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Abstract
Open data and code are crucial to increasing transparency and reproducibility, and in building trust in scientific research.
However, despite an increasing number of journals in ecology and evolutionary biologymandating for data and code to be
archived alongside published articles, the amount and quality of archived data and code, and subsequent reproducibility
of results, has remainedworryingly low. As a result, a handful of journals have recruited dedicated data editors, whose role
is to help authors increase the overall quality of archived data and code. There is, however, a general lack of consensus
around what a data editor should check, how to do it, and to what level of detail, and the process is often vague and
hidden from readers and authors alike. Here, with the input from multiple data editors across several journals in ecology
and evolutionary biology, we establish and describe the first standardised guidelines forData andCodeQuality Control on
behalf of the Society for Open, Reliable, and Transparent Ecology and Evolutionary Biology (SORTEE). We then introduce
the SORTEE-led guidelines as a flexible six-stage framework that journals can implement incrementally and/or apply on a
case-by-case basis, particularly when some checks (e.g., computational reproducibility) are not feasible (e.g., proprietary
software).We concludewith practical advice for journals and authors, arguing that flexible adoption of these standardised
guidelines will improve the consistency and transparency of the data editor process for readers, authors, data editors,
and the wider scientific community.
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Introduction 

A major focus of open science efforts in the last two decades, especially in ecology and 
evolutionary biology, has been open data, and more recently, open code. Open data and open code 
refer to the public archiving of the data and code associated with published research. The goals and 
societal benefits of data and code archiving have been widely discussed (e.g., Parr & Cummings 2005, 
Barnes 2010, Molloy 2011, Wilkinson et al. 2016, Goldacre et al. 2019, Gomes et al. 2022, Ivimey-
Cook et al. 2023; see Box 1). Despite some reticence about open data and code (see Gomes et al. 
2022 for an overview of these fears), previous work has shown that data archiving is supported by the 
majority of academics in ecology and evolutionary biology, who perceive that the benefits outweigh 
any costs (Soeharjono & Roche 2021). Indeed, the two most important issues to the more than 1,000 
members of the Society for Open, Reliable, and Transparent Ecology and Evolutionary Biology 
(SORTEE) from 2021-2025 have consistently been open data and open code (SORTEE 2026). 

In response to this call for open data, starting in 2010, many journals in ecology and evolutionary 
biology began to mandate data archiving, e.g., Journal of Animal Ecology, Functional Ecology, and 
Heredity, to name a few (for a full list see the Joint Data Archiving Policy; 
https://doi.org/10.25504/FAIRsharing.z67ht2). As a result, an increasing number of journals in ecology 
and evolutionary biology have mandatory open data policies (estimated to be 20% out of 196 journals 
in 2020, 35% in 2023; Berberi & Roche 2022, Berberi & Roche 2023 and 41% in 2024; Ivimey-Cook 
et al. 2025b). This action has resulted in a large increase in the number of publications in ecology and 
evolutionary biology having open data (Vines et al. 2013; Culina et al. 2020 found 79% in 14 journals 
that have a code archiving policy with no change from 2015/16 to 2018/19; Sánchez -Tójar et al. 2025 
found 37% in 12 journals without code archiving policies with an increase over time; Kimmel et al. 
2023 found 78.5% in 5 journals from 2018-20; Belkhir et al. 2025 found 49% in 110 journals in 2024). 
Compared to many other fields, ecology and evolutionary biology are at the forefront of data sharing 
(Tedersoo et al. 2021).  

However, despite a high proportion of ecology and evolutionary biology studies archiving data, 
archived data are often of low quality (Roche et al. 2015, 2022), with most datasets either incomplete 
(some or all of the data allowing the study to be reproduced is not present) or unusable (e.g., data are 
not machine readable, in a proprietary format, or are archived with no metadata; see Table 1). Based 
on 362 open datasets from 2013-2019, Roche et al. (2022) calculated that 56.4% of datasets were 
complete, and 45.9% were reusable (out of 362), a situation that has only marginally improved over 
the last decade (from a sample of 100 articles in 2012/13, 44% were complete, and 36% reusable; 
Roche et al. 2015), with only reusability having statistically increased from 2013 to 2019 (Roche et al. 
2022). Several studies have further sought to directly assess analytical reproducibility (defined as 
reproducing the published results using the same data). However, these assessments rely heavily on 
data provided by authors upon request (Archmiller et al. 2020; Minocher et al. 2021), as rates of 
archived data recovery were low (11% in Minocher et al. 2021). Conditional on having the full dataset, 
reproducibility was moderate (42% and 58% of articles were fully reproducible in Archmiller et al. 2020 
and Minocher et al. 2021, respectively), but whether the quality of data provided directly from authors 
for these studies differs from data that has been archived is not clear. This is similar to other fields; in 
the Journal of Psychological Science, only 9 out of 25 articles were reproducible (given the data) 
without author intervention (2014/2015; Hardwicke et al. 2021) and even when journals have 
mandated data archiving only 62% (85/136) of datasets were reusable in the journal Cognition 
(2015/2016; Hardwicke et al, 2018). Overall, these results suggest that most studies across fields 
either do not have archived data or provide a dataset that has limited utility, but when full datasets are 
provided, reproducibility can be high. The lack of high quality data impedes all the goals of data 
archiving (see Box 1). 
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BOX 1: Goals of data and code archiving 

From an idealistic perspective, data and code archiving has three main goals: to allow data reuse, 
to increase transparency, and to provide computational reproducibility (components that have been 
highlighted previously, e.g., Wilkinson et al. 2016). We cover each of these in turn below. 

A. Allow data reuse 
The main focus of data archiving in the past has been on ensuring the potential for data reuse. 

Most prominently, this has included the development of the FAIR principles (Findable, Accessible, 
Interoperable, Reusable; Wilkinson et al. 2016). There are several key motivations for this. First, data 
archiving prevents data loss. Data is typically collected using public money, and so can be seen as a 
public good that should not be lost when a researcher leaves their job or when a computer is 
lost/broken. Loss of data (and code) represents a massive source of research waste (Purgar et al. 
2022). Second, archived data better allows for research synthesis (Culina et al. 2018, Hennessy et al. 
2022). Meta-analysis plays a key role in generalising results across systems, however, published 
results are often not described in enough detail to be included in a meta-analysis. Provision of the data 
allows re-analysis to gain the information a meta-analyst needs and can substantially increase the data 
available for synthesis (Kim et al. 2021). Third, methods are frequently updated, and data archiving 
allows for data to be re-analysed when new methods become available. Finally, data archiving allows 
for new questions to be asked with existing data. This is not only an efficient use of time and money, 
but reduces the use of animals in experiments, a central tenet of animal ethics (Janssens et al. 2023).  

To achieve the goal of allowing data reuse, it is essential that data and their accompanying 
metadata (see Table 1) are both present and in a form that allows for re-use. However, archived data 
are often incomplete or not in a state where they can be reused (Roche et al. 2015, Roche et al. 2022). 
Helping authors to ensure their archived data are FAIR should therefore be a key goal for data editors. 

B. Increase transparency 
Another key goal of data and code archiving is to increase transparency. Transparency involves 

making the research process visible, and is associated with building trust and credibility in science 
(Vazire 2017). While trust in scientists remains high globally, even a small minority’s distrust can shape 
how research findings are received by the public and decision-makers (Cologna et al. 2025), 
reinforcing the need for researchers to actively build and strengthen trust both with other academics 
and with the general public. 

Analyses in ecology and evolutionary biology are becoming increasingly complex (Touchon & 
McCoy 2016, Feng et al. 2020), and there are often several ways to perform an analysis, with varying 
outcomes (Gould et al. 2025). Descriptions of data filtering, processing, and analysis included within 
articles are not always sufficient to fully reproduce analyses (Archmiller et al. 2020; Minocher et al. 
2021; see Table 1). Provision of analysis code alongside a manuscript would therefore allow the 
analytical methods used to be directly assessed by reviewers when provided during peer review 
(Fernández-Juricic 2021) and by the general readership upon publication. Transparent methods allow 
work to be built on more easily, making science more efficient. Unlike data, the goal of code archiving 
in empirical articles is rarely direct code reuse (if this is the goal, then it is often more appropriate to 
create software packages, to allow generalisation of a method). Code archiving instead allows software 
code to be used for reference, adapted for new use, to allow similar methods to be applied to new 
datasets, or for methods to be extended. 

Data and code archiving also allow mistakes to be found. Coding mistakes are easily made, and 
whilst many may have negligible effects on the results of an article, some will have major effects 
(Gihawi et al. 2023, Mandhane 2024). The availability of the data and code that support an article make 
it possible for these mistakes to be found, and importantly, corrected in the future (Bolnick & Paull 
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2016, Manzanedo et al. 2021). Finally, following several high profile cases of academic fraud (e.g., 
Viglione 2020, https://retractionwatch.com/2017/05/01/remarkable-ever-accepted-says-report-
science-retract-study-fish-microplastics/, https://retractionwatch.com/2022/08/09/science-retracts-
ocean-acidification-paper-more-than-a-year-after-a-report-on-allegations-in-its-own-pages/ ), it has 
become increasingly clear that, as a community, we would benefit from a higher degree of transparency 
in how the results of published articles are generated. Although the provision of data and code will not 
stop data fabrication, publicly available data makes detecting data fabrication much easier as the data 
can be scrutinised and presents an additional hurdle to generating fraudulent results. As data and code 
are increasingly provided alongside journal articles in our field (although more so for data than code; 
Culina et al. 2020; Kimmel et al. 2023; Sánchez-Tójar et al. 2025), not providing these resources leads 
readers to ask ‘What are the reasons why the authors did not want to share their data and code?’ (see 
Gomez et al. 2023). 

To fulfil the goal of transparency, readers therefore need to see what has been done to obtain the 
reported results. This requires the presence of all data and code needed to reproduce the results 
presented in an article, as well as linking what was done in that article with the structure and form of 
both the data and code (using metadata, and appropriate code annotation).  

C. Provide computational reproducibility 
Perhaps the most ambitious goal of data and code archiving is computational reproducibility, which 

ultimately builds trust and credibility in published results (Powers & Hampton 2019, Reinecke et al. 
2022). We can define computational reproducibility as ‘obtaining consistent results using the same 
input data, computational methods, and conditions of analysis’ (National Academies of Sciences, 
Engineering, and Medicine 2019). Although this definition of computational reproducibility is commonly 
cited, the terms within it are not clearly defined. In the context of a research article, we interpret this to 
mean that, given the available data (i.e. input data) and code or workflow (i.e. computational methods), 
and using the same software versions (and hardware if appropriate) outlined in the article and 
metadata (i.e. conditions of analysis), we should be able to reproduce the results presented in the 
article. 

In some cases, exact reproducibility is difficult to achieve (i.e. generating the exact numbers 
presented in an article), and often computational reproducibility is assessed with some tolerance level 
(e.g., Archmiller et al. 2020, Kambouris et al. 2024). However, practices such as having appropriate 
metadata that adequately describes the software and package versions, and setting of seeds (where 
the same pseudorandom numbers are generated each time) within code for stochastic methods, will 
help to achieve these goals. We should note that it is unlikely we will be able to demonstrate 
computational reproducibility in cases where analyses are highly computationally intensive, but 
solutions exist. We discuss these points in more detail in the main text. 

To achieve the goal of computational reproducibility, as a minimum requirement, we need all code 
and data to be present. The next component of computational reproducibility is that the provided code 
runs without error. This requires the code to be explicit about what data files it uses and where these 
are located, it requires data files to be in the same directory structure and with the same names as 
expected by the code, and it requires the same version of all software packages used in the code to 
be loaded. Any code that cannot be rerun without error in a clean workspace cannot be considered 
computationally reproducible. 
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The use of code for data preparation and analysis is now almost ubiquitous, particularly using the 
R coding language (Lai et al. 2019; Gao et al. 2025; R Core Team 2022). Increasingly, journals 
encourage or mandate code archiving (15% in 2015 Mislan et al. 2016; 75% in 2020 Culina et al. 2020; 
88.4% in 2024 Ivimey-Cook et al. 2025b). However, the actual rates of code archiving still remain low 
(2015-2016: 2.5%, 2018-2019: 7.0% in journals without a code archiving policy; 23% in 2015/16 to 
30% in 2018/19 in journals that encourage or mandate, Culina et al. 2020; 18% 2018-2020 in 5 major 
ecology journals, Kimmel et al. 2023). Several recent studies have further tried to assess 
computational reproducibility (the ability to reproduce the results given the archived data and code; 
see Box 1), but have concluded that it is likely to be low in ecology and evolutionary biology. Kambouris 
et al. (2024) found that out of 177 meta-analyses in ecology and evolutionary biology from 2015-17, 
only 26 provided both data and code. From these, only 7 studies (27%) could be exactly reproduced 
(with the results of 15 (58%) studies being reproduced to within 10% of the original results). Kellner et 
al. (2025) found 7% of 497 articles on species distribution and abundance from 2018-2022 had code 
that ran. Trisovic et al. (2022) found that out of 9,000 unique R files from the Harvard Dataverse, 74% 
failed to complete, which lowered to 56% when basic cleaning was applied. The lack of high quality 
code impedes all the goals of transparency and computational reproducibility (see Box 1). Together, 
the lack of functional data and code in public repositories limits the verifiability of published empirical 
research claims (Henderson et al. 2024) and ultimately erodes trust in science.  

Alongside several high profile fraud scandals (see Box 1), the lack of adherence to journal archiving 
policies, and the low quality of data and code archiving has led several journals to recruit data editors 
(https://www.amnat.org/announcements/data-and-code-announcement.html, Thrall et al. 2023, 
Barrett, 2024, Barrett & Montgomerie 2025). Data editors are responsible for screening and assessing 
the archived data and code of manuscripts being reviewed by a journal, to assist authors in complying 
with journal mandates on data and code provision - hereafter, we refer to this process as data and 
code quality control. It is worth stressing that data editors are not acting as gatekeepers; the role of a 
data editor is to help authors adhere to community standards of data and code archiving. At the time 
of writing, we are aware of seven journals in ecology and evolutionary biology that have data editors 
that screen the data and code of some or all manuscripts that are published (American Naturalist, 
Behavioral Ecology, Ecology Letters, Ethology, Journal of Evolutionary Biology, Proceedings of the 
Royal Society B, and Peer Community Journal). Behavioural Ecology and Sociobiology has an editor 
with a related role, but only screens a small number of manuscripts at the request of other editors, and 
additionally provides statistical support (Fernández-Juricic pers. comms.).  

Data and code quality control by data editors is primarily for the benefit of the authors. A large part 
of the data editors’ role is to help authors ensure their data and code more closely adhere to the open 
principles that we have adopted as a research community. At the end of the process, authors will 
therefore have higher quality archived data and code for each publication, which has been linked to 
increased citation rates (Piwowar et al. 2007, Piwowar & Chapman 2010, Christensen et al. 2019, 
Maitner et al. 2024) and increases the prospect of future collaboration based on using and developing 
archived data and code. Having well-archived and documented code also provides a clear advantage 
for Early Career Researchers that may pursue careers outside of academia, where a proven ability to 
generate reproducible code is often more of a selling point than publications (Allen & Mehler 2019, 
König et al. 2025). There are many benefits to working reproducibly (Markowetz 2015), from helping 
with the continuation of research, to avoiding errors that could later influence results and ultimately 
require correction or retraction of published work. Data and code quality control further forces authors 
to be doubly sure that their dataset is accurate and that the code they used generates the expected 
results.  

While authors benefit most, we believe there are also a multitude of additional benefits for journals, 
readers and the wider research community. For instance, it is in a journal’s best interest to be the 
purveyor of high quality and reliable scientific research. Adopting data and code quality control signals 

Joel L Pick et al. 5

Peer Community Journal, Vol. 6 (2026), article e20 https://doi.org/10.24072/pcjournal.687

https://www.amnat.org/announcements/data-and-code-announcement.html
https://doi.org/10.24072/pcjournal.687


  

to readers and the general community that scientific quality and transparency are priorities for the 
journal. By increasing transparency of analyses, data and code quality control can allow a journal to 
build its reputation as a reliable and trustworthy source of high-quality science. Through the provision 
of higher quality data and code, quality control increases the impact of both the article being evaluated, 
and the journals in which the manuscript is published. Furthermore, it allows other authors and 
researchers to extend and reuse data and code for further analyses, which can lead to an extended 
impact for both the original journal and author(s). Finally, ensuring the archiving of high-quality data 
and code facilitates rigorous post-publication evaluation of claimed results. By increasing transparency 
and reproducibility of analyses, data and code quality control will therefore increase the trust of 
published work. 

We hope that an emphasis on the quality of archived data and code may additionally help to 
facilitate data and code review (the detailed evaluation of code; Ivimey-Cook et al. 2023) within 
research groups prior to submission, creating more opportunities to actively involve co-authors in a 
study and resulting in a robust and healthy lab culture that promotes cohesion. Such practices can 
inspire early-career researchers involved in the study by promoting open science through practical 
experiences, while helping to strengthen trust in scientific integrity in the long term. 

In this article, we outline what data editors are, discuss the costs and benefits of data and code 
quality control, and then provide detailed guidelines for data editors that can be used for data and code 
quality control in journals.  

Table 1 - Glossary of key terms 

Term Definition 

Metadata Refers to a description and information about the data and code. Typically in the form of a 
text file called a README. Other variations on this are possible, e.g., a codebook or a 
data dictionary. 

Data Editor An editorial position at a journal. The responsibility of this editor is to screen and quality 
control the data and code that will be publicly archived alongside manuscripts under 
review at the journal. 

Data and Code Quality Control The process of checking the suitability of data and code for public archiving. 

Data and Code Archiving The process of depositing data and code in a public repository. 

FAIR principles Findable, Accessible, Interoperable, and Reusable principles for Data (Wilkinson et al. 
2016) and Code (Barker et al. 2022). See https://www.go-fair.org/fair-principles/ 

Raw data Unprocessed and unfiltered data. This would include any raw files e.g., photos, audio 
recordings, videos, and data sheets. 

Data Filtering The process of removing some data to create the dataset used in the analysis (e.g., 
removal of individuals with a certain characteristic). We refer to the resulting data as 
Filtered Data. 

Data Processing Transforming data from one form to another. Includes data that is extracted from images 
or videos, data that has been summarised, transformed, or is the result of calculations. We 
refer to the resulting data as Processed Data. 

Repository A framework providing long term storage for many projects, such as Zenodo, Dryad, 
Figshare, etc 

Project A collection of files archived for a specific manuscript (note, this is similar to what GitHub 
refer to as a repository) 
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What is Data and Code Quality Control and What is it Not? 

Data and code quality control by data editors is about increasing the quality of the archived data 
and code, and ensuring that they meet minimum standards (e.g., the data are complete and usable, 
and the code is documented and runnable). The guidelines we lay out in the section below give a 
detailed explanation of what data and code quality control by data editors entails. Ideally, data editors 
would ensure that archived data and code achieve the goals laid out in Box 1, to allow data reuse, to 
increase transparency, and to provide computational reproducibility. The importance of these goals 
may vary across different groups; journals will likely focus more on transparency, whereas readers 
may be more concerned with data reuse and computational reproducibility. These goals require 
varying levels of code and data checking, and so, during the early stages of journals recruiting data 
editors, not all of these goals may be achievable. We also acknowledge that not everyone may agree 
that achieving all of these goals is the ultimate objective of data and code quality control by data 
editors. In practice, journals may prioritise and implement goals aligned with their editorial policy over 
time, while allowing the data editor to apply them flexibly on a manuscript-by-manuscript basis 
depending on the type of data and tools used by the authors. While the importance of each goal may 
differ among stakeholders, they each help improve the openness, reliability, and transparency of the 
scientific publication process. 

Importantly, whilst data editors are responsible for checking that the archived data and code meet 
certain minimum standards, they are not responsible for reviewing data and code, and so data editors 
will rarely themselves detect errors or fraud. Data quality control is not about verifying the actual data 
(e.g., detecting data fabrication) but rather ensuring that data is available, in the appropriate format, 
and has the corresponding metadata to be scrutinised. The presence of a data editor at a journal will 
therefore not necessarily prevent fabricated data being published. We also make a clear distinction 
here between code quality control and code review (Ivimey-Cook et al. 2023, Hillemann et al. 2025). 
Code review is the detailed evaluation of code including assessing factors such as alignment between 
the code’s intended or stated purpose and its actual implementation, the consistency of coding style, 
and the efficiency of the code, that goes beyond the task of a data editor. Code review is an important 
part of research (Ivimey-Cook et al. 2023) and we encourage that research groups engage in this 
practice as a way to improve the quality of published research (Bavota and Russo 2015). However, 
data editors are not experts in every field of study, nor are they statisticians or specialists in all 
programming languages. Therefore, data and code quality control should not extend to assessing the 
suitability of analyses or code itself. 

Are there Costs to Data and Code Quality Control? 

Although journals adopting data and code quality control will increase the quality of data and code 
archiving associated with published articles, which we believe will have widespread benefits to 
journals, authors, readers and the wider research community (see above), we acknowledge there may 
be some costs to the widespread adoption of this process.  

First, adopting data and code quality control may present an additional burden for a journal. This 
is likely to primarily impact the length of time required for peer review. To mitigate this problem, several 
journals currently have data and code quality control alongside peer review (see Suggestions for 
Journals at the end of this article). For journals that currently have in-house data editors, data and 
code quality control does not create a per-manuscript burden to find extra reviewers. 

The process of data and code quality control may add a time burden to authors (although not if 
authors were already adhering to many journal’s existing requirements on data and code archiving). 
However, this time burden will reduce over time as data and code quality control becomes standard 
practice and making well-documented data and code becomes a natural part of a researcher’s 
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workflow. This short-term investment will also come with both short and long-term benefits as outlined 
above. Increasingly, data and code management skills have wide applicability and are becoming part 
of routine teaching at undergraduate or postgraduate level (Kohrs et al. 2023). We acknowledge that 
the costs to authors will fall disproportionately on those with less access to training on open data and 
code practices. However, these researchers are actually those that may benefit most from the process 
of data and code quality control, which is designed to aid researchers adhere to data and code 
archiving requirements. Those with lower access to training therefore stand to gain the most from 
interactions with data editors and the resulting skills learned from increasing the quality of their data 
and code archiving.  

We acknowledge that researchers with higher access to training are more likely to be those 
appointed as data editors. From one perspective, this can be seen as reinforcing existing hierarchies, 
however, it can also be argued that these more privileged individuals should take on the burden of 
these service roles to help increase access to this training across diverse groups.  

Finally, ensuring that all data and code are archived and checked for computational reproducibility 
will necessitate more resources for data storage and re-running potentially computationally expensive 
analyses. Data storage is already reported as a leading cause of increased carbon footprint 
(https://direct.mit.edu/imag/article/doi/10.1162/imag_a_00043/118246/Ten-recommendations-for-
reducing-the-carbon). However, we would argue that to prevent data loss, the data and code behind 
any study should always be responsibly archived, regardless of the process of data and code quality 
control. As we outline in the guidelines below, we also do not advocate for the storage of multiple 
instances of the data, if it is already stored in a public archive. Re-running analyses will also have an 
environmental impact. However, there is a limit to what data editors are reasonably expected to re-
run, and so it is unlikely that highly computationally expensive analyses will routinely be repeated. 

SORTEE Guidelines for Data and Code Quality Control 

At the time of writing, the practice of data and code quality control is highly variable both across 
and within journals. To address this, the Society for Open, Reliable and Transparent Ecology and 
Evolutionary biology (SORTEE) started a working group with 22 data editors from 6 journals in Ecology 
and Evolutionary (EE) biology, comprising American Naturalist, Behavioural Ecology and 
Sociobiology, Ecology Letters, Journal of Evolutionary Biology, Peer Community Journal, and 
Proceedings of the Royal Society B. The goal of this group was to propose a set of structured 
guidelines for standardising the process of data and code quality control across all EE journals. As a 
whole, these guidelines provide a high bar for data and code quality control, and so either all or parts 
of these guidelines can be adopted by journals and presented to authors and readers. We note that 
validation of Stages 1-4 of these guidelines by data editors achieves the highest level (Level 3) of the 
Transparency and Openness Promotion Guidelines (TOP2025; Grant et al. 2025), for data and code. 

We see several benefits of adopting a set of standardised guidelines both for authors and data 
editors. First, authors know what is expected of them regardless of the journal. By working towards 
the same standards of data and code archiving in advance of submission, authors can easily submit 
their manuscripts to a variety of journals, or transfer their manuscripts between them, and know that 
they do not need to change their submissions to meet different standards across journals. Ultimately, 
this reduces the burden for authors and streamlines the submission process. In addition, 
standardisation of this workflow will encourage authors to share data and code even when not explicitly 
required, help those with less experience of sharing data and code, and facilitate the community-wide 
adoption of open data and code as a default. Second, data editors have a standardised template for 
review, designed by both open science advocates and active and experienced data editors from 
multiple journals, to gain the balance of idealism and practicality. This can make the process both 
more efficient for data editors and more thorough for the community. Ultimately, standardisation will 
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help inform decision-making for the journals. Third, readers know what checks have occurred prior to 
publication, which can ultimately help build additional trust in scientific reporting and open science 
practices, particularly when computational reproducibility has been assessed.  

In an ideal scenario, data and code quality control helps achieve the goals of data reuse, 
transparency, and computational reproducibility (see Box 1). In reality, depending on the time, 
computing resources, and expertise of the reviewing data editor, only some of these will be feasible 
at a large scale. We propose that data and code quality control can be broken into six stages in the 
following coherent order to sequentially address the goals of data and code archiving outlined above 
(Figure 1):  
• Stage 1: Data must be archived and adhere to FAIR guiding principles. 
• Stage 2: Archived data corresponds with the data reported in the manuscript. 
• Stage 3: Code must be archived and adhere to FAIR guiding principles. 
• Stage 4: Archived code corresponds with the workflow reported in the manuscript. 
• Stage 5: Archived code runs with the archived data. 
• Stage 6: Results can be computationally reproduced by running the archived code.  

We discuss each of these stages in more detail below and provide guidelines for how these can 
be assessed. Note, each component of each stage is associated with its own guideline. To help data 
editors perform their assessment according to these guidelines, we have created an app, that can be 
accessed at https://github.com/SORTEE/DCQC. 

 

Figure 1 - A diagrammatic representation of how the three goals of data and code 
archiving (blue arrows) match the stages of data and code quality control (green arrow). 
Stages 1 and 2 (1 = Data must be archived and adhere to FAIR guiding principles and 
2 = Archived data corresponds with the data reported in the manuscript) are needed to 
achieve the goal of data re-use. Stages 1-4 (3 = Code must be archived and adhere to 
FAIR guiding principles. and 4 = Archived code corresponds with the workflow reported 
in the manuscript) are needed to achieve the goal of transparency. Stages 1-6 are 
needed to achieve the goal of full computational reproducibility (5 =Archived code runs 
with the archived data and 6 = Results can be computationally reproduced by running 
the archived code). Figure created by EIC. 

Stage 1. Data must be archived and adhere to FAIR guiding principles. 

For data to be open and amenable for reuse, it must adhere to FAIR guiding principles (Findable, 
Accessible, Interoperable and Reusable). Data must be placed in an open repository (Accessible) with 
a permanent Digital Object Identifier (DOI, or another globally unique and persistent identifier) that is 
cited in the manuscript (Findable) with a licence that describes re-use (Reusable). Metadata (e.g., a 
README) must also be present to describe the data (Findable, Accessible and Reusable). The data 
itself must be in a machine-readable, non-proprietary format (Interoperable). We discuss each of these 
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points in more detail below. By a data editor assessing the archived data to Stage 2 of these guidelines, 
journals would achieve TOP 2025 level 3 for Data Transparency (Grant et al. 2025). 

Stage 1.1. Data files are accessible and in an open repository 
For data to be readily Accessible and Findable, it must be archived in a public data repository with 

an associated persistent DOI (or any other globally unique and persistent identifier, such as ARK (for 
archives, and datasets), Handle (for digital objects), Accession Numbers (‘omics’ data, e.g., 
GenBank), RRID (research resources)) that is separate from the DOI of the resulting published article. 
Furthermore, the data must be clearly cited in the manuscript, and listed with its DOI (or other identifier) 
in the reference list, so readers know where to access the underlying data. There are a multitude of 
different repositories to fit a variety of needs (see https://doi.org/10.5281/zenodo.10651775 for 
information about repositories; Harvard Longwood Medical Area Research Data Management 
Working Group 2023). An important feature of a repository is that it guarantees long-term storage and 
file immutability (i.e., they cannot be deleted or modified once published). Common general 
repositories that provide these include DataVerse, Dryad, Figshare, and Zenodo. There are also 
additional topic specific repositories, such as GenBank for depositing genetic and other biological 
sequences. We note that whilst GitHub is popular, it does not produce DOIs and files can be changed 
or deleted, and so studies that use GitHub should be linked to a data repository for archiving prior to 
submission (e.g., Zenodo). Similarly, the Open Science Framework (OSF) does not provide file 
immutability; projects and files can be changed or deleted. Data should not be provided as 
supplementary material attached to the manuscript online as this does not provide a globally unique 
persistent identifier and may not be open and accessible; all data must be archived in a public 
repository (see Stage 1.3. for sensitive data). 

When necessary, projects in public data repositories can be anonymised to adhere to the journal’s 
policy of double blinding (see: https://methodsblog.com/2023/08/23/double-anonymous-peer-review-
frequently-asked-questions/). Furthermore, many repositories offer embargoes, if necessary. 
 
Guideline 1.1: Data are open and freely available (with some exceptions, see Stage 1.3.) and 
are located in a permanent public repository with an associated globally unique persistent 
identifier, that is cited in the text and reference list of the manuscript. 

Stage 1.2. Data are associated with a license 
Data must be associated with an appropriate license that indicates how the data can be shared 

and re-used. In our experience, most researchers have little knowledge of such licenses. Without a 
license, data cannot be legally reused under many circumstances (e.g., depending on the jurisdiction; 
https://choosealicense.com/no-permission/). Therefore, to avoid confusion, it is important for authors 
to specify a license that outlines how their data can be used, and whether or not attribution is required. 
There are several different licenses to choose from but typically Creative Commons licenses are used 
for data (see: https://chooser-beta.creativecommons.org/), with several repositories including a license 
by default. The most permissive license is the CC0 license, which puts the data freely into the public 
domain with no requirement for attribution. Some repositories assign this license by default (e.g., 
Figshare) or mandate the use of this license (e.g., Dryad). Another commonly used license is CC-BY 
4.0, where reusers of the data must give credit to the original author but are allowed to distribute, 
remix, adapt, and build upon the created material (including for commercial uses). This license is also 
used as a default by some repositories (e.g., Zenodo). There are several other more restrictive 
licenses, for example the CC-BY-NC 4.0 which prohibits commercial use. Note that these guidelines 
do not recommend or enforce any specific type of license. 

 
Guideline 1.2: Data must be associated with a license.  
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Stage 1.3. Data files are present and complete 
The simplest but most important requirement is that the data supporting the results presented in a 

manuscript must be complete in the archived project. Ideally, raw data and processed data should 
both be provided (see Table 1). The term “raw data” refers to all collected data prior to any filtering 
(subsetting of data based on reported exclusion criteria) or processing (extraction, transformation, 
summarising, aggregation, and prior to any formal calculations; see Table 1). Note that we do not 
count transcribing data from a written to a digital format and subsequent error-checking of data entry 
errors as processing or filtering.  

There are several reasons why the raw data should be archived: First, to prevent data loss, which 
is achieved by archiving the most complete dataset possible; Second, to maximize data re-use, as 
only providing filtered data can exclude particular future uses; Third, the process of filtering and 
processing data is prone to mistakes (e.g., coding errors). Such errors are a natural and inevitable 
part of the research process, but being able to detect them makes the scientific process more efficient 
and reliable, and identifying and correcting these mistakes is only possible if the raw data are available. 
Finally, to increase transparency, allowing the reader a clearer insight into the process that resulted in 
the final dataset used for analysis. We note that the data required to be archived also depends on the 
goal; computational reproducibility of the results presented in a manuscript can be achieved with 
processed data, whereas the goal of data reuse is dependent on raw data being archived. What 
constitutes raw data is often reliant on the nature of the data (see below). Ultimately, whether the 
archived data are most appropriate for a given manuscript will be at the discretion of the data editor 
and dependent on journal policy. Below we provide some guidance for specific cases. 

In the simplest case, data have been collected for a stand-alone study. In this case, the raw data 
are simply all the collected data, and should be provided in full (for exceptions see below). If data 
originates from videos, images or sound files, then these are considered to be raw data. Therefore, 
where possible, these files should also be made available. The processed data should be provided 
alongside the raw data, with a description of the processing/filtering in the metadata (if this is not 
already described in the code files). This is particularly important if the raw data are not interoperable 
(e.g., outputs from proprietary software; see 1.4 below). Although most databases allow a considerable 
amount of data to be stored (Per project: Dryad - 300 GB, Zenodo - 50 GB, Figshare - 20 GB, 
Dataverse - 10GB), raw data may exceed these limits (e.g., video data that is several terabytes large). 
In such cases where the data are too large to be feasibly uploaded, then a representative, manageable 
subset of this raw data should be provided, so the extraction process can be assessed (e.g., providing 
several example videos).  

If the data used in an analysis originates from a larger database (e.g., from a long-term study) then 
ideally the entire database would be considered the raw data. We can foresee many circumstances 
where the authors may feel this is inappropriate, for example, due to worries about the data being 
used without permission (Mills et al. 2015, but see Evans 2016 for an empirical assessment) or 
misused (Weissgerber et al. 2024). In such cases, filtered data may be provided, alongside clear 
details of the filtering process that would allow the same data to be extracted at a later point (e.g., 
location and version of the database that the data was extracted from, how it can be accessed, the 
database queries used to extract the data or other similar instructions of how to generate the same 
subset for analysis, and any exclusion criteria). Data editors may need to assess the suitability of 
archived data on a case-by-case basis to ensure that the data are provided in the rawest form possible 
according to the journal guidelines, and that sufficient information on the generation of archived 
datasets is present. If the database is already open, rather than re-archiving the data (which, if large, 
may come with environmental costs) the authors can cite the database, include a clear description of 
what data were used, the data extraction procedure, and where appropriate, provide an immutable 
snapshot of the database if it is dynamic. 
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In some cases, restrictions may apply to making raw data publicly available. For instance, if the 
dataset contains sensitive information about medical records, identifying personal information (which 
may breach General Data Protection Regulations (GDPR)), or geographic locations pertaining to 
endangered species or fossil sites at risk of vandalism (see Chapman 2020). In many cases, data can 
often be obfuscated or anonymised to enable data archiving. There may also be issues with 
indigenous data sovereignty (for best practices on governance and stewardship of indigenous data in 
combination with FAIR principles see CARE principles (Collective benefit, Authority to control, 
Responsibility, Ethics); Carroll et al. 2021). Processed data used in the manuscript should instead be 
provided alongside suitable metadata which describes the raw data in as much detail as possible, 
while still preserving anonymity and sovereignty. Where data cannot be provided, simulated data with 
the same structure and properties could also be provided, to allow for Stage 5 to be assessed. 
Information about how and where to make data requests should also be included in the metadata. 

In all cases, the data availability statement in the manuscript should clearly outline whether the 
authors have archived raw and/or processed data. This section should also contain guidance on how 
to access and request the raw data if necessary and appropriate. 

 
Guideline 1.3:  Authors must either provide:  

a) raw data, along with the processed data and/or code to prepare the data for analysis, or 
b) a sample of raw data alongside processed/filtered data when full raw data upload is not 

possible , or 
c) processed/filtered data with a detailed description of how to both obtain and 

process/filter the raw data. 
 

Stage 1.4. Data files are in an interoperable format 
To both facilitate review and allow reuse, data must be in a universally interoperable format, 

meaning that the data can be exchanged and used across different software and operating systems. 
File types specific to proprietary software (e.g., .sps files from the SPSS program) are not 
interoperable, so do not facilitate data re-use. For example, .xls files are a proprietary format, whereas 
.xlsx files are not, meaning they are interoperable. However, .xlsx files can contain information that is 
lost when importing data into statistical software (e.g., formatting). Similarly, tabular data are 
sometimes archived in a .RData file (or equivalent). Although this can be used with open source 
software (i.e., R), again, this data format restricts its use, as it requires knowledge of R to extract the 
data, and may be dependent on the version of R that was used to save it. Simpler text-based file 
formats such as .csv (comma-separated-values), .tsv (tab-separated-values) and .txt (plain text) files 
provide a more interoperable format, as they can be used by more software and across more systems, 
and so are preferable. Where possible, it would therefore be more suitable to archive the raw data in 
a more interoperable format (i.e., .csv or .txt). Lastly, data should not be stored within PDF or Word 
documents, which can be prone to error when data are copy-pasted (e.g., for re-using) and which 
cannot be readily imported into statistical programs for analysis. In some cases, there might be no 
option other than to provide data in a non-interoperable format (e.g., if the data was collected using 
proprietary software) but this should be provided alongside interoperable extracted data with a clear 
description of the conversion processes in the metadata including the particular software version that 
was used. There are continuous advances in this area; for instance, parquet files are interoperable, 
highly compressed, efficiently read, and highly accurate for storing large datasets. 

 
Guideline 1.4: Data files must be provided in an interoperable format.  
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Stage 1.5. Data metadata is present and adequate  
Data files alone do not contain enough information for a user to fully understand their contents. 

Data files must therefore be accompanied by metadata. The most common form of this metadata is a 
README file, which describes and explains the content of the data and its provenance. The README 
should provide general information about the manuscript, e.g., the manuscript title and abstract, the 
authors and relevant contact information, date and location of data collection, and a list of all relevant 
funders. In the case of double-blind review, some sections can be left blank until acceptance (see 
example in Figure 2). The README should also include any relevant licence information (e.g., CC-
BY, see above), and information about data derived from other sources (e.g., from other articles or 
online data). Finally, the metadata should contain detailed descriptions of each data file, describing its 
structure and what variables it contains, what units of measurement they are in, and how they link to 
the data described in the manuscript, e.g., each column in a .csv should be explained and described 
(see example in Figure 2). This information can be provided in several ways: 1) as part of the main 
README file, 2) by creating additional README files to describe the data and code files (as shown 
in figure 2), or 3) by providing a data dictionary for each data file (e.g., a .csv file with a column for 
column names, and another for the description of the variable). We use the term “adequate” here to 
describe data-associated metadata that is sufficiently detailed so that anyone can understand the data 
without needing to read the resulting manuscript to understand its contents. 

 
Guideline 1.5: Detailed metadata, including (but not limited to) a README file, must accompany 
the data (see example in Figure 2). 

Stage 2. Archived data corresponds with the data reported in the manuscript 

For archived data to support a manuscript, as well as being present in a form that facilitates reuse, 
it must correspond with the data reported in the manuscript. For this to be assessed, the data editor 
needs to check that the variables and data described in the manuscript (most likely in the Methods) 
are present in the data files provided. For example, if the manuscript mentions that offspring weight 
was measured at three habitats, the data file should contain an offspring weight variable and a habitat 
variable (see example in Figure 3). The dimensions of the data should also correspond with those 
described in the manuscript; discrepancies in the size of the dataframe may suggest that some 
unreported data processing or filtering has taken place. A clear description of all these aspects within 
the text is essential; without it, the data will not correspond with the manuscript, undermining its 
potential for reuse, transparency and reproducibility. Some journals use AI to facilitate this process 
(e.g., the DataSeer.ai application: https://dataseer.ai/), which produces a report detailing the expected 
data that should be provided based on the description within the manuscript. 

 
Guideline 2: The structure and contents of the archived data files must match the description 
in the manuscript. 

Stage 3. Code must be archived and adhere to FAIR guiding principles 

To facilitate transparency and computational reproducibility, all code used to reproduce the results 
should be provided alongside data. The guidelines for code archiving are broadly similar to those of 
data archiving outlined above, with a few subtle differences, which we outline below. By a data editor 
validating Stages 3 and 4 of these guidelines, journals would achieve TOP 2025 level 3 for Analytic 
Code Transparency (Grant et al. 2025). 
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Figure 2 - Example project structure and metadata (two README files) showing how 
the various components adhere to the SORTEE guidelines for data and code quality 
control. The numbers in red refer to the stages being addressed. The Data README 
should contain information on the manuscript (authors with corresponding contact 
details, the title of the manuscript, and any funders), the license file, along with 
information of the data (a brief summary of collection, and column-by-column 
description of the data files along with any measurement units or levels of factors). For 
code, the README should contain the same information as the data initially (information 
on the manuscript and code license) but also contain a description of each code file in 
the order they are meant to be used (which also clearly indicates which data file is used 
in each script). Lastly, the README should contain a list of all software and packages 
used with associated version numbers. Figure created by EIC. 
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Figure 3 - Matching a manuscript to archived data and code. The methods in the 
manuscript can be checked against the archived data (Stage 2) and code (Stage 4). In 
terms of the data, the same variables that are described in the manuscript need to be 
present in the data, and the data need to be the same size as referred to in the 
manuscript. In terms of the code, the models that are described in the manuscript need 
to be clearly labelled in the code. The numbers in red refer to the stages of the guidelines 
being addressed. Figure created by EIC. 
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Stage 3.1. Code files are accessible and in an open repository 
As with data, code files must be accessible within an open repository with an associated globally 

unique persistent identifier (see Stage 1.1 for suitable repositories). This can either be the same 
repository as the data or a separate one. This choice may depend on the chosen repository. For 
example, Dryad recommends only archiving data, and directs users to archive code with Zenodo, as 
code is not always compatible with a CC0 license, which Dryad mandates. Care must be taken when 
archiving code and data separately, as the two archived projects should clearly link to each other as 
well as to the manuscript, and authors must provide information about how to structure the data and 
code directories so that the code will run with the data. For example, if the code assumes that the data 
are in the same parent directory within a folder called ‘Data’ (see Figure 2), then the data files will have 
to be organised like this for the code to run. Where possible, we suggest that data and code are 
archived together as this will minimise issues with computational reproducibility (see Stage 5). In some 
cases, this may not be possible, particularly if there are large data files that are stored in a field-specific 
repository (e.g., genomic data stored on GenBank). In this case, we do not expect data and code to 
be archived together. Instead, details of how to access and organise the data to work with the archived 
code need to be included in the code README. Similar to data, code should not be included in the 
supplementary material of a submission. Again, if necessary, the archived projects can be anonymised 
(see Stage 1.1 above). 

 
Guideline 3.1: Code files are open and freely available and are located in a permanent public 
repository with an associated globally unique persistent identifier, preferably in the same 
archived project as the data files, and are cited in the text and the reference list of the 
manuscript. 

Stage 3.2. Code is associated with a licence 
As with data, any archived code must also have an associated license to enable code sharing and 

repurposing. It is worth noting that typically licenses used for code differ from those used with data 
(i.e. creative commons licenses), and there is a multitude to choose from. We suggest using 
permissive code licences whenever possible, for example, MIT, BSD 2-Clause, GNU, and Apache 
(see: https://choosealicense.com/). 

 
Guideline 3.2: The code must be associated with a license. 

Stage 3.3. Code files are present and complete 
Without code alongside the data used in the analysis (and the computational environment in which 

the analysis took place; see 3.5), full transparency and computational reproducibility are impossible to 
achieve. At a minimum, the analytical code used for statistical analyses and graphing should be 
present, but we recommend providing all parts of the analysis pipeline, from data filtering and 
processing to model analysis and graphing. 

Analyses are not always done in programming languages (e.g., R). However, several analytical 
programs (particularly those that use Graphical User Interfaces (GUIs)) will output a script or log 
detailing the analysis procedure (e.g., SPSS or Minitab), which should then be archived. If this is not 
possible, the researcher should clearly document which menu options were selected in the GUI and 
in what order, with sufficient detail to enable reproducibility. Alternatively, they can provide screenshots 
showing all selected options during the analysis. It should be noted that these output scripts or 
instructions with GUI-based software are often proprietary so will still limit reproducibility (discussed 
further in stage 6). 
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Guideline 3.3: All code used for generating the results of the manuscript (including filtering, 
processing, graphing, and analysis) must be present either in one or more code files. 

Stage 3.4. Code is in an interoperable format 
For code files to be opened and usable, it is essential they are provided in an interoperable format 

such as a text (.txt), R (.R) or Python (.py) file. These file formats can be readily opened by text editors 
and other integrated development environments (such as VSCode). Code must not be provided as a 
.pdf or pasted into a Word document, because even if the script can be copied and pasted, this 
increases the risk of unintentional errors, as these programs often insert additional characters (or 
spacing) that can be misinterpreted by the analysis software (e.g., Python code failing to run due to 
improper indentation). 

 
Guideline 3.4: Code files must be provided in an interoperable format.  

Stage 3.5. Code metadata is present and adequate  
Code metadata must be present in two different forms, in a separate README file and also within 

the code file itself. As with data, a detailed README file must be provided along with the code files 
that describes general information about the manuscript, e.g., manuscript title and abstract, the 
authors and contact information, list of all relevant funders, the globally unique persistent identifier of 
related data (if different), and information about the code license. Additionally, the README file should 
also include an outline of the workflow of the code (if multiple files exist), how to use it with the data (if 
archived separately) and a brief description of each code file including what data they require (i.e., raw 
or processed data), what they do (i.e., filtering, processing, modelling etc) and what they produce (e.g., 
Figure X or Table X). The README should include details of the name and version of the analytical 
software used (e.g., R or Python) along with the names and version numbers of the loaded (not base) 
packages used (e.g., these can be obtained using sessionInfo() in R). This information is essential for 
detailing the computational environment and enabling computational reproducibility. Finally, the 
README should also state whether and how the authors have used large language models (LLMs) 
in code generation (Resnik & Hosseini 2025). We note that it is unlikely that a data editor would be 
able to verify this. 

The second form of metadata is included within the code files, in the form of detailed code 
annotation and sectioning. A header at the top of the script with a title and a quick overview of what 
the code does can also be very helpful, especially when the whole analysis pipeline is split across 
multiple scripts. The code should be broken down into distinct sections with clear headings describing 
their purpose (e.g., loading packages, data processing, data filtering). Annotation should then clearly 
describe what the code does, how to run it (if necessary, the length of time it might take, for example 
if the code takes multiple hours to complete), and what it produces. From the perspective of a data 
editor, the most important thing is that sections of the code are clearly signposted to help assess Stage 
4 (see below). Therefore, line-by-line annotation, whilst important to readers and users, is not as vital 
as clear labelling of sections of code and their purpose for data editors. There is no expectation that 
the data editor will understand all the code they quality control, and it should not be the role of data 
editors to review, interpret, or correct the code. Similar to the data metadata (stage 1.5), the term 
“adequate” refers to the code metadata providing all the information necessary to understand the 
analysis code without reading the manuscript. 

 
Guideline 3.5: A sufficiently detailed README must accompany the code. Code must also be 
broken into sections with clear annotation stating the purpose of the code with clear links to 
the relevant sections, figures, and tables in the manuscript.  
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Stage 4. Archived code corresponds with the workflow reported in the manuscript 

It is crucial that all the code needed to reproduce the results of the manuscript, including any 
supplementary material, is archived (Figure 3). This stage should not involve the data editor critiquing 
the analytical techniques used or performing a formal code review (Ivimey-Cook et al. 2023; Hillemann 
et al. 2025; although annotation is required for transparency, see Stage 3.5). It should rather involve 
an assessment of whether the specific code is present to perform all stages of the analyses, including 
producing any graphs and subsequent results stated within the manuscript. At this stage, we are also 
not interested in whether the code reproduces the results in the manuscript, just that the code is 
present to produce the results. As a data editor is unlikely to be an expert in all analyses, across all 
packages or all programming languages, clear code annotation and signposting by the author is 
necessary for this to be assessed. To our knowledge, there is currently no software that performs the 
same task for code as DataSeer does for data. However, given the rapid progress in AI, such a tool 
may become available soon (Cooper et al. 2024). 

 
Guideline 4: The structure and content of the archived code must match the description of data 
filtering, processing, and analysis, and the presentation of results in the manuscript. 

Stage 5. Archived code runs with the archived data 

This stage is a prerequisite for full computational reproducibility. The data editor must be able to 
run the code with the provided data and code metadata, using the described software, without errors. 
The metadata provided must therefore be sufficient for a reader to install appropriate programs and 
libraries (and their versions) required to run the code, and to understand which code files should be 
run and in what order. If the data editor cannot run the code with the archived data and metadata, they 
cannot progress to the last stage of the guidelines, and so the data editor should then ask the authors 
to fix the issue. Common issues include a package or module not being installed or loaded within the 
code, a missing code chunk, variable names in the code and data files not matching, and code 
referencing data files with names that do not match the archived data files. We stress that it is not the 
responsibility of the data editor to solve these problems and make the code run as intended, but rather 
the onus should be placed on the authors. 

One of the most common reasons code does not run is due to the use of local or absolute file paths 
that do not transfer to another user’s operating system. A more reproducible way of specifying file 
paths is to use relative file paths and there are multiple ways to do this. A common way for RStudio 
users is creating an RStudio project file (.Rproj), or similarly using the {here} R package (Müller and 
Bryan 2020) outside of RStudio (see https://docs.posit.co/ide/user/ide/get-started/). Alternatively, local 
file paths can be specified when R is opened, for example by opening R within a certain directory when 
using the terminal or using an integrated development environment (IDE) that allows users to specify 
a project folder (e.g., the R GUI or VSCode). Whichever method is used should be noted in the 
metadata. Given the multitude of methods, the use of absolute file paths or a different method of 
specifying relative file paths than the data editor is familiar with should not be a reason for a data editor 
to return the code to an author, as long as the data editor can make it run on their computer with minor 
changes. We class this as a minor error that should simply be noted in the final review.  

Similarly, data editors should not be expected to install exact software versions in the first instance. 
If there are errors upon running (or results do not match - see Stage 6), then the data editor should 
note this in their review, and the corresponding version should be installed and code run again. Finding 
that the results are not reproducible with different versions can be an insightful piece of information 
regarding the robustness of the results. In this instance, the authors should clearly flag that their results 
are sensitive to the software version used, and justify the use of a particular version in the manuscript 
and metadata if the results substantially differ (see Stage 6). 
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In some cases, the data preparation or analysis may be computationally expensive and so either 
require specialist hardware (such as access to a high performance cluster) or take a considerable time 
to run. This should be clearly indicated within the metadata, alongside a saved output. Ideally, example 
code should be provided that demonstrates that the code will run. For example, if a statistical model 
will take a long time to run, the authors can provide example code for an analysis of a subset of the 
data, or present a model that runs for a reduced duration. Alternatively, data editors could also simply 
check that the code initiates, and then terminate the run before completion. Although this does not 
allow computational reproducibility to be fully assessed (see Stage 6), it at least demonstrates that the 
code runs. Similarly, the code may come from proprietary software or use packages from proprietary 
software (e.g., ASReml; Butler et al. 2017). In such cases, the data editor will not be able to run the 
code and so full computational reproducibility cannot be assessed. If this is the case, this should be 
clearly documented in the metadata. In the case that only part of the analysis requires proprietary 
software, the metadata should clearly indicate which parts of the code can be assessed by the data 
editor. As we outline below, in both the case of computationally expensive analyses and the use of 
proprietary software, where possible the authors must provide saved outputs from these analyses for 
the data editor to review. For example, outputs of large Bayesian models that can take a considerable 
time to run can be saved (e.g., as a .rds file) and archived. Build systems, such as the targets package 
in R or snakemake in Python can provide reproducibility signatures (hashes) for computationally-
intensive steps along with intermediate data objects. 

In some cases, the problems of using proprietary software can be overcome by ensuring that the 
code can be executed using non-proprietary software or by providing alternative executable formats. 
For example, GNU Octave can be used to run MATLAB code and MATLAB Compiler allows converting 
MATLAB (.m) files into standalone applications, ensuring data editors and users can run the code 
without owning the proprietary software. Although such alternatives can provide computational 
reproducibility, authors must carefully test for compatibility and note any limitations or differences in 
the metadata. 

 
Guideline 5: Code must be able to run without error using the archived data. With the exception 
of easy to fix file path errors, all errors should be addressed by the author.  

Stage 6. Results can be computationally reproduced by running the archived code 

For this final stage, the data editor should assess computational reproducibility by checking 
whether the results in text, tables, and graphs within the manuscript and supplementary material match 
those obtained by running the archived code with the archived data. This can only be assessed if the 
archived code runs without error (Stage 5). In most cases, we expect that exact reproducibility of the 
results is possible (i.e. the exact number in the manuscript should be generated by running the code), 
and any deviations would mean that the computational reproducibility test has failed. In some cases, 
authors may have used additional software to post-process figures. In these cases the data 
represented within the figure is still expected to be the same, but the code may not reproduce the 
figure exactly. 

One reason that the reproduced results may slightly differ is through the use of stochastic methods 
that involve (pseudo) random number generation, such as Monte Carlo methods (e.g., simulations or 
Bayesian analysis using Monte Carlo Markov Chains (MCMC)) as these will produce a slightly different 
result each time they run. However, this variation can be avoided by setting a seed (e.g., using 
set.seed() function in R or random.seed() in Python; see Box 1) at the beginning of any code section 
that would be run independently, which means that the pseudorandom number generation is the same 
each time the code is run, enabling the same results to be reproduced, including for analyses and 
figure generation (e.g., with point jittering). We note that setting seed does not always ensure 
computational reproducibility, for instance the use of rmvnorm() from the {MASS} R package does not 
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create the same random numbers across different operating systems due to floating point errors. The 
use of different hardware may similarly lead to subtly different results. 

In some circumstances, the authors may have used LLMs for data generation or analysis (for 
instance, extracting data from images or video recordings or extraction of data from literature). As of 
writing, the use of LLMs in analysis poses a significant problem for reproducibility due to the variability 
of generated outputs (Fukataki et al. 2025; Meyer et al. 2025; Staudinger et al. 2024). The use of 
setting seed parameters is currently only available for some LLM models (e.g., OpenAI) but even this 
has been suggested to not guarantee reproducible results (Morin & Willetts 2020; Vadlapati 2023). 
Therefore, although the code/prompts used can still be archived, the results may not be exactly 
reproducible. The use of LLMs in this way is similar to the use of proprietary software, in that it causes 
one part of the analysis pipeline to become unreproducible. This, however, should not affect the 
reproducibility of results that comes from further analysing the processed data generated by LLMs, 
which should be archived. The use of LLMs in this context may also be highly computationally 
expensive, further limiting reproducibility, as we discuss in Stage 5 above. 

If there is no way for the data editor to generate the exact result (e.g., because the software does 
not allow setting a seed) then the data editor can allow a degree of tolerance for the result which 
should be noted in their review. Archmiller et al. (2020) suggest comparing the conclusion (the 
direction and significance of results) as well as the numbers of the original and reproduced results. In 
the first case, if the direction of the effect changes, or the statistical significance changes, then this 
should be viewed as failing the computational reproducibility test. For results close to zero or the 
significance threshold, small changes in the results might change direction or significance, 
respectively. Hardwicke et al. (2021) therefore suggested using % error (i.e. (reproduced–
 original)/original × 100), as this is not dependent on the scale of the results, where 0-10% was 
classified as a minor deviation and >10% as a major deviation, and therefore, not reproducible. 
However, this % error method (1) still allows for a substantial deviation from the reported values, (2) 
would result in different tolerances for different effects within the same model, and (3) is most 
meaningful when effect sizes are on a ratio scale, which typically they are not. Perhaps most 
importantly, reproduced results should fall well within the reported uncertainty of the original result, 
and if they do not, this should be viewed as a failure to reproduce the results. The data editor should 
communicate the conditions under which computational reproducibility was assessed (e.g., the 
tolerance threshold) in their review. As opposed to in-text results and tables, figures cannot be exactly 
compared without the use of specialist software, but should be compared by eye for reproducibility.  

The use of computationally expensive methods or proprietary software may mean that the data 
editor cannot feasibly re-run the analysis in full (see Stage 5 above). If none of the code can be run by 
the data editor, for example if it all takes place using proprietary software or it involves very 
computationally expensive analysis, then computational reproducibility cannot be assessed (both 
Stages 5 and 6 would fail). Clearly, this should not prevent the publication of a manuscript containing 
such analyses in journals where data editors assess Stages 5 and 6 of these guidelines. In this case, 
we would therefore recommend that it is highlighted in the manuscript that computational 
reproducibility could not be assessed (e.g., in the data and code availability statement, or open 
research sections). If it is only part of the code that cannot be run by the data editor (e.g., a 
computationally expensive model), then the output of this code should be provided by the author in 
the archived project and noted in the metadata, so that the output can be compared to the manuscript 
by the data editor. Given the large variation in data workflows and different proprietary software that 
may be used, we encourage data editors, editors and journals to be very open to discussion, 
constructive and flexible in their roles to adopt, or work towards adopting these guidelines. 

 
Guideline 6: Results reproduced by the data editor with the archived data and code must match 
those presented in the manuscript. A tolerance threshold can be given when there is not an 
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exact match but the authors must state clearly in the code metadata why this mismatch might 
occur. If saved model outputs are instead provided, this must also be clearly stated in the 
metadata. 

Suggestions to Authors 

Data and code quality control is becoming increasingly common across journals in ecology and 
evolutionary biology. Consequently, authors will have to adhere to certain guidelines for data and code 
sharing. Although the guidelines presented here are largely aimed at data editors, knowledge of the 
checks that a data editor is expected to perform will help authors understand what is needed from their 
data and code prior to submission. It may also increase the likelihood of authors catching their own 
mistakes because of the checks that will be performed. We hope that the widespread adoption of 
these guidelines will make the process more transparent for authors and also consistent across 
journals in the event of manuscript resubmission elsewhere. We acknowledge that making data and 
code readily accessible and reusable adds to the work load of authors (at least initially). We have 
several suggestions to ease this process: 

Adhere to the data and code quality control guidelines from the beginning of the study 

Working to make a project accessible and reproducible at the end of a study is a lot of work. We 
would recommend creating a clear directory structure and creating metadata (e.g., a README) at the 
beginning of the study, and updating the metadata as new files are added. Similarly, annotating code 
as authors produce it, not only with section descriptions but also with information about how they run 
and what output they produce, is far easier than going back and annotating code at the end of the 
study. Bearing reproducibility in mind while working on a project also makes it far more likely that 
someone else will be able to reuse the project and successfully run the code. This is even more useful 
if authors plan on collaborating with multiple people during the study’s lifetime. Generally, there exists 
a multitude of benefits to working reproducibly (Markowetz 2015). We acknowledge that for many 
authors this may present a steep learning curve, however adherence and knowledge of these 
guidelines will promote learning and progression over time. Whilst these guidelines are generally 
aimed at data editors, there are several resources designed for authors, which we would direct authors 
to, for example the British Ecological Society guides on reproducible code (Cooper & Hsing 2025) and 
data management (Harrison 2018) and the TADA (Transferable, Available, Documented, Annotated) 
guidelines (Ivimey-Cook et al. 2025a), aimed specifically at ecologists and evolutionary biologists.  

Prepare data and code according to the data and code quality control guidelines before 
submission to any journal 

Inherently linked to the point above, if authors have not prepared data and code according to the 
data and code quality control guidelines from the start of the study, it is advisable to at least have data 
and code ready for submission. This will minimise any problems during both the submission process 
and the data and code quality control, and allow for easy transfer between journals. We have included 
a summary of the guidelines for data editors that authors may find useful in Table 2.  
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Table 2 - Summary table of the guidelines for each the six Stages of the SORTEE 
Guidelines for Data and Code Quality Control in Ecology and Evolutionary Biology 

Stage Guidelines 

1. Data must be archived and adhere to FAIR guiding principles 
 

1.1 Data files are accessible and in an 
open repository  

Data are open and freely available and are located in a permanent public 
repository with an associated globally unique persistent identifier, that is cited 
in the text and reference list of the manuscript. 

 
1.2. Data are associated with a license Data must be associated with a license.  

 
1.3. Data files are present and complete  Authors must either provide:  

a) raw data, along with the processed data and/or code to prepare the data 
for analysis, or 
b) a sample of raw data alongside processed/filtered data when full raw data 
upload is not possible, or 
c) processed/filtered data with a detailed description of how to both obtain 
and process/filter the raw data.  

 
1.4. Data files are in an interoperable 
format 

Data files must be provided in an interoperable format.   

 
1.5. Data metadata is present and 
adequate  

Detailed metadata, including (but not limited to) a README file, must 
accompany the data. 

2. Archived data corresponds with the data 
reported in the manuscript 

The structure and contents of the archived data files must match the 
description in the manuscript. 

3. Code must be archived and adhere to FAIR guiding principles 

 
3.1. Code files are accessible and in an 
open repository  

Code files are open and freely available and are located in a permanent 
public repository with an associated globally unique persistent identifier, 
preferably in the same archived project as the data files, and are cited in the 
text and the reference list of the manuscript. 

 
3.2. Code is associated with a licence  The code must be associated with a license. 

 
3.3. Code files are present and complete All code used for generating the results of the manuscript (including filtering, 

processing, graphing, and analysis) must be present either in one or more 
code files. 

 
3.4. Code is in an interoperable format Code files must be provided in an interoperable format.  

 
3.5. Code metadata is present and 
adequate  

A sufficiently detailed README must accompany the code. Code must also 
be broken into sections with clear annotation stating the purpose of the code 
with clear links to the relevant sections, figures, and tables in the 
manuscript.     

4. Archived code corresponds with the 
workflow reported in the manuscript  

The structure and content of the archived code must match the description of 
data filtering, processing, and analysis, and the presentation of results in the 
manuscript.  

5. Archived code runs with the archived data Code must be able to run without error using the archived data. With the 
exception of easy to fix file path errors, all errors should be addressed by the 
author.  

6. Results can be computationally reproduced 
by running the archived code  

Results reproduced by the data editor with the archived data and code must 
match those presented in the manuscript. A tolerance threshold can be given 
when there is not an exact match but the authors must state clearly in the 
code metadata why this mismatch might occur. If saved model outputs are 
instead provided, this must also be clearly stated in the metadata. 

22 Joel L Pick et al.

Peer Community Journal, Vol. 6 (2026), article e20 https://doi.org/10.24072/pcjournal.687

https://doi.org/10.24072/pcjournal.687


  

Perform a pre-submission code review 

It is advisable for authors to send their project containing data and code to a colleague or co-author 
for a code review prior to submission to a journal (Ivimey-Cook et al. 2023). This enables checking 
whether the code runs with the data in the project structure provided. They can then check whether 
there is appropriate and adequate metadata, whether data and code match the manuscript, and 
whether the code reproduces the results in the manuscript. Importantly, co-authors may also be more 
likely to spot any mistakes in the code as they are familiar with the study and data, and data editors 
do not check the reliability of code. This could be done within research groups, where the task of code 
reviewing is shared between members of the team, or as part of a larger ‘code club’. Open science 
organisations, such as SORTEE, have their own code clubs which are open to join. For further advice 
on setting up code clubs see Ivimey-Cook et al. (2023). 

Consider presenting code and associated outputs using Markdown or Quarto 

Presenting everything in one self-contained document such as a Markdown or Quarto file can be 
very helpful for data editors and future readers or users (Buckley et al. 2025). It allows for a clear link 
between the code, the data, and the resulting outputs that may need to be assessed.   

Suggestions for Journals 

Data and code quality control should start at submission 

Currently, in many journals, data and code quality control occurs after (or close to) acceptance. 
We recommend that data and code are required at submission (see above for methods to anonymise 
data and code), and that data editors perform a light check of the data, code, and associated metadata 
(e.g., Stages 1 and 3) early on (before sending to review). This enables reviewers to both see and 
review the data and code during peer review (if they choose to), and also engages the authors in the 
data and code quality control process at an early stage. That way, any problems can be highlighted 
and addressed early in the process. Computational reproducibility checks (Stages 5 and 6) would 
ideally be conducted later in the process, at a point where the code (particularly related to statistical 
analysis) is unlikely to change because of further review, to avoid a data editor having to perform these 
checks multiple times. Any checks need to also be clearly communicated to those not performing the 
data and code quality control (i.e., editors and reviewers).  

Ensure journals have data editors with a mixture of coding expertise 

There exists a multitude of different languages in which to write code and analyse data. Although 
R is one of the most popular in Ecology (from 58-80% of studies in ecology and evolution; Lai et al. 
2019; Culina et al. 2020; Kambouris et al. 2024; Gao et al. 2025), code is often written in other 
languages such as Python, Matlab, SAS, Julia, to name a few. It is therefore important that a journal 
considers having multiple data editors with varying coding language, data type and area expertise. 
This means that data editors can be suitably paired to each manuscript.  

Have clear guidelines on the journal website 

Authors will be more likely to adhere to the guidelines adopted by the journal prior to submission if 
these are clearly displayed on the website, ideally under ‘Instructions to Authors’ sections. These need 
to outline what stages of the guidelines the data editors check (e.g., Stages 1-4), what they expect at 
each stage from the author, and what the authors need to state in their data availability statement. 
Having data, code, and associated metadata already in a state ready for quality control will reduce 
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much of the work for the data editor. Some journals additionally provide template README files to 
help authors.  

Have clear statements within manuscripts 

For readers to know what quality control checks have been performed and to highlight the journal’s 
endeavours to ensure the highest quality research, it should be clearly stated within the data and code 
availability section what checks have been performed. For instance “Data and code were checked 
from Stage 1-4 of the SORTEE guidelines for Data and Code Quality Control”. This statement should 
also contain information if a check has not been able to be performed, for instance, if the use of 
proprietary software, sensitive data, or computationally expensive analyses were involved, impeding 
computational reproducibility tests.  

In psychology and medicine, open science badges have previously been used to indicate 
manuscripts that adhere to certain open science practices (e.g., open data, open code, open materials, 
pre-registration) with the ultimate goal of encouraging authors to adopt these practices. Evidence for 
their effectiveness in increasing data and code sharing is mixed, with early observational studies 
reporting increases in data sharing after badge implementation (Kidwell et al. 2016), but a subsequent 
randomized controlled trial finding no such effect in a biomedical journal context (Rowhani-Farid et al. 
2020). Note that the journals surveyed in these cases did not have data editors actively checking the 
data and code archiving.   

The presence of badges has also been shown to increase the trust of researchers in published 
articles (Schneider et al. 2022). Journals could choose to use such badges following data and code 
quality control to indicate that presence of open data (Stage 1-2) and open code (Stage 3) has been 
verified, and further badges could be developed for computational reproducibility (Stages 5-6).  

Have clear definitions and policies of what code and data the journal requires 

Ideally, all the data and code used to generate the results should be archived including both raw 
and processed data and all the code used to process, filter, model, and graph. However, this is at the 
discretion of the journal and therefore should be made explicit to the authors prior to submission. We 
recommend that the form of data and code is clearly described in the data availability statement of the 
manuscript, for instance, “Processed data and code used in modeling and graphing are archived 
here…”.  Again, the journal requirements need to also be clearly communicated to all levels of the 
journal hierarchy to ensure successful implementation.  

Conclusion 

Here we present a standardised set of guidelines for data and code quality control for journals in 
ecology and evolutionary biology. As it stands, rates of data and code archiving, and importantly the 
quality of archived data and code, are low. By recruiting data editors, journals can positively impact 
the state of open data and code, and in doing so increase research transparency and reproducibility. 
With the SORTEE data and code quality control guidelines, we propose steps to increase the quality 
and consistency of data and code quality control across journals that currently have data editors, and 
provide a template for journals wanting to start data and code quality control. We believe that these 
guidelines will have substantial benefits for journals, for authors, and for the wider scientific community.  
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