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ABSTRACT
The increasing use of AI-based approaches such as machine learning (ML) across 
diverse scientific fields presents challenges for reproducibly disseminating and 
assessing research. As ML becomes integral to a growing range of computationally 
intensive applications (e.g., clinical research), there is a critical need for transparent 
reporting methods to ensure both comprehensibility and the reproducibility of 
the supporting studies. There are a growing number of standards, checklists, and 
guidelines enabling more standardised reporting of ML research, but the proliferation 
and complexity of these make them challenging to use—particularly in assessment 
and peer review, which has, to date, been an ad hoc process that has struggled to 
throw light on increasingly complicated computational supporting methods that are 
otherwise unintelligible to other researchers. Taking the publication process beyond 
these black boxes, GigaScience Press has experimented with integrating many of 
these ML standards into the publication process. Having a broad scope necessitated 
looking at more generalist and automated approaches. Here, we map the current 
landscape of artificial intelligence (AI) standards and outline our adoption of the 
Data, Optimization, Model, Evaluation (DOME) recommendations for ML in biology. We 
developed a publishing workflow that integrates the DOME Data Stewardship Wizard 
(DOME-DSW) and DOME Registry tools into the peer review and publication process. 
From this publisher’s case study, we provide journal authors, reviewers, and editors 
with examples of approaches, workflows, and strategies to more logically disseminate 
and review ML research. This demonstrates the need for continued dialogue and 
collaboration among various ML communities to create unified, comprehensive 
standards and to enhance the credibility, sustainability, and impact of ML-based 
scientific research.
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INTRODUCTION
In recent years, there has been a substantial increase in scientific publications utilising artificial 
intelligence (AI) techniques such as machine learning (ML) (Figure 1). This represents a 
significant challenge for disseminating and assessing scientific research, as ML is increasingly 
a component in scientific publications on diverse research areas such as genomics, drug 
discovery, remote sensing, medical imaging, and health informatics. As ML is increasingly 
applied to studies with clinical importance, there is a need for reporting methods to enable 
a researcher to understand the ML approach used in a research study, and also improve the 
quality of evidence coming out of these studies for eventual practical application. Furthermore, 
there has been acknowledgement in the literature that there is a lack of rigorous clinical trials 
and data validation for the many approved AI medical devices now entering the market 
(Lenharo, 2024).

Figure 1 Timeline of 
publications in PubMed that 
include the phrase ‘machine 
learning’ since 2000, 
demonstrating the rapid rise in 
these publications across the 
globe. In 2024 alone, PubMed 
published a total of 43,931 
articles covering ‘machine 
learning’.

As a publisher of data-intensive computational research, the GigaScience Press journal 
GigaScience has seen an equally rapid rise in the number of submissions utilising ML since the 
journal’s launch in 2012 (Figure 2).

Figure 2 Timeline of 
publications in GigaScience 
that include the phrase 
‘machine learning’ since the 
launch of the journal in 2012.

There are myriad reasons for this deluge of ML publications, alongside a wider range of 
researchers becoming more advanced in computer literacy and usage, summed up in a 
commentary by David Jones on ‘Setting the standards for machine learning in biology’ (Jones, 
2019), where he stated:
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First, the technology itself has become trivial to use by any reasonably competent 
programmer, owing to the availability of software that has made it possible for 
anyone to carry out deep learning experiments, which would have been difficult even 
for experienced computer scientists just a few years ago.

With further usage beyond the traditional computer science user base, this ease of accessing 
ML software has necessitated the need for reporting standards to ensure that ML methods are 
intelligible to other researchers. The black box and often proprietary (non-open source) nature 
of ML products might potentially make intelligibility even more challenging than traditional 
computational research. Due to this complexity, in academic publishing, the practical 
considerations for supporting these ML products have, to date, been an afterthought—if they 
are addressed at all.

Beyond the academic and the clinical context, commercial internet and AI companies are 
being pushed to be more transparent in how AI technology works. With this in mind, Google 
has proposed Model Cards for model reporting, detailing the performance characteristics of 
ML models that provide benchmarked evaluation in a variety of conditions that are relevant 
to the intended application domains (Mitchell et al., 2019). In addition, these Model Cards 
disclose the context in which models are intended to be used and detail performance 
evaluation procedures alongside other relevant information, providing a summarised and more 
digestible version of detailed, academic-style technical reports. The Model Cards checklist has 
been adopted by many users, including the HuggingFace model hub and community for ML 
(Hugging Face Model Cards), and has an accompanying Dataset Cards checklist to help users 
understand the contents of the equally essential training data (Hugging Face Dataset Cards). 
Another community-driven approach integrated into ML dataset repositories like HuggingFace 
and MLCommons is the Croissant community-driven metadata vocabulary for describing ML 
datasets that builds on Schema.org (Akhtar et al., 2024). One criticism is that these general 
standards do not meet the requirements of clinical or basic and translational academic 
research. On top of benchmarking, researchers in the life sciences and other more applied fields 
are also interested in the provenance, reproducibility, and reusability of the models and data 
(Mitchell et al., 2019).

MAPPING THE LANDSCAPE OF ML STANDARDS

In this section, we review the literature and examine the landscape of field-specific ML 
standards, and then move to look at more general multidisciplinary approaches. To address 
the challenges of transparency and standardisation, there have been a number of efforts 
for creating checklists, reporting standards and submission guidelines in ML—particularly 
in medical AI, where at least 26 reporting guidelines have been published between 2009 
and 2023 (Kolbinger et al., 2024). These have been very field-specific, such as the Checklist 
for Artificial Intelligence in Medical Imaging (CLAIM), which is only relevant to address 
applications of AI in medical imaging that include classification, image reconstruction, text 
analysis, and workflow optimisation (Mongan, Moy and Kahn, 2020). Or there is the R-AI-
DIOLOGY checklist for evaluation of AI tools specifically in clinical neuroradiology (Haller et al., 
2022), and the Proposed Requirements for Cardiovascular Imaging-Related Machine Learning 
Evaluation (PRIME) checklist for Cardiovascular Imaging (Sengupta et al., 2020). There are 
Minimal Information checklists for Clinical Artificial Intelligence Modeling (MI-CLAIM) (Norgeot 
et al., 2020), and reporting standards for AI in health-care (MINIMAR) (Hernandez-Boussard 
et al., 2020). Both of these follow the style of the Minimum Information for Biological and 
Biomedical Investigation (MIBBI) initiative, but with the performance parts focusing on the 
clinical utility of the models. There have been efforts to define standards for ML conference 
submissions, with the Neural Information Processing Systems (NeurIPS) 2019 reproducibility 
programme introducing a reproducibility checklist for submissions to the NeurIPS conference 
(Pineau et al., 2022).

The increasing use of ML in clinical applications has led to updating a number of the reporting 
guidelines available in the global EQUATOR (Enhancing the QUAlity and Transparency Of health 
Research) Network that maintains these guidelines to improve the reliability and value of 
published health research literature (see: https://www.equator-network.org). These include 
new extensions for clinical trial protocols (SPIRIT-AI) (Rivera et al., 2020) and clinical trials 
(CONSORT-AI) (Liu et al., 2020), and development of tools used for assistance in decision-

https://Schema.org
https://www.equator-network.org
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making, such as DECIDE-AI (Vasey et al., 2022). The TRIPOD (Transparent Reporting of a 
multivariable prediction model for Individual Prognosis Or Diagnosis) statement was another 
early set of recommendations for the reporting of studies developing, validating, or updating 
a prediction model, whether for diagnostic or prognostic purposes (Collins et al., 2015). This 
has been recently updated as the TRIPOD+AI statement to now work for reporting clinical 
prediction models that use ML (Collins et al., 2024), with an even newer additional extension 
addressing the unique challenges of Large Language Models (LLMs) in biomedical applications 
(Gallifant et al., 2025).

The use of reporting guidelines has been long-established in clinical research, and in non-clinical 
fields, less of these types of ML guidelines have been developed, but more general best practice 
recommendations are still being published in some fields—for example, for ML in chemistry 
(Artrith et al., 2021) and antibody discovery and development (Wossnig et al., 2024). Beyond 
these field-specific efforts and more general guidelines, there have been a few attempts to 
create more general checklists and standards, and these are of more practical use to authors, 
editors, and reviewers. The broader bioimaging community has created a specific checklist for 
ML workflows amongst their suite of community-developed checklists for publishing images 
and image analyses (Schmied et al., 2024). Individual journals such as NPJ Digital Medicine 
have also published journal-specific guidance, and the wider Nature portfolio has started to 
use an internally developed checklist for relevant submissions. With this growing interest, 
to avoid silos and having to reinvent the wheel, there is an obvious need to have wider and 
broader guidelines that work across journals and fields (Kakarmath et al., 2020). Funders have 
also been involved in laying the ground rules, with the NIH Common Fund’s Bridge to Artificial 
Intelligence (Bridge2AI) Consortium presenting their own best practices for ML analysis (Clark 
et al., 2024). More general multidisciplinary guidelines providing a list of reporting items to be 
included in a research article for developing predictive models were developed nearly a decade 
ago (Luo et al., 2016), but in light of how much the field has progressed, these guidelines are 
in need of updating, especially as usage of ML also goes much beyond predictive models and 
biomedical research.

Attempting to distil all of these many efforts into an overarching set of general guidelines for 
publishing is extremely challenging, especially as recent efforts to map the different guidelines, 
platforms, and tools involved in implementing AI research in the life sciences alone has listed 
over 300 components of the ‘AI ecosystem’ (see: https://dome-ml.org/ai-ecosystem) (Farrell 
et al., 2025). Focusing on the most broad and multidisciplinary approaches, several groups have 
proposed more general ML standards based on publishing data, models, and code. Several of 
these standards have been published in a 2021 special issue of Nature Methods on ‘Reporting 
standards for machine learning in biology’ (Nature Methods, 2021), followed more recently by 
the publication of the REFORMS consensus-based recommendation (Kapoor et al., 2024). Here, 
we go into more detail on these generalist approaches, and present the first-hand experiences 
of a publisher attempting to implement these ML standards into our peer review and publication 
workflows so that others may gain insight into this process.

REFORMS: CONSENSUS-BASED RECOMMENDATIONS FOR ML-BASED SCIENCE

The latest attempt to provide broader guidelines is the REFORMS checklist, created through 
obtaining a consensus of 19 researchers across the fields of computer science, data science, 
mathematics, social sciences, and biomedical sciences (Kapoor et al., 2024). This consensus 
resulted in the creation of a very broad field-agnostic checklist that consists of 32 items across 
eight modules. The REFORMS checklist attempts to tackle some of the issues not covered in older 
checklists, such as data leakage—including paired release guidelines for each of the checklist 
points. Being consensus-based, these recommendations are designed to also inform readers 
of best practices and provide a stance on how certain research activities should be conducted.

REFORMS is designed to be applicable to what authors refer to as ‘ML-based science’, that is, 
scientific research that uses ML models to contribute to scientific knowledge. These types of 
studies include those using ML in making predictions, conducting measurements, or performing 
other tasks that help answer scientific questions of interest. The scope of this checklist 
encompasses ML techniques, such as supervised, unsupervised, and reinforcement learning, 
but REFORMS does not work for ML methods research and predictive analytics, which fall outside 
the checklist’s scope. Thus, other standards need to be applied for these types of studies.

https://dome-ml.org/ai-ecosystem
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MACHINE LEARNING REPRODUCIBILITY AND THE GOLD, SILVER, AND 
BRONZE STANDARDS

The most general of the Nature Methods special issues publications was by Heil et al. (2021), 
who proposed a three-tier system based on the ease of reproducibility. The top-level tier, or 
‘Gold standard’, represents full automation, but is difficult to achieve and may be a more 
theoretical and aspirational end goal to eventually work towards. The middle-tier, or ‘Silver 
standard’, utilises containerisation in the form of Docker images or something similar, which 
enables swift installation of the dependencies necessary to run an analysis. The lowest tier, or 
‘Bronze standard’, is the scenario where the authors make the data, models, and code used in 
the analysis publicly available. The ‘Bronze standard’ is the minimal standard for reproducibility.

To incentivise the uptake of the Gold/Silver/Bronze standard by scientific publishers, the authors 
of Heil et al. include the following statement:

Journals can enforce reproducibility standards as a condition of publication. The 
bronze standard should be the minimal standard, though some journals may wish to 
differentiate themselves by setting higher standards. Such journals may require the 
silver or gold standards for all manuscripts, or for particular classes of articles such 
as those focused on analysis. If journals act as the enforcing body for reproducibility 
standards, they can verify that the standards are met by either requiring reviewers 
to report which standards the work meets or by including a special reproducibility 
reviewer to evaluate the work.

AIMe2021 STANDARDS AND REGISTRY FOR AI IN BIOMEDICAL RESEARCH

The core focus of the Artificial Intelligence in Medicine (AIMe) Consortium is to provide a 
community-driven registry that allows authors to generate citable reports that enable 
a deeper understanding of ML models. Funded by the EU Horizon 2020 programme, the 
mission of the AIMe initiative is ‘to promote open, transparent and reproducible biomedical 
AI research’ (Matschinske et al., 2021). To this end, the AIMe Consortium has provided the 
community-driven AIMe2021 Standard (the specification available at https://aime-registry.
org/specification/)—a report-generating tool, and the AIMe Registry where researchers can 
post their reports on ML models.

The AIMe2021 Standard included the following categories: Metadata, Purpose, Data, Method, 
and Reproducibility. In addition, there are optional sections in the AIMe2021 Standard for 
Privacy (information related to privacy-relevant methods) and Epistasis-related methods 
(genetics research looking at interactions between genes).

Following completion of a report, AIMe Registry HTML reports are assigned a unique AIMe 
identifier in the AIMe Registry Database. The intention of AIMe is ‘to enhance the accessibility, 
reproducibility and usability of biomedical AI models, and allow future revisions by the 
community’. To this end, a notable feature of the AIMe Registry is the ability to comment on 
existing reports.

TRUST AND TRANSPARENCY AND THE DOME RECOMMENDATIONS

An alternative focus for ML standards is ‘Trust and Transparency’ rather than de facto 
reproducibility. In this scenario, researchers are invited to provide sufficient detail to enable a 
computational biologist to understand the supervised ML approach used in an in silico analysis. 
This has been the focus of the DOME (Data, Optimisation, Model, Evaluation) Consortium, 
which has followed a similar approach to the AIMe Consortium by developing a standard 
and registry (Walsh et al., 2021). The DOME recommendations were initially formulated 
through the ELIXIR-funded Machine Learning Focus Group (ELIXIR ML) after the publication 
of the aforementioned commentary by Jones (2019), which called for the establishment of 
standards for ML in biology. Like AIMe, this community was supported by the EU Horizon 2020 
programme, and these standards were designed for supervised ML-based analyses specifically 
applied to biological studies. ELIXIR ML community members predominantly use ML to analyse 
large omics datasets—for example, the use of these tools by the ELIXIR Intrinsically Disordered 
Proteins (IDP) Community to advance the understanding of protein science.

https://aime-registry.org/specification/
https://aime-registry.org/specification/
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The DOME recommendations are presented in a format consisting of questions, and are 
defined as the minimal requirements to ML implementers, in order to ensure reliability and 
reproducibility of the reported methods. The DOME recommendations are one output from 
the ELIXIR ML Focus Group, and are an actionable outcome usable by the wider scientific 
community, including researchers, publishers, funders, and policy makers. Beyond the ELIXIR 
ML group, the DOME recommendations have been further interpreted at the domain level, 
such as the use and reporting of ML in proteomics and metabolomics (Palmblad et al., 2022). 
The DOME recommendations for supervised ML in biology were published in the 2021 Nature 
Methods special issue (Walsh et al., 2021), and an updated report on the DOME Registry has 
recently been published, demonstrating that this work is ongoing (Attafi et al., 2024). A brief 
summary of the DOME recommendations are below.

Data

•	 There is a focus in this section on data provenance, data splits (test, training, validation), 
redundancy between data splits, and the open availability of the underlying data.

Optimization

•	 This section focuses on the ML algorithm that is used. In addition, meta-predictions 
wherein the model utilises data from other ML algorithms as input, are also to be detailed 
in this section. Optimization additionally includes details of how data were encoded and 
processed by the ML algorithm, parameters used in the model, details of fitting and how 
overfitting/underfitting were ruled out, and details of availability of configuration.

Model

•	 This section details interpretability. Specifically, authors are invited to state whether 
the model is a black box or interpretable, and whether the output represents a 
classification model or a regression model. In addition, details of execution time and 
software availability, including details of where the source code is released, are included 
in this section.

Evaluation

•	 This section includes details of the evaluation method—for example, cross-validation, 
independent dataset, or novel experiments. Evaluation additionally includes details of 
performance metrics, comparison to publicly available methods or simpler baselines, and 
confidence intervals for performance metrics.

The DOME Consortium has also integrated a DOME Wizard (https://dome.dsw.elixir-europe.org) 
into the ELIXIR Data Stewardship Wizard (DSW) tool (Pergl et al., 2019) that enables researchers 
to submit their DOME annotations to the central DOME repository, known as the DOME Registry 
(https://registry.dome-ml.org/). Particularly relevant for the scientific publishing community, a 
key feature of the DOME Wizard is that it allows authors to share draft DOME annotations with 
reviewers. And by assigning identifiers and DOME scores to publications, the registry fosters a 
standardised evaluation of ML methods that can be useful for assessment and peer review 
(Attafi et al., 2024).

Table 1 summarises the different general, non-field-specific, ML standards that have been 
published, highlighting the scope and strengths and weaknesses of the different approaches. 
The engaging community behind it that was carrying out outreach to publishers, the broad but 
not overly complicated scope, the ease of use of its automated wizard, and active and growing 
registry are the reason for GigaScience testing DOME-ML further.

THE ML PUBLISHING USE CASE: INTEGRATING THE DOME 
RECOMMENDATIONS INTO A JOURNAL WORKFLOW

As a case study to show how ML standards could be incorporated into scientific publishing, 
the following example highlights the integration of DOME recommendations into the data and 
software publishing workflow of GigaScience Press. This has specifically been carried out by both 
GigaScience and GigaByte journals to help deal with their growing number of submissions using 

https://dome.dsw.elixir-europe.org
https://registry.dome-ml.org/
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ML-methods, the first example being in March 2023 (Guo et al., 2023). At the time of writing, 
there have been 55 submissions that have used this approach for assessing ML research, with 
the 53 from GigaScience making up 19% of the content in the DOME Registry.

The provision of a ‘Big Data’ archiving solution to support omics and other large-scale biological 
and biomedical data is a core tenet of GigaScience Press, and it is the role of the GigaScience 
DataBase (GigaDB) Curation team to ensure that the Data Submission process runs as smoothly 
as possible (Armit, Tuli and Hunter, 2022). In addition to Data Archiving, Data Curators liaise with 
authors and advise on the appropriate Data Standards to use for what can be quite complex 
studies (e.g., genomic, transcriptomic, digital pathology, neuroimaging) and that increasingly 
utilise ML.

When an ML manuscript is submitted, the editors check the manuscript for suitability and 
consider the following factors: whether the work presented fits with the journal’s scope, 
whether the test data is openly available, whether the source code is open with an Open Source 
Initiative license, and whether the ML models are also open and available. If these criteria are 
met, the editors then check whether the data, code, and models are easily deployable in a 
containerised format. If not, authors are asked to containerise the work and add the details 
to the manuscript. This step makes it comply with the ‘Silver’ standard of Heil et al. (2021) and 
also the DOME-ML reproducibility aspect.

The GigaScience Editors have found these guidelines useful to help screen which ML publications 
are suitable to send out to peer review. As the journal has a strict policy promoting reproducible 
research, if submissions have no potential to meet even the ‘Bronze’ levels of reproducibility, 
they are then rejected. If the submission has the potential to meet these standards, the paper 
is then passed to the GigaDB Curation team, who then scans these manuscripts for ML content, 
and performs more detailed reproducibility checks to ensure that DOME annotations, in support 
of GigaScience and GigaByte manuscripts, are sufficiently complete. A workflow for using DOME 
recommendations in the context of peer review has been developed by GigaScience Press in 
partnership with the DOME Consortium, and this involves the following:

1.	 When authors submit a manuscript detailing supervised ML approaches, the editors take 
the DOME-ML Standards into consideration in their screening processes, only considering 
the manuscript for peer review if the work meets minimal standards.

2.	 If a manuscript passes these and other editorial pre-peer review checks, GigaDB curators 
then invite the authors to log into the DOME Wizard (DOME-DSW) and complete a report.

3.	 The DOME recommendation report is checked for completeness by curators. If sufficient, 
the handling editor then sends the DOME report to peer reviewers alongside links to the 
supporting data and code.

4.	 Following peer review, the annotation becomes public. The author is handed control of 
their entry, and it becomes public in the DOME Registry with a unique persistent identifier 
(DOME Registry ID).

5.	 The DOME Registry ID is highlighted and cited in the final published paper to allow readers 
to read it and more easily tease apart and access the different ML components (data, 
models, methods, etc.) making up the study.

Standard DOME-ML
(Walsh et al., 2021)

REFORMS
(Kapoor et al., 2024)

AIMe
(Matschinske 
et al., 2021)

Bronze-Silver-Gold
(Heil et al., 2021)

Complexity 
(No. of fields)

17 recommendations 
(10 required)

32 questions
(8 modules)

63 questions
(6 optional)

3 standards (7 criteria)

Extensions No No Yes No

Tools Recommendations + 
Wizard + Registry

Checklist Standard + 
Reporting tool + 
Registry

Standard

Focus Supervised ML For ML-based 
science, not ML 
methods research

Biomedical AI Machine-learning 
analyses in the life 
sciences

Table 1 Summary of the 
more general ML standards 
that go beyond medicine to 
biological science and beyond, 
comparing the DOME-ML, 
REFORMS, AIMe and Heil 
et al.’s Bronze-Silver-Gold 
approaches.
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The steps in this workflow that utilise the DOME Wizard and Registry are shown in Figure 3. 
This workflow can be adapted for other journals and has been presented at conferences and 
webinars to encourage uptake.

Figure 3 Workflow of the 
steps taken that utilise the 
DOME guidelines, DOME-DSW, 
and DOME Registry to aid the 
peer review of ML research. 
Step 1 is using the guidelines 
during pre-review editorial 
assessment; Step 2 is the 
creation of a DOME-DSW entry 
so authors can begin inputting 
annotations; in Step 3, the 
annotations are checked by 
the in-house curation team; 
Step 4 is when after review, 
the DSW annotations are 
transferred, curated, and 
published in the DOME registry; 
and in Step 5, the final DOME 
Registry ID is cited in the 
paper, and is then published.

ML annotation, such as DOME, is extremely useful for peer review as it provides a more detailed 
understanding of the underlying data and methodology. Whereas the manuscripts under 
review provide a high-level overview of the data and analysis, DOME annotation provides an 
intermediate-level of detail between that of the manuscript and the supporting code. This is 
particularly useful for understanding how the data used in an ML analysis was organised, and 
for detailing whether any preprocessing steps were required.

The collective opinion of Editors and Biocurators at GigaScience Press is that DOME annotations 
are a great asset to the peer review process, providing the necessary high-level overview to 
properly understand an ML study. The DOME Registry persistent identifier is included in the 
GigaScience or GigaByte manuscript and also in the supporting GigaDB dataset, which increases 
the visibility and discoverability of the DOME annotations in the research community. Through 
DOME Registry linking entries to ORCID identifiers, and also the APICURON database (Hatos et al., 
2021) of biocurators, these efforts can be further credited and encouraged (Attafi et al., 2024).

Following the best practice demonstrated by the Data Citation Principles (Data Citation 
Synthesis Group, 2014), it is preferable to cite the DOME Registry ID in the references of the 
paper, both to signal that these are an important object of research, and to enable tracking 
of use and reuse through citation registries. To do this by including the author, year, and title, 
state the publisher in DOME Registry, as well as the URL of the identifier in the citation details. 
For example, for Atkins et al. (2025), GigaScience Press journals cited the DOME Registry entry 
following this format:

Atkins K, Garzón-Martínez GA, Lloyd L, Doonan JH and Lu C. (2024) Unlocking the 
Power of AI for Phenotyping Fruit Morphology in Arabidopsis. [DOME-ML Annotations]. 
DOME-ML Registry, https://registry.dome-ml.org/review/a8q3rb7qrv

On top of providing this guidance to the Editorial Production team and their third-party vendors 
that do the typesetting, it is also useful to provide this example and guidance in the journal’s 
instructions for authors.

USER EXPERIENCES USING ML STANDARDS IN PUBLISHING

This work presents the first-hand perspectives of a publisher implementing ML standards, but 
we also attempted to gather some initial feedback and data from submitting authors and 
users of this work. We sent a survey to the corresponding authors of all of our submissions 
that used the DOME Wizard, and of the 54 ML studies that tested this publishing process, we 
received responses from 13 authors. None had any previous experience or knowledge of ML 
standards, but all the respondents said they were either generally positive or neutral about 
their experiences annotating their experimental details into DOME. According to the curators 
of the DOME Registry, they estimate it takes them 1–3 hours to curate an entry, and our polling 
of corresponding authors found it took them an average of one hour to provide the necessary 
information via the DOME Wizard. Adding the time our curators needed to check, transfer, and 
publish information to the DOME-registry, this is in line with the 1–3 hour estimate of the DOME 

https://registry.dome-ml.org/review/a8q3rb7qrv
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team. Our feedback confirms it takes longer than the 15–30 minute estimates to annotate just 
the data aspects of ML studies reported by the Croissant ML metadata format (Akhtar et al., 
2024). Although from our experience, using DOME is quicker and easier than the REFORMS and 
AIMe checklists, which have nearly double and quadruple the number of fields, respectively. In 
particular, large and complex projects can take much longer than this average, and the DOME-
Registry curators told us the submission of AlphaFold2 took approximately eight hours of work 
to annotate and curate given the scale of the project.

We and others have reported on the difficulty of reproducing independently collected research 
(González-Beltrán et al., 2015), but working directly with a cohort of authors of future ML studies 
would be an interesting area of work to properly benchmark and assess the costs and benefits 
of using these different standards. As would be a more detailed assessment of the time and 
cost savings for the database from combining their curation processes with journal peer review. 
Longer-term longitudinal studies and larger sample sizes will be required to quantitatively 
measure any potential benefits, such as increased reuse and citations. And by continuing to 
contribute studies to the DOME-registry, these efforts can hopefully facilitate this future work.

CONCLUSIONS
The proliferation of ML standards across all fields of data-driven research demonstrates that 
there is a clear need for these in the assessment and publication of scientific research. The 
generalist DOME recommendations (Walsh et al., 2021), REFORMS (Kapoor et al., 2024), and 
the three-tier (Gold, Silver, Bronze) reproducibility framework (Heil et al., 2021), are three 
possible solutions. There is potential overlap between these approaches. Indeed, the focus of 
the three-tier reproducibility framework is the ease of reproducibility, whereas the focus of 
REFORMS and DOME is on a deeper understanding of the supervised ML approach. A continued 
dialogue between these communities will be most fruitful in developing a common standard 
for ML researchers. This will be an invaluable aid to scientific publishers by providing confidence 
in ML reporting. Currently, this approach has been trialled in the GigaScience Press journals 
GigaScience and GigaByte. However, it would be useful to test this approach more widely with 
the inclusion of journals with different scopes and publication volumes to ascertain whether it 
remains practical and can become a common standard for sharing of ML research in a rigorous, 
reproducible, and FAIR manner, as well as collect more entries over a longer time-period to 
enable more quantitative data to be collected on the compliance costs and outcomes. 
Encouraging researchers to use these standards earlier in the research cycle will be of immense 
value to the entire research community by enabling a deeper understanding of the research 
approach, but also because of the reproducibility and provenance aspects. This effort future-
proofs their work for however they may wish to disseminate and reuse it in the future—for when 
they and others may wish to come back to it many years in the future. Users and producers of 
ML research are also greatly assisted by these efforts, making it easier for them to discover and 
reuse novel open-source algorithms, models, and training data. The recent publication of the 
open-source DeepSeq-R1 model with open peer reviews and detailed supplemental materials 
on the training and evaluation details demonstrates that even large-scale general foundational 
LLMs can be opened up and transparently published in this manner (Guo et al., 2025). The 
83 pages of supplementary information provided with the paper are much longer and more 
detailed than any of these checklists, but being buried in supplemental PDFs is less visible and 
more difficult for humans and machines to parse and read, demonstrating the utility of more 
structured and standardised approaches such as DOME.

Similar to the way others have written about how data-producing teams should focus on 
Documentation, Automation, Traceability, and Autonomy (DATA) as priorities to make their 
research FAIR and reusable (Quilez et al., 2017), these checklists can likewise help focus what 
AI-driven research should capture for future reuse. For potential users of ML-based research, 
as text-based descriptions have, to date, taken priority over a comprehensive sharing of the 
methods and training data, this new approach of capturing and making it much easier to 
find the different digital components making up these experiments should greatly reduce the 
barriers of reusability. With concerns over the sustainability and environmental impact of AI, 
greater reuse and reimplementation of models and data rather than the constant development 
of new ones should help improve efficiency and reduce this waste.
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