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Abstract. One of the pillars of the scientific method is reproducibility –
the ability to replicate the results of a prior study if the same procedures
are followed. A lack of reproducibility can lead to wasted resources, false
conclusions, and a loss of public trust in science. Ensuring reproducibility
is challenging due to the heterogeneity of the methods used in different
fields of science. In this article, we present an approach for increasing
the reproducibility of research results, by semantically describing and
interlinking relevant artifacts such as data, software scripts or simulations
in a knowledge graph. In order to ensure the flexibility to adapt the
approach to different fields of science, we devise a template model, which
allows defining typical descriptions required to increase reproducibility
of a certain type of study. We provide a scoring model for gradually
assessing the reproducibility of a certain study based on the templates
and provide a knowledge graph infrastructure for curating reproducibility
descriptions along with semantic research contribution descriptions. We
demonstrate the feasibility of our approach with an example in data
science.

Keywords: Reproducibility Assessment, Scholarly Knowledge Graph, FAIR
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1 Introduction

One of the guiding principles for scientific work is to guarantee the reproducibil-
ity of research findings as long as the researcher employs the same methodology
as the original study. Reproducibility is a major concept in which we distinguish
and describe access to scientific resources and their completeness to the extent
necessary to efficiently and successfully engage with scientific research [8]. Due
to the variety of methodologies used across different research fields, ensuring
reproducibility is a challenging issue. Employing subjective processes, such as
visual interpretation or data analysis, can result in diverse outcomes even when
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the exact methods are used, thus deepening the problem. Reproducibility issues
can result in erroneous results, and a decline in public confidence in science. To
assess the validity and reliability of results, it is crucial to be able to reproduce
a study’s results using the same methodology. So, guaranteeing reproducibility
in scientific research can be challenging and complex. The FAIR data principles
by Wilkinson et al. [27] are one of the most widely used guidelines for increasing
machines’ ability to automatically reuse data (i.e., machine actionability). The
FAIR principles provided a conceptual model for outlining our novel approach ,
which increases the reproducibility of research results by semantically denoting
and connecting all relevant artifacts, such as data, or software scripts via a knowl-
edge graph. In this work, we address the following research questions: What are
the requirements for creating a general reproducibility assessment for various sci-
entific fields?, and How to foster collaboration and knowledge exchange in scien-
tific communities? In this study, we leverage the the Open Research Knowledge
Graph (ORKG1) infrastructure to select some use case and to implement our
reproducibility score. For answering the research questions, we design a semantic
template model for knowledge graphs that enables the construction of standard
descriptions needed to increase the reproducibility in different disciplines. Ad-
ditionally, we develop a scoring model to gradually assess the reproducibility
of a study based on templates. Based on our case study, we are confident that
semantic templates will help researchers describe research artifacts relevant to
improve the reproducibility of their work. The article is structured as follows. In
section 2, we discuss related work. In section 3, we present our proposed scoring
pillars. In section 4, we explain how we implemented the templates and the scor-
ing models. In section 5, we present a use case based on our approach. Finally,
in section 6, we conclude and discuss potential future work.

2 Related Work

Recent studies have shown that reproducibility is a significant issue in the scien-
tific community. According to a survey conducted by the journal Nature, more
than 70% of researchers have tried and failed to reproduce another scientist’s
experiments, and more than 50% have failed to reproduce their own experi-
ments [1]. This lack of reproducibility can lead to wasted resources, and false
conclusions. Reproducibility faces some major issues, including setting up the
proper technological infrastructure [6], the need to encourage and motivate re-
searchers to publish and disclose their work publicly [1,7], and promoting the
best approaches among researchers [13,2]. Howison et al. [12] emphasized that
the challenges of sharing code and gaining academic credit for open-source col-
laborations have not yet been adequately addressed. There are some convincing
proofs that much scientific research has not been able to be replicated [11]. In our
literature review, we could find some common problems that hinder the research
reproducibility as follow:

1 https://orkg.org/

https://orkg.org/
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– The unavailability of the replication data: Reproducibility is a tribu-
lation in both the natural and social sciences [10,18,21]. Two-thirds of all
political science publications disclosed in the American Political Science Re-
view (APSR) between 2013 and 2014 did not furnish replication materials,
according to Key [15]. In genetics [20], medicine [24], economics [3,5,17], and
sociology [19] is still the same problem. As per Vines et al. [26], the availabil-
ity of research data declined dramatically over time following publication,
by 17% annually in 516 studies with article ages ranging from 2 to 22 years.

– The data accessibility: Data accessibility is a crucial aspect of scientific
research that can have a significant impact on the reproducibility of stud-
ies [22]. Furthermore, a comparison on ORKG2 shows absolutely inadequate
percentage of data accessibility in various research domains (e.g, agricul-
tural science..,etc) across different geographical regions ranging from 3.26%
to 39.26%.

– The data completeness: Chen et al. [4] argue that just concentrating on
the data is insufficient. They stress that the data must be accompanied by
software, workflows, and explanations. These elements must all be docu-
mented throughout the typical iterative and completed research lifecycle to
be prepared for a timely open release of the results.

– License: Feger andWozniak [8] state that external variables such as licensing
limitations and expiration periods may impact sharing.

Another comparison on the ORKG3 demonstrates various approaches for compu-
tational reproducibility. The comparison originated from work [9] that discusses
most of the reproducibility approaches, specifically sharing data and code, etc.
The work also presented some of the tools used in each approach (e.g., the TIER
Protocol, Do-Files, etc.). After reviewing some of these approaches and tools to
comprehend the issues underlying each one of them. We can conclude that most
of these approaches are time-consuming to implement, have a steep learning
curve for new users, have compatibility issues with some software or systems,
and user interface problems.

3 FAIR-based Reproducibility

Our model will foucs on the four pillars: availability, accessibility, linkability,
and license. These pillars directly impact the reproducibility of artifacts in any
study. We now discuss each of the pillars and what they mean in detail.

– Availability:We define availability as the willingness of researchers to make
their artifacts, such as data, resources, and methods, voluntarily available to
other scientists.

– Accessibility: In our earlier study [14] we set the accessibility measures on
a top maturity level when assessing the accessibility of a knowledge graph

2 https://orkg.org/comparison/R589387/
3 https://orkg.org/comparison/R589371/

https://orkg.org/comparison/R589387/
https://orkg.org/comparison/R589371/
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(KG). In addition, article 06.1 in data access and research transparency
(DA-RT)4 states that “researchers making evidence-based knowledge claims
should reference the data they used to make those claims.” The guide further
declares that “if these are data [the researchers] themselves generated or
collected, researchers should provide access to those data or explain why
they cannot.”

– Linkability: We suggest that using ontologies to link scientific data with
other sources is crucial for facilitating the reproducibility of scientific find-
ings. The World Wide Web Consortium (W3C)5 has been working to develop
standards for linked data6 to facilitate the integration of data from different
sources.

– License: A valid license makes it feasible for researchers to comprehend the
responsibilities and constraints associated with using the artifact, ensuring
that they can use, and modify the artifact legally as required. Reproducibility
was found to be negatively correlated with the lack of a license [23].

4 Implementation

The ORKG infrastructure implements best practices, such as the FAIR princi-
ples, offers a wide range of services to make it easier to curate, share, and use
FAIR scientific information [25]. Because of these features, the ORKG is an ideal
infrastructure to implement our approach. In this section, we explain what the
reproducibility score is and how it works. In addition, we present the ORKG
template engine and how it supports implementing the reproducibility score.

4.1 Reproducibility Score

The reproducibility score is a method aiming to evaluate some of the funda-
mental requirements (e.g., availability) for making the scientific contribution or
experiment reproducible. As illustrated in Figure 1, the first stage is allowing the
user to add their paper’s metadata. Secondly, the user picks the appropriate tem-
plate for their research contribution or constructs a template if needed. (Figure 2
illustrates a template). We propose to add a checkbox to mark a certain prop-
erty in a template as reproducibility description property, thus distinguishing
between conventional templates and templates that users can employ specifi-
cally for reproducibility. Thirdly, the user describes the research contribution
guided by the chosen template. Finally, the system automatically computes the
reproducibility score for the given contribution.

Given a reproducibility score, the user can review the full report as shown
in Figure 3. By availability we mean that the contribution curator utilized the
resource by a value. The accessibility attribute represents a resource of type
URL(ORKG has different data types including resource, URL...etc) and has an

4 https://www.dartstatement.org/2012-apsa-ethics-guide-changes
5 https://www.w3.org/
6 https://www.w3.org/standards/semanticweb/data

https://www.dartstatement.org/2012-apsa-ethics-guide-changes
https://www.w3.org/
https://www.w3.org/standards/semanticweb/data
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HTTP response code of 200, which denotes that the related artifact is reachable.
The system considers this resource unsuitable for this test if it is not of type URL.
Linkability indicates that the data curator linked the resources to a reliable
ontology. Finally, a URL-based resource that is available under an open license,
such as the MIT License, is considered to have a favorable License, allowing for
reuse and redistribution. Figure 3.

Fig. 1: Workflow illustrating the architecture and components of the reproducibil-
ity score, showcasing the systematic process for assessing reproducibility in sci-
entific research.

4.2 Score Calculation

The score calculation assesses the four pillars, namely the availability, accessi-
bility, linkability, and licenses of artifacts automatically once the end user adds
their contribution. A higher reproducibility score implies a higher degree of al-
lowing other researchers to repeat the given experiment. The artifacts linked in
the reproducibility template are categorized into one of three cases:

– Valid: the artifact meets the criteria for being complete, accurate, and rel-
evant to the problem at hand.

– Inapplicable: an artifact cannot be used in a specific context or for a specific
purpose due to its limitations or characteristics. For example, if the data is
not of type URL, it cannot be checked for accessibility.

– Not Valid: data is incomplete, inaccurate, or does not fulfill the standards
for quality and reliability. For example, if data is not linked with a trusted
ontology when its type is a resource then it is not valid.

The score for the four pillars is the trimmed mean for set of properties for a given
contribution of a matrix with 4 columns(pillars) and n rows(properties values),
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while excluding the highest and lowest values to avoid outliers is calculated as
follows:

Xtr =
1

n− 2

∑
i = 2n−1 trim (xi, 0.5) (1)

where trim (xi, 0.5) represents the trimming of xi by 0.5 (i.e., removing the
highest and lowest 50% of values) to avoid outliers.

To calculate the trimmed mean of each row, you can apply this equation
to each row of the matrix separately. To calculate the trimmed mean of each
column, you can transpose the matrix and apply the equation to each row (which
corresponds to each column of the original matrix).

Xtr,1 =
0 + 100

2
= 50 (2)

We repeat this process for each of the other rows, and obtain the following
trimmed means. The system continuously allows the user to improve their contri-
bution’s reproducibility score. As the user can preserve editing their contribution
and add the missing artifacts as needed.

4.3 ORKG Templates

The ORKG provides a template system that empowers domain experts to define
the structure of contributions. Templates automatically generate user-friendly
input forms to assist researchers in providing the necessary data. The system

Fig. 2: A screenshot of the ORKG template system, depicting a property, prop-
erty type, and cardinality.

enables the definition of constraints on properties, such as data types and cardi-
nality of values, to generate appropriate input forms and perform data validation.



Reproducibility Score 7

It implements a subset of the Shapes Constraint Language (SHACL) [16] which
proportionately enables the interoperability with existing SHACL-based systems
and ensures uniformity in the verification and management of data. The tem-
plate system serves as a controller, supervising what data should be collected
based on the research field and problem. Furthermore, it aligns with the FAIR
data principles. By utilizing external ontologies and linking data to them, re-
searchers are able to increase the discoverability, accessibility, and reusability of
their contributions. By using a template system, researchers can compare their
work with others and establish a common language (i.e., standardized vocabu-
lary). In addition, to further promote and incentivize reproducibility within the
ORKG platform, we propose the implementation of a new feature: a ”required
for reproducibility” checkbox. When the template designer selects this check-
box, it implies that the associated property is considered a crucial element in
determining the overall reproducibility score of a given artifact.

5 Reproducibility Score Use Cases

In this section, we demonstrate a use case for the proposed reproducibility score
in data science. As shown in Figure 3, the horizontal axis of the report shows
the average reproducibility score for a given property, while the vertical axis
represents the unique score for each of the four pillars of reproducibility.

5.1 Papers With Code

The Papers With Code (PWC)7 system aims to promote information sharing
about the evolution of machine learning research. A subset of this data is fed
to ORKG by modeling the different aspects covered by the data in a structured
way. This includes the algorithms used, their evaluation on specified benchmark
datasets, and the metrics used to measure performance (e.g., precision, recall,
f-measure). An ORKG template named Leaderboard 8 is created to guide users
in adding more data to the graph, adhering to the established model. We chose
one of the papers9 imported into ORKG as an example to demonstrate the score
concept (Figure 3). We used this paper because it shows some properties that
use URLs. Next we explain what this report means:

– Availability: All data is available so that the vertically-aggregated score is
100%.

– Accessibility: The score is 100% for some properties that are of type URL
(e.g., source code). The system also checks to see if the specified URL can
be reached with an HTTP response code of 200. In addition, all the other
resources that are not of type URL (e.g., has model) were identified as in-
applicable for this test. As a result, the vertically-aggregated score is 100%.

7 https://paperswithcode.com/about
8 https://orkg.org/template/R107801
9 https://orkg.org/paper/R478126

https://paperswithcode.com/about
https://orkg.org/template/R107801
https://orkg.org/paper/R478126
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R

Fig. 3: A view of how the reproducibility score computed for the PWC use case.

– Linkability: The properties “has model” and “research problem” are of the
type resource but not associated with ontologies. For this reason, the system
scored them 0%.

– License: The system assigned a score of 100% to properties “has bench-
mark” and “has model” because they are not of type URL and is inapplicable
for this test. Furthermore, the system allocated a 0% score for the property
”source code” as it is of type URL and the system could not correlate a
proper license for the given URLs.

6 Conclusion and Future Work

The approach focuses only on measuring the four pillars: availability, accessibil-
ity, linkability, and license, to provide a thorough assessment of the dependability
and robustness of a study’s findings. Our use of ORKG templates in this score
implementation permits an effective and automated calculation of the score. To
show the adaptability and effectiveness of this approach in different domains we
presented, a use case in data science. In future work, we plan to implement the
reproducibility score as an open assessment tool. Publishers (e.g., Springer) can
integrate it into their services. We also intend to do a qualitative assessment for
the reproducibility score.

Supplemental Material Statement: Source code is available on Github10.

10 https://gitlab.com/TIBHannover/orkg/orkg-frontend/-/merge_requests/1015

https://gitlab.com/TIBHannover/orkg/orkg-frontend/-/merge_requests/1015
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