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PURPOSE

To develop the REporting checklist for Foundatlon and large laNguagE models (REFINE), an inter-
national reporting guideline for transparent and reproducible reporting of foundation model (FM)
and large language model (LLM) studies in medical research, including imaging artificial intelli-
gence (Al) applications.

METHODS

The protocol was prespecified and publicly archived. A modified Delphi process was conducted
to establish reporting standards for unimodal and multimodal FM and LLM applications involving
text, imaging, and structured data. The steering committee coordinated protocol development, ex-
pert recruitment, all Delphi rounds, and the harmonization phase. Decisions were made based on
predefined consensus thresholds. In Rounds 1 and 2, structured ratings and free-text feedback in-
formed iterative revisions. In the post-Delphi harmonization phase, terminology was standardized,
and detailed reporting instructions were finalized.

RESULTS

The REFINE development group comprised 57 contributors from 17 countries, and 54 panelists
from 16 countries completed Rounds 1 and 2. The harmonization phase was completed by three
expert panelists and the steering committee. The entire process produced a 44-item, six-section
framework with standardized terminology and detailed reporting instructions, supported by an
online platform for practical use (https://refinechecklist.github.io/refine/checklist.html).

CONCLUSION
The REFINE provides a comprehensive, consensus-based reporting standard for medical FM and
LLM research, including imaging Al studies. The online version facilitates practical implementation.
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CLINICAL SIGNIFICANCE

The REFINE enables transparent, comparable, and reproducible reporting of FM and LLM studies,
supporting reliable evidence synthesis in medical and imaging-focused Al studies.
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he rapid integration of foundation
Tmodels (FMs) and large language mod-

els (LLMs) into medicine, ranging from
complex diagnostics to patient triage,'? is
outpacing the scientific community’s capac-
ity to conduct rigorous evaluation. These
concerns are amplified by the opaque and
stochastic behavior of these systems, which
limits the applicability of traditional report-
ing guidelines and contributes to the grow-
ing challenge of ensuring reproducibility.

Although several meta-analyses have
evaluated LLMs in healthcare, their reliability
is limited by fragmented and inconsistent re-
porting.>’ The lack of standardized method-
ologies and reporting practices, combined
with the proprietary black-box nature of
these systems, makes comparison of findings
challenging.37#

FMs and LLMs require distinct reporting
standards because their behavior depends
on factors that are largely not captured in tra-
ditional checklists. These include sensitivity
to prompting strategies,”' training dataset
specification (e.g., knowledge cutoffs),'? and
the stochastic nature of output generation
(e.g., influenced by temperature).>* Fur-
thermore, the scale of these models requires
stronger governance regarding intended
use, safety, and bias.”

To address these gaps, this paper intro-
duces the REporting checklist for Founda-
tlon and large laNguagE models (REFINE)
in medical research (Figure 1). The REFINE

* The REporting checklist for Foundatlon
and large laNguagE models (REFINE) is an
international Delphi-based reporting guide-
line for studies that use foundation models
(FMs) and large language models (LLMs) in
medical research.

* The guideline covers six domains: model
specification, prompt design, stochasticity
control, dataset integrity, output evaluation,
and implementation.

* The REFINE items capture critical risks and
dependencies inherent to FMs and LLMs
that are not entirely addressed in previous
reporting frameworks.

* The REFINE is supported by an open, easy-
to-use, and multifunctional online platform
(https://refinechecklist.github.io/refine/
checklist.ntml).

* Using the REFINE can improve the transpar-
ency, reproducibility, and critical appraisal
of FM and LLM studies for all key stakehold-
ers, including authors, reviewers, and jour-
nal editors.

is a consensus-based checklist that pro-
vides clear, item-level guidance to support
rigorous reporting and critical appraisal of
FM- and LLM-based generative artificial in-
telligence (Al) studies in medical research,
including imaging-focused studies.

Methods

Study design

The REFINE was developed using a mod-
ified Delphi process. A steering committee
(IM, TAD, and BK) developed the protocol and
initial set of items, coordinated panel recruit-
ment, and conducted all Delphi rounds and
the harmonization phase.

The prespecified protocol, including vot-
ing rules, consensus thresholds, and round
closure criteria, was deposited on the Open
Science Framework before recruitment and
was followed without significant deviation. It
can be accessed via the following reference.®

Scope definition

The steering group defined the scope to
develop reporting standards for FMs and
LLMs in medical research. Both unimodal and
multimodal applications, including text-only,
imaging, and structured data studies, are
within the scope. The principal intended us-
ers of the REFINE are researchers who design,

conduct, report, and assess studies involving
these models, including authors, reviewers,
and editors across medical fields.

Initial item development

First, a review of the relevant literature,
including guidelines and methodological
works, was conducted.””?® Based on this
review, an initial item set was drafted, re-
fined for clarity, and organized into distinct
sections. This initial item set was used for
Round 1.

Panel selection and recruitment

Experts were selected to ensure broad
representation across clinical imaging, ma-
chine learning, FM and LLM development,
medical informatics, methodology, and edi-
torial domains. Invitations were sent directly
via email and briefly outlined the aims of the
REFINE, the Delphi process, and the co-au-
thorship criteria. Email addresses were used
strictly for recruitment and were not linked
to survey response data to ensure anonymity.

Anonymity and consent

Each panelist received a unique code to
maintain anonymity during voting. These
codes enabled tracking of participation while
keeping individual responses anonymous.
Consent was implied through the entry of
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Figure 1. Key features of the REFINE reporting guideline. The QR code links to the online REFINE platform.

(https://refinechecklist.github.io/refine/checklist.ntml).
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the code and the submission of responses.
No email addresses were collected. Respons-
es were stored securely and used exclusively
for the REFINE project.

Consensus criteria and decision rules

Panelists rated each item as “keep as
is,” "keep with modification,” “remove,” or
“unsure.” “Unsure” responses did not count
toward consensus. Consensus to keep an
item required at least 75% of panelists se-
lecting either “keep as is” or “keep with
modification.” If one-third or more of these
votes indicated “keep with modification,”
the item was revised according to panelists’
comments. Consensus to remove an item
required at least 75% of panelists select-
ing “remove.’ Items without consensus, as
well as those meeting the keep threshold
but exceeding the modification threshold,
were revised and re-rated in the next round.
Items still lacking consensus after Round 2
were removed.

New items were added if proposed by at
least two panelists or by one panelist with
steering group approval.

Free-text comments were collected for
each item, each section, and at the end of
Rounds 1 and 2 to inform potential item re-
visions.

In all other procedural decisions, the
steering committee acted by majority vote.

Modified Delphi procedure

Stage 1 (preparation)

The steering group refined the initial
items and section structure and tested the
survey internally before distributing it to the
panelists.

Stage 2 (voting rounds and harmonization
phase)

Round 1 (the first formal Delphi round): All
items were presented to the entire panel via
Google Forms. Panelists provided ratings and
free-text comments. The round remained
open for 2 weeks, with extensions permitted
to maintain adequate participation.

Round 2 (the second formal Delphi round):
Items that did not reach consensus, items
that reached consensus but required revision
based on Round 1 feedback, and any newly
proposed items were re-rated. In this round,
panelists were also asked to indicate which
response options the final checklist should
include: i) Yes, No, and N/A or ii) Yes, Partial,
No, and N/A. The round remained open for

another 2 weeks, with extensions permitted
to maintain adequate participation.

Post-Delphi harmonization phase: Follow-
ing Round 2, the steering committee drafted
reporting instructions for each item and invit-
ed a small expert group (CB, KB, and RC) from
the panel to review them and provide revi-
sions when needed. Under the direction of
the steering committee, this group resolved
remaining issues, finalized item placement
and wording, and established standardized
terminology through discussion. This stage
produced the final checklist. This phase took
place in Google Docs and remained open for
2 weeks.

Statistical analysis

Responses were summarized using de-
scriptive statistics, including proportions
meeting the prespecified consensus thresh-
olds. No additional complex statistical analy-
ses were required.

Results

Expert panel characteristics and participa-
tion

A total of 55 experts were invited, of
whom 54 participated in the Delphi voting
rounds, representing 16 countries and mul-
tiple disciplines. Including the three steering
committee members, the REFINE develop-
ment group comprised 57 contributors from
17 countries. The combined group composi-
tion reflects a high concentration of exper-
tise in radiology-driven Al (68%) and partic-
ipants predominantly from Germany and the
United States (51%), as detailed in Figures 2
and 3.

In Round 1, 54 panelists submitted com-
plete ratings. In Round 2, the same 54 pan-
elists participated. No withdrawals occurred
while the rounds were open.

Item evolution

The initial draft included 39 items across
five sections. In Round 1, all items met the
consensus threshold. Three exceeded the
modification threshold and required re-vot-
ing; one of these was split into two, yielding
four items for re-evaluation. Panel feedback
also led to editorial refinements and several
new item proposals.

Round 2 evaluated 13 items in total: the
four re-evaluation items and nine new pro-
posals. A new section was added, and items
were reassigned accordingly. All 13 items
achieved consensus, followed by further
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editorial adjustments and expanded instruc-
tional text.

Across the rounds, some consensus items
were split into distinct items or combined
into a single item to improve clarity.

The harmonization phase finalized the
checklist structure, item names and wording,
and detailed reporting instructions while
maintaining the six-section framework es-
tablished in Round 2.

Terminology and definitions established
and used in the REFINE

To reduce ambiguity in the reporting of
FMs and LLMs, the steering committee and
the selected expert group established a set
of standardized terms during the harmoniza-
tion phase. These terms describe key stages
of model development and evaluation. The
standardized terminology is presented in
Table 1.

Final REFINE structure

The final REFINE checklist contains 44
items across six sections (model specifica-
tion, prompt design, stochasticity control,
dataset integrity, output evaluation, and
implementation). Table 2 provides the com-
plete REFINE checklist. Figure 4 summarizes
the consensus statistics for all finalized RE-
FINE items.

Each item includes concise but detailed
reporting instructions to support consistent
reporting. These instructions clarify intent
and provide practical guidance for authors.
Table 3 presents the full set of item-level re-
porting instructions.

The response set used in the final check-
list (Yes, Partial, No, and N/A) reflects the pref-
erence expressed by the absolute majority of
panelists during Round 2.

Web version of the REFINE

A mobile-compatible online version of the
REFINE is available at https://refinechecklist.
github.io/refine/checklist.html. This version
is practical to use and is the recommended
format. It integrates the content presented
in Tables 2 and 3 by linking each item to its
reporting instructions through a tooltip. The
online version also provides a real-time sum-
mary of completion by section and overall
completion. Users can print the checklist to
PDF for submission along with their manu-
script, export the data as an Excel table for
use in systematic reviews, and download the
summary statistics image for presentation of

Mese et al.



Figure 2. Combined country and region distribution of the panelists and steering committee.

No, number of contributors.

Editorial Roles
8.8%

Radiology-Driven Al/ML
68.4%

Imaging Informatics
10.5%

Non-Radiology Al/ML
12.3%

Figure 3. Committee-assigned expertise distribution across the REFINE Delphi panelists and steering

committee members.

REFINE, REporting checklist for Foundatlon and large laNguagE models; Al, artificial intelligence; ML, machine learning.

their research. Figure 5 illustrates the main
functionalities of the web version of the RE-
FINE.

Discussion

Principal findings

In this study, we developed the REFINE,
a consensus-based reporting guideline de-
signed to address the opacity and heteroge-

neity of FMs and LLMs in medical research.
Unlike general Al reporting guidelines, the
REFINE explicitly targets sources of variability
and risks unique to generative Al, spanning
model specification, prompt design, stochas-
ticity control, dataset integrity, output eval-
uation, and implementation. By grounding
the checklist in a formal international Delphi
consensus process, the REFINE provides a
pragmatic standard to improve the quality,
consistency, and reproducibility of this rap-

No.

18
|

idly evolving field. Although the consensus
panel included strong representation from
imaging-related disciplines, the resulting
checklist items, particularly those governing
prompt engineering, stochasticity control,
and dataset contamination, address fun-
damental properties of FMs and LLMs that
apply to text-only, multimodal, and imaging
workflows alike.

Relation to existing guidelines

The REFINE is designed to complement
established EQUATOR-aligned guidelines.
Frameworks such as CLAIM*3° CON-
SORT-AI,?" TRIPOD-AI,** and STARD-AI* pro-
vide a robust foundation for study design,
participant selection, reference standards,
and performance metrics but were devel-
oped before the widespread adoption of
generative Al. Consequently, they offer limit-
ed coverage of several characteristics specif-
ic to FMs and LLMs, such as stochasticity and
prompt engineering.

Recent efforts have emerged to address
this reporting gap.'”'***%” The TRIPOD-LLM
framework extends TRIPOD-AI using a mod-
ular checklist to cover model development
and evaluation, specifically within the con-
text of diagnostic and prognostic prediction
models.' Similarly, MI-CLEAR-LLM establish-
es minimum reporting items for accuracy

REFINE: reporting checklist for foundation and large language models «



Table 1. Standardized terminology used in the REFINE

Term Definition
Trainin The process of optimizing a model’s parameters using data and an objective function to minimize a defined loss metric
9 through iterative gradient updates.
Bietraining Training performed on large-scale, general, or weakly supervised datasets, often via self-supervised learning, to develop broad

Post-training

Fine-tuning

Inference-time adaptation

Alignment

Testing

Validation

representations and foundational capabilities.

The subsequent optimization phase that includes supervised fine-tuning, instruction tuning, task-specific or domain-specific
adaptation, and alignment methods such as reinforcement learning from human feedback (RLHF), reinforcement learning from
artificial intelligence feedback (RLAIF), and direct preference optimization (DPO). This phase refines the pretrained model’s
behavior toward human intent, safety, or specialized performance.

A targeted form of post-training focused on adapting model weights for a particular task, dataset, or domain to achieve an
explicit objective such as classification accuracy or instruction adherence.

Adaptation without weight updates, achieved through context conditioning or external mechanisms such as prompting,
retrieval-augmented generation, tool integration, or dynamic hyperparameter selection.

Steering model behavior toward human intent or domain goals, achieved through weight-updating post-training methods
such as RLHF, RLAIF, or DPO or through inference-time methods such as prompting or retrieval.

Final, strictly unseen hold-out evaluation performed once, with no design choices informed by test feedback.

Any confirmation process that does not refer to a held-out data partition (i.e., not validation or testing splits). Throughout
this checklist, “validation” refers to verifying the correctness or adequacy of procedures and is not used to denote a machine
learning validation dataset due to its ambiguity.

REFINE, REporting checklist for Foundatlon and large laNguagE models.

reports in healthcare, with a specific focus
on handling stochasticity, prompt syntax
transparency, and model access modes.'”*’
To accommodate varying levels of technical
depth, the DEAL checklist introduces dual
pathways, one for advanced model devel-

opment and another for off-the-shelf appli-
cations.”

Other initiatives target specific use cases
or ethical dimensions. The CHART statement
focuses on studies evaluating chatbot health

advice, emphasizing query strategies and
prompt engineering for clinical advice sum-
marization;** CANGARU addresses the ethi-
cal use and disclosure of generative Al tools
within the academic writing and publishing
process itself.3 Additionally, CRAFT-MD pro-

Keep with Consensus
Section Item Keep asis Modification Remove Unsure to Keep Origin of
1. Model Specification 1.1 Model name, vendor per, versi , release date, and nowledge cutoff date 79.6 204 0.0 0.0 100.0 Round 1
1.2 Model architecture and key characteristics 833 74 74 19 925 Round 2 (re-voted)
1.3 Model pretraining, post-training, and inference-time adaptation strategy 85.2 1.1 19 1.9 98.1 Round 2 (re-voted)
1.4 Modality support details (input and output) and limitations 83.3 16.7 0.0 0.0 100.0 Round 2 (re-voted)
1.5 Language capabilities 796 9.3 56 56 94.1 Round 2 (re-voted)
1.6 Model access 778 204 19 0.0 98.1 Round 1
1.7 Sharing of code, data, and model artifacts 815 185 0.0 0.0 100.0 Round 2 (proposed)
1.8 Computational requirements 75.9 204 19 1.9 98.1 Round 1
2. Prompt Design 2.1 Prompt engineering protocol with versioning 90.7 3.7 19 3.7 98.0 Round 2 (proposed)
2.2 Prompting strategy, format, and length 77.8 19.45 1.85 0.95 98.1 Round 1*
2.3 Prompt modality, language, technical input specification, and full content 944 3.7 19 0.0 98.1 Round 2 (proposed)
2.4 Integration of relevant patient clinical context 833 111 19 37 98.0 Round 1
2.5 Interaction style and session memory policy 704 16.7 9.3 3.7 90.4 Round 1
2.6 Output handling 815 193 37 37 96.2 Round 2 (proposed)
3. Stochasticity Control 3.1 Generation parameters 76.9 15.8 19 5.6 98.0 Round 1*
3.2 Prompt operator characteristics and number of prompt attempts 70.4 18.5 37 74 96.0 Round 1
3.3 Output selection 75.9 13.0 1.9 9.3 97.9 Round 1
4. Dataset Integrity 4.1 Dataset name, version, access type, source citation, license, and compliance statement 833 16.7 0.0 0.0 100.0 Round 1
4.2 Dataset origin 833 16.7 0.0 0.0 100.0 Round 2 (proposed)
4.3 Ethics and consent statements 926 56 1.9 0.0 98.1 Round 1
4.4 Prior dataset usage and publication date 741 14.8 5.6 5.6 94.1 Round 1
4.5 Dataset composition and data synthesis details 741 241 1.9 0.0 98.1 Round 1
4.6 Sample characteristics and representational bias analysis 85.2 14.8 0.0 0.0 100.0 Round 1
47 and lificati 833 14.8 0.0 19 100.0 Round 1
4.8 Preprocessing and data pairing/registration 87.0 13.0 0.0 0.0 100.0 Round 1
4.9 Missing data extent, mechanism, and handling 926 56 1.9 0.0 98.1 Round 1
4.10 Separation of training, fine-tuning, internal testing, and external testing datasets 70.4 278 0.0 19 100.0 Round 1
5. Output Evaluation 5.1 Output evaluation method and performance metrics 78.7 213 0.0 0.0 100.0 Round 1*
5.2 Human evaluator characteristics and reliability analysis 90.7 9.3 0.0 0.0 100.0 Round 1
5.3 Statistical analysis of evaluation results 944 5.6 0.0 0.0 100.0 Round 2 (proposed)
5.4 Subgroup performance and output bias assessment 79.7 1.1 37 56 96.1 Round 1*
5.5 Failure analysis and error metrics 833 13.0 19 19 98.1 Round 2 (proposed)
5.6 Output icity and repi ibility co 81.5 13.0 19 37 98.0 Round 1
5.7 Performance effects of different prompt strategies and revisions 66.7 13.0 1.1 9.3 87.8 Round 1
5.8 Model version comparisons and temporal performance variation 64.8 222 74 5.6 92.2 Round 1
5.9 Methods for explainability and interpretability of model outputs 815 11 37 37 96.2 Round 1
5.10 Comparison with clinically relevant benchmarks 77.8 14.8 37 37 96.2 Round 1
6. Implementation 6.1 Declared intended application and scope of use 722 222 19 37 98.0 Round 1
6.2 Clinical workflow integration 79.6 13.0 19 5.6 98.0 Round 2 (proposed)
6.3 Measured clinical utility or added value 90.7 74 1.9 0.0 98.1 Round 1
6.4 Model limitations, explicit clinical non-use cases, and potential misuse considerations 59.3 222 13.0 56 86.2 Round 1
6.5 Safety testing and monitoring protocols 722 204 37 3.7 96.2 Round 1
6.6 Data security and privacy safeguards 852 74 37 37 96.2 Round 2 (proposed)**
6.7 Governance, auditability, and oversight 85.2 74 37 3.7 96.2 Round 2 (proposed)™

Figure 4. Consensus voting results for the finalized REFINE items. Bars indicate the percentage of panelists selecting each response option for each item across six
sections. The rightmost column summarizes consensus to keep using a heat map, and the final column indicates the Delphi round from which the statistics were
derived. Percentages may not sum to 100 due to rounding.

*Average of merged items; ** Split from a parent item. REFINE, REporting checklist for Foundatlon and large laNguagE models.
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Table 2. The REFINE checklist
Reported

Section Item Yes  Partiall No N/A Location

1.1 Model name, vendor/developer, version/identifier, release date, and training/knowledge cutoff date

1.2 Model architecture and key characteristics

1.3 Model pretraining, post-training, and inference-time adaptation strategy

1. Model 1.4 Modality support details (input and output) and limitations

specification 1.5 Language capabilities

1.6 Model access

1.7 Sharing of code, data, and model artifacts

1.8 Computational requirements

2.1 Prompt engineering protocol with versioning

2.2 Prompting strategy, format, and length

2.Promptdesign 53 Prompt modality, language, technical input specification, and full content

2.4 Integration of relevant patient clinical context

2.5 Interaction style and session memory policy

2.6 Output handling

3.1 Generation parameters

3. Stochasticit: isti
ochasticlty 3.2 Prompt operator characteristics and number of prompt attempts

control
3.3 Output selection

4.1 Dataset name, version, access type, source citation, license, and compliance statement

4.2 Dataset origin

4.3 Ethics and consent statements

4.4 Prior dataset usage and publication date

4. Dataset 4.5 Dataset composition and data synthesis details

integrity 4.6 Sample characteristics and representational bias analysis

4.7 Reference standard and annotator qualifications

4.8 Preprocessing and data pairing/registration

4.9 Missing data extent, mechanism, and handling

4.10 Separation of training, fine-tuning, internal testing, and external testing datasets

5.1 Output evaluation method and performance metrics

5.2 Human evaluator characteristics and reliability analysis

5.3 Statistical analysis of evaluation results

5.4 Subgroup performance and output bias assessment

5. Output 5.5 Failure analysis and error metrics

evaluation 5.6 Output stochasticity and reproducibility constraints

5.7 Performance effects of different prompt strategies and revisions

5.8 Model version comparisons and temporal performance variation

5.9 Methods for explainability and interpretability of model outputs

5.10 Comparison with clinically relevant benchmarks

6.1 Declared intended application and scope of use

6.2 Clinical workflow integration

6.3 Measured clinical utility or added value

6. Implementation 6.4 Model limitations, explicit clinical non-use cases, and potential misuse considerations

6.5 Safety testing and monitoring protocols

6.6 Data security and privacy safeguards

{0 o
N O o
{0 o
N O o

6.7 Governance, auditability, and oversight

REFINE, REporting checklist for Foundatlon and large laNguagE models; N/A; not applicable.
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2. Prompt Design

3. Stochasticity Control
4. Dataset Integrity

5. Output Evaluation

6. Implementation

Overall

Print to PDF

y of Checklist C
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Download Summary

Figure 5. Web-based interface of the REFINE checklist. Panel A shows a portion of the interactive checklist—hovering over the information icon next to each item
reveals detailed reporting instructions. Panel B shows the automated summary of checklist completion by section, with options to print the checklist to PDF, export
the data to Excel, and download the summary statistics image.

vides a framework specifically for evaluating
conversational reasoning through simulated
doctor-patient interactions rather than a
general reporting structure for study meth-
odology.®

The REFINE distinguishes itself within
this ecosystem by integrating technical re-
producibility with broader implementation
governance. Although guidelines such as MI-
CLEAR-LLM focus on the details of accuracy
testing (e.g., temperature settings, prompt
syntax) to some extent, the REFINE expands
these requirements and extends them across
the full study lifecycle, mandating report-
ing on dataset integrity (e.g., contamina-
tion risks, representational bias) and clinical
implementation (e.g., workflow integration,
failure analysis, and safety protocols). Thus,
the REFINE serves as a comprehensive stan-
dard for documenting both the generative
parameters and the clinical reliability of FM
and LLM studies.

The REFINE is also intended to be used
alongside other Al reporting tools. For ex-
ample, a randomized trial involving an LLM
would report the trial design using CON-
SORT-Al and the model methodology using
the REFINE.

Contributions of the REFINE

The REFINE introduces critical reporting
requirements that address the non-deter-
ministic nature of generative Al. First, it man-
dates detailed reporting of model specifica-
tions. Unlike traditional algorithms, models
with similar names may differ considerably
due to access configuration, quantization,
tooling, and safety alignment layers, all of
which determine validity and generalizabil-
ity.3#% Second, the REFINE requires explicit
documentation of prompt engineering pro-

tocols with the same rigor as code in deter-
ministic algorithms, including the specific
context provided. Third, it enforces detailed
reporting of generation parameters (e.g.,
temperature, top-p), which can significantly
reshape output distributions and are critical
for model performance and reproducibil-
ity.3244445 Without these, identical models
may produce divergent outputs, rendering a
study irreproducible. Fourth, the REFINE ad-
dresses dataset integrity by assessing the risk
of contamination (i.e., overlap between eval-
uation datasets and the model’s pretraining
corpus), which is a major challenge for fair-
ly evaluating FM and LLM performance.*6#
Fifth, the REFINE emphasizes structured
reporting of interaction style, session mem-
ory, tool use, retrieval-augmented genera-
tion, and multimodal integration, which are
central to modern FM and LLM applications.
Finally, the REFINE incorporates implemen-
tation-focused items, requiring authors to
report monitoring for misuse and failure
modes specific to clinical workflows.

Practical use and implementation

The REFINE serves as a comprehensive,
practical tool for multiple stakeholders. For
authors, the core checklist acts as a prospec-
tive design aid to ensure key elements are
considered during study planning, whereas
detailed item instructions support manu-
script preparation. For reviewers and editors,
the REFINE can serve as a structured apprais-
al tool to systematically evaluate method-
ological transparency, reducing reliance on
individual familiarity with rapidly evolving
technical details. It can also help identify spe-
cific gaps that limit interpretability or repro-
ducibility.

The REFINE has the potential to be ad-
opted and reinforced at the level of journals,
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conferences, and professional societies. We
propose that journals integrate the REFINE
into their author instructions and editorial
policies to normalize the use of these stan-
dards. Endorsement by major bodies or soci-
eties may facilitate broader adoption.

Strengths and limitations

The REFINE has several notable strengths.
First, it was developed by an international
and multidisciplinary panel, which supports
its applicability across settings. Second, the
checklist was developed through a pre-
defined and transparent Delphi process with
explicit consensus thresholds and decision
rules, thereby reducing the risk of bias. Third,
the availability of a user-friendly online plat-
form further facilitates practical and consis-
tent use. Fourth, the REFINE is applicable
across diverse study designs; the inclusion of
an “N/A" option functions as a deliberate fil-
tering mechanism, allowing investigators to
exclude non-applicable items without penal-
izing overall checklist completion.

The REFINE also has several limitations.
Although the panel was international and
multidisciplinary, its composition may still
introduce bias, including a predominance
of imaging experts and an underrepresenta-
tion of certain geographies, specialties, and
stakeholder groups. Consequently, some do-
main-specific reporting needs, particularly
those outside imaging-intensive disciplines
or resource-rich healthcare contexts, may
not be fully captured. Furthermore, although
the checklist was developed via expert con-
sensus, formal pilot testing with external
users to validate usability was not conduct-
ed before release. In addition, the modified
Delphi process, though systematic, remains
dependent on subjective judgments. Finally,
the REFINE was developed in the context of
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Table 3. The REFINE reporting instructions

Section

Items and reporting instructions

1. Model specification

2. Prompt design

1.1 Model name, vendor/developer, version/identifier, release date, and training/knowledge cutoff date. Report the full
model identity. Specify the model name (e.g., GPT-5), vendor or developer (e.g., OpenAl or Stanford University), version or
application programming interface (API) identifier (e.g., 5 or GPT-5-2025-08-07), and model release date. If an official release date
is unavailable, report the date accessed and cite the model card or changelog version. Also report the training or knowledge
cutoff date (if provided), which defines the latest point up to which the model was trained.

1.2 Model architecture and key characteristics. Report the model’s foundational architecture (e.g., transformer or state-space
models) and any key design features (e.g., mixture-of-experts or diffusion-based models). Include parameter count if available.
For multimodal models, specify the image encoder architecture (e.g., ResNet or vision transformer) and the fusion strategy (e.g.,
cross-attention) if available.

1.3 Model pretraining, post-training, and inference-time adaptation strategy. Describe how the model was developed or
adapted for the study task. Indicate whether the study involved training a new foundation model (pretraining from scratch or
continued pretraining) or post-training an existing one. For training, summarize the pretraining corpus and objectives. For post-
training, specify whether it involved tuning or alignment and whether model weights were updated. If weights were updated,
state the method (e.g., supervised fine-tuning or reinforcement learning) and the technique (e.g., full fine-tuning or parameter-
efficient fine-tuning), including key details such as dataset size, steps/epochs, batch size, and optimizer. If no weight updates
were performed, describe the inference-time adaptation strategy (e.g., prompting or retrieval-augmented generation), and
report any external tools or APIs used at inference. Indicate whether clinical data were included, and clearly specify the stage(s) at
which they were used (pretraining, post-training, or inference-time adaptation).

1.4 Modality support details (input and output) and limitations. Report the input and output modalities supported by the
model (e.g., text, image, audio, and video). Describe any technical limitations, such as maximum context length (e.g., up to 128k
tokens), image resolution constraints (e.g., <1,024 x 1,024 pixels), patch size, or input-pipeline restrictions (e.g., DICOM files
require prior conversion to image tensors; only 2D images are accepted).

1.5 Language capabilities. Report the languages in which the model has been evaluated or explicitly tested, and specify any
known limitations or domain specialization (e.g., medical English, radiology-specific Turkish, or German for lay explanations). If
applicable, indicate whether performance across languages was assessed or remains unverified.

1.6 Model access. Describe how the model was accessed during the study. Specify whether access was through a graphical user
interface (e.g., chat platform) or an API. For APl access, indicate whether it was locally hosted, securely hosted (e.g., an enterprise
cloud), or publicly hosted.

1.7 Sharing of code, data, and model artifacts. State the availability of study materials that support reproducibility, including
code repositories (e.g., GitHub), any artifacts such as processed datasets, model weights, or checkpoints (e.g., Hugging Face),
and study datasets (e.g., Kaggle, Zenodo, or Hugging Face). Provide access links where applicable. If any component is not
publicly available, include a clear statement of unavailability and the reason (e.g., provider restrictions, licensing limitations, or
institutional policy).

1.8 Computational requirements. Report the computational resources required for model development and use. Specify
hardware and resource needs for different stages, including training, fine-tuning, alignment, and inference (e.g., graphics
processing unit/tensor processing unit type, number of compute nodes, memory requirements, runtime, or cloud compute
specifications).

2.1 Prompt engineering protocol with versioning. Report the protocol used for prompt engineering and the development
process [e.g., iterative testing of prompt variants with predefined success metrics, human-in-the-loop review with inter-rater
checks, or automated prompt optimization (e.g., DSPy)]. Describe contributors involved (e.g., domain experts or engineers), data
partitioning used during prompt development, and any automated tools or optimization frameworks applied. Provide a version
history of prompts, summarizing major changes across iterations.

2.2 Prompting strategy, format, and length. Describe how prompts were constructed and used. Specify the prompting strategy
(e.g., zero-shot with task instructions, few-shot using exemplar inputs, or chain-of-thought prompting), the prompt format (e.g.,
structured templates with placeholders or open-ended queries for text prompts; a single image, a multi-image set, or region
annotations/bounding boxes for image prompts), and prompt length (e.g., short directive prompts vs. long multi-context
prompts).

2.3 Prompt modality, language, technical input specification, and full content. Specify the prompt modality (e.g., text,

image, or audio), type of input(s) (e.g., chest X-ray images, discharge summary text, or pathology reports), and the language

(if text prompts are used or images contain text). Include relevant technical characteristics such as resolution, encoding, or
preprocessing applied before input conversion. Specify whether and how prior studies or longitudinal data were included in the
prompt for comparison. Provide the full prompt content used in the study (e.g., verbatim text for text prompts or representative
examples for non-text prompts).

2.4 Integration of relevant patient clinical context. Describe how patient-specific clinical information was incorporated into
prompts. Specify what types of context were included (e.g., age, sex, key comorbidities, prior treatments, and relevant medical
history), how this information was selected (e.g., based on predefined criteria, guideline-driven relevance, or expert curation),
and how it was standardized (e.g., ICD codes for diagnoses, SNOMED CT for procedures, RxNorm for medications, and Bl-/LI-/PI-
RADS for imaging). Also state the source of the clinical information (e.g., electronic health records, radiology reports, or patient
summaries).

2.5 Interaction style and session memory policy. Specify how users interacted with the model. Indicate whether the workflow
used a single-turn interaction (independent one-shot queries) or a multi-turn conversation in which previous messages influence
later responses. Also report the memory policy, whether prior context was retained across messages in the same conversation
and reset after closing the session (i.e., session memory policy) or whether prior context was retained across different
conversations (i.e., persistent memory policy), to clarify how much conversational history shaped the model’s outputs.
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Table 3. Continued

Section

Items and reporting instructions

2. Prompt design

3. Stochasticity control

4. Dataset integrity

2.6 Output handling. Report how model outputs were controlled and managed after generation. Describe the output format
used (e.g., structured JSON, free text, or tabular form). Specify the level of control applied: i, no control; ii, control in prompt only;
iii, control during generation (e.g., guided generation or JSON mode with schema validation); or iv, control after generation

(e.g., checking for information completeness, validating against a ground truth, or validating against a schema). Describe how
constraints or output schemas were enforced and any further validation schemes applied (e.g., clinical plausibility review).

3.1 Generation parameters. Report all model generation settings used during output generation for all modalities (e.g., text,
image, and others). For text generation, specify parameters such as temperature, top-k/top-p sampling, maximum output tokens,
repetition or frequency penalties, and any random seed used. For image generation, include the number of inference steps,
scheduler type, output resolution, and guidance scale.

3.2 Prompt operator characteristics and number of prompt attempts. Specify who interacted with the model. Report these
operators'roles (e.g., clinician, researcher, attending radiologist, resident, or technologist) and experience levels (e.g., years of
practice, Al familiarity, or training status). Also specify how many prompt attempts were made.

3.3 Output selection. Describe how the final model output(s) were selected. If multiple generations were sampled, detail

the selection criteria. Specify whether final outputs were expert-reviewed (e.g., radiologist selected best response), randomly
selected (e.g,, first output used without filtering), consensus-based (e.g., agreement among multiple reviewers), algorithmic (e.g.,
ranking by confidence score), or Al-automated (e.g., pipeline-selected output). Report tie-break rules and any rejection filters.

4.1 Dataset name, version, access type, source citation, license, and compliance statement. Clearly report the dataset used

to ensure transparency and traceability. Include the dataset name and version (e.g., MIMIC-CXR v2.0, LIDC-IDRI, or BraTS 2023),
access type (public, restricted, or private), and citation of the data source. For private datasets, specify the institution or repository
name and how the data were accessed (e.g., through departmental electronic health records, institutional PACS, or a trial
repository). Also include license details (e.g., PhysioNet Credentialed Health Data License; RSNA data agreement) and a statement
confirming compliance with data use agreements or institutional approvals.

4.2 Dataset origin. Specify whether the dataset was collected from a single site or multiple centers. For multi-center datasets,
indicate the number and type of institutions (e.g., academic medical centers or community hospitals) and whether the data were
international or regional.

4.3 Ethics and consent statements. Specify institutional review board or ethics committee approval status, including the
approval number if applicable. If informed consent was waived, provide a brief justification (e.g., retrospective anonymized data).

4.4 Prior dataset usage and publication date. Report any prior usage of the dataset that could affect the evaluation of
independence, particularly prior work by the authors or institution. For widely used public datasets, a general acknowledgment
of their established use is sufficient. Also state the dataset’s publication or public release date, as datasets made public before a
model’s pretraining cutoff may carry a risk of contamination. If usage details are limited by proprietary restrictions, explicitly state
the limitations and their source.

4.5 Dataset composition and data synthesis details. Report the composition of the dataset, specifying whether it includes
real clinical data, synthetic data, or a combination of both. For public datasets, citing the original source and providing a brief
description is sufficient. For private or newly published datasets, disclose the data generation method (e.g., LLM-based report
synthesis, diffusion model for MR image synthesis, or generative adversarial network-based augmentation of CT scans) and the
proportion of synthetic data in the dataset.

4.6 Sample characteristics and representational bias analysis. Report key characteristics of the dataset population to assess
fairness and generalizability. Include demographics (e.g., age distribution and sex balance), clinical characteristics (e.g., disease
types and severity levels), and data composition (e.g., imaging modality, number of classes, and case distribution). Also evaluate
representational bias by analyzing subgroup coverage (e.g., underrepresentation of certain age groups, sex imbalance, or limited
geographic diversity).

4.7 Reference standard and annotator qualifications. Define how the reference standard in the dataset was established. Specify
the type of reference standard used (e.g., pathology-confirmed diagnosis, radiology report, clinical follow-up, or expert panel
consensus) and describe the annotator qualifications (e.g., board-certified radiologist with 10 years of experience, pathology
fellow, or multidisciplinary tumor board). Include the number of annotators and any disagreement-resolution process.

4.8 Preprocessing and data pairing/registration. Describe all preprocessing steps applied to the dataset before model use. For
text data, specify methods for de-identification/anonymization (e.g., removal of protected health information or natural language
processing-based redaction). For imaging data, report pairing or registration procedures (e.g., linking reports to imaging studies,
spatial alignment across sequences, or longitudinal time points). Report specific processing pipelines such as DICOM window/
level settings, normalization techniques, and multi-sequence handling. Also mention any filtering, resizing, artifact removal, or
other normalization procedures.

4.9 Missing data extent, mechanism, and handling. Report how missing data were assessed and managed. Specify the extent
of missing data (e.g., percentage of missing values per variable), the mechanism if known (e.g., missing completely at random,
missing at random, or missing not at random), and the handling strategy used (e.g., exclusion of incomplete cases, mean/median
imputation, model-based imputation, or no imputation). Provide a brief rationale for the chosen method to support transparency
and reproducibility.

« February 2026 - Diagnostic and Interventional Radiology Mese et al.



Table 3. Continued

Section

Items and reporting instructions

4. Dataset integrity

5. Output evaluation

6. Implementation

4.10 Separation of training, fine-tuning, internal testing, and external testing datasets. Report how datasets were separated
to prevent information leakage. Clearly describe the distinction between training data, fine-tuning data, internal testing data (i.e.,
held-out cases from the same institution), and external testing data (i.e., from a different institution). State how independence
was ensured (e.g., separation by patient ID, study date, or site). Confirm that no internal or external test data were used during
training, fine-tuning, or prompt optimization.

5.1 Output evaluation method and performance metrics. Report the methods used to evaluate the model and list all relevant
performance metrics. State their appropriateness for the task(s) of interest. Specify whether the evaluation was based on human
review (e.g., Likert ratings, readability scores, or clinical usefulness ratings), task-performance metrics (e.g., AUROC, F1-score,
sensitivity, specificity, or calibration measures), text or semantic similarity metrics (e.g., BLEU, ROUGE, or BERTScore), or model-
based evaluation (e.g., LLM-as-a-judge scoring).

5.2 Human evaluator characteristics and reliability analysis. Report the characteristics of human evaluators involved in the
assessment of model outputs, including the number of evaluators, their role or specialty (e.g., radiologist, clinician, or domain
expert), experience level, and any formal training provided for the evaluation task. Report the methods used to measure
evaluator consistency, including inter-rater or intra-rater reliability statistics (e.g., Cohen’s kappa, Fleiss' kappa, or intraclass
correlation coefficient).

5.3 Statistical analysis of evaluation results. Report the statistical methods used to analyze model evaluation outcomes. Specify
any hypothesis testing or alternative approaches, the interval estimates of uncertainty used (e.g., confidence intervals, credible
intervals, or bootstrap intervals), and effect size measures where applicable. Describe the criteria used to interpret statistical
evidence (e.g,, significance thresholds, Bayesian decision rules, or equivalence margins).

5.4 Subgroup performance and output bias assessment. Report model performance across predefined subgroups relevant to
the clinical task, such as age groups, sex, disease categories, imaging modality, institution, or geographic region. Describe any
observed performance differences between subgroups to examine potential output bias.

5.5 Failure analysis and error metrics. Report how model errors were identified, reviewed, and categorized. Describe the
procedure used to detect and classify failures (e.g., hallucination, reasoning error, bias-related error, factual inaccuracy, or
formatting issue). Provide representative examples of failure types. Report key error metrics (e.g., hallucination rate, factual
inaccuracy rate, or omission rate) and include summaries of error distribution where available.

5.6 Output stochasticity and reproducibility constraints. Report the results of generative variability assessment based on
repeated generations for identical prompts and randomness settings. Provide examples of output differences. Based on the
analysis, state any factors limiting exact reproducibility, such as inherent stochastic model behavior, lack of seed control,
proprietary or closed-source model access, updates to model versions over time, or restricted access environments where full
configuration cannot be disclosed.

5.7 Performance effects of different prompt strategies and revisions. Report how different prompting strategies affected
model performance, including comparisons across approaches such as zero-shot, few-shot, chain-of-thought prompting, or
prompting using different languages. Report the impact of any prompt revisions (e.g., initial prompt version vs. revised version)
on output quality or task performance.

5.8 Model version comparisons and temporal performance variation. Report comparisons of model performance across
different versions of the model (e.g., Llama-3.1-8b v1.0 or Llama-3.1-8b v1.1) or across different release dates of the same version,
if such evaluations were performed or relevant to the study period. Describe how performance changed over time or between
versions, and specify the conditions used for comparison.

5.9 Methods for explainability and interpretability of model outputs. Report the methods used to interpret or explain model
outputs and describe how they were applied, as applicable to the model type and study context. Describe the scope and known
limitations of the chosen explainability approach in the study context.

5.10 Comparison with clinically relevant benchmarks. Report comparisons between model performance and appropriate
clinical benchmarks. These benchmarks may include established clinical standard-of-care (e.g., expert human performance
or clinical guidelines). Comparisons to specialist task-specific artificial intelligence models should be reported as technical
benchmarks, distinct from clinical reference standards. Describe the comparison framework and reference standards used.

6.1 Declared intended application and scope of use. Report the intended purpose of the model. Describe the target application,
such as diagnostic decision support, medical question answering, report generation, workflow triage, patient communication, or
educational support.

6.2 Clinical workflow integration. Report whether, and if applicable, how and where the model was integrated into the clinical
workflow. Specify the integration mode (e.g., embedded in PACS or RIS, decision-support dashboard, web-based interface, or
standalone software) and the interaction point in the workflow (e.g., prereading triage, concurrent reading, post-report review, or
quality assurance). State the intended user role (e.g., radiologist, resident, or technologist) and whether patient-facing interaction
was involved.

6.3 Measured clinical utility or added value. Report measures of clinical utility or added value obtained from model use.
Describe how the model contributed to outcomes such as improvement in diagnostic accuracy, reduction in reporting or
decision time, enhancement of workflow efficiency, increased clinician confidence, or improved patient understanding.

6.4 Model limitations, explicit clinical non-use cases, and potential misuse considerations. Report known limitations of

the model and clearly state clinical scenarios where it should not be used. Describe explicit non-use cases (e.g., high-risk
decision-making without human oversight, unsupported imaging modalities, or unsupported patient populations) and identify
foreseeable risks of misuse. Include considerations related to potential patient harm, safety concerns, or health system risks.
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Table 3. Continued

Section

Items and reporting instructions

6.5 Safety testing and monitoring protocols. Report procedures used to identify and manage harmful, clinically unsafe,

or medically inaccurate outputs. Describe any safety testing performed before deployment (e.g., screening for harmful
recommendations or toxic responses and sandboxing) and monitoring protocols used during model interaction (e.g., automated
safety filters or human review of unsafe outputs).

6.6 Data security and privacy safeguards. Report measures used to protect data security and patient privacy during model use if
patient or sensitive data were processed. Describe how prompt and user data were handled, including storage policies, duration

6. Implementation

of retention, and whether data were reused for model improvement. Specify data routing and regional processing locations

if applicable (e.g., EU vs. US data centers) and report safeguards for live handling of protected health information, such as de-
identification, access control, and encryption.

6.7 Governance, auditability, and oversight. Report governance measures and institutional oversight applied to the use of the
model in the study, distinct from the initial ethics approval. Specify procedures for auditability (e.g., logging of model interactions
or traceability of outputs) and formal oversight, especially when using external or API-based models (e.g., use of secure
institutional accounts vs. public APIs).

REFINE, REporting checklist for Foundatlon and large laNguagE models.

rapidly evolving FM and LLM technologies,
regulatory expectations, and clinical use cas-
es. The checklist, therefore, reflects the best
available knowledge but requires adaptation
and updates as model capabilities evolve.

Future directions and planned updates

We plan to update the REFINE through
a formal re-evaluation of its items every 2
years, guided by feedback from users and
the community, developments in related re-
porting standards, and emerging evidence
on FM and LLM deployment in healthcare.
In parallel, future work may also explore do-
main-specific extensions or modular add-
ons such as radiology-focused variants, im-
aging-intensive implementations, text-only
clinical documentation modules, and deci-
sion-support modules while preserving a
common core.

An additional priority is to evaluate the
uptake, usability, and impact of the REFINE
in practice. This may include surveys or qual-
itative studies of authors, reviewers, and edi-
tors; bibliometric analyses of reporting qual-
ity before and after journal endorsement;
and targeted audits of FM and LLM studies
using the REFINE. These evaluations will help
identify challenging items, clarify where fur-
ther guidance is needed, and determine how
the REFINE can best support transparent and
high-quality reporting as the field evolves.

Final remarks

The integration of FM and LLM into med-
icine demands reporting standards that
match their complexity, risks, and clinical im-
plications. Without rigorous documentation,
evidence generated from these systems will
remain difficult to trust and reproduce. The
REFINE directly addresses this gap by provid-
ing a consensus-built framework that clari-
fies what must be documented. Its adoption

offers a practical foundation for transparent,
reproducible, and ultimately trustworthy
medical Al research.
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Lausanne, Switzerland

32E|se Kroener Fresenius Center for Digital Health,
Faculty of Medicine, TUD Dresden University of
Technology, Dresden, Germany

33Department of Medicine I, Faculty of Medicine, TUD
Dresden University of Technology, Dresden, Germany

34Medical Oncology, National Center for Tumor
Diseases (NCT), University Hospital Heidelberg,
Heidelberg, Germany

35pathology and Data Analytics, Leeds Institute of
Medical Research at St James’s, University of Leeds,
Leeds, United Kingdom

36Department of Imaging, Tongren Hospital, Shanghai
Jiao Tong University School of Medicine, Shanghai,
China

37Shanghai Key Laboratory of Flexible Medical
Robotics, Tongren Hospital, Institute of Medical
Robotics, Shanghai Jiao Tong University, Shanghai,
China

38Djgital Surgery Lab - Breast Cancer Research
Program, Champalimaud Foundation, Lisbon, Portugal

39University of Lisbon Faculty of Medicine,
Department of Radiology, Lisbon, Portugal

40|nstitute of Diagnostic and Interventional Radiology
and Neuroradiology, University Hospital Essen, Essen,
Germany

41Champalimaud Foundation, Lisbon, Portugal

42Universitat de Barcelona, Departament de
Matematiques i Informatica, Barcelona, Spain

43Institucié Catalana de Recerca i Estudis Avancats
(ICREA), Barcelona, Spain

44Hellenic Mediterranean University, Department of
Electrical and Computer Engineering, Heraklion, Crete,
Greece

45Computational BioMedicine Laboratory, Institute
of Computer Science, Foundation for Research and
Technology (FORTH), Crete, Greece

46German Cancer Research Center (DKFZ), Division of
Intelligent Medical Systems, Heidelberg, Germany

47National Center for Tumor Diseases (NCT), NCT
Heidelberg, a partnership between DKFZ and
University Hospital Heidelberg, Heidelberg, Germany

48Heidelberg University Hospital, Surgical Clinic,
Surgical Al Research Group, Heidelberg, Germany

49Heidelberg University, Faculty of Mathematics and
Computer Sciences, Heidelberg, Germany

50Mohamed Bin Zayed University of Artificial
Intelligence (MBZUAI), Abu Dhabi, United Arab
Emirates

5TNew York University Grossman School of Medicine,
United States of America

52Medical Imaging Department and Biomedical
Imaging Research Group at Hospital Universitario
y Politécnico La Fe and Health Research Institute,
Valencia, Spain

53|nstitute of Radiology, Universitatsklinikum Erlangen,
Friedrich-Alexander-Universitat Erlangen-Nurnberg,
Erlangen, Germany

54Radboud University Medical Center, Department
of Radiology and Nuclear Medicine, Nijmegen, The
Netherlands

55LMU University Hospital, Department of Radiology,
Munich, Germany

56Munich Center for Machine Learning (MCML),
Munich, Germany

57relAl - Konrad Zuse School of Excellence in Reliable
Al, Munich, Germany

58Computational Clinical Imaging Group,
Champalimaud Research, Lisbon, Portugal

59A1 Hub, Royal Marsden Hospital, Sutton, United
Kingdom

60yT Southwestern Medical Center, Department of
Radiology, Dallas, TX, United States of America

61Medical Anomaly Detection (MANO) Group,
Computational Imaging Research (CIR), Department
of Biomedical Imaging and Image-guided Therapy,
Medical University of Vienna, Austria

62Comprehensive Center for Al in Medicine, Medical
University of Vienna, Vienna, Austria

63University Hospital Regensburg, Department of
Diagnostic and Interventional Radiology, Regensburg,
Germany

64University of Pennsylvania, Department of
Radiology, Philadelphia, United States of America
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65Radiology Informatics Lab, Mayo Clinic, Department
of Radiology, Rochester, United States of America

66Lab for Al in Medicine, Department of Diagnostic
and Interventional Radiology, University Hospital
RWTH Aachen, Aachen, Germany

67Stanford University School of Medicine, Department
of Urology, Stanford, United States of America

68Rajiv Gandhi Cancer Institute and Research Center,
Department of Radiology, New Delhi, India

69HOPPR, lllinois, United States of America

70American College of Radiology Data Science
Institute, Virginia, United States of America

71palo Alto VA Medical Center, California,
United States of America

72Basaksehir Cam and Sakura City Hospital,
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