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Computational reproducibility, the possibility for independent
researchers to exactly reproduce published empirical results,
is fundamental to science. Despite its importance, the propor-
tion of research articles aiming for reproducibility remains low
and uneven across disciplines. Barriers include a perceived lack
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of incentives for researchers and journals, practical challenges in preparing reproducible mate-
rials, and the absence of harmonized standards of reproducibility processes and requirements
by journals. Existing guidance is often highly technical, reaching mainly those already en-
gaged with reproducible research. In this paper, we first synthesize evidence on the benefits
of reproducibility for both authors and journals. Drawing on our extensive experience in re-
producibility checking at various journals, we then put forward concise, pragmatic guidelines
and the REPRO Checklist for creating reproducible analyses across disciplines. We further
review current reproducibility policies of selected journals, illustrating the substantial het-
erogeneity in requirements and procedures. Motivated by the latter, we propose conceptual
foundations for a harmonized multi-tier system of reproducibility standards that could sup-
port transparent, consistent assessment across journals and research communities. Our goal
as journal (reproducibility) editors and contributors to the Mathematical Research Data Initia-
tive is to encourage broader adoption of reproducibility practices, in particular by lowering
practical barriers for authors and journals.

1. Introduction

Computational reproducibility is a fundamental principle of scientific rigour and credibility. In this pa-
per, we define computational reproducibility as the possibility for independent researchers to exactly
reproduce the final results of an analysis without any involvement of its original authors. Note that ter-
minology in this area is not entirely consistent across fields: in some disciplines, what we refer to as
computational reproducibility is instead termed replicability. By contrast, according to the terminology
proposed by the US National Academies of Sciences, Engineering and Medicine [1], replicability refers
to conducting a new study with newly collected data and obtaining findings that are consistent with the
previous study.

Ensuring computational reproducibility requires not only the provision of the analysed data, but also
the complete programming code used for the analysis (or, in the case of point-and-click software, the
corresponding analysis files or workflows), including all specifications of the software environment. The
importance of computational reproducibility extends across all forms of data use, including fully open
and restricted data. Increasingly, many datasets are prepared according to the FAIR principles—findable,
accessible, interoperable and reusable [2] —which provide guidance on metadata standards and on en-
abling the effective use and reuse of data. Practical possibilities for independent verification naturally
differ across levels of data accessibility. Recent work has similarly examined practical challenges in im-
plementing reproducible workflows and provided structured guidance for improving reproducibility in
geoscientific data analysis [3].

Throughout this paper, we focus on computational reproducibility in studies that analyse real data,
simulated data or a combination of both, irrespective of discipline. Our focus therefore encompasses
all research fields in which results depend on computational analyses of real or simulated data. This
excludes forms of reproducibility that involve laboratory, field or qualitative research settings.

In a pioneering work, Claerbout & Karrenbach [4] highlighted the value of ensuring reproducibility
by linking publications to the underlying analyses through electronic documents. Buckheit & Donoho
[5] later argued that scientific articles presenting the results of data-based analyses are merely adver-
tisements for the underlying research, whereas the code and data constitute the actual scientific work.
Indeed, a scientific article involving computational research could not exist without the code and data
that generated its results. While the article is indispensable for communicating results to the scientific
community, the validity of the findings relies on the underlying code and data, not the manuscript itself.

However, the concept proposed by Buckheit & Donoho [5] does not, in itself, explain why code and
data should be made publicly available. A justification for publishing them can be drawn from an analogy
to pure mathematics, where research findings take the form of statements established and communicated
by proofs, and where it would be inconceivable to withhold these proofs from the public. In empiri-
cal research, results, such as figures or tables, analogously should be supported by available code and
data, thus open to verification. This view is consistent with later work that describes computational re-
producibility as a minimum standard for assessing scientific claims, especially when full independent
replication is not feasible [6]. It is in the scientific community’s interest and increasingly its expectation
that published research is verifiable and that statements, claims and results are valid and rigorously
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checked, so that further research can build upon already discovered facts, solutions and outcomes with
certainty. Beyond this fundamental role as the empirical foundation —or “proof’ —of research results, the
publication of code and data offers many benefits for both researchers and journals, which we discuss in
§2.

In recent decades, the proportion of empirical research articles (i.e. articles based on the analysis of
data) that aim for reproducibility by providing the necessary materials has increased in some disciplines
but not in others, and this proportion remains low when considering the scientific literature as a whole
[7-10]. Moreover, even when reproducibility materials are provided, the corresponding published re-
sults are frequently still not reproducible [11]. In certain data-intensive fields, such as empirical machine
learning, practices have moved closer to what Donoho [12] refers to as ‘frictionless reproducibility’ —
workflows in which code, data and computational environments are organized so that analyses can be
reproduced with minimal effort (supported, for example, by platforms such as OpenML [13]). How-
ever, such communities remain the exception rather than the rule. In addition to the fact that, in many
cases, the underlying data cannot be made publicly available—whether due to legal, ethical or FAIR-
compliant access restrictions —we identify three main factors contributing to this persistently low share
of reproducible studies.

The first factor, a lack of incentives to ensure reproducibility, concerns both individual researchers
and journals. For researchers, making analyses fully reproducible requires additional time and effort,
and in the current academic reward system this work is frequently insufficiently recognized [14]. There-
fore, researchers often perceive little direct personal benefit in publishing their code and data, although
there are various self-serving advantages to doing so. Numerous scientists have called for journals to
make the publication of code and data supplements mandatory for all empirical studies [15-20], and the
importance of more systematic assessment of computational reproducibility has been highlighted [21].
However, journals often fail to recognize the self-serving benefits associated with requiring publication
of such materials. Consequently, only some journals provide guidance on supplementary code and data
preparation and publication (as discussed in §4.1).

The second factor is that many researchers feel overwhelmed by the practical demands of ensur-
ing reproducibility. Greater engagement with the topic would likely alleviate this perception, but most
researchers currently devote little attention to reproducibility compared to writing their scientific ar-
ticles. Although the existing literature on this topic is generally of high quality, it tends to be very
detailed and often inaccessible to readers without prior knowledge. Consequently, this literature pri-
marily reaches those already familiar with, or positively inclined towards, the subject. Researchers with
little prior exposure to reproducibility are unlikely to consult, let alone follow, lengthy technical recom-
mendations on writing clean code or creating reproducible analyses. Our experience with reproducibility
reviews in various journal contexts supports this observation: while some journals increasingly receive
submissions whose initial materials already meet basic reproducibility criteria, it remains common that
authors encounter difficulties in satisfying reproducibility requirements, even when structured guidance
or checklists are provided.

The third factor, the insufficient institutionalization of reproducibility, concerns the role of journals
and other actors in scientific publishing. Among the journals that have already introduced measures to
promote reproducibility, requirements and procedures vary considerably. This heterogeneity makes it
difficult to implement reproducible research practices consistently across journals and leads to similar
works being evaluated very differently depending on where they are published. Furthermore, overly
complex or poorly coordinated procedures make code checking more labour-intensive for journals,
whereas vague guidelines have little effect in practice. Overall, there is a lack of coordinated and practi-
cal structures at the system level that would anchor reproducibility as an integral part of the publication
process. Broader problems of metric-driven and fraudulent publishing in the mathematical sciences are
discussed by Agricola et al. [22]. It is also noteworthy to mention the positive contribution of designated
reproducibility editors for journals.

In this paper, we contribute by addressing the three factors outlined above through a synthesis of
existing evidence and through both practical guidance and conceptual suggestions. Our aim is to lower
barriers to reproducibility for individual researchers while also outlining ways in which journals and
institutions can support more consistent and pragmatic practices. The paper is intended primarily for
authors and journal editors, and we aim to make our recommendations accessible to readers with vary-
ing levels of computational expertise, as even experienced researchers can encounter challenges when
creating fully reproducible analyses.

First, we summarize the benefits of reproducibility for individual researchers and journals, as docu-
mented in the literature. Second, we provide concise, easy-to-follow instructions for authors to ensure
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reproducibility. These are informed by our experience reviewing code and data supplements of many
hundreds of articles, which has revealed common pitfalls and recurring difficulties for authors. This
experience reflects our collective involvement as (reproducibility) editors for several journals with estab-
lished reproducibility procedures, namely the Biometrical Journal, Computo, Journal of Statistical Software,
Journal of the American Statistical Association and Meta-Psychology. The aim of these instructions is to en-
courage broader adoption of reproducible practices by making them accessible even to those with little
prior experience or initial motivation in ensuring reproducibility.

Third, we discuss how journals and institutions can promote reproducibility through clearer and re-
alistically implementable framework conditions. We summarize current reproducibility practices across
several journals, which highlights the substantial heterogeneity in existing guidelines. Building on this
overview, we outline conceptual ideas for more consistent and structured reproducibility standards, in-
formed in part by our experience as contributors to the Mathematical Research Data Initiative (MaRDI).
Such standards could help journals communicate expectations more transparently, and support more
uniform assessment of reproducibility across studies and disciplines. We present them as starting points
for future developments in scientific publishing rather than prescriptive standards.

2. Benefits of reproducible research for authors and journals

Researchers and journals tend to perceive only limited self-serving benefits from adopting reproducible
practices, which likely reduces motivation to invest effort in this area. If the perception of researchers’
incentives were strengthened, the proportion of reproducible results could increase substantially, even
in the absence of strict journal policies. Likewise, if journals more clearly recognized the advantages
of implementing reproducibility policies, broader adoption of such policies would likely follow, fur-
ther promoting reproducible research. Importantly, such policies need not involve full reproducibility
checks; they span a wide spectrum, ranging from simple expectations, such as requiring that code and,
when possible, data be made available, to more extensive review procedures. Even lightweight measures
can improve transparency and contribute meaningfully to reproducible research.

In the following subsections, we describe advantages for both authors and journals, many of which
apply to both groups.

2.1. Benefits for researchers’ own workflow and future work

For individual researchers, ensuring reproducibility offers several practical advantages for their own
future work, such as easier reuse of (clearer) code, greater confidence in the correctness of results, and
mitigation of research waste. Researchers are typically the primary future users of their code, and thus
benefit most from its availability and from the results’ reproducibility. The prospect of sharing code pub-
licly increases attention to code quality [23], which in turn facilitates later navigation and modification of
analyses, for example during manuscript revision or when extending the work in follow-up projects [24].
Given the considerable time that often elapses between initial analysis and publication, the documented
versions of add-on software packages are crucial. Proper documentation ensures exact reproducibility
should the analysis be modified later, where package functionalities may have changed. Clean, well-
documented code benefits other members of the research team [25], streamlining further analyses and
collaboration on the same codebase. Researchers who consistently publish the code and data of their
projects will also have secure access to them in the future, regardless of whether these researchers change
employers or computers [26].

Making the code and data publicly available may also reduce the perceived psychological burden
on some authors [27]. Although authors retain full responsibility for the integrity of their work, sharing
allows reviewers to inspect the code, which some authors may perceive as a form of reassurance and
support [17,19]. Conversely, others may worry about judgements on code quality and potential errors
being identified, meaning this psychological effect is likely to vary across individuals.

Sharing code and data signals confidence in one’s work and can attract collaborators who build on the
shared materials in transparent and mutually beneficial ways. Even when others reuse the code indepen-
dently, the original authors remain part of the foundation of that work and are typically acknowledged,
reinforcing rather than undermining their contribution. By contrast, some researchers worry that others
might use their code and data to perform analyses or develop extensions they themselves planned. Yet
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such concerns rarely materialize in practice: the risk is low, because the original authors are most familiar
with the analysis and retain deep, specific knowledge of the research context [26].

2.2. Scientificimpact and career benefits

Reproducibility also offers several advantages for scientific quality and researchers’ careers. When au-
thors pay more attention to code quality and review their materials prior to publication, the likelihood
of detecting errors before the article appears increases substantially [26]. Conversely, later retractions is-
sued because of analytical errors can disrupt the iterative process of knowledge building and may create
severe challenges for both authors and journals [17,19]. Reproducibility policies can plausibly help lower
the risk of retractions. By promoting code transparency and, in some cases, through pre-publication re-
producibility checks conducted by journals, such policies increase the likelihood that analytical errors are
detected before publication, even though the level of reproducibility checks that journals can realistically
provide will vary with their resources.

Methodological articles often propose complex algorithms. If the implementation code is not avail-
able, these algorithms are difficult to apply in practice, which can greatly reduce their impact and the
number of citations [28]. Moreover, their inclusion in comparison studies becomes substantially more dif-
ficult, which further limits their visibility. In this context, authors should not be expected to reimplement
methods for which no usable code exists; such reimplementations can be error-prone due to insufficiently
detailed methodological descriptions in the original work and place an unreasonable burden on those
conducting comparison studies.

Readily available code increases the likelihood that other research groups build on or extend a pub-
lished algorithm, thereby amplifying its impact within the methodological community. Moreover, a
clean implementation is more easily adopted and built upon than an approach that is only theoreti-
cally described, even if promising—especially when implementation details are missing or the method
is complex [29].

Individuals who are primarily interested in applying proposed approaches often focus more on the
implementations than on the paper’s theoretical descriptions. These individuals frequently contact the
authors with questions about the application. Such inquiries provide valuable insights into common
difficulties in practice and can lead to the correction of errors and improvements in methodology [29].

An important reason why publishing the code and data can result in more citations is that it has
become common practice to cite code that is reused —not only within the computational field, but espe-
cially in applied disciplines, where researchers tend to depend on available implementations because
implementing the underlying algorithms can be challenging. Also, citation counts tend to be higher
when supplements are uploaded to a repository that assigns DOI numbers [17]. Overall, it has repeatedly
been shown that papers making their code [30,31] and/or data [26,32,33] publicly available receive more
citations. Hoffler [34] also showed for economics journals that articles published in journals requiring re-
producibility are cited statistically significantly more often, accounting for differences between journals
and the general time trend.

Implementing proposed algorithms in software packages on established platforms (such as GitHub,
CRAN for R or PyPI for Python) further increases their practical applicability compared to providing
their implementations solely in code and data supplements to a methodological paper. It is there-
fore likely that package-based implementations also have a positive effect on citation counts. In a re-
lated context, Jalili et al. [35] showed that the citation count of biomedical software packages increased
substantially after their inclusion in package management systems.

Funding agencies are giving reproducibility an increasingly important role by requiring open data
and code, mandating data management plans, and in some cases even covering long-term data storage
costs [26,36]. Authors can therefore improve their chances of obtaining funding by consistently making
their analyses reproducible and highlighting this in their funding proposals.

Beyond encouraging reproducible practices within original research projects, funding agencies could
also contribute by allocating dedicated resources to studies that systematically reproduce published
computational analyses. This could strengthen incentives for such work, which is often less strongly re-
warded than novel methodological or substantive contributions in the current academic system. Creating
dedicated funding opportunities in this area could therefore also help increase the scientific recognition
of researchers engaging in such studies, while at the same time improving the reliability of published
empirical research in practice.
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Publishing reproducible results also increases the credibility and trustworthiness of researchers [37]. n
This signals scientific diligence and transparency to the community and can influence the peer-review
process beneficially [24]. Occasionally, reviewers may run the shared code themselves and form critical
impressions when legitimate issues arise. From a scientific perspective, such cases are valuable, as they
help strengthen the quality of published work. They, however, appear to be relatively rare in practice and
should not discourage authors from sharing their materials, especially given the substantial credibility
benefits of transparency for well-executed work.

2.3. Specific benefits for journals

" sosy/Buo'Buysiigndiaposiefos

The advantages of reproducibility policies for journals and the broader research ecosystem are signifi-
cant, as discussed for example by Stodden et al. [16]. Primarily, these policies allow journals to function as

F=~]

a quality mark signalling their commitment to scientific rigour and strengthening their reputation. Such g\
policies can also provide incentives for authors, who may benefit from publishing in journals that visibly ;
endorse rigorous and transparent research practices. Indeed, Stodden et al. [16] found that journals with E
a high impact factor are more likely to adopt such policies, although the direction of causality remains S
unclear. -
This increased attractiveness to submitting authors may allow journals to be in a stronger position to ®
demand reproducibility —even though this potential is not necessarily recognized by all of them. Con- E
versely, journals that impose such quality requirements may appear more selective to authors, which %

can increase their desirability even if their impact factor is not particularly high.

A clear reproducibility policy —even one that only requires authors to submit code and, when pos-
sible, data without performing reproducibility checks—offers dual operational benefits for journals.
First, it acts as a quality filter, improving submissions by discouraging authors who place less empha-
sis on rigour or transparency. Second, clearly specifying requirements reduces the chance of receiving
submissions in an unacceptable form.

3. Straightforward guidelines for creating reproducible analyses

3.1. General considerations

As mentioned in the introduction, one of our aims is to provide concise, easy-to-follow guidelines that
keep the effort required to implement them low. Readers seeking more detailed guidance on good coding
practices, advanced techniques or technical intricacies are referred to the existing literature, including
practical recommendations for computational reproducibility in the life sciences [38], as well as more
general contributions and best-practice guidance for computer-based experiments and research software
[19,39-41]. A set of minimum recommendations focused primarily on data can be found in Jenkins et al.
[42]. Our experience shows that even seemingly obvious aspects of reproducible research are often over-
looked in practice. Therefore, we decided to include them here to help prevent common pitfalls. Note also
that many of the aspects are not strictly required for ensuring reproducibility, but they make the process
considerably easier for those attempting to reproduce the results. While more sophisticated solutions
exist for many of these aspects, the recommendations presented here already provide a solid foundation
for creating reproducible analyses in a pragmatic and accessible way.

Our recommendations provide a general foundation that is applicable across disciplines. When avail-
able, subject-specific standards (e.g. PSYCH-DS for psychology) and local or national guidelines can offer
additional, domain-tailored guidance. These resources may further support authors in organizing their
materials according to conventions within their research community.

It is highly beneficial to apply the following tips from the very beginning of a research project, as
many of them are considerably more time-consuming to implement retrospectively. Crucially, sharing
imperfect code and data is still better than not sharing it at all, even if not all recommendations have been
followed. We provide R- and Python-specific hints as well, but the recommendations can be applied in
other programming languages in a similar way.

When preparing the code and data supplement, it can be helpful to occasionally adopt the perspective
of someone unfamiliar with the underlying study. This makes it easier to identify parts of the material
that might be unclear or difficult to use without detailed knowledge of the study. Although these guide-
lines are primarily designed for authors preparing code and data supplements, they can also serve as a
helpful reference for reviewers or reproducibility editors.



REPRO Checklist for Creating Reproducible Analyses

1. Structure and README

O Clear folder structure used (e.g., data/, code/, results/ with subfolders).
O All files and exact execution order included in README.

O Software environment and package versions documented in README (e.g., R: sessionInfo(),
Python: session-info), or alternatively via an environment file (e.g., renv, conda; allowing easier
long-term reproduction).

O Indicated in the README which scripts produce which figures/tables.

O Related functionality consolidated into single files.
2. Linking code and reported results

O All figures/tables generated by scripts.
O Locations where each figure/table is created indicated in code comments.
O Output files included in supplement (results/figures/, results/tables/).

O Figure/table numbering in the manuscript reflected in output file names.
3. Code organisation and style

O Results produced by running scripts without manual edits.

O Lengthy function definitions outsourced to separate scripts and sourced where needed.
O Only relative paths used.

O Meaningful file names used; underscores or camel case instead of spaces.

O Clear formatting, indentation, spaces; platform-independent code.
4. Randomness and parallel computation

O Deterministic (parallel-safe) random number generation used.

O Independent random number streams used for each replication to enable per-replication repro-
ducibility.

ot

. Intermediate results and spot checks

O Intermediate results saved for analyses > 1 hour runtime.
O Reproducibility spot checks possible.
O Separate scripts used for producing and evaluating intermediate results.

O Rough estimates of the runtimes of the analysis scripts included.
6. When real data cannot be shared

O Synthetic data included that mimic key properties of real data.
O Results based on synthetic data included for reproducibility checks alongside original data results.

0O Explanation provided why the original data cannot be shared.

Figure 1. REPRO Checklist for creating reproducible analyses.

Before describing the guidelines in detail, we provide in figure 1 the REPRO Checklist, a concise
summary of the main recommendations. Note that not all points in this checklist may be fully under-
standable without reading the detailed guidelines. The checklist primarily serves as a quick first reference
for identifying which aspects may warrant closer reading in the detailed guidance below, as the relevance
of the recommendations to individual readers depends on their prior familiarity with reproducible re-
search practices. We also provide a one-page PDF version of the checklist in the electronic supplementary
material, formatted as a print-friendly version.

3.2. Structure and README

The code and data supplement should contain all materials necessary to independently reproduce the
results presented in the associated manuscript. This typically includes the complete analytical code, the
relevant dataset or datasets (where possible) together with accompanying codebooks (files that explain
all variables in the dataset(s)), and a README file. The code and data supplement should follow a simple
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Table 1. Comparative overview of journal reproducibility policies.

journal code datarequirement  independent verification timing
requirement check through

Annals of Internal  encouraged methods description  no not applicable submission

Medicine only

Biometrical yes open or synthetic yes reproducible pre-final

Journal research editors acceptance

The BMJ yes repository preferred  no editors/readers submission

(scrutiny)
Computo yes open (or mock yes GitHub actions submission and
(notebooks/Cl) version if protected) pre-final

acceptance

Journal of yes repository no editors/reviewers submission

Computational encouraged

and Graphical

Statistics

Journal of yes (software open yes reviewers and first submission

Statistical focus) replication editors and pre-final

Software acceptance

Journal of the yes (checklist) data information yes associate editors for  revision

American provided reproducibility

Statistical

Association

Meta-Psychology ~ yes open (or justified) yes check team (stat.

editor)

post-acceptance
(conditional)

Technometrics yes (partial) not applicable no editors revision

Journal: The name of the academic publication whose reproducibility policy is being reviewed.

Code requirement: Indicates whether the journal explicitly mandates that authors submit the analytical code used in the study. The re-
quirements can range from a simple ‘yes’ to specific conditions like requiring a ‘checklist’ or focusing on ‘software’

Data requirement: The policy regarding the provision of the underlying data. This spectrum includes requiring data to be ‘open’ or that
atleast ‘synthetic’ data should be provided, or mandating that a ‘methods description only’ for data access is provided.

Independent check: Whether the journal performs an active, execution-based review by a third party (not the original author or initial
reviewer) to confirm that the results can be computationally reproduced.

Verification through: Specifies the designated individual or group responsible for reviewing, checking or scrutinizing the submitted re-
producibility materials, such as ‘reproducible research editors; ‘associate editors’ or standard ‘editors/reviewers.

Timing: The specific stage during the manuscript process when the submission of reproducibility materials or the verification check occurs,

such as at ‘submission; during the ‘revision stage; or ‘post-acceptance’

folder structure with clear directory names such as data, code and results, the latter including subfold-
ers like intermediate (for intermediate results, see below), figures and tables. To maintain a clear
and manageable file structure, related functionality should be consolidated into a single file rather than
spread across many files that serve the same purpose.

A READMEE file is of central importance. It should give a brief overview of all files in the code and
data supplement and specify the order in which scripts must be executed to reproduce the final results
(figures and tables) presented in the article and electronic supplementary material. Complex descriptions
of the analysis design should be avoided, as they may overwhelm readers unfamiliar with the study de-
tails. Instead, simply indicate which figures and tables each script produces, referencing their respective
numbers (e.g. ‘Figure 1’, ‘“Table 1°).

For long-term reproducibility, the software environment must also be clearly documented, including
the versions of all additional packages used. In R, this can be easily achieved by loading all relevant pack-
ages into the workspace and copying the output of sessionInfo() into the README file. In Python, the
session-info package produces similar output with the information on the workspace environment.
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Alternatively, long-term reproducibility can be further supported by providing an environment speci- [ 9 |
fication file (e.g. via renv in R or conda in Python), which enables automatic restoration of the software
environment.

The choice of software used for the analysis can also affect reproducibility. If results are obtained using
commercial or otherwise non-freely available software, reproducibility is restricted in practice, as inde-
pendent researchers, editors of journals or those conducting reproducibility checks may not have access
to the required tools. Therefore, whenever possible, authors are encouraged to rely on freely available
software. In cases where specialized software is indispensable, this should be clearly stated, and access
requirements should be transparently documented.

A codebook containing the variable names, variable descriptions, variable types (e.g. numeric), and
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possible values the variables can take is not strictly required for computational reproducibility. However,
it is strongly recommended, as it greatly enhances transparency, facilitates understanding and reuse of

the data, and aligns with established open-data principles. This information also allows checking for Lz
potential errors. ;

Authors should carefully consider which version of the data, corresponding to a specific stage of the : E
data processing pipeline, can be made available. Ideally, the data should be provided in a form thatisas : %
close as possible to the original raw data, provided that this is legally and ethically feasible. If the origi- : :
nal data contain sensitive information that is not needed for the analysis, such information can simply be Pw
removed. Original raw data allows independent researchers to reproduce not only the final analysis, but E
also the preceding data pre-processing steps, which are often complex and thus error-prone, and whose %

traceability within computational workflows is recognized as an important aspect of reproducibility in
fields such as bioinformatics [43].

If the original raw data cannot be shared, it is still essential to provide the complete code used for data
pre-processing. This increases transparency and can reveal important details of the pre-processing that
are not fully described in the paper. Without such information, important parts of the analytical pipeline
remain opaque.

An illustrative example of an appropriate structure for the code and data supplement and the
README file, with additional details, is provided in §A of the electronic supplementary material.

3.3. Linking code and reported results

All figures and tables in the article and supplement that contain empirical results should be reproducible.
Comments should be used to clarify the purpose of individual code sections and, specifically, to clearly
indicate where each figure or table is generated, citing the corresponding numbers of these figures and
tables.

The code should produce all figures and tables, and these output files should also be included in the
code and data supplement. The structure of the saved tables (row and column order plus any rounding
of numbers) should match the corresponding tables in the article; this makes it easier to compare the
reproduced tables with those in the manuscript. Ideally, file names should correspond to those used in
the article (e.g. figure_1.pdf, table_1.csv).

3.4. Code organization and style

Fundamentally, final results should be obtainable by running the corresponding scripts, without requir-
ing any manual changes to the code. Analysis scripts producing the results should avoid lengthy function
definitions unless the project is simple; for anything beyond basic analyses, such functions should be
collected in separate scripts and sourced in the analysis scripts to improve clarity. For key self-written
functions, input and output parameters should be briefly documented.

Within files, only relative paths, defined with respect to the root folder, should be used. The files
themselves should all have meaningful names, avoiding spaces and using underscores or camel case
instead.

Code should be easy to read, with spaces after commas and around operators, and proper indenta-
tion. Such formatting can be performed automatically using linters or other code-formatting tools. In R
and Python, libraries such as formatR and Ruff, respectively, provide these features.



The code should make as few assumptions about the execution environment as possible. In particular,
it should be platform-independent whenever feasible (unless strong reasons exist, such as the use of fork-
based parallelization) and software-independent (e.g. avoid relying on IDE-specific APIs that require R
code to be executed from within RStudio).

Finally, the code should aim to remain as simple as feasible and, wherever possible, rely only on
a small number of widely used packages. This reduces the need to instal dependencies, minimizes
potential conflicts and promotes long-term reproducibility.

3.5. Random seeds and parallel computations

For analyses that include random elements (such as statistical simulations), it is essential to set the seed of
the random number generator to an arbitrary, but fixed, value to ensure exact reproducibility. In R, for ex-
ample, this can be done with the command set .seed(1234), or in Python using numpy . random.default
_rng(1234).

In parallel computations, however, setting a single global seed is usually not sufficient, as parallel
workers may generate their own random number streams. To obtain reproducible results, it is advis-
able to rely on software mechanisms that explicitly create parallel-safe, deterministic random number
streams for each replication. Many modern environments provide such functionality, for example the
future ecosystem in R (via seed-handling options in packages such as future.apply or foreach com-
bined with doRNG) and NumPy’s SeedSequence-based random number generation in Python. These tools
are designed to reduce the risk of overlapping streams and to make correct use of random numbers in
parallel settings easier.

Using such mechanisms ensures that each replication is associated with its own deterministic random
number stream. As a consequence, results do not depend on the number of available CPU cores, anal-
yses can be reproduced on different systems or with different parallelization backends, and individual
replications can also be recomputed sequentially if needed. Importantly, this makes it straightforward
to check the reproducibility of selected replications, as explained in the next subsection. A simple R and
Python example demonstrating how to implement such parallel-safe random number streams and how
to reproduce individual replications is provided in §B of the electronic supplementary material.

3.6. Intermediate results and reproducibility spot checks

For computationally intensive analyses that take more than about an hour to run, it is helpful to save
intermediate results. In simulation studies, these consist of the raw results obtained for each simulated
dataset. While intermediate results are not strictly required for reproducibility, they make the process
more flexible and the results easier to reproduce. Approximate runtimes should be provided for each
analysis script, together with a brief note on the hardware used (e.g. ‘~ 5 min on a standard laptop”).

Saving intermediate results serves two main purposes. First, tables and figures can be generated
quickly from the stored intermediate results without re-running the entire analysis. This benefits both the
person reproducing the results and the original code author, for instance, if adjustments to the presenta-
tion are later desired. Second, with appropriate handling of random number generation, particularly in
analyses that use parallel computation, intermediate results enable so-called reproducibility spot checks.
In such checks, only a few arbitrarily selected partial results (e.g. individual replications in simulation
studies) are recomputed and compared with the corresponding stored results. If these are identical, the
spot check is successful, and it can be concluded that the full analysis is likely reproducible.

A straightforward way to ensure that individual partial results can be reproduced is to use repro-
ducible random number streams for each replication (see previous subsection). This allows anyone
reproducing the analysis to rerun selected replications and compare the newly obtained results with
the stored ones. Beyond reproducibility spot checks, this approach also makes it possible to inspect
individual unusual or outlying results in more detail to investigate the reasons behind such anomalies.

The code that generates the intermediate results should be easy to identify and run on its own. This
makes it straightforward to reproduce individual intermediate results when needed.

An alternative, easy-to-implement strategy for making computationally intensive analyses easier to
reproduce is to rerun the analysis with a much smaller number of replications (e.g. 10 instead of 1000)
and provide these corresponding results in the code and data supplement in addition to the full results.
Anyone checking reproducibility can then use the smaller number of replications to verify that they ob-
tain the same results as those included in the electronic supplementary material. Crucially, the smaller
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run should use the same code as the larger run, simply with the number of replications reduced. Then if
the results match, this provides strong evidence that the full analysis is reproducible.

To make the workflow easier to handle, the code that generates the intermediate results should be
placed in a separate script from the code that evaluates them and produces the final figures and tables.

3.7. Reproducibility when original data cannot be shared

In many cases, the data used for the analysis cannot be made available with the code and the repro-
ducibility of the results based on the real data cannot be verified directly. For this purpose, synthetic
data (pseudo data) can be generated that mimic the computational but not necessarily the statistical
structure of the real data. This is entirely sufficient in this context, because the synthetic data are used
solely for reproducibility checks—not for substantive inference. These synthetic data should be included
in the code and data folder. Such synthetic data can be generated in R, for example, using the packages
synthpop or simdata.

For reproducibility, it is still important that the results generated using the real data are provided
alongside the corresponding results based on the synthetic data, again using the same script with only
the data object changed. Those interested in checking reproducibility can then attempt to reproduce
the results obtained with the synthetic data. If this reproduction is successful, it is also likely that the
corresponding results based on the real data would be reproducible if access to the real data were
available.

4. Existing reproducibility policies and perspectives for harmonized
standards

In this section, we first summarize the current reproducibility practices of selected journals. We then
discuss why harmonized standards may be beneficial and outline conceptual dimensions that could
inform the development of such standards. Here, standards refer to shared criteria for assessing repro-
ducibility across journals and disciplines, not to uniform requirements regarding the level of achieved
reproducibility.

4.1. Current practices for selected journals with reproducibility policies

Table 1 provides an overview of reproducibility practices in selected journals. These journals were se-
lected as illustrative examples of established reproducibility policies. The list is not exhaustive but
reflects a range of existing approaches across different fields. As noted in the introduction, several mem-
bers of our author team are involved in the reproducibility processes of these journals, which provides
additional practical insight into their procedures.

Although the approaches of these journals differ, all of them have implemented concrete measures
to enhance computational reproducibility. These measures span a spectrum from lower-burden policies
that primarily request that the analysis is described in sufficient detail, to more demanding procedures
in which designated editors or reviewers actively check the reproducibility of all presented results.

The Annals of Internal Medicine requests that methods be described with sufficient detail to enable
reproducibility and additionally advocates the inclusion of well-annotated source code.

The Biometrical Journal primarily targets methodological statisticians, most of whom use R.
Manuscripts undergo the usual peer-review process and can be rejected or conditionally accepted. Af-
ter conditional acceptance, a reproducibility review process is conducted by a dedicated team of four
Reproducible Research Editors. Authors are advised to follow a list of guidelines to satisfy the journal’s
reproducibility requirements. There are different categories of reproducibility (e.g. fully reproducible
and various categories of partially reproducible).

The BM], Journal of Computational and Graphical Statistics and Technometrics have introduced a require-
ment for authors to submit the analysis code for all research articles. The code must be provided as a
supplementary file and, preferably, additionally deposited in an open repository such as GitHub, Git-
Lab, Open Science Framework or Zenodo. While they do not conduct formal reproducibility reviews,
the submitted code should be machine-readable, clearly annotated and runnable with standard statisti-
cal software. Editors and readers may inspect the code if needed, and authors are expected to document
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software versions and relevant packages. Interestingly, Technometrics only requires reproducibility of one
table or figure.

Computo requires numerical reproducibility through an integrated workflow based on executable
notebooks, virtual environments and continuous integration. Unlike traditional journals, the article in
Computo is generated directly from the underlying code and environment, making the computational
workflow itself an important component of the contribution. When parts of the analysis must be run ex-
ternally, authors must supply both the intermediate results and the code needed to import them into the
notebook. All code required to generate the results, including code used for externally run steps, must
be provided, and is assessed during peer review and/or editorial checks.

The Journal of Statistical Software sets full reproducibility as a requirement for submissions:
manuscripts without complete reproducibility are often returned to authors prior to review. Additional
reproducibility checks are completed after review and manuscripts remain conditionally accepted until
all requirements are met. This includes figures, tables and any other outputs reported in the manuscript.
A distinctive feature of the journal is its focus on software packages; empirical analyses are mostly il-
lustrative only. The general guideline is that a reader with sufficient background knowledge should be
able to reproduce the results in a reasonable amount of time. The software must be available in external
repositories but the version at publication is stored with the manuscript.

For the Journal of the American Statistical Association, authors are asked to provide reproducibility ma-
terials (data, code, workflow) if the manuscript is invited for revision [44]. Reproducibility is reviewed
by Associate Editors for Reproducibility, of whom the journal currently has 16. The journal provides
an Author Contributions Checklist that authors must complete (available as an R Markdown or a Word
document). An example folder structure illustrating a possible organization of research materials is also
provided in a template GitHub repository. The checklist is divided into three parts that must be ad-
dressed in detail: (i) information on the data, (ii) details of the software and code and (iii) questions on
the reproducibility workflow.

Meta-Psychology requires conditionally accepted articles to be fully reproducible. To verify repro-
ducibility, an independent check is conducted by one of the 10 members of the reproducibility team with
different areas of expertise. Submissions must include open data, well-documented code and research
materials, typically provided via an Open Science Framework project page; exceptions are granted only
in justified cases. Reproducible submissions may receive an Open Science Badge, and authors are ex-
pected to cooperate with replicators or readers raising methodological questions even after publication.
For more complex analyses, the use of containers to share computational environments is encouraged.

The journals discussed above represent only a subset of existing initiatives. Other journals that cur-
rently have appointed dedicated reproducibility editors include American Antiquity, Information Systems,
the INFORMS Journal on Data Science, the Journal of Archaeological Science, the Journal of Economics Sur-
veys, Political Analysis, and Research Synthesis Methods. These journals likewise implement various policies
aimed at strengthening the reproducibility of empirical research. Different research areas also exhibit dif-
ferent practices regarding computational reproducibility. In economics, for example, the procedures are
not highly field-specific; rather, as in many other areas, journals such as those of the American Economic
Association employ dedicated data editors and perform reproducibility checks based on submitted data
and code, supported by detailed guidance for authors [45,46]. By contrast, bioinformatics has devel-
oped more specific practices, with a stronger focus on workflow-oriented best practices and structured
guidance for reproducible computational analyses [47], as well as checklist-based recommendations for
specific application areas [48]. While approaches therefore differ and are not harmonized across disci-
plines, they can provide useful reference points for the development of more consistent reproducibility
standards.

4.2. Towards harmonized reproducibility standards

As seen in the previous subsection, journals currently provide very heterogeneous guidance on how
authors should prepare reproducible submissions. These guidelines range from brief, high-level sug-
gestions to extensive lists of required tasks or detailed templates that must be completed. While more
elaborate reproducibility policies can facilitate a structured assessment, they may also discourage po-
tential authors—especially when requirements are time-consuming or when policies impose constraints
that are difficult to meet (e.g. mandatory public data availability). This heterogeneity makes it difficult for
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authors to navigate expectations and lengthens the time to resubmit papers to alternative journals follow-
ing rejections. Furthermore, it complicates how journals communicate their reproducibility standards to
readers and stakeholders.

To address this challenge, we suggest considering the development of a harmonized, multi-tier system
of reproducibility standards. Such a system would distinguish different aspects and levels of repro-
ducibility. Importantly, these levels would not necessarily reflect differences in the amount of work
required but rather in the aspects of reproducibility that are achieved. A graded scheme would acknowl-
edge that reproducibility is multifaceted and enable consistent assessment across studies and disciplines
(e.g. technical code review templates of Hanselman [49] used for conferences). In the subsection that
follows this one, we tentatively outline several ideas that could serve as a basis for developing such a
multi-tier system of reproducibility standards. Systems of standards already exist in other domains—
for example, for assessing FAIR data (e.g. https://www.f-uji.net/index.php?action=methods) or for peer
review of statistical software (e.g. https://stats-devguide.ropensci.org).

Quantifying the levels of reproducibility could offer several benefits. Currently, scientific output is
primarily evaluated through publication counts, journal impact factors and citation-based metrics such
as the h-index. Despite increasing recognition of reproducibility as a scientific value, it is rarely incorpo-
rated into commonly used indicators. A harmonized standard could, in principle, lay the groundwork
for reproducibility-aware evaluation metrics or indices. Such metrics could incorporate not only different
reproducibility levels but also established dimensions such as the FAIR principles, thereby provid-
ing a more comprehensive representation of research transparency. Their calibration would reflect the
priorities of the scientific community and could support a more nuanced assessment of research quality.

Many journals label articles as ‘reproducible’, but this designation can represent very different aspects,
leading to inconsistent signals for readers. A clear and structured system of standards would make trans-
parent which aspects of reproducibility were considered, omitted or feasible in a given context. Such
standards need not imply uniform requirements across disciplines; rather, they would offer a shared
framework for describing reproducibility in a consistent way. This would help journals communicate
their reproducibility aims and scope more effectively and clearly for the benefit of publishers and edito-
rial boards. Clearer standards would also improve communication with stakeholders, including funding
agencies, data repositories and research institutions, which increasingly emphasize transparency and
reproducibility.

In addition, a graded structure can help journals align their reproducibility policies with their avail-
able resources. For example, journals might initially focus on clear availability requirements and basic
checks of submitted materials and then, where feasible, move towards more thorough reproducibility
review, potentially supported by dedicated editors or reviewers.

Authors, too, could profit from such a standardized and potentially quantifiable system. A well-
defined multi-tier structure would allow authors to quicker and better assess the level of reproducibility
they can reasonably achieve and demonstrate that their work meets or exceeds a clearly defined thresh-
old. This could strengthen the perceived value of reproducible research in academic careers while provid-
ing a structured but non-prescriptive framework. Additionally, when needing to submit the manuscript
to another journal, a harmonized system would reduce the burden to substantially restructure the code
and data supplement when submitting the manuscript to another journal.

Overall, while we introduce initial ideas rather than finalized proposals, we believe that harmonized
reproducibility standards could support clearer communication, reduce unnecessary burden on authors
and reviewers, and provide a foundation for future developments in how reproducibility is evaluated
across scientific fields.

4.3. Conceptual dimensions for structuring reproducibility standards

A multi-tier system of reproducibility standards requires a clear understanding of which aspects of
reproducibility should meaningfully be differentiated, assessed and weighted with respect to their im-
portance. While we do not propose a concrete implementation, we outline several conceptual dimensions
that could, in principle, form the basis of such a system.

It is our hope that the following dimensions will fuel future discussions about how reproducibility
can be evaluated in a transparent and systematic way.

— (A) Availability of materials. This dimension captures which components of the reproducible
research workflow are made available. Relevant elements include code, data, metadata and
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descriptions of the computational environment. Different levels could distinguish, for exam-
ple, between code-only availability, code-and-data availability or additionally the provision of
structured metadata aligned with the FAIR principles.

— (B) Verification scope. Although only an explicit check of computational reproducibility can
definitively confirm that the results are reproducible, such verification can be resource-intensive
and not always feasible. More lightweight assessments can nevertheless provide meaningful in-
dications of how likely reproducibility is to hold. This dimension could therefore distinguish
the depth of verification applied to the code and data supplement, with levels increasing in
rigour, for example: (i) checking the completeness of the materials, (ii) assessing their quality
and ease of use, and (iii) verifying computational reproducibility of some or all results.

— (C) Verification source. Depending on whether, and if so by whom, the materials have been
checked, different degrees of trust can be placed in the reproducibility of these checks. The
lowest degree of trust applies when no checks have been performed. Higher trust applies when
the authors state that they have thoroughly reviewed the materials themselves prior to submis-
sion. This might be further distinguished by whether the code author or someone else on the
same research team conducted the checks. The latter would be associated with a higher level of
trust. The highest trust applies when the materials have been examined on the journal side, for
example by designated reviewers or reproducibility editors.

— (D) Scope of reproducibility. Studies differ in the extent to which their results can be reproduced.
Some analyses allow full computational reproducibility, whereas others can only achieve par-
tial reproducibility —for instance, when original data cannot be shared and synthetic data are
provided. However, there are various other reasons why results may be only partially repro-
ducible. For example, if an analysis is computationally extremely expensive and no reproducible
intermediate results are available that allow reproducibility spot checks, the analysis may not
be reproducible without substantial computational resources. Another reason may be that gen-
erated random numbers in a simulation study are not reproducible (e.g. due to issues with seed
handling), in which case the results will not be exactly reproducible; still, the substantive con-
clusions from the analysis may remain valid if a large enough number of replications has been
used. A tiered system could distinguish such cases in a principled manner.

— (E) Code quality. The quality of the code directly affects how easily the results can be reproduced.
Our instructions in §3 could provide a basis for metrics for this dimension. Important points in-
clude, for example, the clarity of the code and data supplement, the extent of commenting and
the availability of intermediate results. In principle, these aspects could be weighted differently
and aggregated into a fine-grained scoring system. However, developing such a system would
require careful calibration and could therefore be more of a longer-term goal. A pragmatic first
step would be to define a few quality levels that capture meaningful differences while remaining

easy to apply.

These dimensions are not exhaustive and offer a conceptual foundation for thinking about how repro-
ducibility standards could be organized in a multi-tier framework that incorporates various aspects and
degrees of reproducibility. We invite the community to join us in refining and expanding these ideas to
make them more operable and thus adoptable by journals and publishers.

5. Discussion

5.1. Challenges in operationalizing a multi-tier system of reproducibility standards

To make our concept of a multi-tier system for measuring the degree of reproducibility in empirical
research operational, various refinements and specifications will be required. For example, it must be
clarified how the different dimensions should be represented —whether in the form of a single aggre-
gated metric or as a multidimensional profile—and how different aspects should be weighted. Given
that some dimensions are interdependent or not assessable in all cases, such choices require careful
consideration. In our view, however, it is not necessary for an initial operational system to be flawless.
Even a pragmatic first version could play an important role in increasing the visibility of reproducibility
practices and thereby further raising awareness of their importance.
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As also noted in the previous section, our instructions from §3 could serve as an initial concrete basis
for the fifth proposed dimension of reproducibility, ‘code quality’. These instructions draw on exten-
sive experience with code review and are therefore well suited as a foundation for generally applicable
guidelines.

5.2. The importance of journal policies involving reproducibility checking

As we mentioned, the thoroughness of reproducibility policies lies on a spectrum. One of the most far-
reaching and effective approaches is for the journal itself to check reproducibility. However, this requires
the involvement of reviewers or dedicated reproducible research editors and entails not only substan-
tial coordination but also considerable effort. For many journals, especially those with limited resources,
such procedures may currently be difficult to implement in practice. Nevertheless, the proportion of jour-
nals pursuing such policies should increase in order to raise the share of reliably reproducible results in
practice. For scientific articles, it is generally accepted that journals without peer review necessarily pro-
duce output of lower quality, which is why peer review of scientific articles is recognized as an essential
component of quality assurance in research. Because code and data supplements form the crucial basis
for the corresponding scientific articles, it appears no less important to subject these supplements to a
review process as well —this can uncover errors in analyses and thus would represent a concrete and
constructive step towards addressing the replicability crisis.

If reproducibility were a requirement, that could also contribute to earlier detection of errors. At
present, journals that conduct reproducibility checks typically require authors to submit their code and
data supplements only after the article has been conditionally accepted on the basis of its scientific con-
tent. One reason for this practice is the desire to keep the reproducibility review workload manageable.
Another plausible reason is that authors may be less willing to prepare a clean code and data supple-
ment that enables reproducibility when they do not yet know whether the article will be accepted by the
target journal. This reduced willingness is largely driven by the fact that most journals do not require
reproducibility at all.

If, however, more journals were to require the code and data supplement already at initial submis-
sion, it would likely become easier for journals to make such requests. Once the submission of a code
and data supplement becomes a common expectation across journals, authors can reasonably expect that
they will need to provide it at the next journal as well if the paper is rejected. Submitting the code and
data supplement at the initial stage can benefit both journals and authors, as it reduces the risk that a
paper must be rejected shortly before publication because its key results turn out to not be reproducible
due to errors in the code. Such cases are not the norm, but they do occur in practice, according to our
editorial experience.

It is important to distinguish whether the data used can be made publicly available or whether legal,
ethical or proprietary constraints prevent public release. In the latter cases, complete reproducibility for
the scientific community is not possible, but, if feasible, the data should at least be made available to re-
viewers or reproducibility editors to enable independent verification of the results. Authors should also
discuss whether certain conditions allow other researchers to access the data for further research.

Computational reproducibility alone does not guarantee that the reporting of results is appropriate
and free from issues. Even if figures, tables or other numerical results can be exactly reproduced, ques-
tionable reporting practices may still occur, for example through inappropriate rounding or truncation,
or undocumented omissions of data points. In principle, such issues become apparent when the code
and its outputs are examined carefully. Accordingly, more in-depth code checks could, in the future,
contribute not only to verifying that reported results can be reproduced, but also to assessing whether
the reporting of these results is appropriate.

At present, however, such in-depth checks are typically beyond the scope of existing reproducibility
review procedures. In our own editorial experience, reproducibility checks usually focus on whether the
submitted materials reproduce the results as reported in the manuscript, and do not entail a detailed
inspection of the code for potential reporting problems. One major reason is that these more compre-
hensive assessments would require substantially more time and resources, as they involve a much closer
engagement with the code and its outputs. Nevertheless, if sufficient resources were available, extending
reproducibility checks in this direction could further improve the quality of published empirical research.
In the longer term, Al-based tools may help make such checks more feasible by automating the detec-
tion of potential reporting issues, although the use of such tools would require careful consideration of
confidentiality, especially when unpublished or restricted materials are involved.
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A related limitation concerns the reproducibility of data pre-processing steps. In many empirical stud-
ies, the data used for the final analysis are the result of an extensive pre-processing pipeline. If only the
final, pre-processed dataset is provided, these pre-processing steps cannot be independently verified,
even if the subsequent analysis is fully reproducible. This can be problematic, as errors or inappropriate
transformations during pre-processing may substantially affect the results.

The importance of this issue is illustrated by Gihawi ef al. [50], who identified major errors in the
pre-processing and analysis of sequencing data in a widely cited cancer microbiome study; the original
article was subsequently retracted by Nature [51]. This example shows that errors in pre-processing can
have major consequences for published findings.

In principle, if the necessary materials are available, the verification of pre-processing steps should
be incorporated into reproducibility checking. If they cannot be checked independently, for example be-
cause raw data are not accessible, it becomes all the more important that authors exercise particular care
when carrying out these steps and provide the corresponding pre-processing code.

Going beyond data pre-processing, similar considerations can also be applied to the generation of the
raw data itself. In many settings, data are produced through measurement processes, software systems or
database queries, which can in principle also raise questions regarding transparency and reproducibility.
However, independently verifying these steps is often substantially more difficult, for example due to
data access restrictions or because data-generating processes cannot be repeated (e.g. in clinical studies).

Even when such processes cannot be reproduced, it is often important that they are described as trans-
parently and comprehensively as possible, particularly in applied studies where data generation plays a
central role. This allows other researchers to better understand how the data were generated and to use
this information as guidance for the design of their own studies, even if full verification of all steps is
not feasible. These considerations highlight that reproducibility exists on a spectrum, and that practical
implementations may need to balance completeness with feasibility.

5.3. The role of reviewers

In this paper, we have focused on the perspective of authors and journals because we believe that these
scientific actors have the most immediate impact on the dissemination of reproducibility practices. How-
ever, as indicated above, reviewers also have an important influence on ensuring reproducibility, albeit,
often with fewer incentives. This does not diminish the fact that reviewers should care about whether
the results they assess are correct and reproducible; overlooking this aspect risks leaving their evaluation
incomplete.

Even without performing time-consuming reproducibility checks, reviewers can already make valu-
able contributions. For example, it would be helpful if they pointed out when code and data are missing
or, one step further, whether code is available to reproduce all figures and tables in the paper. If a greater
level of commitment is to be expected from reviewers, clear guidelines and easily verifiable quality
standards could be highly beneficial.

In addition, incentives for reviewers could be strengthened by acknowledging their verification of
reproducibility through publicly visible information, as is already common practice in the peer review
of scientific articles. For instance, Meta-Psychology already acknowledges the reproducibility checkers
alongside the peer reviewers, which may serve as a model for other journals. A universal advantage for
reviewers is that examining the code of others in their field may allow them to learn new coding prac-
tices that they can apply in their own research. Moreover, in some cases, reviewing the code can provide
deeper insights into the methodology discussed in the article.

While reproducing the reported results is central to computational reproducibility, it does not reveal
whether the description of the analysis actually matches the implementation within the code. This is an
aspect that is often overlooked and where peer reviewers may be able to provide valuable insight in the
future.

5.4. Future perspectives: education and automation

Authors, journals and code reviewers could all benefit from clear training materials that illustrate the
various aspects of conducting reproducible research. These could take the form of interactive tutori-
als or short videos. However, care should be taken to ensure clarity and conciseness, in order to avoid
overwhelming the intended users of such materials, as evidenced by reports on corresponding train-
ing courses [52]. Examples of such materials within the R community include the pedagogical resources
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developed by Jennifer Bryan and her collaborators, such as the “What They Forgot to Teach You About
R’ site (https://rstats.wtf) and the concise guidance on file naming (https://github.com/jennybc/how-to-
name-files), which illustrate how concise, practical guidance can support authors in adopting cleaner
workflows that support reproducibility.

In the long term, reproducibility checks may be increasingly automated. Ever-improving container-
ization (e.g. Docker images, MaRDI Packaging System [53]), or environment management tools, such
as renv for R or conda for Python, facilitate the description of the computational environment. Nat-
ural language-based models could assist reproducibility editors or reviewers by automating parts of
the workflow, supporting communication with authors or performing preliminary checks before hu-
man evaluation. However, even if reproducibility checks eventually become fully automated, attention
should still be paid to the accessibility and readability of the code so that it remains interpretable for
humans. This is particularly important because the code and data supplement is a core component of
empirical research.

6. Conclusions

In this paper, our aim was to address factors that currently hinder many authors and journals from en-
gaging more strongly with the reproducibility of data-based analyses, thereby hopefully contributing to
a broader dissemination of reproducible research.

To this end, we first summarized the wide range of self-serving benefits of reproducibility for both
authors and journals, with the goal of strengthening the motivation of these key actors. We then pro-
posed pragmatic and easily implementable instructions for conducting reproducible analyses, based on
our extensive experience with code review, to counteract the common feeling of being overwhelmed, of-
ten caused by overly complex guidelines. Finally, we suggested the development of a multi-tier system
for evaluating reproducibility, incorporating several dimensions of reproducibility. Once developed in
more detail, such a system could enable journals to report the level of reproducibility of published em-
pirical studies in a standardized way, which may further promote the dissemination, institutionalization
and standardization of reproducibility while also simplifying expectations for both journals and authors.

A central foundation of this system is the recognition that reproducibility exists on a continuum.
Therefore, even small, pragmatic steps by authors, journals and reviewers can meaningfully contribute
to improving the quality assurance of empirical research.
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