 1 21 - - -
M CRO 41 32 78.0 9 220 0 O 9 220 0 0
M SEM | 40 31 775 8  20.0 1 25 6 15.0 3 7.50
D JATS 158 20 12.7 89 56.3 49 31.0 - - - -
D CRO 147 19 129 80 544 48  32.7 128 87.1 0 0
2 D SEM | 121 18 14.9 10 8.3 93  176.9 77 63.6 26 21.5
A M JATS 47 2 4.3 17  36.2 28 59.6 - - - -
M CRO | 41 2 49 17 415 22 53.7 37 90.2 2 49
M SEM | 40 2 5.0 0 0 38 95.0 16 40.0 22 55.0

Table A2: Overview of direct software citation and citation to manuals representation by publisher, Crossref,
and Semantic Scholar across different metadata. Column “Citation”, distinguishes between direct citations
(D) and manuals (M); “Database” distinguishes the data source between publisher (JATS), Crossref (CRO),
and Semantic Scholar (SEM); “Structure” NA refers to not available information, US to unstructured in-
formation, and S to structured information; “Correctness” C refers to correct information and E to wrong
information. The JATS data has no correctness information because it is correct by definition. The values of
NA, US, and S sum to one, and the values of NA, C, and E, also, because a correctness cannot be determined
for not represented information. Missing references are not included in any counts.
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Description representation across databases

Metadata status not available (NA) structured (S) missing (M) correct (C) error (E) unstructured (US)
Direct Software Citation
150 4 E S S S E
c us us us
+ 1004
c
=
S NA NA
504 NA NA NA
M M
04 M M
Crossréf_Error Croslsref Publilsher Semlantic Semantlic_Error
Citation to Manual
40+ S S
C S C
.EJ 301 US
S us us
8 20+
NA NA NA NA
10+ NA
ol M M M M
Crossréf_Error Cros'sref Publilsher Semlantic Semantlic_Error

Figure Al: Adapted alluvial plot illustrating accuracy of software description representation in terms of
availability, structure, and correctness within direct software citations and citations to manuals, following
the principle of Figure 3.6.

Type of citation representation across databases

Metadata status not available (NA) structured (S) missing (M) correct (C) error (E) unstructured (US)
Direct Software Citation
E
15014
2 e US s E
+ 100 A
< NA NA
o
S .| NA NA NA
50
M M
ol M M
Crossréf_Error Cros'sref Publilsher Semlantic Semantlic_Error
Citation to Manual
401 C us us us C
+— 304
5
g 201 NA NA NA NA
NA
104
ol M M M M
Crossréf_Error Croslsref Publi'sher Semlantic Semantlic_Error

Figure A2: Adapted alluvial plot illustrating accuracy of software type of citation representation in terms
of availability, structure, and correctness within direct software citations and citations to manuals, following
the principle of Figure 3.6.
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D Automatic Information Extraction

1 select distinct 7u 7?1 ?n ?red_name 7w_l ?s 7d ?d_foaf_name ?d_label 7d_dbp_name ?d_label_ori where {
2 {

3 ?s rdf:type dbo:Software.

4 FILTER NOT EXISTS {?s rdf:type dbo:VideoGame}
5 OPTIONAL {

6 ?red dbo:wikiPageRedirects 7s.

7 OPTIONAL {?red rdfs:label ?red_name.}

8 ¥

9 OPTIONAL {

10 ?s rdfs:label 71.

11 FILTER (LANG(?71) = 'de' or LANG(?71l) = 'fr' or LANG(?71) = 'es')
12 }

13 ?s rdfs:label ?u. FILTER (LANG(?u) = 'en').
14 OPTIONAL {?s foaf:name ?n.}

15 OPTIONAL {

16 ?wiki_dis dbo:wikiPageDisambiguates 7s.
17 ?wiki_dis rdfs:label 7w_1.

18 FILTER ( LANG( ?7w_1) ='en').}

19 OPTIONAL {

20 ?s dbo:developer 7d.

21 OPTIONAL {7?d foaf:name ?7d_foaf_name.}
22 OPTIONAL {

23 ?d rdfs:label 7d_label.

24 FILTER(LANG(?d_label) = 'en').

25 }

26 OPTIONAL {?d dbp:name 7d_dbp_name.}

27 OPTIONAL {

28 ?d dbo:wikiPageRedirects 7d_ori.

29 ?d_ori rdfs:label 7?d_label_ori.

30 FILTER (LANG(?d_label_ori)='en')

31 }

32 ¥

33 } UNION {

34 ?s rdf:type dbo:Programminglanguage.

35 ?s rdfs:label 7u.

36 FILTER(LANG(?u)='en')

37 }

38 ¥

Listing A22: Executed SPARQL query gathering information on software contained in DBpe-
dia. Different alternative names for software are extracted utilizing the fields rdfs:label, foaf:name,
dbo:wikiPageDisambiguates, and dbo:wikiPageRedirects. The query considers names in English, Spanish,
German, and French to cover language based naming differences. The query considers all subcategories
of software except video games, and gathers programming languages separately as they are not considered
software in DBpedia.
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E Statistics: Large-Scale Analysis

Main research domain

Research subcategories

Physics and Astronomy

Chemistry

Social Sciences

Materials Science

Engineering

Economics, Econometrics and Fi-

nance
Multidisciplinary
Energy

Agricultural and Biological Sciences

Environmental Science

Veterinary
Nursing

Decision Sciences

Earth and Planetary Sciences

Pharmacology, and

Pharmaceutics

Toxicology

204

Acoustics and Ultrasonics, Astronomy and Astrophysics, Atomic and Molecular
Physics, and Optics, Condensed Matter Physics, Instrumentation, Nuclear and
High Energy Physics, Physics and Astronomy (miscellaneous), Radiation, Statisti-
cal and Nonlinear Physics, Surfaces and Interfaces

Analytical Chemistry, Chemistry (miscellaneous), Electrochemistry, Inorganic
Chemistry, Organic Chemistry, Physical and Theoretical Chemistry, Spectroscopy
Anthropology, Archeology, Communication, Cultural Studies, Demography, Devel-
opment, E-learning, Education, Gender Studies, Geography, Planning and Devel-
opment, Health (social science), Human Factors and Ergonomics, Law, Library
and Information Sciences, Life-span and Life-course Studies, Linguistics and Lan-
guage, Political Science and International Relations, Public Administration, Safety
Research, Social Sciences (miscellaneous), Social Work, Sociology and Political Sci-
ence, Transportation, Urban Studies

Biomaterials, Ceramics and Composites, Electronic, Optical and Magnetic Mate-
rials, Materials Chemistry, Materials Science (miscellaneous), Metals and Alloys,
Nanoscience and Nanotechnology, Polymers and Plastics, Surfaces, Coatings and
Films

Aerospace Engineering, Architecture, Automotive Engineering, Biomedical Engi-
neering, Building and Construction, Civil and Structural Engineering, Computa-
tional Mechanics, Control and Systems Engineering, Electrical and Electronic En-
gineering, Engineering (miscellaneous), Industrial and Manufacturing Engineering,
Mechanical Engineering, Mechanics of Materials, Media Technology, Ocean Engi-
neering, Safety, Risk, Reliability and Quality

Economics and Econometrics, Economics, Econometrics and Finance (miscella-
neous), Finance

Multidisciplinary

Energy (miscellaneous), Energy Engineering and Power Technology, Fuel Technol-
ogy, Nuclear Energy and Engineering, Renewable Energy, Sustainability and the
Environment

Agricultural and Biological Sciences (miscellaneous), Agronomy and Crop Science,
Animal Science and Zoology, Aquatic Science, Ecology, Evolution, Behavior and
Systematics, Food Science, Forestry, Horticulture, Insect Science, Plant Science,
Soil Science

Ecological Modeling, Ecology, Environmental Chemistry, Environmental Engineer-
ing, Environmental Science (miscellaneous), Global and Planetary Change, Health,
Toxicology and Mutagenesis, Management, Monitoring, Policy and Law, Nature
and Landscape Conservation, Pollution, Waste Management and Disposal, Water
Science and Technology

Equine, Food Animals, Small Animals, Veterinary (miscellaneous)

Advanced and Specialized Nursing, Assessment and Diagnosis, Care Planning,
Community and Home Care, Critical Care Nursing, Emergency Nursing, Funda-
mentals and Skills, Gerontology, Issues, Ethics and Legal Aspects, LPN and LVN,
Leadership and Management, Maternity and Midwifery, Medical and Surgical Nurs-
ing, Nurse Assisting, Nursing (miscellaneous), Nutrition and Dietetics, Oncology
(nursing), Pediatrics, Pharmacology (nursing), Psychiatric Mental Health, Research
and Theory, Review and Exam Preparation

Statistics, Probability and Uncertainty, Information Systems and Management,
Management Science and Operations Research

Atmospheric Science, Computers in Earth Sciences, Earth and Planetary Sciences
(miscellaneous), Earth-Surface Processes, Economic Geology, Geochemistry and
Petrology, Geology, Geophysics, Geotechnical Engineering and Engineering Geol-
ogy, Oceanography, Paleontology, Space and Planetary Science, Stratigraphy
Drug Discovery, Pharmaceutical Science, Pharmacology, Pharmacology, Toxicology
and Pharmaceutics (miscellaneous), Toxicology
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Mathematics

Computer Science

Biochemistry, Genetics and Molecu-
lar Biology

Dentistry
Neuroscience

Arts and Humanities

Psychology

Business, Management and Account-
ing

Medicine

Immunology and Microbiology

Health Professions

Chemical Engineering

Algebra and Number Theory, Analysis, Applied Mathematics, Computational
Mathematics, Control and Optimization, Discrete Mathematics and Combinatorics,
Geometry and Topology, Logic, Mathematical Physics, Mathematics (miscella-
neous), Modeling and Simulation, Numerical Analysis, Statistics and Probability,
Theoretical Computer Science

Artificial Intelligence, Computational Theory and Mathematics, Computer Graph-
ics and Computer-Aided Design, Computer Networks and Communications, Com-
puter Science (miscellaneous), Computer Science Applications, Computer Vision
and Pattern Recognition, Hardware and Architecture, Human-Computer Interac-
tion, Information Systems, Signal Processing, Software

Aging, Biochemistry, Biochemistry, Genetics and Molecular Biology (miscella-
neous), Biophysics, Biotechnology, Cancer Research, Cell Biology, Clinical Bio-
chemistry, Developmental Biology, Endocrinology, Genetics, Molecular Biology,
Molecular Medicine, Physiology, Structural Biology

Dentistry (miscellaneous), Oral Surgery, Orthodontics, Periodontics

Behavioral Neuroscience, Biological Psychiatry, Cellular and Molecular Neuro-
science, Cognitive Neuroscience, Developmental Neuroscience, Endocrine and Au-
tonomic Systems, Neurology, Neuroscience (miscellaneous), Sensory Systems
Archeology (arts and humanities), Arts and Humanities (miscellaneous), Conserva-
tion, History, History and Philosophy of Science, Language and Linguistics, Liter-
ature and Literary Theory, Music, Philosophy, Religious Studies, Visual Arts and
Performing Arts

Applied Psychology, Clinical Psychology, Developmental and Educational Psychol-
ogy, Experimental and Cognitive Psychology, Neuropsychology and Physiological
Psychology, Psychology (miscellaneous), Social Psychology

Accounting, Business and International Management, Business, Management and
Accounting (miscellaneous), Industrial Relations, Management Information Sys-
tems, Management of Technology and Innovation, Marketing, Organizational Be-
havior and Human Resource Management, Strategy and Management, Tourism,
Leisure and Hospitality Management

Anatomy, Anesthesiology and Pain Medicine, Biochemistry (medical), Cardiology
and Cardiovascular Medicine, Complementary and Alternative Medicine, Critical
Care and Intensive Care Medicine, Dermatology, Drug Guides, Embryology, Emer-
gency Medicine, Endocrinology, Diabetes and Metabolism, Epidemiology, Family
Practice, Gastroenterology, Genetics (clinical), Geriatrics and Gerontology, Health
Informatics, Health Policy, Hematology, Hepatology, Histology, Immunology and
Allergy, Infectious Diseases, Internal Medicine, Medicine (miscellaneous), Micro-
biology (medical), Nephrology, Neurology (clinical), Obstetrics and Gynecology,
Oncology, Ophthalmology, Orthopedics and Sports Medicine, Otorhinolaryngology,
Pathology and Forensic Medicine, Pediatrics, Perinatology and Child Health, Phar-
macology (medical), Physiology (medical), Psychiatry and Mental Health, Pub-
lic Health, Environmental and Occupational Health, Pulmonary and Respiratory
Medicine, Radiology, Nuclear Medicine and Imaging, Rehabilitation, Reproductive
Medicine, Reviews and References (medical), Rheumatology, Surgery, Transplan-
tation, Urology

Applied Microbiology and Biotechnology, Immunology, Immunology and Microbi-
ology (miscellaneous), Microbiology, Parasitology, Virology

Chiropractics, Complementary and Manual Therapy, Health Information Manage-
ment, Health Professions (miscellaneous), Medical Laboratory Technology, Occupa-
tional Therapy, Optometry, Pharmacy, Physical Therapy, Sports Therapy and Re-
habilitation, Podiatry, Radiological and Ultrasound Technology, Speech and Hear-
ing, Sports Science

Bioengineering, Catalysis, Chemical Engineering (miscellaneous), Chemical Health
and Safety, Colloid and Surface Chemistry, Filtration and Separation, Fluid Flow
and Transfer Processes, Process Chemistry and Technology

Table A3: Overview of the 27 main research domains and 3 of their sub categories that were used to group
journals. Bold font highlights the abbreviation of the respective research domain used here.
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Variable OR 95% CI
Agricultural 1.81 1.79 1.83
Computer 1.73  1.67 1.79
Physics 1.73  1.68 1.77
Business 1.57 1.37 1.80
Biochemistry 1.40 1.38 141
Multidisciplinary 1.25  1.23 1.27
Mathematics .21 1.16 1.27
Health 1.21 1.18 1.25
Dentistry 1.16 112 1.21
Materials 1.13  1.10 1.15
Decision 1.13 (91 1.42)
Year 1.09 1.09 1.09
Neuroscience 1.06 1.04 1.08
Journal Rank 1.05 1.05 1.05
Medicine 1.03 1.02 1.04
Citation Rank .99 98 .99
Immunology .96 95 97
Veterinary .96 92 .99
Psychology .89 87 91
Pharmacology .84 .83 .85
Energy .82 74 .90
Environmental .80 718 .81
Nursing 73 7175
Chemistry 71 .69 .72
Engineering .70 .68 .72
Social .68 .66 .70
Earth .56 bl .62
Economics 49 43 .56
Chemical A7 46 .48
Arts .46 43 .49

Table A4: Result of the logistic regression predict-
ing if an article is using software (true=1, false=0)
considering its publication year (Year), scientific
domain, impact of the publishing journal (Journal
Rank), and the article impact in citation count (Ci-
tation Rank). OR=O0dds Ratio; OR>1 indicates
that a variable is associated with a higher likeli-
hood of a software usage in an article; non signif-
icant values are indicated by the CI including 1,
which is also highlighted by the use of brackets; the
table is ordered by OR.
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Variable OR 95% CI
Computer 2.39 236 2.43
Decision 2.10 1.95 2.25
Biochemistry 1.34 133 1.34
Immunology 1.22 121 1.22
Materials 1.21 1.19 1.23
Engineering 1.19 1.17 1.20
Agricultural 1.17 116 1.17
Physics 1.16  1.15 1.18
Multidisciplinary 1.10  1.09 1.11
Year 1.03 1.03 1.03
Journal Rank 1.03 1.03 1.03
Neuroscience 1.03 1.02 1.04
Chemistry 1.03 1.02 1.05
Citation Rank 1.01 1.01 1.01
Pharmacology .98 98 .99
Health .92 90 .94
Arts .89 .84 94
Business .84 .79 .89
Psychology .84 .83 .86
Energy .84 .80 .88
Environmental .82 .81 .83
Social .82 .80 .84
Veterinary .79 77 81
Earth .79 .74 .84
Mathematics .69 .68 .70
Medicine .67 .67 .68
Dentistry .67 .65 .69
Economics .60 .02 .69
Nursing .56 .55 .57
Chemical .52 b1 .53

Table A5: Result of the quasi-poisson regression
predicting the number of software an article men-
tions considering its publication year (Year), sci-
entific domain, impact of the publishing journal
(Journal Rank), and the article impact in citation
count (Citation Rank). OR=0dds Ratio; OR>1
indicates that a variable is associated with a higher
number of a software per article; non significant
values are indicated by the CI including 1, which is
also highlighted by the use of brackets; the table is
ordered by OR.



E. Statistics: Large-Scale Analysis

Variable OR 95% CI

Materials 3.28 3.21 3.36
Decision 3.00 2,51 3.57
Computer 2.29 222 235
Agricultural 1.54 1.3 1.55
Earth 1.47 1.29 1.68
# Software 1.35 135 1.35
Psychology 1.33 130 1.37
Mathematics 1.31 1.27 1.36
Immunology 1.30 129 1.31
Arts 1.23 1.13 1.35
Engineering 1.20 1.16 1.23
Biochemistry 1.18 117 1.19
Physics 1.18  1.15 1.21

Multidisciplinary 1.13  1.12 1.15
Environmental 1.09 1.07 1.11

Veterinary 1.04 1.01 1.07
Journal Rank 1.03 1.03 1.03
Year 1.01 1.01 1.01
Citation Rank .99 99 .99
Neuroscience .94 93 .95
Chemistry 91 .89 .93
Energy .89 .82 97
Pharmacology .86 .85 .88
Medicine .63 .63 .64
Social .62 59 .65
Health .60 b8 .62
Chemical .60 59 .62
Business .58 .51 .65
Economics .55 42 .72
Dentistry .35 33 .37
Nursing .34 33 .35

Table A6: Result of the logistic regression pre-
dicting if individual software mentioned in articles
is free considering its publication year (Year), sci-
entific domain, impact of the publishing journal
(Journal Rank), the article impact in citation count
(Citation Rank), and the number of software used
within the article (# Software). OR=0dds Ratio;
OR>1 indicates that a variable is associated with
a higher amount of freely available software; non
significant values are indicated by the CI including
1, which is also highlighted by the use of brackets;
the table is ordered by OR.

Variable OR 95% CI

Decision 3.01 2.59 3.50
Engineering 254 248 2.61
Earth 1.76  1.55 2.00
Computer 1.59 1.55 1.63
Agricultural 1.63 152 1.54
Psychology 140 136 143
Mathematics 1.33 1.29 1.37
Immunology 1.28  1.27 1.29
# Software 1.22 122 1.22
Biochemistry 1.21 1.20 1.22
Multidisciplinary 1.18  1.16 1.19
Veterinary 1.16  1.12 1.19
Arts 1.15  1.05 1.25

Environmental 1.12 1.10 1.14
Journal Rank 1.05 1.05 1.05

Year 1.02  1.02 1.02
Neuroscience 1.01  (1.00 1.03)
Citation Rank 1.00 (.99 1.00)
Chemical 1.00 (.97 1.03)
Pharmacology .95 .93 .96
Physics .84 .81 .86
Chemistry .80 .78 .82
Business .75 .67 .85
Energy .74 .69 .80
Health .70 67 .73
Medicine .65 .65 .66
Social .63 .60 .66
Economics .46 34 .63
Materials .42 A1 .43
Dentistry 37 34 .39
Nursing .32 31 .33

Table A7: Result of the logistic regression predict-
ing if individual software mentioned in articles is
open source considering its publication year (Year),
scientific domain, impact of the publishing journal
(Journal Rank), the article impact in citation count
(Citation Rank), and the number of software used
within the article (# Software). OR=0dds Ratio;
OR>1 indicates that a variable is associated with
a higher amount of open source software; non sig-
nificant values are indicated by the CI including 1,
which is also highlighted by the use of brackets; the
table is ordered by OR.
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Variable OR 95% CI
Materials 1.62 1.58 1.65
Nursing 1.39 135 1.43
Medicine 1.24 123 1.24
Chemistry 1.20 1.17 1.23
Energy 1.19  1.11 1.28
Agricultural 1.17 116 1.17
Environmental 1.16 1.14 1.18
Chemical 1.14 111 1.17
Dentistry 1.07  1.03 1.12
Year 1.05 1.05 1.05
Citation Rank 1.00  (1.00 1.00)
# Software .99 99 .99
Veterinary 98 (.95 1.01)
Psychology 98 (.96 1.01)
Journal Rank 97 97 97
Pharmacology .96 94 97
Health .92 90 .95
Immunology .90 .89 91
Neuroscience .84 .83 .85
Social .84 .81 .87
Physics .84 .82 .86
Arts .83 S 91
Open .81 .80 .82
Multidisciplinary .77 .76 .78
Computer .74 72 .76
Economics .72 b9 .88
Biochemistry .70 .69 .70
Business .70 .63 .78
Mathematics .68 .66 .70
Earth .60 b3 .68
Free .45 45 .46
Engineering 37 36 .38
Decision .33 28 .40

Table A8: Result of the logistic regression pre-
dicting if the version was provided for individual
software mentioned in articles considering its pub-
lication year (Year), scientific domain, impact of the
publishing journal (Journal Rank), the article im-
pact in citation count (Citation Rank), the number
of software used within the article (# Software),
and whether the software itself is available freely
(Free) and open source (Open). OR=0dds Ratio;
OR>1 indicates that a variable is associated with a
higher amount of version mentions; non significant
values are indicated by the CI including 1, which is
also highlighted by the use of brackets; the table is
ordered by OR.
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Variable OR 95% CI
Materials 10.88 10.60 11.17
Economics 1.95 1.56 2.43
Neuroscience 1.43 142 1.45
Physics 1.29 126 1.33
Environmental 1.25 1.23 1.28
Immunology 122 121 1.23
Veterinary 1.22 1.19 1.26
Dentistry 1.19 114 1.24
Nursing 1.16 1.13 1.19
Computer 1.13 1.10 1.17
Biochemistry 1.05 1.05 1.06
Medicine 1.05 1.04 1.06
Pharmacology 1.06 1.03 1.07
Year 1.02 1.02 1.02

Citation Rank 1.01 1.01 1.01
Journal Rank 1.00 (1.00 1.00)

Agricultural .95 94 .95
Chemistry .95 .93 .98
Multidisciplinary .94 93 .96
Decision 93 (.75 1.15)
# Software .90 90 .90
Chemical .88 .85 91
Psychology .88 .86 .90
Arts .84 7692
Open .84 .82 .85
Health .80 78 .83
Social .58 .56 .60
Energy A7 42 51
Earth .46 39 .54
Business 31 27 .35
Engineering 27 .26 .28
Mathematics .23 22 .24
Free A7 .16 .17

Table A9: Result of the logistic regression pre-
dicting if the developer was provided for individual
software mentioned in articles considering its publi-
cation year (Year), scientific domain, impact of the
publishing journal (Journal Rank), the article im-
pact in citation count (Citation Rank), the number
of software used within the article (# Software),
and whether the software itself is available freely
(Free) and open source (Open). OR=0dds Ratio;
OR>1 indicates that a variable is associated with
a higher amount of developer mentions; non signif-
icant values are indicated by the CI including 1,
which is also highlighted by the use of brackets; the
table is ordered by OR.



E. Statistics: Large-Scale Analysis

Variable OR 95% CI
Free 10.07  9.94 10.20
Business 2.72 237 3.12
Chemistry 1.95 1.90 2.01
Agricultural 142 1.41 1.43
Multidisciplinary 1.39 1.37 1.41
Mathematics 1.36 132 141
Veterinary 1.32 1.27 1.38
Immunology 1.25 1.24 1.26
Earth 1.23  1.05 1.43
Economics 1.15 (.79 1.69)
Biochemistry 1.10 109 1.11
# Software 1.09 1.09 1.09

Pharmacology 1.04 1.02 1.07
Environmental 1.04 1.01 1.06
Journal Rank 1.03 1.03 1.03

Psychology 1.01 (.98 1.06)
Citation Rank .99 99 .99
Year 97 97 97
Engineering 97 (.93 1.01)
Chemical 96 (.93 1.00)
Social 94 (.88 1.00)
Energy 91 .84 .99
Computer .82 .80 .84
Health .80 75 .85
Open .78 778
Medicine .76 S50 0T
Decision .74 .63 .87
Neuroscience .73 72074
Arts .71 62 .82
Nursing .63 .60 .67
Physics .b5 b3 .57
Dentistry .46 41 51
Materials .28 27 .29

Table A10: Result of the logistic regression pre-
dicting if a formal citation was provided for individ-
ual software mentioned in articles considering its
publication year (Year), scientific domain, impact
of the publishing journal (Journal Rank), the arti-
cle impact in citation count (Citation Rank), the
number of software used within the article (# Soft-
ware), and whether the software itself is available
freely (Free) and open source (Open). OR=0dds
Ratio; OR>1 indicates that a variable is associated
with a higher amount of formal software citations;
non significant values are indicated by the CI in-
cluding 1, which is also highlighted by the use of
brackets; the table is ordered by OR.

Variable OR 95% CI
Free 12.54 12.30 12.78
Energy 2.19 193 247
Chemical 1.66 1.56 1.76
Neuroscience 1.49 146 1.52
Multidisciplinary 1.30 1.27 1.33
Biochemistry 127 125 1.29
Medicine 1.20  1.18 1.22
Arts 1.19 (.97 1.46)
Computer 1.18 113 1.23
Veterinary 1.07  (1.00 1.14)
Pharmacology 1.06 1.03 1.10
Decision 1.04 (.80 1.36)
Physics 1.03 (.97 1.09)
Agricultural 1.02  (1.00 1.03)
Citation Rank 1.01  1.01 1.01
# Software 1.00  (1.00 1.01)
Year .99 99 .99
Journal Rank 99 (199 1.00)
Psychology .88 .83 .93
Immunology .87 .85 .88
Health .86 78 .94
Earth .82 (.60 1.10)
Environmental .74 ST
Chemistry .67 .64 .71
Social .60 .54 .68
Mathematics .56 .53 .60
Nursing .b3 48 .59
Source .53 b2 54
Engineering .50 A7 .54
Dentistry .46 .39 .55
Business .46 33 .63
FEconomics .36 13 .98
Materials .06 .05 .07

Table A11: Result of the logistic regression pre-
dicting if the URL was provided for individual soft-
ware mentioned in articles considering its publica-
tion year (Year), scientific domain, impact of the
publishing journal (Journal Rank), the article im-
pact in citation count (Citation Rank), the number
of software used within the article (# Software),
and whether the software itself is available freely
(Free) and open source (Open). OR=0dds Ratio;
OR>1 indicates that a variable is associated with
a higher amount of URL mentions; non significant
values are indicated by the CI including 1, which is
also highlighted by the use of brackets; the table is
ordered by OR.
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Figure A3: Relative amount of software types mentioned over time.

Variable OR 95% CI Variable OR 95% CI

# Software 1.51 1.45 1.58 not retracted 1.55 132 1.81
not retracted 1.35 1.15 1.57 # Software 1.38 133 144
not retracted : # 98 (94 1.03) not retracted : # 97 (193 1.01)

Table A12: Result of the logistic regression pre-
dicting whether mentione software is freely avail-
able for retracted papers considering the number
of software per article (# Software), the retrac-
tion status (not retracted), and their interaction.
OR=0dds Ratio; OR>1 indicates that a variable is
associated with a higher likelihood of the mention
of freely available software; non significant values
are indicated by the CI including 1, which is also
highlighted by the use of brackets; the table is or-
dered by OR.
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Table A13: Result of the logistic regression pre-
dicting whether mentioned software is open source
for retracted papers considering the number of soft-
ware per article (# Software), the retraction status
(not retracted), and their interaction. OR=0dds
Ratio; OR>1 indicates that a variable is associ-
ated with a higher likelihood of the mention of open
source software; non significant values are indicated
by the CI including 1, which is also highlighted by
the use of brackets; the table is ordered by OR.
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Figure A4: Relative number of articles containing at least one software over time for retracted and control

articles. 95% CIs are indicated by lighter colored areas.
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Top-level Reason

RW Reasons

Error

Investigation
Plagiarism
SelfPlagiarism

Misconduct

PaperMill
other

Error by Third Party; Error in Materials (General); Unreliable Image; Error by Journal/Publisher;
Error in Image; Error in Text; Original Data not Provided; Results Not Reproducible; Con-
cerns/Issues About Image; Concerns/Issues About Results; Unreliable Data; Error in Methods;
Error in Analyses; Error in Results and/or Conclusions; Error in Data; Unreliable Results; Con-
cerns/Issues About Data

Investigation by ORI; Investigation by Third Party; Investigation by Company/Institution; Inves-
tigation by Journal/Publisher

Plagiarism of Image; Plagiarism of Data; Plagiarism of Article; Plagiarism of Text; Euphemisms
for Plagiarism

Duplication of Text; Euphemisms for Duplication; Duplication of Data; Duplication of Image;
Duplication of Article

Misconduct by Company /Institution; Euphemisms for Misconduct; Manipulation of Results; Mis-
conduct by Third Party; Falsification/Fabrication of Results; Falsification/Fabrication of Image;
Manipulation of Images; Misconduct - Official Investigation/Finding; Falsification/Fabrication of
Data; Misconduct by Author

Hoax Paper; Randomly Generated Content; Paper Mill

Sabotage of Materials; Updated to Correction; Complaints about Company/Institution; Breach
of Policy by Third Party; No Further Action; Nonpayment of Fees/Refusal to Pay; Complaints
about Third Party; Miscommunication by Company/Institution; Updated to Retraction; Not Pre-
sented at Conference; Miscommunication by Third Party; Taken via Peer Review; Contamination
of Reagents; Miscommunication by Journal/Publisher; Salami Slicing; Civil Proceedings; Objec-
tions by Company/Institution; Ethical Violations by Third Party; Publishing Ban; Contamination
of Materials (General); Criminal Proceedings; Error in Cell Lines/Tissues; Contamination of Cell
Lines/Tissues; Bias Issues or Lack of Balance; Complaints about Author; Legal Reasons/Legal
Threats; Miscommunication by Author; Doing the Right Thing; False Affiliation; Cites Retracted
Work; Concerns/Issues about Third Party Involvement; Notice - Unable to Access via current
resources; Informed/Patient Consent - None/Withdrawn; Temporary Removal; Lack of Approval
from Company/Institution; Conflict of Interest; Lack of Approval from Third Party; Taken from
Dissertation/Thesis; Notice - Lack of; Objections by Author(s); Withdrawn (out of date); Lack of
Approval from Author; Rogue Editor; Lack of IRB/IACUC Approval; Copyright Claims; With-
drawn to Publish in Different Journal; False/Forged Authorship; Concerns/Issues about Referenc-
ing/Attributions; Duplicate Publication through Error by Journal/Publisher; Objections by Third
Party; Ethical Violations by Author; Author Unresponsive; Concerns/Issues About Authorship;
Retract and Replace; Upgrade/Update of Prior Notice; Fake Peer Review; Notice - No/Limited
Information; Date of Retraction/Other Unknown; Breach of Policy by Author; Withdrawal; Notice
- Limited or No Information

Table A14: Summary of top level retraction reasons based on the fine-grained retraction reasons obtained

from RW.
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Figure A5: Mean number of distinct software mentioned in articles that contain at least one software,
depicted over time for retracted and control articles. 95% CIs are indicated by lighter colored areas.
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Figure A9: Proportion of free or open source software across retracted and control articles per retraction
reason. A separate control set is constructed for each retraction reasons by selecting the ten corresponding
articles for each retracted paper. Error bars indicate 95% Cls.
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Figure A11: Proportion of software mentions across different levels of citation completeness, separated by
retracted and control articles. No Info: Neither the version, nor the developer of a software are provided;
Incomplete Info: FEither version or developer is provided; Informal Citation: Version and developer are
provided; Formal citation: software mention is accompanied by bibliographic citation. Error bars indicate
95% Cls.
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Figure A12: Proportion of software mentions across different levels of citation completeness, separated
by retracted and control articles and between open source and closed source software. No Info: Neither the
version, nor the developer of a software are provided; Incomplete Info: Either version or developer is provided;
Informal Citation: Version and developer are provided; Formal citation: software mention is accompanied by
bibliographic citation. Error bars indicate 95% Cls.
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Figure A13: Proportion of software mentions across different levels of citation completeness per retraction
reason, separated by retracted and control articles, considering whether software is commercial or freely
available.. No Info: Neither the version, nor the developer of a software is provided; Incomplete Info: Either
version or developer are provided; Informal Citation: Version and developer are provided; Formal citation:
software mention is accompanied by bibliographic citation (independent from any associated information).
Error bars indicate 95% Cls.
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