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Abstract: Sharing data and code for reuse has become increasingly important in scientific work
over the past decade. However, in practice, shared data and code may be unusable, or published
results obtained from them may be irreproducible. Data repository features and services contribute
significantly to the quality, longevity, and reusability of datasets. This paper presents a combination
of original and secondary data analysis studies focusing on computational reproducibility, data
curation, and gamified design elements that can be employed to indicate and improve the quality
of shared data and code. The findings of these studies are sorted into three approaches that can be
valuable to data repositories, archives, and other research dissemination platforms.

Keywords: data quality; data repository; digital libraries; data curation; fair principles; open data;
open code; gamification

1. Introduction

Research data, defined as collected or generated information used as evidence for
original research findings [1], have become a vital component of the scholarly record and
a primary asset of new inquiry. The increased value of scientific data and concerns over
a reproducibility crisis [2–4] have led funders and journals to require data sharing as
conditions of grant funding and publication. Data repositories are considered a primary
venue for data sharing as they implement systematic stewardship to foster curation, dis-
semination, access, and preservation of research data [5–7]. However, published data will
only be reused if a researcher trusts in its quality [8].

Data quality is a broad term that includes many elements and can be defined from
many different perspectives. In 2015 Cai & Zhu developed a framework for evaluating
data quality along five axes: availability, usability, reliability, relevance, and presentation
quality [9]. While some of the dimensions defined in their framework largely refer to intrin-
sic qualities of data files such as accuracy, integrity, and completeness, several important
features can be improved by data repositories. These features include presentation quality,
documentation, metadata, and accessibility, which contribute to the overall quality of a
published dataset. Similarly, Martin et al. enumerate a series of data quality properties that
emphasizes the importance of intrinsic data quality, contextual data quality, metadata qual-
ity, characteristics of data and data users, platform promotion and user training [10]; many
of which are within the influence of data repositories. Table 1 shows an approximate align-
ment of these properties described in Refs. [9,10], together with examples of typical data
repository features and functionalities. This paper presents three approaches, or categories
of repository feature enhancements, beyond those highlighted in Table 1 that repository
staff can apply to improve the overall quality of data published on their platforms.
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Table 1. An approximate alignment of data quality properties described in Refs. [9,10], together with typical data repository
features and functionalities.

Cai & Zhu Martin et al. Examples of Common Data Repository
Features

Availability: accessibility, timeliness,
authorization

Accessibility, timeliness, representational
consistency, visibility, platform
functionality

Capturing data citation information,
minting DOIs

Usability: documentation, credibility,
metadata

Intended use, subject matter expertise,
technical skills, metadata quality
(standards & consistency); learnability,
believability & reputation, confidentiality,
etc.

Supporting documentation, reuse
licensing, terms of access/restrictions

Reliability: accuracy, integrity,
consistency, completeness, auditability

Data accuracy, validity, reliability,
completeness, missing data, timing and
frequency, collection methods, format &
layout, sample size & method,
representation, study design, unit of
analysis, etc.

Metadata standards, variable level
metadata support

Relevance: fitness Relevancy, value added Reuse metrics, granular description

Presentation quality: readability &
structure

Concise representation, ease of
understanding, ease of manipulation,
user-friendliness

Preview options, UI/UX reviews

Platform promotion and user training:
availability of information, capacity to
respond to feedback, financial resources,
legal protections and interpretations,
platform training and promotion, policies
and regulation, political support for
developing and releasing data

Support services, preservation policies,
governance, and legal policies

Data repositories are designed to meet the needs of different scientific communities,
and as such, can be broadly classified as either domain-specific or general-purpose. The
former is located within domain communities, such as physics (CERN Analysis Preser-
vation (CAP)) or genetics (GenBank). The latter emerged with the increased demand for
data repositories to support the “long-tail” of science, where a large number of relatively
small labs and individual researchers collectively produce the majority of results [5,11,12].
Examples of generalist repositories are Harvard Dataverse, Figshare, Dryad, and Zenodo.

The heterogeneous nature of collected data contributes to this long-tail effect [13,14],
and creates a need for versatile data repositories such as the Harvard Dataverse repository.
Harvard Dataverse is a multi-disciplinary research data repository that allows members
of the worldwide scientific community to deposit, publish, and share their datasets. The
repository infrastructure supports various file formats and requires that depositors provide
citation-level metadata, including a dataset title, author, and date. Additional features,
including support for subject-specific metadata built on community and domain standards,
file versioning, persistent object identifiers, and custom rights statements, contribute to
the quality of published data by making it easier to discover, understand, and reuse them.
There are more than 60 independent Dataverse repository installations worldwide at the
time of writing this article. Each installation runs a version of the open-source Dataverse
software platform developed and maintained by Harvard’s Institute for Quantitative Social
Sciences (IQSS) and open source contributors.

Domain-specific repositories are often required for sharing large or very complex data
that generalist repositories may not have the infrastructure, specialized curatorial skills, or
domain expertise to support. Optimizations for data description, file formats, storage, and
exploration features are not feasible or necessary for generalist repositories to support a
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heterogeneous collection. Large-scale “Big Science” datasets (measured in terabytes and
petabytes) are often produced by large coordinated teams with extensive instrumentation
and are designed to be shared with many researchers for a variety of purposes and projects.
CERN Analysis Preservation (CAP) is a good example of such a domain-tailored reposi-
tory that offers specialized research data management services [15]. The platform maps
research workflows of its four largest experiments in customized analysis description and
submission templates, thereby easing and supporting documentation, sharing, and reusing
research conducted within those experiments.

One of the major benefits of publishing research datasets in a domain repository
is the built-in designated community of users who understand jargon, descriptions and
metadata, collection protocols, and potential errors or flaws in a given dataset. Users
looking for data within a specific domain can better evaluate a dataset described with
precise domain metadata than those described in general terms or with specific descriptions
from an unfamiliar field. Nevertheless, communities and audiences are porous and often
ill-defined. As research becomes increasingly interdisciplinary, researchers establish their
agendas at the nexus of multiple disciplines and communities. Communities of practice
are formed around data, but also software packages, methodologies (i.e., computational,
experimental, theoretical), geographic regions, and more [16]. Therefore, it is important
to consider more intersectional research communities and interdisciplinary standards to
enable data reuse in a larger variety of research contexts.

Published research data are routinely used by these diverse communities for calibra-
tion, control, comparison, testing, and conducting meta-analyses [17], but they are not
always well-documented, understandable, and reusable. A lack of data-sharing conven-
tions, incentives, and infrastructure to support publishing for long-tail, heterogeneous data,
have historically affected the quality of data as a research output. [11,18–20]. Additionally,
irreproducibility of published results is often caused by missing files or documentation and
has increased the importance of transparent and available research datasets, which recently
have come to include data, code, documentation, and other Supplementary Files [2–4,21].

This paper addresses the following questions: how can data repositories improve data
and code quality, and how can they signal data and code quality to external researchers?
While there are important elements of data quality that repositories cannot affect, we
focus on specific features of published research datasets: including data, code, metadata,
documentation, and their presentation that data repositories can identify, strengthen, and
highlight. Improving and signaling the quality of research data along the axes identified by
Cai & Zhu and Martin, et al. by enhancing data curation, code completeness, and data pub-
lishing incentives in data repositories will contribute to the transparency, reproducibility,
and reuse of research products.

2. Approaches for Advancing Dataset Quality

We present three approaches to improve and signal the quality of published datasets
in research data repositories based on a combination of original and secondary studies from
computer science, information science, and human-computer interaction. In this paper we
use the term “approach” to collect a set of activities into a general strategy designed to
improve the quality of a dataset. We analyze data from these studies to evaluate effects on
data and code quality. These approaches are designed to support data repository managers
and curators in identifying and effectively stewarding high-quality datasets. In particular,
we explore applying our proposed approaches to Dataverse repositories.

2.1. Ensure Research Code Completeness

Shared research code is increasingly a common element of many datasets, and it
should be comprehensible, executable, and reusable to be of high quality. However,
disseminating such code can be complex as it is often written for a specific environment,
like software, operating system, or hardware, meaning that it will not execute unless
all required dependencies are available. Even a small change in these dependencies can
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sometimes result in errors or discrepancies in the execution outputs. Computing methods
and artifacts are often not sufficiently documented in data repositories, which later hinders
reproducibility and reuse.

To illustrate the challenge of code re-execution that is necessary for reproducibility
and reuse, we conducted an original study in which we re-execute Python code files from
Harvard Dataverse [22]. We successfully retrieved 92 publicly available replication datasets
that contain Python files.1 The re-execution study was executed in a clean anaconda
environment in Docker containers running Debian GNU/Linux 10 in the following steps:

1. We look for files such as “requirements.txt” or “environment.yml” inside the dataset
because these filenames are common conventions for documenting needed code
dependencies for Python. If such files were not found, we scan the Python code
looking for the used libraries, and create a new requirements file. We attempt to
install all libraries from the requirements file.

2. We automatically (naively) re-execute the Python files first with Python 2.7 and then
with Python 3.5 with a time limit of 10 minutes per each Python file. If the file executes
successfully in the allocated time, we record a success; if it crashes with error, we
record the error; and if it exceeds the allocated time, we record ’time limit exceeded’
(TLE) or null result (which are ignored in the success analysis as we cannot be certain
whether the file would successfully execute or not).

Our results show that about 27% of the files (102 out of 379) are re-executable using
either Python 2.7 or Python 3.5. The success rate with each of the versions independently
is lower than the combined result (see Figure 1), showcasing the importance of reusing the
code with the right software version. In particular, it is likely that older code was more
compatible with Python 2.7 and recent with Python 3.5. In that vein, we observe that the
most common errors in Python 3.5 execution were Syntax Error (missing parentheses in
print or invalid syntax) that appeared in 110 cases or 28%, and Import Error. The most
common errors in Python 2.7 execution were Import Error (unavailable library) and Syntax
Errors. The type of errors further emphasizes the differences between the two Python
versions (notably syntax) and the importance of recording it in the preserved code.

The observed high rate of Import Errors attests to how hard it is to reconstruct a
working runtime environment even when all used libraries are pre-identified. This is
because the version of the used libraries is essential for code re-execution. We observe a
significantly higher re-execution success rate of 38% (17 out of 44 files) in datasets where
the requirements file (likely containing the library versions) was present. However, files
that could accurately reconstruct the runtime environments (such as environment.yml,
requirements.txt, and Dockerfile) were rarely present (6 out of 92, 6%).

Another possible explanation for the low re-execution rate might be due to the order
in which Python files should be executed. Sometimes, each Python file in a dataset recreates
one published result or figure, and it can be executed independently. However, in some
cases, it is necessary to execute multiple Python files in a sequence to obtain the right result.
In our study, the files were executed in a random order, which would favor the first type of
datasets. We aggregate the obtained results and label a dataset successful if at least one
Python file executes with success. The success rate of about 44% signals that likely some of
the Python files in the datasets were meant to be executed in a sequence. It also shows that
about 56% of the datasets do not contain a single Python file that is easily re-executable.
This result points to the lack of code support in data repositories, the existence of common
code errors (like fixed paths), or the need for another version of Python.

1 There were additional 15 datasets that contained Python files and were visible through the API but could not be retrieved due to restricted
authorization or connection error.
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Figure 1. Python re-execution results. The upper number in the bars is the success rate and the lower
number is the total file count. Total file counts differ because “time limit exceeded (TLE)” results were
ignored as we cannot be certain whether the file would successfully execute or not. (a) Re-execution
rate for Python 2.7. (b) Re-execution rate for Python 3.5. (c) Re-execution rate with both Python 2.7
and 3.5 (i.e., success is recorded if it runs with either of the versions) (d) Success rate aggregated per
dataset, i.e., 43.96% of the datasets have at least one Python file that runs (or conversely 56.04% of the
datasets have no Python files that executed successfully in this study.)

Finally, we examined other code quality indicators, like documentation, within the
replication dataset. Data and code are likely to be more understandable and reusable
if a user-friendly instructions file is available. We can observe that 57 out of 92 (62%)
replication datasets contain a README, codebook, or an instructions file (Table 2). Half of
the datasets (46 out of 92) contained code in other programming languages (Stata, R, Java,
C++, Matlab, SAS, Ruby), and we observe a higher re-execution rate in datasets containing
only Python code (68 out of 196 files or about 35%), than in those containing files in other
languages (34 out of 183 or about 18%). In this case, Python code might depend on the
output of the code in other programming languages, which may explain the difference in
the re-execution rates. The average number of files in a replication dataset is 43, and the
average dataset size was 248 MB.

Table 2. Presence of environment-capturing files in datasets.

File Count (Out of 92)

environment.yml 0
requirement.txt 6
Dockerfile 0
README, instructions or codebook 57

Our Python study shows that further support is needed to adequately document re-
search code and their computing environments when publishing them in data repositories.
Several approaches could help facilitate reproducibility of research code. First, we observe
an increase in re-execution rate if a requirements file is present in the datasets. Therefore it
would be helpful to encourage storing such a file to capture needed dependencies. Second,
we observe that a documentation file is sometimes missing, which could be improved
in the repository. In practice, data repositories could support depositing these files (like
requirements, environment, readme, codebook, and others) either through the User Guide
or a pop-up window if they detect Python files. Finally, reproducibility could be achieved
by using virtual containers that were deemed irrepressible for capturing the runtime envi-
ronment. Reproducibility platforms such as Code Ocean, Whole Tale, or Renku natively
provide research portability through virtual containers and the cloud. These platforms
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automatically capture the runtime environment and often facilitate code automation. These
proposed approaches are being considered by the Dataverse open-source community, and
there is already ongoing work in the Dataverse software project that aims to capture virtual
containers through integration with these reproducibility platforms [23].

2.2. Encourage Use of Curation Features and Pre-Submission Dataset Review

Though anyone can deposit data in an unmediated, self-service fashion to their
Dataverse collection in Harvard Dataverse, groups such as journals, laboratories, and
project teams often restrict who can contribute to their collections and actively curate
new datasets deposited to those collections. The Dataverse software supports pre- and
post-publication data curation workflows that allow curators to ensure that deposited
datasets meet group-defined expectations for characteristics such as metadata completeness,
approved file formats, or accompanying code or documentation. A number of academic
journals perform reproducibility verification through the curation workflow. For instance,
the American Journal of Political Science (AJPS) requires their authors to provide all
necessary research materials for verification and research reproducibility.2 Upon a paper’s
acceptance, the research datasets are reviewed to confirm that they produce the reported
analytic results before they are published at the AJPS collection at Harvard Dataverse.

The Harvard Dataverse features for data curation can be classified into three categories
(Table 3) for convenience of discussion. The Dataverse platform automatically enforces
a baseline of curation (Category I) through features such as required metadata fields
to support data citations and smart defaults for components like data use agreements.
Dataverse tools do not, however, automatically inspect the contents of data files to, for
instance, confirm that data values are valid or are not missing, leaving that responsibility to
data depositors. Data depositors may also use optional features to improve data curation
quality from basic to Category II, which includes the use of custom metadata blocks, dataset
versioning, and supporting documentation. The use of managed data curation processes,
together with the reputation and reliability of a repository, can influence researchers’
perception of data quality [24]. Therefore, the extent to which depositors and data curators
use optional repository features can be considered an indicator of the overall quality of
a dataset. The more extensive the use of optional features, the more FAIR (Findable,
Accessible, Interoperable, and Reusable) [25] the dataset is likely to be. Category III
data curation requires that the dataset contents be inspected either manually or using
software tools to ensure that they meet subject-area standards for data sharing and reuse,
as demonstrated by the AJPS data curation workflow mentioned above.

To learn about the impact of review and curation services, we conduct an analysis of
previously collected data [26], that captures the presence of the following characteristics [27]
in the Harvard Dataverse datasets:

1. Optional metadata blocks. A well-curated dataset should have at least one optional
metadata block to support its discoverability and reuse.

2. Keywords. A well-curated dataset should also have at least one keyword.
3. Description. A well-curated dataset should have a description. Like keywords,

descriptions help to facilitate its discovery and reuse.
4. Open file formats. A well-curated dataset should use open file formats, where possible.
5. Discipline standard file formats. Not all disciplines use open standards, but at mini-

mum, datasets should adhere to best practices for discipline file formats.
6. Supplemental Files. A well-curated dataset should have either a codebook or a

readme file that provides insight into the datasets’ internals, such as descriptions of
its variables.

7. Submission review. A well-curated dataset may undergo an additional review by the
collection owner prior to publication. In contrast to the previous six, this characteristic
might be considered a direct indicator of dataset quality [24].

2 AJPS Data Policy: https://ajps.org/ajps-verification-policy/.

https://ajps.org/ajps-verification-policy/
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Table 3. Summary of the characteristics associated with the three Dataverse data curation categories.

Category I: Basic Category II: Enhanced Category III: Comprehensive

Default curation support
supplied or enforced by the
Dataverse software

Optional curation support
provided by Dataverse
software

Research-dependent data
quality characteristics

E.g., Default rights statements,
Required metadata fields,
Reliable storage and access,
Persistent identifiers (DOIs),
Data citations

E.g., File versioning,
Optional keywords,
Optional description,
Optional metadata blocks,
Optional rights statements,
Optional supporting documentation

E.g., Comprehensible variable names,
Confirmed valid data values,
Up-to-date codebook,
Well-documented code

The presence of these characteristics suggests that a dataset depositor or curator has
taken additional steps to facilitate its sharing and reuse, and therefore it indirectly signals
that the dataset may be more FAIR, has higher dataset quality, and greater fitness for use.
For instance, we observe that most datasets had a text description (n = 24,661, 84.2%),
though this field became mandatory in 2015, leading to a drastic increase in its use of
99% and 100% in the subsequent years. The keywords field remains optional, explaining
why the number of datasets with keywords (n = 14,593, 49.8%) is close to those without
keywords (n = 14,702, 50.2%). A summary of all data characteristics is shown in Table 4.

Table 4. Harvard Dataverse dataset characteristics between 2007 and October 2019.

Characteristic Value (n) % of Total

Total published datasets (N) 29,295 100%
Total file count in datasets 383,685 100%
Contain optional metadata blocks 8380 28.6%
Contain keywords 14,593 49.8%
Contain description 24,661 84.2%
Dataset linked to a publication 6742 23%
Required review before before publishing 25,938 89%

Affiliation
- Associated with groups 15,368 52.5%
- Associated with individuals 6125 20.9%
- Uncategorized 7802 26.6%

By examining the datasets that had a prior review, we find lengthier descriptions,
higher keywords count, increased number of versions, and higher use of optional metadata
than in datasets released without review (Figure 2). In prior review (or submission review),
the collection owner or manager may inspect datasets’ metadata for completeness, ensure
that Supplementary Materials, data files, and code adhere to best practices, or assess
how well the datasets meet other established publication criteria. For example, both
metadata records and descriptive data fields [28] are essential inputs to indexers and web
crawlers used by search engines like Google’s Dataset Search to make data discoverable
across domains. Therefore, our result suggests that, on average, a prior review effectively
improved the curation quality of a deposited dataset.

Though only 23% of the datasets were linked to a publication (had the “related
publication” field), datasets with prior review were again better performing than the
rest. 3 A paper publication is often seen as primary documentation for open data and as
“the official version of record, as officially peer-reviewed and published, that will explain
background, context, methodology, and possibilities for further analysis in the best possible
way, and express the intentions of the person who helped collect the data” [29]. Without the

3 In practice, a publication reference is often placed in the dataset description field.
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unstructured but necessary context provided by the literature, researchers may reject data
rather than risk misinterpretation [30]. Therefore, a reference to the original publication is
essential for external researchers when evaluating data reuse.

We find that data depositors often do not adequately document their datasets. Prior re-
view and mandatory fields can improve the quality of curation and, thus, likely the quality
of deposited datasets. Though dataset description, keywords, and optional metadata are
not ubiquitously used in Harvard Dataverse, this could also be improved with curation
review. Harvard Dataverse provides advanced curation services (shown in the three cat-
egories) and publication curation workflows that other repositories can look up to. It is
important to establish a curation baseline, to ensure that all published datasets comply
with a certain quality standard.

Finally, we find that articles linked to published data often include contextual infor-
mation that metadata cannot sufficiently capture and transmit. Also, academic literature
remains the primary avenue through which researchers find and evaluate secondary
data [16,29]. By building adequate citation infrastructure, repositories can encourage bi-
directional linking between publications and datasets to facilitate direct access between
them. Therefore, citing datasets across the scholarly record makes them both more findable
and better documented.
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Figure 2. Presence of dataset characteristics with and without prior submission review in Harvard Dataverse. Data is from
2015 onward to reflect changes in making fields mandatory.

2.3. Incorporate Gamified Design Elements

Gamification, defined as the use of game design elements in non-game contexts [31],
is a promising approach that can be used to improve data sharing and signal high-quality
data. Badges, points, and leaderboards are some of the most common game design
elements [32]. They are used to motivate actions and behaviors across a wide range of
domains, from health applications [33] to work environments [34]. Gamification in science
was traditionally used in teaching [35] and in citizen science [36,37]. However, when the
gamified design is implemented in concert with researchers’ values and interests, it could
be a powerful tool in encouraging open science practices such as dataset sharing [38,39].

To showcase the potential of gamification on quality of shared research data, we con-
duct a secondary interpretation of published results. A study at CERN [40], carried out to
drive the design of the CAP portal, investigated how scientists perceive the use of various
gamification elements. Two interactive prototypes were designed for the study (Figure 3),
one (Simple Game Elements Design) making use of the most common game design ele-
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ments, including points and leaderboards, and the other (Rational-Informative Design)
focusing on communication (i.e., group activities log), resource sharing, and providing an
overall research dataset management status of the group. The study found that some of
the gaming elements were more desirable than others. In particular, several participants
opposed the use of leaderboards, as they could encourage comparisons and competition.
The gamified badges were identified as the most suitable elements to incentivize dataset
sharing. Such a result is corroborated by the successful use of the Open Science Badges
(OSB)4 that proved to incentivize data sharing for submissions to a medical and health
journal [41]. Rowhani-Farid et al. [42] even concluded, based on their systematic review
in the health and medical domain, that OSB is the “only one evidence-based incentive to
promote data sharing.” Therefore, gamified badges allow promoting best practices that are
considered highly important in the community while still providing attainable goals for
the authors. They represent an incentive for researchers as the papers with such rewards
(badges) might have improved visibility and higher citation rate.

Figure 3. Dashboards of the two gamified research dataset management prototypes (left: Simple Game Elements Design,
right: Rational-Informative Design) that make use of contrasting design strategies [40].

Game design elements such as badges motivate research dissemination by providing
recognition to the authors, but they can also be used to identify resources of high quality
within an available resource pool. An example of this type of gamification application is
the GitHub repository star system, where software developers “star” a repository if they
find it valuable, or in contrast, assess its quality based on the number of existing stars [43].
A similar design element could be implemented in data repositories that would provide a
more nuanced peer assessment of a dataset. For example, such an element would allow a
dataset to be rated ‘novel’, ‘educational’, ‘fundamental’, or similar.

In a similar vein, Harvard Dataverse displays a number of downloads for each dataset,
which may appear as a comparable peer-enabled reuse metric. Reuse, however, is a flawed
method for assessing the quality of a dataset. A high number of downloads signals the
popularity of a dataset and may seem to confer high scientific, educational, or reuse value.
Data products from Big Science endeavors are significant investments and are intended
to serve a broad audience, yet small datasets that are much more common may only be
reused by a few specialists. Download and reuse counts do not reliably measure value or
quality for a given dataset. Improving the reusability of data improves its quality, but reuse
metrics cannot give a complete picture of the quality or value of an individual dataset.
This problem will be improved when the data repository community starts using reliable
and standard counts of data citations for their datasets. This effort is being addressed by
the Make Data Count project, including collaboration with DataCite and CrossRef. 5 But
currently, there is no yet widespread scholarly practice of using data citations in published
articles, so data citation counts do not yet reflect how a dataset is reused.

In addition to providing data citation counts, data repositories could improve the
quality of datasets by implementing gamification elements developed to create incentives

4 https://www.cos.io/badges.
5 https://makedatacount.org and https://datacite.org.
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for researchers to be more open and thorough when sharing data. Through our secondary
study, we find that scientific badges have high potential, as they not only motivate the
author to obtain them but also present a positive signal, or quality indicator, to external
researchers looking to reuse data. Finally, elements that allow peer assessment, such as the
’star’ system on GitHub, can also be viewed as a resource quality indicator. Such a system
could be employed at a later stage after the resource is published, as it does not require
direct input from the original authors.

3. Conclusions

Data repository features and services can contribute significantly to the quality and
reusability of shared datasets. They may also advertise datasets to multiple communities
through various quality indicators proposed in this paper. The three presented approaches
for data repositories are based on three different studies that provide guidance for how
datasets may be improved. Runtime environment components for code can be encouraged
by the repository infrastructure to improve research reproducibility. Repositories can
support a deposit workflow with prior review of dataset submissions, which we have
shown often results in better-curated data. Finally, including gamification elements like
badges and peer-assessments in a repository system promote data sharing by providing
recognition for authors and useful metrics for data reusers. When authors are incentivised
to share data in a repository and are held accountable for its quality through open metrics
and peer-evaluation, the resulting data products are often better quality.

We defined data quality along a number of axes, highlighting the importance of both
intrinsic elements and features that data repositories can affect. Each study investigated a
suite of strategies, combined into three more general “approaches,” in order to determine
whether the activities impacted the overall dataset quality. The approaches discussed
identify three categories of repository features and services that improve the overall quality
of a published dataset: code reproducibility, data curation, and quality incentives. Devel-
oping strategies to implement aspects of these approaches depends on various repository
constraints and community needs, but each likely contributes to improved dataset qual-
ity. As data repositories and data sharing practices continue to evolve, the connection
between data quality and repository infrastructure presents significant possibilities for
further research.
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