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Abstract
Objectives: The continuous integration of artificial intelligence (AI) into clinical settings requires the development of up-to-date and robust 
guidelines and standard frameworks that consider the evolving challenges of AI implementation in medicine. This review evaluates the quality 
of these guideline and summarizes ethical frameworks, best practices, and recommendations.
Materials and Methods: The Appraisal of Guidelines, Research, and Evaluation II tool was used to assess the quality of guidelines based on 6 
domains: scope and purpose, stakeholder involvement, rigor of development, clarity of presentation, applicability, and editorial independence. 
The protocol of this review including the eligibility criteria, the search strategy data extraction sheet and methods, was published prior to the 
actual review with International Registered Report Identifier of DERR1-10.2196/47105.
Results: The initial search resulted in 4975 studies from 2 databases and 7 studies from manual search. Eleven articles were selected for data 
extraction based on the eligibility criteria. We found that while guidelines generally excel in scope, purpose, and editorial independence, there is 
significant variability in applicability and the rigor of guideline development. Well-established initiatives such as TRIPODþAI, DECIDE-AI, SPIRIT- 
AI, and CONSORT-AI have shown high quality, particularly in terms of stakeholder involvement. However, applicability remains a prominent 
challenge among the guidelines. The result also showed that the reproducibility, ethical, and environmental aspects of AI in medicine still need 
attention from both medical and AI communities.
Discussion: Our work highlights the need for working toward the development of integrated and comprehensive reporting guidelines that 
adhere to the principles of Findability, Accessibility, Interoperability and Reusability. This alignment is essential for fostering a cultural shift 
toward transparency and open science, which are pivotal milestone for sustainable digital health research.
Conclusion: This review evaluates the current reporting guidelines, discussing their advantages as well as challenges and limitations.

Lay Summary
As artificial intelligence (AI) continues to play an increasingly central role in health care, its safe and effective integration requires high-quality 
reporting guidelines that address the specific challenges of implementing AI in clinical settings. This systematic review evaluates the quality of 
existing AI reporting guidelines in medicine, focusing on their ethical considerations, best practices, and practical recommendations. Using the 
Appraisal of Guidelines, Research, and Evaluation II tool, we assessed the quality of the guidelines based on 6 key domains: scope, stakeholder 
involvement, development rigor, clarity, applicability, and editorial independence. While most guidelines performed well in areas such as scope 
and stakeholder involvement, significant variability was observed in their applicability and development rigor, reflecting the ongoing challenge of 
translating AI research into real-world health care settings. Additionally, the review highlighted the need for greater attention to reproducibility, 
ethics, and environmental impacts in medical AI research. Furthermore, the study underscores the importance of aligning guidelines with the 
Findable, Accessible, Interoperable, and Reusable principles to foster transparency, open science, and collaboration, which are crucial for 
advancing sustainable digital health research.
Key words: digital medicine; artificial intelligence; machine learning; guidelines; quality; framework; AGREE II; medicine; standard; systematic review; medical 
informatics. 

Introduction
According to the European Union (EU) high-level expert group 
definition, 

Artificial Intelligence (AI) systems are software (and possi
bly also hardware) systems designed by humans that, given 
a complex goal, act in the physical or digital dimension by 

perceiving their environment through data acquisition, 
reasoning and deciding the best action(s) to take to achieve 
the given goal.1

The expert group also described the technical approaches in 
AI including machine learning (ML) (such as deep and rein
forcement learning), machine reasoning (such as knowledge 
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representation), and robotics (such as control, sensors, and 
actuators). In this work, we use the definition of ML and AI 
proposed by the EU high-level expert group.1

Artificial intelligence has emerged as a promising and yet 
disruptive technological advancement with the potential to 
transform health care.2–4 Studies have shown that AI can 
improve the diagnostic accuracy, support clinical decisions, 
predict risk/events, help discover drugs, and support patient 
management.5–7 Nonetheless, the ongoing incorporation of 
AI in clinical settings necessitates the development of current, 
reliable and robust guidelines, and standard frameworks that 
consider the evolving challenges of AI implementation in 
medicine.8

Several guidelines for developing and reporting ML models 
were created by experts worldwide.9,10 However, an exten
sive and continuous evaluation of guidelines is still missing to 
maintain credibility, standardization, quality of care, patient 
safety, data protection, and ethical research.11 The agile and 
ever-evolving challenges in this field impede the process of 
crafting a gold standard that would cover all aspects of devel
oping and reporting AI studies in the medical domain. For 
instance, the “hype” in developing and reporting “best-per
forming” models has recently been challenged by questions 
regarding reproducibility, explainability, governance, and 
ethical implications for use in health care.12 Generative-AI 
(GenAI) and large language models have already stimulated 
substantial discourse in science and innovation since 2022.13

Reproducibility is one of the most prominent challenges 
for AI in medicine and science in general.14 Often general tex
tual descriptions of methods and results are published, with 
oversimplistic levels of details about the necessary steps in 
preprocessing, model training and validation, and report
ing.15 A limited use of standardized ML model development 
and reporting guidelines but also the lack of standardized 
sharing practices of input data and source code hamper 
reproducibility.16,17 From a computational modeling point of 
view, sharing the model data and code would foster the reus
ability of the models to answer new research questions or 
advance the performance of the existing models,17 a topic 
that has long been discussed in other fields such as Systems 
Medicine. A previous review conducted on 72 guidance docu
ments grouped the available guidance resources in 6 phases: 
(1) data preparation, (2) AI prediction model development, 
(3) validation, (4) software development (5) impact assess
ment, and (6) implementation across identified topics.18

However, the perspective with regard to reporting guideline 
was missing. A similar review (conducted after the protocol 
of this review was published) highlighted 26 reporting guide
lines grouped into 3 categories (preclinical, translational, and 
clinical reporting guidelines).19 The study discussed 14 gen
eral reporting guidelines in medical AI research and yet the 
quality of the guidelines was not assessed.

Due to its complex and sensitive nature, experts and regu
latory stakeholders continuously seek up-to-date guidelines 
when applying AI in medicine. Often, fragments of sugges
tions and guiding frameworks are developed by different 
experts, and scientists face the challenge of choosing the 
appropriate guideline for a specific use case.20 Thus, the eval
uation of existing guidelines would help scientists to identify 
the best framework to follow in a specific project. Here, we 
performed a systematic review of available guidelines for ML 
model development and reporting in health care. We assessed 
the quality of the guidelines and summarize the ethical 

frameworks, checklists, best practices, and recommendations. 
To effectively harness the benefits of AI in medicine, it is 
essential to not only develop and update guidelines but also 
to implement well-established datasets and code-sharing con
cepts. The Findable, Accessible, Interoperable and Reusable 
(FAIR) guiding principles are the widely accepted approach 
for scientific data management and stewardship.21 Their 
applicability in making software22 and digital artifacts, such 
as ML models,23 FAIR has been shown over the past years, 
and it is evident that adherence to these principles maximizes 
research value and fosters open and reproducible science.24,25

Methods
A systematic review was conducted following the Preferred 
Reporting Items for Systematic Review and Meta-Analysis 
2020 guidelines.26 PubMed and Web of Science (WOS) data
bases were systematically searched. Two reviewers screened 
titles, abstracts, and full texts for eligibility and performed 
data extraction based on a predefined data extraction sheet. 
Quality assessment was performed using the Appraisal of 
Guidelines, Research, and Evaluation II (AGREE II) tool27

and discrepancies were resolved through consensus or third- 
party arbitration. Data synthesis and analysis were conducted 
using Python.

Protocol and registration
The protocol is published in JMIR Protocols with Digital 
Object Identifier and International Registered Report Identi
fier: DERR1-10.2196/47105.28

Eligibility criteria
All available guidelines, standard frameworks, best practices, 
checklists, and recommendations on the topic of reporting AI 
research in medicine were included irrespective of the study 
design. Studies were restricted to English language and publi
cations until June 2023.

Search strategy
A systematic literature search was commenced using medical 
subject headings terms and keywords for medicine, guide
lines, and ML (Supplementary Material S1). We used the 
PubMed and WOS databases and the Enhancing the QUAlity 
and Transparency Of health Research (EQUATOR) Net
work, which is a global initiative working toward improving 
research value by promoting robust reporting guidelines 
(http://www.equator-network.org/). Google Scholar search 
for references in selected papers led to more thorough search 
results. Then, the search results were uploaded to an online 
systematic review tool (Rayyan) and then processed with 
CADIMA,29 a free web tool facilitating the development of 
systematic reviews and associated documentation, for further 
screening and preliminary analysis.

Study selection
After removing duplicates using CADIMA, titles and 
abstracts were scanned by 2 independent reviewers (K.B.S. 
and M.R.). The reviewers then performed an independent 
review of full texts and final decisions on whether to include 
the article for data extraction were made after discussion.
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Data extraction, collection, and management
Two independent reviewers (K.B.S. and M.R.) extracted rele
vant information (such as study characteristics, study type, 
aspect, and specific disease/condition of interest if available) 
from the identified publications using a predefined informa
tion extraction sheet.

Quality and risk of bias assessment
Quality, specifically in the context of guidelines, frames the 
methodological parameters that dictate how other studies 
should be conducted, reported, and communicated. We 
assessed the quality of identified guidelines using the AGREE 
II tool.27 AGREE II measures the quality of guidelines in 6 
fundamental domains including methodological rigorousness 
and transparency of the guideline development process.27

Specifically, AGREE II contains 23 items, each rated on a 
Likert scale rating from 1 (strongly disagree) to 7 (strongly 
agree) and grouped within the following 6 domains:

Domain 1—Scope and purpose: assesses whether the 
guideline stated the main target and scope of the 
intended use of the guideline. 

Domain 2—Stakeholder involvement: assesses whether 
the guideline development process incorporated a repre
sentative view of relevant stakeholders including users. 

Domain 3—Rigor of development: evaluates the meth
odological thoroughness followed during the guideline 
development process. 

Domain 4—Clarity of presentation: assesses the clarity of 
format and language conveyed in the proposed guideline. 

Domain 5—Applicability: assesses the presentation of 
facilitators and barriers to implement the guidelines. The 
measures need to be considered for the applicability of 
the guideline. 

Domain 6—Editorial independence: assesses the statement 
with respect to funding bias and competing interests. 

Overall assessment: This domain reflects the subjective 
assessment of the evaluators regarding the overall quality 
of the guideline and their opinion in recommending the 
use. 

The assessment result and individual scores along with the 
intraclass correlation (reviewer agreement) can be found in 
Supplementary Material S2.

Analysis of the guideline quality assessment
To evaluate the risk of bias, 4 independent appraisers performed 
a quality evaluation of the 11 identified guidelines (details of 
these guidelines are given in Supplementary Material S3). The 
rating was calculated by scaling the total as a percentage of the 
maximum possible scores for a specific domain.27 For example, 
domain 1 (scope and purpose) has 3 items, scored from 1 
(strongly disagree) to 7 (strongly agree). Hence, the maximum 
possible score is 7×3×4¼84 (where 4 is the number of 
appraisers), and the minimum possible score is 1×3×4¼ 12. 
Thus, a domain score is calculated as follows: 

Domain score ¼
Obtained score � Minimum possible score

Maximum possible score – Minumum possible score 

It is important to note that each domain score is calculated 
independently, and it is neither recommended to combine 
domains nor to average the result. Item 11 and 16, which are 

specific to medical practice guidelines, were adjusted to the 
median value for all reviewers. AGREE II outline that users can 
prioritize one domain over others, creating thresholds based on 
scores for that domain (eg, high-quality guidelines are those 
with a domain 3 score >70%). Alternatively, a staged AGREE 
II appraisal can be conducted, where guidelines are first eval
uated using the prioritized domain, and only those meeting the 
threshold are assessed across the other domains.27 In this study, 
we prioritized “rigor of development,” “stakeholder 
involvement,” and “applicability” to compare and discuss 
guideline quality. We used intraclass correlation coefficient 
(ICC) to assess the interrater agreement.

Results
The initial search resulted in 4975 studies from PubMed and 
WOS databases, with additional 7 studies identified through 
manual searches in the EQUATOR Network, citation track
ing and reviewer recommendation. Two reviewers independ
ently conducted full text reviews of 266 studies and selected 9 
studies for detailed data extraction and synthesis (Figure 1). 
During the peer review process, 2 additional new guidelines 
were considered for review, making the total studies included 
11.

Table 1 indicates the main characteristics of the 11 report
ing guidelines. More details about the selected reporting 
guidelines are presented in Supplementary Material S3.

Quality assessment of the identified guidelines 
using AGREE II
The AGREE II tool has been designed to evaluate the quality 
of clinical practice guidelines.27 We found that the structured 
and generic framework can be adapted and applied effec
tively to evaluate nonclinical practice guidelines.42 The 6 core 
domains of AGREE II are universally applicable to any set of 
guidelines or recommendations (details in “Methods”), 
except for 2 items (items 11 and 16), which are specific for 
clinical practice guidelines. Its standardized evaluation proc
ess permits comparable and consistent evaluation across sev
eral guideline types. By using AGREE II in this work, we aim 
to contribute to evaluating the quality, relevance, and impact 
of nonclinical guidelines, making them a valuable resource 
for decision-makers and stakeholders. The primary domains 
of focus, in order of relevance, were:

1) The rigor of the guideline development process (AGREE 
II domain 3). We chose it because the thoroughness of 
the method followed in developing the guideline reflects 
the quality of the guideline itself. 

2) Stakeholder involvement (domain 2), which indicates 
whether all relevant stakeholders are involved. The 
premise is that engaging more stakeholders in the devel
opment process of a guideline contributes to its quality 
and usability. 

3) Applicability or instruction how the guideline can be 
used in practice (domain 5), which shows the guideline 
practicality. 

Following the guideline assessment, we calculated the 
aggregated score for each domain by scaling the total 
(obtained from the 4 reviewers) as a percentage of maximum 
possible scores (details in “Methods”).
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Our results show that the aggregate scores of scope and 
purpose/domain 1 (which range from 68.1% to 93.3%) and 
the editorial independence/domain 6 (range from 75.0% to 
97.9%) are the most satisfied criteria of AGREE II across the 
guidelines. We also observed a clear variability of domain 
scores across guidelines (Figure 2); the lowest scoring domain 
refers to domain 5/applicability with 26.0%. When compar
ing at guideline level, DECIDE-AI and TRIPODþAI have the 
highest score across most of the domains. Regarding the 
“rigor of development” (domain 3), 6 guidelines scored 
above 70% (TRIPODþAI, DECIDE-AI, APPRAISE-AI, 
CONSORT-AI, SPIRIT-AI, and TRIPOD), indicating their 
higher quality.

TRIPODþAI and DECIDE-AI are the highest quality 
guidelines with respect to rigor of development and the 
involvement of the stakeholders, followed by SPIRIT-AI, 
APPRAISE-AI, and CONSORT-AI. Moreover, the guideline 
CLEAR was scored as the highest quality with respect to 
applicability. See Figure 3 for more details.

We evaluated the interrater agreement regarding the over
all and primary domain-level consensus among the 4 evalua
tors using the ICC.43 The overall agreement among the 4 
independent evaluators regarding the quality of the guidelines 
was statistically significant ranging from ICC of 0.62 to 0.92 
with P-value< .05. The details of individual scoring and 

domain-level ICC can be found in Supplementary Material 
S2.

Contributions to better reproducibility in AI in 
medicine and beyond
Reproducibility, described as “the ability of an independent 
research team to produce the same results using the AI 
method based on the documentation made by the original 
research team,”16 requires an exact representation of all rele
vant aspects of the study development and realization. This 
includes the complete information of the used software and 
source code, the original data as well as the correct documen
tation of crucial details and precise instructions for the imple
mentation.44–46 The reproducibility in AI builds trust in the 
developed models and results.15,45 Therefore, aiming for 
reproducibility, focusing on the correct and detailed docu
mentation, and providing the necessary details regarding the 
source code and data information should be mandatory for 
every researcher and developer to achieve highly valued and 
trustful scientific findings.

Given its definition, model reproducibility comes with its 
challenges related to access to data, code, documentation, and 
clear instructions. Without the opportunity to access any of the 
given requirements, researchers fail to reproduce roughly simi
lar findings compared to the original study. The lack of proper 

Figure 1. PRISMA flowchart: reporting guidelines of AI-related studies in medicine. Reference date: June 2023. Reports: refer to the full-text articles that 
are assessed for eligibility after initial screening of records. Records: refer to individual citation of reference that are identified during the literature search. 
Abbreviation: AI, artificial intelligence.
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upkeep of essential resources, such as data, code, or instruc
tions, hinders advancements in research and impedes reprodu
cibility.47 In addition, the current academic environment 
encourages researchers to publish prototypes of their AI mod
els rather than ensuring a fully verified system,46 which also 
impacts the quality of these models. Figure 4 illustrates the 3 
important elements of medical AI research.

Standard frameworks and best practices for AI 
model reproducibility
Frameworks, guidelines, and best practices should offer guid
ance to achieve a minimum reproducibility standard to 
ensure reliable results in future studies.48

Heil et al.45 proposed a reproducibility standard at 3 differ
ent levels. According to this work, the level of reproducibility 
can be given on a time-scale based on the time needed to 
reproduce the work. The scale starts at “forever” for an 

irreproducible study and ends at “zero” for an automated 
and fast reproducible study. On this scale, the 3 degrees 
“bronze,” “silver,” and “gold” define which requirements 
have to be met to achieve reproducibility, with “bronze” 
symbolizing the bare minimum and “gold” meaning the 
research team ensured full automation. The checklist for 
reproducibility focuses on a detailed description (and publi
cation) of all used models and algorithms and the complexity 
of the analysis.49 Furthermore, any theoretical claim has to 
be proven entirely and assumptions explained. Figures, 
tables, corresponding datasets, and the work flow should be 
presented in detail.

Discussion
The systematic search resulted in 11 reporting guidelines for 
AI in medicine. The quality assessment result indicated that 

Figure 2. Parallel coordinate plot of reporting guidelines’ aggregate evaluation score across the 6 AGREE II domains.

Figure 3. Scatter plot of targeted AGREE II domains across guidelines. Each horizontal grid represents each reporting guideline and each bubble on the 
respective grid represents the guidelines’ score with respect to rigor of development (blue), stakeholder involvement (green), and applicability (yellow).
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the overall quality of available reporting guidelines with 
respect to describing the scope and purpose (domain 1) and 
editorial independence is relatively well scored across the 
guidelines. Greater variability of scores in explaining the 
applicability (domain 5) and rigor of the guideline develop
ment process (domain 3) were observed. With respect to the 
primary domain of quality evaluation in this study (domain 
3), TRIPODþAI, DECIDE-AI, APPRAISE-AI, SPIRIT-AI, 
and CONSORT-AI reporting guidelines scored the highest 
with 79.5%, 79.2%, 76%, 76%, and 75.5%, respectively. 
The secondary quality criterion, stakeholder involvement 
(domain 2), was also scored higher by the same guidelines, 
with score of 93.1%, 90.3%,73.6%, 83.3%, and 84.7%, 
respectively.

All the identified guidelines present a way of reporting studies 
as a checklist of important sections such as introduction, meth
ods, results, discussion, conclusion, and additional information 
sections. The majority of the reporting guidelines were not 
designed for AI studies per se but were extended to accommo
date studies involving AI. The extension was mostly done by 
adding additional items to the checklists that were already in 
use for reporting a certain type of research findings. For 
instance, TRIPODþAI, SPIRIT-AI, and CONSORT-AI are 
extensions of TRIPOD, SPIRIT, and CONSORT statements 
which were originally designed to report prediction models, 
clinical trial protocols, and clinical trial studies, respectively.50

There are also other guidelines in development, such as the 
Quality Assessment of Diagnostic Accuracy Studies Using AI.51

Originally designed to assess the quality of diagnostic accuracy 
studies, this framework is currently being adapted to incorpo
rate AI-based studies.

The adaptation of guidelines for AI studies clearly improve 
the completeness of the report. One step toward reproducibility 
is the publication of code and related information (see the list of 
resources for sharing code in Supplementary Material S4.

While these guidelines provide a roadmap to reproducibil
ity, they also highlight the need for a cultural transformation 
within the medical AI research community. A recent review 

highlighted that from the total of 63 clinical trials with AI 
intervention studies conducted since 2021, only 12 (19%) 
cited the CONSORT-AI reporting guideline.52 This low 
uptake illustrates the need not only for high-quality guide
lines but also for awareness and enforcement within the 
research community, which could ensure better adherence 
and thereby consistent reporting practices. This change 
should prioritize transparency, quality, and exhaustive docu
mentation over the rush to publish findings. Additionally, 
journals should take more responsibility and enforce repro
ducibility for future AI studies.15 By doing so, they support 
efforts to establish a standard within the framework of repro
ducibility and promote sustainable and transparent research.

The “rigor of development” feature assesses whether the 
following components are clearly stated in the guidelines: a 
systematic evaluation of evidence synthesis, method of devel
oping the guideline, explicit link between the guideline and 
the body of evidence, external expert revision of the devel
oped guideline and the procedure to update or modify the 
guideline is clearly stated in the suggested guidelines.27 Most 
of the identified guidelines have not considered a systematic 
synthesis of previous works. All guidelines have a justified 
rationale of their purpose and scope, whereas only half of 
them followed a standardized procedure of guideline devel
opment process such as the one suggested by the EQUATOR 
Network. However, not following a standard procedures for 
developing guidelines could result in compromised quality of 
guidelines.53

A recent publication10 reviewed the contents of AI guide
lines using translational stage of surveillance domains. The 
study showed that most guidelines discussed the importance 
of ethics, reproducibility, and transparency in AI studies but 
were less likely to engage relevant stakeholders such as 
patients, end users, and experts during the development proc
ess. This result is in line with our findings. To engage relevant 
stakeholders in the process of developing guidelines helps in 
converging efforts and maximize the utility and versatility of 
the guidelines.54 Specifically, TRIPODþAI, DECIDE-AI, 

Figure 4. Elements of transparency, reproducibility, and ethics in medical AI research. Abbreviation: AI, artificial intelligence.
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CONSORT-AI, and SPIRIT-AI guidelines involved a wide 
range of stakeholders during their development process, 
while other guidelines were developed by experts and 
researchers from different institutions without the engage
ment of potential stakeholders.

Applicability is another important gap in the identified guide
lines. To ensure a guideline’s applicability, it is essential to pro
vide a comprehensive description of the factors that facilitate or 
hinder its application. This can be a detailed presentation of 
suggested tools and instructions for using the guidelines effec
tively. It is important to outline the resource implications of 
applying the guidelines. Furthermore, monitoring or auditing 
criteria should be explicitly presented to ensure the quality and 
adherence of a guideline.27 CLEAR, which is the most recent 
reporting guideline for radiomics research,39 followed by TRI
PODþAI were few of the most applicable reporting guidelines 
in our review. The issue of applicability is not limited to the 
quality of the guidelines but also limited to study design. For 
instance, most of the quality guidelines that are widely in use in 
reporting AI-related studies are focused on clinical trials or spe
cific fields of study. In contrast, most of the studies in medical 
contexts applying AI methods are observational studies, which 
consequently creates a reporting gap in these types of studies. 
Thus, we strongly suggest that a reporting guideline for AI stud
ies in medicine, irrespective of the study design, should be devel
oped to enhance transparent reporting, reproducibility, and 
reusability, which ultimately contributes to improved health 
care. The journey toward complete reproducibility in AI 
research may be lengthy and complex, but it is a worthwhile 
endeavor. The rewards are not only for individual researchers 
but for the entire scientific community and society as a whole.

Other important aspects of AI applications in medicine are 
the moral dimensions such as bias, ethics, and governance, 
which are still prominent challenges strongly influencing the 
deployment of AI systems. A solution proposed by research
ers is to embed AI ethics in the entire AI model development 
process.55

One aspect of AI that is usually overlooked is its environ
mental implications.56 According to the characterizations of 
the carbon footprint of AI computing considering the life
cycle across large-scale use cases, the carbon emission to train 
an ML model is considerably high.57,58 We suggest that 
future reporting guidelines should include a checklist that 
encompasses the moral and environmental aspects of AI stud
ies as well.

Limitations
Using AGREE II for nonclinical guidelines has its own limita
tions. Since it is designed for clinical studies, some of the 
items in the evaluation metrics may not align perfectly with 
the nonclinical context. Currently, there is no quality assess
ment tool for measuring the quality of nonclinical practice 
guidelines involving AI. Therefore, we believe that the devel
opment of a quality assessment measure for nonclinical prac
tice guidelines including reporting guidelines should be 
considered.

Conclusions
This study systematically assessed the quality of reporting 
guidelines for AI in medicine using the AGREE II framework. 
The result underlines the importance of transparent reporting 
in AI research, particularly in health care.

Although the identified guidelines provide valuable frame
works for reporting AI research, variability in their quality, 
particularly regarding applicability, stakeholder engagement, 
and rigor of development, highlights gaps that require atten
tion. Our findings also underscore the critical importance of 
adherence to standardized development processes in creating 
robust and reliable reporting guidelines.

We conclude that future reporting guidelines should adopt 
a multidisciplinary approach, considering diverse study 
designs, open science practices, environmental impacts, and 
ethical considerations of medical AI research.

Fostering a culture of rigorous reporting and reproducibil
ity will strengthen trust in AI-driven advancements. How
ever, a significant cultural shift toward transparency is 
required. This shift should further be supported by journals 
enforcing the use of standardized reporting guidelines to 
enhance the reproducibility and reliability of medical AI stud
ies. We acknowledge that the path toward comprehensive 
reproducibility is complex but essential. Researchers, institu
tions, and journals should collaboratively ensure that AI 
research prioritizes transparency, quality, and long-term sus
tainability, benefiting both science and society.
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