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Abstract 
Meta-research and Trustworthy AI (TAI) share common goals, namely improving evidence, 
robustness, and transparency, yet there is very little interplay between the two fields. To 
investigate the potential benefits of closer collaboration between the domains of TAI in 
healthcare and meta-research, we convened an interdisciplinary workshop funded by the 
Volkswagen Foundation in February 2025. The workshop aimed to collaboratively examine 
key challenges in translating AI ethics principles into practice and to identify potential solutions 
informed by meta-research approaches. A Design Thinking-informed co-creation approach was 
followed by an inductive descriptive analysis of the outputs. Our results demonstrate how meta-
research can offer concrete contributions to address pressing challenges of TAI in healthcare. 
These challenges include the dynamic and complex nature of TAI ethical requirements and 
principles, common terminology and understanding of TAI, ensuring robustness, replicability, 
and reproducibility, choosing adequate evaluation metrics, lack of transparency, advancing 
preclinical biomedical research, and validation in real-world clinical environments.  We present 
a catalog of ideas and a roadmap for future research, which synthesize existing interconnections 
and identify concrete next steps and open research gaps, thereby serving as a foundation for 
future interdisciplinary efforts. 

 

Introduction 

Meta-research, also referred to as meta-science or the science of science, aims to describe, 
explain, evaluate and/or improve scientific practices1. As a rapidly evolving field, meta-
research in its earliest form largely entailed systematic reviews and synthesis of existing 
scientific findings2,3 but has since developed into a broad field that employs theoretical4,5, 
experimental6, and observational7,8 approaches. It aims to understand, analyze, and improve 
how science is conducted, ultimately shaping the way scientific knowledge is produced and 
used9. Every stage of the research lifecycle can be subject to analysis and evaluation through 
meta-research: the composition and behavior of the research community, the choice of research 
topic, the design and methodology of research studies, the description and interpretation of 
results, the publication and dissemination of results and the assessment of researchers and 
funding decisions10. Core objectives of meta-research are to analyze and enhance the 
transparency and robustness of scientific practice by, for example, identifying the causes of 
irreproducibility11,12, establishing standardized reporting guidelines13,14, analyzing incentive 
structures that shape scientific behavior15, and supporting training of research staff16.  

Interestingly, the same concepts – transparency and robustness – serve as core principles of the 
field of Trustworthy AI (TAI)17,18, which focuses on principles and methods that support the 
ethical development of AI. Within TAI, transparency requires that key development 
information, such as the characteristics of training data, be made openly available19–21. 
Robustness refers to the reliable performance of AI systems across diverse settings and patient 
populations22,23. The evident overlap of goals and principles shared between TAI and meta-
research points towards the value of examining their intersection.  

Partly, this can be explained by the close connection of AI development in healthcare and 
research. Academic research is not a parallel activity to AI product development but is woven 
into every stage of it. Higgins and Madai (2020) proposed a four-phase framework, FORM, 
BUILD, LAUNCH, and MAINTAIN, that maps the lifecycle of an AI medical device from 
initial concept through to post-market surveillance. As illustrated in Figure 1, each phase of the 
development is accompanied by a distinct body of research activity that both informs and 
validates progress. In the FORM phase, literature and scoping reviews establish the evidence 
base and identify unmet clinical needs and research gaps, while proof-of-concept studies and 
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early publications lay the groundwork for what is technically and clinically feasible. As 
development transitions into the BUILD phase, research activity intensifies: pilot clinical 
validation studies, including usability and feasibility assessments, generate the empirical 
evidence needed to refine the AI system, while data collection and external validation studies 
extend its generalisability beyond the original development context. The LAUNCH phase 
demands the most rigorous research standards, with randomised controlled trials and regulatory 
studies providing the level of evidence required by health authorities to provide evidence that 
the product is safe and effective and therefore ready for clinical implementation, alongside 
impact assessments that evaluate real-world clinical benefits and risks. Finally, the MAINTAIN 
phase recognises that an AI medical device does not exist in a static environment: surveillance 
studies, ongoing real-world evidence collection, and living systematic reviews ensure that the 
product continues to perform safely and equitably as clinical practice and patient populations 
evolve.  While the specific development and research process may vary depending on the 
specific tool and underlying claims being made24, we use this framework to show that academic 
research is the scientific backbone of AI development in healthcare. Academic research 
practices provide the methodology, evidence standards, and critical scrutiny that distinguish 
trustworthy AI-driven medical products from unvalidated or premature tools. 

Figure 1. The figure maps academic research activities across the four phases of AI medical device development 
(Higgins & Madai, 2020). PoC = Proof of Concept. Pilot clinical validation studies encompass usability, 
feasibility, and UX studies. RCTs should include an adequate comparator; specific RCT trial design including 
superiority vs. non-inferiority/equivalence depends on the individual use case. *Impact assessment in the Launch 
phase refers to clinical impact assessment of the deployed product, not early-stage feasibility assessment. 

Given the central role of research across the entire development lifecycle, meta-research could 
be an essential element in addressing challenges faced by TAI in healthcare25,26.Healthcare is a 
pressing area of concern, given that numerous AI applications are classified as “high risk” under 
the EU AI Act27, making the trustworthiness of medical AI tools a critical priority. To date, TAI 
is already an interdisciplinary field28, but has been primarily shaped by disciplines such as 
computer science, ethics, and law29,30. Meta-research could therefore fill a critical gap: 
traditionally focused on medicine; it offers a well-established foundation that could be extended 
to address the specific challenges TAI faces in healthcare. While reciprocal insights are 
certainly valuable, this paper examines the potential of meta-research to inform TAI. We 
explored whether - and in what ways - meta-research could enhance the development, 
evaluation, and implementation of TAI by fostering greater transparency and robustness. 

To answer this question, we convened an interdisciplinary workshop funded by the Volkswagen 
Foundation1, which brought together experts from both TAI and meta-research. Through a 

 
1 https://www.volkswagenstiftung.de/en 
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Design Thinking–informed co-creation approach31,32, we collected researchers’ perspectives on 
the interrelatedness of their fields and explored how meta-research could offer concrete 
contributions to address pressing challenges in TAI in healthcare. We present a descriptive 
analysis of the collected insights, seven main TAI challenges and corresponding meta-research 
contributions. There is a particular focus on the dimensions of robustness and transparency, as 
those principles represent core principles shared by TAI and meta-research. Building on this 
analysis, we present a catalog of ideas for meta-research activities that can support TAI in 
overcoming its own challenges and a roadmap for research that prioritizes a sequence of 
executable actions. While our discussion focuses on AI in healthcare, the lessons drawn here 
are in many cases applicable across other fields. 

The intended audience of this work is primarily researchers and scholars in meta-research and 
Trustworthy AI, as well as funders, journal editors, and policymakers with an interest in 
improving scientific practice in medical AI and making AI in healthcare trustworthy. The 
regulatory and institutional examples drawn upon reflect predominantly European and North 
American contexts.  

Methods 
The analysis presented in this paper is based on materials collaboratively generated at a three-
day workshop, From Principles to Practice: Innovating Trustworthy AI through Meta-
research, funded by the Volkswagen Foundation. The workshop took place in person in 
Hanover, Germany between February 19th and 21st, 2025. The workshop was conducted in 
English. This study was not prospectively registered. 

Participants. Using purposive sampling to engage a diverse spectrum of relevant experts, we 
recruited 29 researchers with expertise in TAI and/or meta-research. Invitations were extended 
to researchers with established track records in either TAI, meta-research, or both, particularly 
those focused on healthcare applications. The selection process ensured diversity in both their 
academic backgrounds and level of seniority. Beyond TAI and/or meta-research, participants 
brought further interdisciplinary perspectives from ethics (including medical ethics, 
neuroethics, and ethics operationalization), computer science, public policy, law, and 
epidemiology. Participants also encompassed a wide range of academic career stages, including 
doctoral candidates, postdoctoral fellows, associate professors, full professors, and lead 
principal investigators. Yet, the selection was skewed towards seniority since this was a 
requirement by the funder of the workshop. It included 16 women and 13 men and no non-
binary or agender person (N = 29). For detailed information on participant demographics, see 
the Appendix. 
The target group size of approximately 30 was chosen to enable meaningful small-group co-
creation (six groups of five) while remaining logistically feasible for a three-day in-person 
event. Participants were recruited via direct personal invitation by the organising committee, 
drawing on professional networks in both fields. No centralised open call was used, and 
panelists were not asked to suggest additional members. All participants were reimbursed for 
travel and accommodation costs by the funding body. No members of the public, patients, or 
carers were involved in the workshop, as the exercise targeted disciplinary researchers rather 
than healthcare end-users. The workshop was conducted in English only; no translation or plain-
language adaptations were provided 
 
Approach and Facilitation. The workshop’s approach was based on co-creation, design 
thinking, and innovation methods31–33. A co-creation workshop format was chosen in 
preference to alternative approaches such as a Delphi exercise or literature review, because the 
central aim was to generate novel interdisciplinary connections rather than to aggregate pre-
existing expert opinions or synthesise documented evidence; the workshop format enabled 
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iterative, dialogic knowledge production that neither a sequential survey method nor a desk-
based synthesis could replicate. Unlike traditional approaches where authors write in isolation, 
this method engaged all stakeholders in an iterative, user-centric process. It emphasized a 
collaborative process for generating written materials through interactive sessions, as well as 
fostering cross-disciplinary exchange to encourage collaboration across diverse fields and 
perspectives34. Participants were able to critically analyze and creatively refine the written 
materials throughout the workshop. 

The workshop was facilitated by a professional facilitator with expertise in design thinking as 
well as a professor of innovation and inclusion at Kristiania University College in Oslo, 
Norway.  

Figure 2. Overview of workshop activities, including pre-workshop preparation, day-by-day sessions, and post-
workshop work. Sessions that contributed to the materials analyzed in this paper are shown in blue. 

Workshop Agenda. Before the workshop, participants completed a 24-item survey assessing 
strengths, challenges, areas of overlap, and opportunities related to TAI and meta-research. The 
item receiving the most votes for the most significant challenge in TAI for healthcare was 
“Operationalizing high-level Trustworthy AI principles, such as robustness and transparency,” 
followed by “Finding consensus Trustworthy AI requirements between stakeholders.” For 
overlaps between TAI and meta-research in healthcare, “Transparency as a shared value 
across both fields” received the highest number of votes. The complete survey results are 
provided in the Supplementary Materials. 

The results of the pre-work survey guided the activities on the first day. The first day focused 
on framing discussions and eliciting initial perspectives. Activities included structured 
introductions, an icebreaker exploring assumptions regarding AI, collaborative SWOT mapping 
of challenges across both fields, and a stakeholder role-play exercise examining robustness and 
transparency from multiple viewpoints. The day concluded with group reflection and the 
formulation of overarching questions to guide subsequent sessions.  

The second day centered on solution building and co-creation of workshop outputs. Participants 
engaged in collaborative text generation using guided templates, short timed “speed 
collaboration” sessions, and collaborated to construct an “ideal” transparent and robust 
healthcare AI system. These activities were selected to promote cross-disciplinary exchange 
and identify actionable steps and ongoing barriers. Participants engaged in group writing to 
develop a shared set of materials synthesizing insights from the workshop.  
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The third day focused on refinement and planning of the next steps. Participants conducted peer 
review of the drafted content, followed by a “commitment wall” activity in which each person 
outlined concrete post-workshop contributions for finalizing and disseminating the materials. 
The workshop concluded with closing reflections and agreement on the next steps for continued 
collaboration. A post-workshop survey was administered to collect participants’ feedback and 
reflections. The complete survey results are provided in the Supplementary Materials. 

Data Generation and Collection. Upon meeting, participants were divided into six groups, with 
each group intentionally composed to reflect diversity in research backgrounds and career 
stages. For the data generation and collection underlying this paper, we conducted a structured, 
template-based collaborative writing exercise in which participants completed guided prompts 
on key challenges in operationalizing Trustworthy AI in healthcare and potential meta-research 
solutions.  The guided writing templates were reviewed and refined by the organising 
committee prior to the workshop but were not formally piloted with external individuals. The 
workshop was inherently non-anonymous, given its in-person format; participants were aware 
of each other’s identities throughout all sessions. The pre-workshop survey was conducted 
anonymously via an online platform. The organising committee members participated in 
workshop activities alongside panelists and contributed to the collaborative writing outputs; 
their contributions were therefore included in the analysed materials rather than treated as 
steering input only. The groups contributed heterogeneous material in a shared Microsoft Word 
document, ranging from brief bullet points and conceptual notes to short narrative passages, 
documenting their thoughts and discussions, and continuously refining them. At the end of Day 
2, each group’s draft outputs were circulated to all participants for review and comment; this 
inter-group feedback was qualitative in nature, delivered through written annotations in the 
shared document, and was not anonymised. An overview of all of the workshop activities, 
including those that contributed to the materials analyzed in this paper, is provided in Figure 2. 
No audio recordings were made at any point in the process.  

Data Analysis.  While the study overall was not designed as a qualitative study, qualitative 
methods were applied to analyze the generated material. A descriptive analysis35 was conducted 
to examine participants’ perspectives on the intersection of TAI in healthcare and meta-
research. In carrying out extractions and analyzing the material, our goal was to remain close 
to the original data while inductively identifying recurring patterns and themes36,37. The data 
were read multiple times to ensure familiarity, and initial coding was performed by author VB 
using the Microsoft Word comment function. An inductive approach was applied. Authors VB 
and IV collaboratively refined the emerging themes through repeated discussions, revisiting the 
data, and iteratively developing thematic maps. Sections of the data were re-coded as needed to 
improve consistency and coherence. Analysis continued until thematic saturation was reached, 
meaning that no new themes or insights emerged.   

Results 
The following section presents seven key TAI issues identified in the workshop, along with 
their corresponding meta-research contributions. The analysis identified seven key challenges 
of Trustworthy AI in healthcare and corresponding meta-research contributions. There were 
three overarching categories emerging from participants' discussions of the workshop materials: 
(i) overarching challenges in Trustworthy AI, namely the dynamic and complex nature of 
ethical requirements and the lack of common terminology and understanding; (ii) challenges in 
the research process for AI in healthcare, including ensuring robustness, replicability, and 
reproducibility, choosing adequate evaluation metrics, and the lack of transparency; and (iii) 
challenges specific to particular domains of AI research in healthcare, covering the 
advancement of preclinical biomedical research and validation in real-world clinical 
environments.  
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Overarching Challenges in TAI in Healthcare 

Dynamic and Complex Nature of TAI ethical requirements and principles 

Key TAI Challenge. Participants reflected on the Ethics Guidelines for Trustworthy AI 
developed by the European Commission’s High-Level Expert Group17. These guidelines 
outline a shared vision of what TAI should achieve. Participants noted that TAI is a 
multifactorial concept whose requirements can conflict, making its realization a process of 
continual trade-offs and shifting priorities. They also emphasized that, especially in healthcare, 
trustworthiness is dynamic and changes over time as technologies, evaluation methods, and 
social expectations evolve.  

Proposed Meta-research Contribution. According to participants, meta-research can play an 
important role in uncovering and describing these tensions in the TAI field by offering a 
structured approach to their examination. Specifically, meta-research can help to systematically 
identify and analyze how research on AI is influenced by potential conflicts of principles. 
Beyond merely mapping these tensions, meta-research also provides a lens to study how 
researchers acknowledge, negotiate, and, at times, partially resolve such conflicts when 
designing, implementing, and reporting AI studies. Finally, meta-research could offer tools or 
conceptual frameworks that help researchers and stakeholders explicitly recognize and 
deliberate on tensions, rather than resolving them implicitly or ad hoc. 

Common Terminology and Understanding of TAI  

Key TAI Challenge. Participants identified the lack of common understanding as a significant 
barrier to implementing TAI. They pointed out a persistent lack of shared understanding of key 
ethical concepts. One specific example discussed was the concept of reliability. While widely 
regarded as essential to TAI, it was noted that the term is used inconsistently; sometimes while 
referring to an AI system’s performance stability, in other cases, describing its role in improving 
broader processes, such as reducing human error. This lack of clarity, they argued, undermines 
knowledge accumulation and hinders ethical implementation in practice. They observed that 
when concepts are poorly defined or inconsistently applied, it becomes impossible to meet even 
minimal ethical standards in practice. Participants warned that lack of a common, operational 
understanding of ethical principles and related concepts hinders transdisciplinary collaboration 
and prevents the establishment of a shared conceptual foundation among researchers and 
experts in both domains. 

Proposed Meta-research Contribution. Participants recognized the role of meta-research in 
addressing conceptual fragmentation, particularly through systematic reviews that compile and 
synthesize existing definitions and principles. Such work was viewed as essential for mapping 
the intellectual terrain of TAI and identifying unresolved tensions or opportunities. However, 
participants also acknowledged the limitations of synthesis in isolation. They suggested that 
original conceptual development, grounded in diverse theoretical paradigms, should 
complement synthesis efforts to meaningfully advance the field’s foundational understanding. 
This would require deliberate efforts to clarify terminology and bridge epistemic divides.  

Furthermore, participants called for close transdisciplinary collaboration and the establishment 
of a shared conceptual foundation among researchers and experts of both domains. Participants 
proposed that meta-research could eventually serve as a nexus, bringing together diverse 
research disciplines under a shared umbrella. Fostering close collaboration through meta-
research could enable researchers to move beyond traditional silos and more effectively address 
the complex challenges involved in ensuring the trustworthiness of medical AI tools. However, 
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participants also identified a significant barrier to this vision: the mismatch in pace between the 
rapid development of AI technologies and the comparatively slower nature of meta-research. 
They noted that, to remain relevant and impactful in medical-AI contexts, meta-research must 
become more pragmatic and agile. To help close this gap, participants suggested the 
development and use of purpose-built AI tools for meta-research, such as automated bias 
detection systems and platforms for automated systematic reviews, to increase the efficiency 
and responsiveness of meta-research processes. 

Challenges in the Research Process for TAI in Healthcare 

Ensuring Robustness, Replicability, and Reproducibility 

Key TAI Challenge. Participants emphasized that ensuring robustness, replicability, and 
reproducibility in AI development and clinical implementation is a central mission of TAI. 
These concepts were considered both in the context of technical AI development and the design 
of AI studies. In addition, some participants explored related distinctions between 
reproducibility and replicability in more detail: They described replicability as reaching the 
same scientific conclusions as a previous study, even when using different data or methods, and 
reproducibility as the ability to duplicate computational results using the same methods, code, 
data, and software environment. Participants emphasized that reproducibility in AI research and 
development is fundamental for identifying the sources of variability, distinguishing those 
arising from data from those introduced by software tools. They further noted that achieving 
reproducibility depends on transparent documentation and fully repeatable implementation of 
computational processes, which are often missing in practice. Secure data enclaves, dynamic 
datasets, and distributed systems, such as those used in federated learning, were described as 
additional barriers to both reproducibility and replicability. Participants observed that the field 
lacks a systematic overview of how researchers manage these challenges. 

Proposed Meta-research Contribution. Meta-research can systematically evaluate how 
replication studies are conducted, reported, and disseminated, thereby strengthening standards 
for transparency and comparability across settings. Participants suggested that meta-research 
could play a key role beyond assessing reporting completeness. In their view, it could address 
domain-specific questions, such as how to manage and foster replicability in studies and 
reproducibility in technical implementation, and develop assessment frameworks aligned with 
these standards. Drawing on experiences from other disciplines facing similar challenges, 
participants argued that meta-research could both evaluate adherence to existing guidelines but 
also elevate overall reporting standards and tailor guidelines to address the mentioned 
challenges, to better capture the complexities of AI research, ultimately strengthening 
reproducibility and replicability across the field. By examining publication practices, incentive 
structures, and methodological quality, meta-research can also identify and address barriers, 
such as the prevailing emphasis on novelty, that limit the visibility and recognition of 
replication work. Beyond this, meta-research can use approaches such as systematic reviews to 
generate a comprehensive overview of late-stage tools that have been evaluated in empirical 
studies across diverse contexts, populations, and implementation settings. By synthesizing and 
comparing these results, it provides a foundation for assessing the tools’ robustness, 
consistency, and sensitivity to contextual variation. 
 

Choosing Adequate Evaluation Metrics 

Key TAI Challenge. One of the key challenges identified by participants in the implementation 
of TAI in healthcare is the selection of appropriate evaluation metrics. Participants noted the 
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broad recognition in the AI research field that no single metric can fully capture the performance 
of an AI system: The choice of appropriate evaluation metrics depends not only on the AI 
method employed but also on the nature of the clinical task, whether it involves binary 
classification (e.g. cancer detection or cancer prognosis), ranking (e.g. triaging patients for 
evaluation), or summarization of text (e.g. condensing patient records relevant to a condition). 
According to participants, this diversity introduces a fundamental challenge for evaluating AI 
tools: identifying metrics that are fit for purpose, context-specific, and understandable to 
different stakeholder groups. They further observed that AI systems in healthcare are rarely 
evaluated based on their ultimate clinical utility – namely, whether implementation results in 
meaningful improvements in patient outcomes When the goal is to assess impact or 
effectiveness, predictive performance metrics such as calibration or discrimination are 
insufficient. Instead, comparative impact studies evaluating real-world outcomes should be 
used. 

Proposed Meta-research Contribution. Evaluation metrics must be aligned with the specific 
question being asked, as predictive accuracy, clinical utility, and impact necessitate different 
forms of measurement. Once the purpose is identified, as a potential solution to the challenge 
of metric selection, participants proposed developing a standardized evaluation framework to 
guide the assessment of AI tools in healthcare. They pointed to initiatives like Metrics 
Reloaded38 as important steps in this direction, as this initiative supports the appropriate 
selection of evaluation metrics in biomedical image analysis and provides guidance on aligning 
metrics with specific tasks and intended use cases. Metrics Reloaded is not, in itself, a meta-
research tool; however, it can serve as a foundational framework upon which evaluations of AI 
studies may be built. In this way, it provides structure and guidance that researchers can draw 
upon when assessing the quality and reporting practices of AI-focused investigations. Meta-
research can establish reporting standards that require explicit specification of the evaluation 
question, the intended clinical pathway, and patient-centered endpoints, helping to shift the 
focus from predictive performance alone toward impact-oriented assessment. Building on this, 
systematic reviews and evidence mapping can quantify the extent to which AI tools lack formal 
impact evaluations, empirically highlighting gaps in real-world effectiveness evidence. 

Lack of Transparency 

Key TAI Challenge. Participants described a major transparency gap limiting the ability for 
oversight and the ability to establish an evidence base to judge the trustworthiness of AI 
systems. This transparency gap is due to limited information on which AI systems are available 
on the market, where they are deployed in healthcare, their capabilities, risks, and limitations, 
as well as their performance and potential shifts in healthcare delivery. Multiple reasons 
contribute to the lack of transparency in medical AI studies. Participants identified vague 
regulations, conflicting stakeholder interests, and an idealistic research culture as major barriers 
to transparency in medical AI. While Article 13 of the EU AI Act requires disclosure of system 
characteristics, performance metrics, and intended use, its conditional phrasing allows broad 
interpretation and it does not mandate sharing developmental details with researchers or 
clinicians, leaving public transparency largely voluntary. Participants furthermore pointed to 
conflicting stakeholder interests as a key reason for the lack of transparency, for instance 
companies may view transparency as a competitive risk, while clinicians and patients need 
sufficient information to weigh benefits and risks but also face concerns about data sharing. 
Lastly, participants noted that the lack of transparency could be a consequence of a research 
culture that discourages open discussion of errors. They cautioned against equating 
trustworthiness with an absence of errors, stressing instead that confidence grows when 
mistakes are openly documented and corrected rather than concealed.  
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Proposed Meta-research Contribution. Participants emphasized that improving transparency in 
TAI in healthcare must begin with a clear understanding of the current landscape of AI tools 
and research. They therefore stressed the need to assess the status quo of transparency, 
particularly within specific clinical domains. To support this assessment, participants outlined 
several meta-research-based questions and methods: scoping reviews help by cataloguing 
existing studies (e.g., how many RCTs exist in a specific domain) and identifying areas that 
warrant deeper investigation, making estimations about the maturity of a domain possible. 
Systematic reviews go further by quantitatively assessing how often responsible research 
practices, like data or code sharing, are reported. These reviews provide detailed snapshots of 
transparency levels in specific subfields, but only when they themselves follow rigorous, 
transparent protocols (e.g., PRISMA13). Structured paper audits or questionnaires were also 
proposed as a lighter, less validated, alternative, provided that their selection criteria and 
process are reproducible. Beyond assessing transparency, participants highlighted promoting 
proactive practices to foster transparency throughout the AI research pipeline. Key examples 
included pre-registration of study protocols, for model development, validation studies, or 
trials, on platforms like OSF, PROSPERO, or clinicaltrials.gov. This not only signals 
accountability and planning but also ensures public visibility of research intentions and 
methods, even if amendments are made later. Participants also underscored the importance of 
reporting guidelines. These are designed to standardize the minimum information disclosed in 
scientific studies. Promotion of guidelines like TRIPOD+AI39, TRIPOD-LLM40, and 
MINIMAR41 help ensure consistency in reporting, enabling comparability and preliminary 
quality assessment of AI systems. However, participants cautioned that while valuable, these 
guidelines are primarily geared toward expert audiences. For broader public transparency, the 
same information must be translated into accessible formats and plain language.  

As another meta-research tool, participants pointed to registries for approved AI tools, such as 
the Health AI Register, EUDAMED, or the FDA’s AI-Enabled Medical Devices List, as 
analogous to publication databases. Although these platforms are not always complete and take 
great effort to maintain, they remain necessary to make informed choices about AI tool 
implementation. These repositories play a critical role in centralizing information and 
enhancing visibility into which AI systems are approved, and under what conditions. Lastly, 
the participants suggested that this issue warrants a meta-research inquiry into how researchers 
acknowledge and address perceived weaknesses in their systems, arguing that such evidence 
could inform more effective governance and accountability mechanisms to foster transparency 
regarding errors and strengthen reproducibility research. 

Challenges in Specific Domains of TAI in Healthcare  

Advancing Preclinical Biomedical Research 

Key TAI Challenge. Although discussions of TAI often focus on clinical applications, 
participants emphasized that similar challenges arise when applying AI in preclinical domains, 
such as drug discovery and molecular biology. In these areas, AI models are primarily used for 
hypothesis generation and research guidance. Participants stressed that core TAI principles, like 
technical robustness, transparency, and sound data governance, are equally relevant but 
frequently unmet in these contexts. Because in-silico results guide costly, animal-intensive wet-
lab experiments, participants warned that unstable models for hypothesis generation risk 
wasting resources and delaying therapeutic development. Single-cell biology was cited as a 
prominent example. Participants noted that researchers rarely justify their choice of analytical 
tools when building computational preclinical pipelines, and ad hoc decisions at each step can 
alter resulting cell labels, undermining robustness and transparency. They pointed out that even 
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small changes in analysis pipelines can lead to substantially different results, raising ethical 
concerns about using unreliable AI outputs to guide expensive laboratory work involving 
animals and public funds. Participants further noted that this problem is exacerbated by the, 
often superficial, treatment of computational methods in the literature: Methods sections 
commonly reduce complex analytical pipelines to brief statements. Without the release of raw 
data, well-documented analysis code, and details on preprocessing steps, parameter settings, 
and model selection, independent laboratories cannot reproduce the analyses. Participants 
questioned the robustness and reliability of such results and, consequently, the validity of the 
biological conclusions derived from them.  

Proposed Meta-research Contribution. Participants outlined a series of concrete, meta-
research-informed actions aimed at advancing TAI in preclinical biomedical research: They 
recommended systematically using meta-research to identify and map evidence gaps, thereby 
guiding research priorities, and argued that efforts should shift from primarily developing new 
models toward establishing rigorous benchmarking practices that enable fair comparison and 
robust evaluation. In addition, they proposed the integration of established scientific practices, 
such as preregistration of studies and the use of meta-analysis, to enhance credibility and reduce 
bias of preclinical AI research. Beyond methodological considerations, participants emphasized 
the importance of adopting and transparently reporting professional software engineering 
standards, including unit testing, version control, and continuous integration, as a means of 
improving both reproducibility and transparency in computational workflows. Finally, they 
underscored the necessity of achieving full reproducibility even before publication, calling for 
public access to underlying data and code, and suggesting that peer reviewers should actively 
verify executable pipelines as part of manuscript evaluation process to improve the reliability 
of reported findings. 

Validation in Real-World Clinical Environments 

Key TAI Challenge. Participants identified the absence of timely, context-specific late-stage 
evidence as a major barrier to the trustworthiness and safety of healthcare AI. Late-stage 
evidence involves assessing an AI model through validation studies in the real-world settings 
where it is intended to be used, after it has been initially developed and trained. They 
emphasized that testing mature AI systems in varying real-world clinical contexts is essential 
for assessing contextual appropriateness, model utility, and ensuring stable performance. 
Ongoing performance monitoring was viewed as equally critical for detecting tool degradation 
or failure and enabling timely updates or decommission. Despite this, participants observed that 
clinical validation, monitoring, and maintenance studies remain limited. Participants 
consistently emphasized this gap and underscored the need for rigorous validation, drawing 
analogies to drug development: ideas start in the “lab,” go through phased testing for safety and 
effectiveness, and continue under post-market surveillance once released. In their view, AI 
systems should undergo comparable phased testing for safety and effectiveness, followed by 
continuous post-market surveillance. One participant explained that pharmacological 
interventions are subject to preclinical testing and randomized controlled trials before approval 
for use and argued that AI in healthcare should undergo comparably rigorous evaluation. This 
perspective parallels the impact assessment phase of the clinical risk prediction model lifecycle, 
in which the central question is not whether a model predicts well, but whether its 
implementation favorably changes clinical decisions (clinical usefulness) and improves patient 
outcomes in practice – a question that requires evaluation metrics beyond internal predictive 
performance.  
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Proposed Meta-research Contribution. Participants regarded meta-research as a central 
instrument for guiding late-stage validation and monitoring of AI in healthcare. They proposed 
a “grading” tool tailored for AI research as a meta-research method, which could be used to 
evaluate the certainty of evidence and strength of implementation recommendations, akin to the 
GRADE framework used in clinical evidence evaluation42, allowing judgments about the 
“maturity” of a tool. A complementary "traffic light" system could visually signal readiness 
for use. Participants furthermore underscored the value of systematic reviews in consolidating 
and critically assessing the evidence base for AI tools. Such reviews can evaluate the adequacy 
of training datasets, scrutinize methodological rigor, and assess whether validation efforts 
replicate realistic clinical scenarios, and examine whether study designs permit credible causal 
inferences about clinical impact. They suggested that tools commonly used in systematic 
reviews, such as "risk of bias" instruments, could be adapted to AI evaluation to assess how 
methodological choices influence confidence in reported outcomes. Moreover, institutional 
platforms may provide a potential infrastructure for TAI development and evaluation. For 
example, as participants suggested, the Mayo Clinic43 has established a secure, subscription-
based platform with anonymized patient data, offering developers access to training 
environments and validation pipelines across diverse patient populations.   

Discussion 
Our analysis demonstrates that meta-research has the potential to be a critical and actionable 
pathway for addressing some of the most pressing challenges in TAI in healthcare. These 
challenges encompass tackling the dynamic and complex nature of TAI, integrating AI into 
real-world clinical environments, ensuring robustness, replicability, and reproducibility, 
choosing suitable evaluation metrics, advancing preclinical research, reducing the lack of 
transparency in the TAI field, and fostering common concepts and understanding between 
meta-research and TAI and beyond.  

Overall, our workshop was successful in highlighting the potential contributions of meta-
research to TAI, suggesting that meta-research can serve as a reflexive infrastructure supporting 
the development and evaluation of medical TAI. Specifically, (1) Meta-research might enable 
epistemic and ethical alignment, by surfacing, systematizing, and monitoring of AI concepts, 
tools, scientific practices, and the technical and ethical tensions inherent in AI development, 
research and evaluation. It hereby supports transparency and accountability by making research 
practices legible, to peers, clinicians, regulators, and patients, without prescribing and solely 
focusing on rigid technical solutions; and (2) Meta-research might serve as methodological 
stabilization, by promoting shared expectations for evaluation across rapidly evolving AI 
methods and tools. As a form of reflexive governance that supports both innovation and 
accountability, it might not just describe and synthesize outcomes but also shape how evidence, 
evaluative norms and standards are and should be established. By comparing practices across 
domains, meta-research can help identify structural risks that exist also in other medical 
domains (e.g., systemic bias, irreproducibility) rather than only identifying isolated technical 
failures, and systems from experimental settings into real-world clinical practice. Through these 
functions, (3) Meta-research might help facilitate responsible translation: by supporting the 
responsible movement of AI, meta-research has the potential to transform TAI from a 
fragmented and fast-moving research field into a more coherent, accountable, and clinically 
meaningful enterprise, providing guidance across the whole AI lifecycle. In what follows, we 
present a roadmap for research which is structured along the phases of the AI development 
lifecycle and delineates when and where meta-research can intervene, highlighting its role from 
development and validation through deployment and post-deployment monitoring.  
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Catalogue of ideas and roadmap for future activities 

We have translated the most important ideas elicited by the workshop into a catalogue of ideas 
for proposed meta-research activities (Table 1). In the following section we propose a roadmap 
based on the catalogue, focusing on the most pressing activities in our view and the stakeholders 
who should be involved in these activities.  

Table 1. Catalogue of Ideas, linking the six identified TAI challenges to concrete meta-research 
activities to address each one, as suggested by participants during the workshop. 

TAI Challenge Proposed Meta-research efforts 

A) Dynamic and 
Complex Nature of 
TAI Ethical 
Requirements and 
Principles 

A1) Encourage structured analysis of competing principles by highlighting 
tensions in AI research 
A2) Provide guidance for recognizing, managing, and resolving conflicts in 
medical AI studies 
A3) Supply tools and frameworks to evaluate and ensure the trustworthiness of 
AI research 

B) Common 
Terminology and 
Understanding of TAI 
 

B1) Motivate original conceptual development grounded in diverse theoretical 
frameworks 
B2) Advance transdisciplinary collaboration to build shared conceptual 
foundations 
B3) Encourage synthesis of existing definitions and ethical principles to bridge 
epistemic gaps 

C) Ensuring Robustness, 
Replicability, and 
Reproducibility 

C1) Develop evaluation guidelines to assess robustness in AI systems 
C2) Advocate for reproducibility during peer review, including access to data, 
code, and executable pipelines 
C3) Address domain-specific challenges using lessons from other fields 
C4) Support evaluation of existing guidelines and elevation of reporting 
standards to advance sustainable reproducible AI research 

D) Choosing Adequate 
Evaluation Metrics 

D1) Support development of standardized evaluation frameworks 
D2) Advance efforts to align metrics with specific clinical tasks and use cases 
D3) Improve stakeholder understanding and comparison of outcomes 
D4) Apply existing frameworks or develop new ones to assess whether AI 
research studies employ appropriate evaluation metrics 

E) Lack of Transparency 
 
 

E1) Support assessment of the current state of transparency through scoping 
reviews, systematic reviews, and structured paper audits 
E2) Cultivate proactive transparency practices including pre-registration of 
study protocols, standardized reporting guidelines, and translation into widely 
accessible formats 
E3) Inform governance and accountability mechanisms 
E4) Promote structured disclosure of system limitations and documented errors 
in published work 

F) Advancing Preclinical  
Biomedical Research 
 

F1) Foster creation and monitoring the use of rigorous benchmarking 
frameworks to enable fair comparison 
F2) Drive adoption of software engineering standards through required 
reporting in biomedical studies 
F3) Encourage transition from new model development to established 
benchmarking promoting robust evaluation 

G)  Validation in Real-
World Clinical 
Environments 

G1) Encourage rigorous design and reporting of validation studies 
G2) Inform post-market monitoring best practices 
G3) Enhance evaluation of training datasets, methodological soundness, and 
clinical realism in validation efforts 
G4) Promote institutional platforms for secure testing and monitoring 
G5) Consolidate and critically assessing the evidence base 
G6) Identify criteria that should trigger decommissioning and the evidence base 
for those criteria  
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Roadmap for further Meta-research Activities: from a catalogue of ideas to an executable 
lifecycle program to improve medical TAI 

As shown, meta-research can function as a reflexive layer that monitors and evaluates AI 
research practices. To move from a broad catalogue of ideas to a roadmap, the key step is to 
decide what must be addressed first because it enables what follows, what must be stabilized 
next because it defines adequate evidence, and what must then be maintained because 
trustworthy AI is not a one-time property. Further, to increase the utility of our roadmap, we 
map the roadmap activities to AI lifecycle product development stages to facilitate integration 
into AI research and development, namely development (FORM), validation (BUILD), 
deployment (LAUNCH) and monitoring (MAINTENANCE)35. The final roadmap below 
therefore prioritizes a sequence of executable actions jointly addressing the currently observed 
lifecycle imbalance, namely the disproportionate emphasis on algorithm development over 
rigorous validation and clinical effectiveness studies, limited generalizability beyond 
development settings, rare and heterogeneously reported external validation, and a resulting 
misalignment between innovation incentives and clinical needs. To allow traceability, each 
activity is mapped to the corresponding IDs in the catalogue of ideas.  

 

Figure 3. Overview of the meta-research roadmap, encompassing Activities A1–A14 presented in this paper. The 
roadmap draws from the Catalogue of Ideas (Table 1) and organizes activities by priority across the four 
development lifecycle stages as proposed by Higgins and Madai (2020). Priority 2 spans both the Build and 
Launch phases. While each priority grouping reflects the primary lifecycle stages it targets, cross-stage relevance 
is acknowledged throughout. 
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Priority 1: Establish a shared evidentiary and conceptual baseline for medical TAI 

Without a shared language, shared constructs, and explicit handling of normative tradeoffs, later 
efforts to standardize validation, metrics, or post market monitoring will remain fragmented 
and contested. The goal is not to produce another list of principles, but to create an operational 
baseline that makes disagreements visible and manageable during early development. 
Concretely, this program targets the FORM stage of AI development (What is developed, how 
and why?) by making early development choices auditable, contestable, and aligned with 
clinical and ethical intent before technical optimization locks in assumptions. 

Activity 1 (maps to A1, A2, A3, B2, B3 in Table 1): Meta-research should begin by supporting 
structured analyses of competing principles and tensions in AI research, thereby directly 
addressing the dynamic and complex nature of TAI and providing guidance for recognizing, 
managing, and resolving conflicts in medical AI studies. Stakeholders: Meta-researchers and 
clinical experts should make explicit how key constructs, study designs, and modeling 
assumptions relate to intended clinical use, determine the comparator for impact assessment 
studies, and where conflicts between performance goals, clinical realism, and ethical constraints 
arise. Ethics boards and data stewards play a central role at this stage by contributing to the 
identification and management of these conflicts and by assessing whether proposed framings 
and data uses are compatible with acceptable use and governance requirements. Deliverables: 
A documented, structured account of the tensions, trade-offs, and justificatory choices that 
shape AI systems from the outset, making normative and epistemic decisions explicit rather 
than implicit. 

Activity 2 (maps to C4, E1in Table 1): In parallel, meta-research should support systematic 
assessment of current early-stage medical AI research practices through scoping reviews, 
systematic reviews, and structured paper audits, in line with the catalogue’s focus on addressing 
lack of transparency. This activity aims to establish an evidence-based picture of how problem 
framing, dataset description, evaluation choices, and claims about clinical relevance are 
currently reported, and where systematic gaps or distortions occur. Stakeholders: Meta-
researchers lead these assessments, with journals and funders as key stakeholders because they 
control the main enforcement points for reporting and study design expectations. Research 
institutions and data stewards ensure that assessments reflect realistic governance constraints. 
Deliverables: A structured mapping of the current state of transparency in early-stage medical 
AI research, identifying recurrent deficiencies and good practices, which can serve as a 
reference point for subsequent reporting and governance interventions. 

Activity 3 (maps to C2, E2, E3, E4 in Table 1): Building on these assessments, meta-research 
should cultivate proactive transparency practices in early AI development, including pre-
registration of study protocols, specification of standardized reporting guidelines, and 
translation of reporting requirements into widely accessible formats. This directly 
operationalizes the catalogue’s emphasis on improving transparency and accountability 
mechanisms. Stakeholders: Journals and funders are the primary actors for implementing these 
practices by embedding them in submission, review, and funding criteria, while AI researchers 
and clinical experts apply them in practice. Meta-researchers support the specification and 
refinement of these standards based on empirical findings from audits and reviews. 
Deliverable: A set of specified, field-appropriate transparency-related reporting guidelines 
and/or update of existing guidelines for early-stage medical AI studies, including pre-
registration and standardized reporting elements that can be required and checked in subsequent 
project stages.  
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Activity 4 (maps to D1, D2, D3, D4, G3 in Table 1): At the same time, and in line with the 
catalogue’s focus on choosing adequate evaluation metrics, meta-research should support the 
development and refinement of standardized evaluation frameworks and advance efforts to 
align metrics with specific clinical tasks and use cases already in the FORM stage. The aim is 
to improve stakeholder understanding and comparability of outcomes and to ensure that early 
studies make explicit which outcomes they consider meaningful and why. Stakeholders: 
Clinicians, AI researchers, and meta-researchers jointly contribute to defining and assessing the 
clinical relevance of proposed metrics and evaluation approaches, while research institutions 
and funders provide the structural incentives to require such alignment to be made explicit in 
early project stages. Deliverable: The output is a set of early-stage evaluation frameworks and 
metric alignment rationales that document the link between proposed technical measures and 
clinical questions, establishing a reference point for later validation and benchmarking 
activities. 

Activity 5 (maps to C1, C3, F1, F2, F3 in Table 1): Finally, reflecting the catalogue’s emphasis 
on advancing preclinical biomedical research, meta-research should already at this stage foster 
a shift away from purely novelty-driven model development toward explicit positioning of new 
work within emerging benchmarking cultures and toward adoption of basic software 
engineering standards through required reporting practices. Beyond predictive performance, 
new systems should specify their intended added value and how improvements in meaningful 
outcomes will be empirically evaluated through a comparative evaluation against the clinical 
status quo. Stakeholders: Academic medical centers and AI research institutes play a central 
role in shaping these expectations, journals and conferences enforce them through review 
criteria, and funders reinforce them through funding conditions, while industry actors contribute 
practical perspectives on feasibility and deployment constraints. Deliverable: The deliverable 
is the explicit embedding of comparative and methodological positioning requirements into 
early-stage research practice, such that new work is expected to situate itself relative to existing 
benchmarks and to adhere to basic software engineering and reporting standards from the 
outset. 

Priority 2: Stabilize evidentiary standards for validation and clinical readiness 

Building on a shared conceptual and evidentiary baseline established in the FORM stage, the 
next priority targets the BUILD & LAUNCH stage of AI development (How is it validated? 
How is it deployed?). In current medical AI research practice, validation and clinical evaluation 
are often characterized by limited generalizability beyond development settings, rare and 
inconsistently reported external validation, and heterogeneous validation designs and metric 
choices, which together undermine comparability and contribute to fragmented notions of 
clinical readiness44–49. The objective of this priority is therefore to use meta-research as a 
reflexive layer to clarify what counts as adequate evidence, to harmonize evaluative logics and 
metrics, and to stabilize validation practice in ways that support trustworthy clinical translation. 

Activity 6 (maps to D1, D2, D4, G1, G3 in Table 1): Meta-research should synthesize and 
evaluate validation study designs and reporting practices in medical AI in order to support 
standardized evaluation frameworks that are aligned with specific clinical tasks and use cases, 
and that explicitly address methodological soundness, training data evaluation, and clinical 
realism in validation efforts. Stakeholders: Meta-researchers lead the synthesis and evaluation 
work; clinical experts are essential for judging clinical realism and task alignment; AI 
researchers contribute methodological feasibility and technical constraints. Regulators and 
health technology assessment bodies are key stakeholders because stabilized validation 
frameworks support regulatory-grade and decision-relevant evidence expectations, and journals 
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are key stakeholders because publication norms strongly shape validation reporting practice. 
Deliverable: A set of standardized, task-oriented validation evaluation frameworks, including 
criteria for validation design and reporting that explicitly incorporate clinical realism and 
methodological soundness, to serve as a shared reference point for assessing clinical readiness. 

Activity 7 (maps to D1, D2, D3, D4 in Table 1): Meta-research should advance efforts to align 
evaluation metrics with specific clinical tasks and use cases and improve stakeholder 
understanding and comparison of outcomes by assessing whether medical AI studies employ 
appropriate evaluation metrics, using existing frameworks where applicable and developing 
new ones where needed. Stakeholders: Clinicians, AI researchers, and meta-researchers jointly 
define what “appropriate” means in context and assess whether reported metrics support 
clinically meaningful interpretation; journals and conferences operationalize these expectations 
by requiring explicit justification and comparability of metric choices; funders reinforce uptake 
by embedding such expectations in funding criteria. Deliverable: A set of metric-alignment 
outputs that enable comparability across studies, consisting of standardized metric selection 
guidance tied to clinical tasks and an assessment approach for identifying misalignment 
between reported metrics and intended use. 

Activity 8 (maps to C1, C3, C4 in Table 1): Meta-research should develop evaluation guidelines 
to assess robustness in AI systems, address domain-specific challenges using lessons from other 
fields, and support evaluation of existing guidelines and elevation of reporting standards to 
advance sustainable reproducible AI research, specifically as components of validation and 
clinical readiness assessment rather than as optional add-ons. Stakeholders: Meta-researchers 
and methodologists develop and evaluate robustness-oriented guidance; AI researchers 
contribute technical knowledge about robustness testing and domain constraints; clinical 
experts contribute clinically relevant variability and failure considerations; journals and 
standards communities are key for disseminating and normalizing reporting standards. 
Deliverable: Robustness-oriented evaluation guidance for validation, coupled with 
strengthened reporting standards that support sustainable reproducible AI research and make 
robustness-related evidence interpretable and comparable across studies. 

Activity 9 (maps to C2, E2, E4 in Table 1): Meta-research should advocate for reproducibility 
during peer review, including access to data, code, and executable pipelines, and promote 
structured disclosure of system limitations and documented errors in published validation work, 
thereby strengthening the interpretability and credibility of validation evidence. Stakeholders: 
Journals and peer reviewers are the primary enforcement points; funders are key leverage actors 
for requiring reproducibility conditions; data stewards support compliant access and 
governance arrangements; AI and clinical researchers operationalize these requirements in 
validation studies. Deliverable: Reproducibility and disclosure requirements embedded in 
validation and review processes, including explicit expectations for accessible artifacts and 
structured reporting of limitations and errors. 

Activity 10 (maps to F1, F2, F3, G1 in Table 1): Meta-research should foster creation and 
monitored use of rigorous benchmarking frameworks to enable fair comparison, drive adoption 
of software engineering standards through required reporting in biomedical studies, and 
encourage transition from new model development toward established benchmarking that 
promotes robust evaluation, thereby strengthening the rigor and comparability of validation 
studies and their reporting. Stakeholders: Academic medical centers and AI research institutes 
support benchmarking and methodological infrastructure; journals and conferences enforce 
reporting and benchmarking expectations through review criteria; funders reinforce adoption 
via conditions and incentives; industry contributes perspectives on feasibility and real-world 
constraints relevant to robust evaluation. Deliverable: Validation-relevant benchmarking and 
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reporting expectations that support fair comparison and robust evaluation, including adoption 
of software engineering standards through reporting requirements and explicit incentives to 
prioritize benchmarking-aligned evaluation over novelty-driven validation. 

Priority 3: Institutionalize post-deployment evidence generation and performance 
oversight 

Even when systems have passed initial validation, trustworthy medical AI cannot be treated as 
a static achievement. Performance, generalizability, and safety can change across time, settings, 
and populations (model drift), and current practice still relies too heavily on one-off, static 
evaluations. This priority therefore targets the MAINTENANCE stage of AI development 
(How is performance stability ensured?) and meta-research enables continuous, post-
deployment evidence generation, synthesis, and oversight facilitating responsible translation. 

Activity 11 (maps to C4, G2 in Table 1): Meta-research should structure post-deployment 
evidence generation through longitudinal reviews, registries, and living syntheses, rather than 
relying on single, static evaluations, to support systematic oversight of real-world performance, 
generalizability, and model drift. Stakeholders: Meta-researchers design and maintain 
longitudinal review and synthesis approaches; healthcare providers and health systems 
contribute real-world performance data and clinical context; regulators and health technology 
assessment bodies use these evidence streams to inform oversight and decision-making. 
Deliverable: A set of post-deployment evidence synthesis mechanisms, including longitudinal 
review protocols, registry-based monitoring approaches, and living synthesis methods, that 
enable continuous evaluation of AI systems across time, settings, and populations. 

Activity 12 (maps to G2, G4 in Table 1): Meta-research should promote the development and 
use of institutional platforms for secure testing and monitoring and inform best practices in 
post-market monitoring, so that real-world performance assessment can be carried out in a 
controlled, auditable, and methodologically sound manner. Stakeholders: Healthcare 
institutions and academic medical centers host and operate secure testing and monitoring 
platforms; methodologists specializing in AI impact assessment regulators and post-market 
surveillance authorities define oversight expectations; AI developers and industry actors 
contribute systems and technical interfaces for monitoring; data stewards ensure governance-
compliant data access and use. Deliverable: Operational post-market monitoring 
infrastructures and platform-based testing environments, together with documented best-
practice guidance for their use in continuous performance assessment. 

Activity 13 (maps to: E1, E3, E4 in Table 1): Meta-research should support systematic 
assessment of transparency in post-deployment evaluation through structured audits and 
reviews and promote structured disclosure of system limitations and documented errors in real-
world use, thereby strengthening governance and accountability mechanisms beyond initial 
approval or publication. Stakeholders: Meta-researchers conduct audits and reviews of post-
deployment reporting and disclosure practices; journals, regulators, and oversight bodies act as 
enforcement points for disclosure and accountability expectations; healthcare providers and 
developers contribute incident reports, limitations, and error documentation. Deliverable: A 
structured, post-deployment transparency and accountability framework, including audit-based 
assessments and standardized disclosure practices for limitations and errors observed in real-
world use. 

Activity 14 (maps to C2, E2 in Table 1): To ensure that post-deployment evidence remains 
interpretable and trustworthy, meta-research should extend reproducibility and transparency 
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requirements into the maintenance phase, including continued access to relevant data, code, and 
executable pipelines where feasible, and the use of standardized reporting formats for post-
market evidence generation. Stakeholders: Journals, regulators, and oversight bodies define 
and enforce post-deployment reporting and reproducibility expectations; data stewards support 
compliant access arrangements; AI developers and healthcare institutions implement these 
requirements in ongoing monitoring and update cycles. Deliverable: Reproducibility and 
transparency requirements embedded in post-deployment evaluation and reporting processes, 
ensuring that real-world performance evidence can be scrutinized, compared, and reused for 
longitudinal assessment and regulatory oversight. 

Building on the points above, our roadmap can guide TAI toward genuine practical impact 
along the full AI lifecycle. 

Focused Observations Derived from the Workshop Material 

In the last section of our paper, we would like to highlight two important observations and 
recommendations which surfaced throughout the workshop. 

Clarifying the Distinction Between the Tool Level and the Study Level Robustness and 
Transparency 

One of the main points brought up by the participants was confusion around the meaning of 
robustness. This confusion may be reduced by more clearly distinguishing between the tool 
level and the study level, particularly for central concepts, such as robustness and transparency: 
tool-level robustness refers to the stability and reliability of the AI system across varying inputs 
and contexts23, while study-level robustness concerns the methodological soundness of the 
research design50. While not the same, they are intertwined, as robustness of a tool can only be 
proven by a robust study. Similarly, transparency of the tool differs from study transparency: 
while tool-level transparency, such as revealing model architecture, training data provenance, 
and version history21, does not necessarily require publication within a formal study (though 
doing so can greatly enhance overall transparency), study-level transparency specifically entails 
the clear documentation of study conduct, like protocols, evaluation metrics, sample sizes and 
eligibility criteria51. While the two dimensions differ, they are closely interconnected and 
mutually reinforcing. Conceptual confusion can, in the short term, be minimized by clearly 
distinguishing between the two levels, and, in the long term, by developing concepts that span 
both. To our knowledge, there is only one definition of robustness translating a classic meta-
research definition of robustness (the combination of reliability and validity) to an integrative 
meta-research and TAI definition52. Understanding and addressing both dimensions – the tool 
and the related studies – is essential for building trust in AI systems, as successful validation 
needs to encompass robust and transparent tools and robust and transparent research.  

The Analogy Between AI and Pharmaceutical Development 

Another notable observation concerned participants’ frequent use of the analogy between AI 
and pharmaceutical development when reflecting on challenges and meta-research approaches. 
This analogy is useful in highlighting the need for rigorous validation, effectiveness assessment, 
post-market surveillance, and transparency throughout the lifecycle of AI systems35, mirroring 
the clinical trial phases, regulatory oversight, and pharmacovigilance in drug development53–56. 
However, the analogy should not be extended uncritically. Unlike drugs, which are typically 
characterized by stable and well-defined chemical compositions, AI systems are socio-technical 
artefacts that are dynamic and context-sensitive. They may change over time through software 
updates, retraining, shifts in data distributions, or adaptations within the clinical environment. 



  
 

20 
 

In this sense, the intervention itself is not necessarily fixed. Importantly, this does not mean that 
AI systems cannot be evaluated using causal impact assessment. As in pharmacology, 
effectiveness can be established without full knowledge of the underlying mechanism or “active 
ingredient.” Rather, the challenge lies in the structural features of AI systems, their instability 
over time, update dynamics, and embedding within complex sociotechnical settings, which 
complicate the design and interpretation of impact evaluations. Meta-research and TAI can 
therefore benefit from the pharmaceutical analogy as a heuristic, while remaining attentive to 
the dynamic and context-dependent nature of AI interventions.  

Limitations and Strengths 

Our study is based on an interdisciplinary workshop followed by a thematic analysis of the 
materials produced by participants. While this approach offers rich insights into how 
researchers from TAI and meta-research conceptualize the intersection of their fields, several 
limitations must be acknowledged. First, the workshop format likely introduced selection bias, 
as participants were already engaged or interested in questions of research integrity and AI 
ethics and are no representative sample of the scientific community. Second, while the 
workshop aimed to promote inclusivity, researchers with certain attributes, such as a strong 
inclination toward writing, may have contributed more prominently or unintentionally 
overshadowed other voices. Third, not all workshop discussions were documented in writing. 
As documentation was produced by subgroups during exercises, some points remained 
undocumented when groups chose not to record them. The synthesis therefore reflects the 
recorded output rather than the full set of perspectives exchanged during the workshop. Fourth, 
the thematic analysis methodology is inherently interpretive and may reflect framing decisions 
made by the researchers, despite efforts to ensure rigor and reflexivity. This also means that our 
roadmap should be understood as the first step towards a normative research agenda rather than 
a conclusive final framework.   

At the same time, the study offers several strengths. By bringing together, for the first time, 
experts from meta-research and TAI, the workshop facilitated cross-field reflection that would 
be difficult to achieve through literature review or survey methods alone. The workshop format 
employed in this study demonstrated strong potential for interdisciplinary knowledge 
generation. Facilitated group work and collaborative writing exercises enabled the 
identification of nuanced, cross-cutting themes and structured yet flexible exploration of shared 
challenges across disciplinary boundaries. The in-person setting fostered rich discussion, 
immediate feedback, and iterative refinement of ideas. Moreover, the integration of design 
thinking principles and digital collaboration tools supported inclusive participation and 
sustained focus throughout the sessions. These enabled the identification of nuanced, cross-
cutting themes. The analysis also moved beyond abstract principles by identifying specific, 
actionable connections between TAI challenges and meta-research practices, particularly in 
relation to robustness and transparency. This paper contributes not only to clarifying the 
conceptual relationship between TAI and meta-research but also offers direction for future 
research by showing how meta-research can strengthen the scientific foundations of medical 
AI. In doing so, it supports the development of AI tools that are grounded in rigorous, evidence-
based practices — ultimately advancing the goal of genuinely trustworthy AI. 

Conclusion 

Meta-research has the potential to be a critical and actionable pathway for addressing several 
of the most pressing challenges in medical TAI. Our workshop was successful in eliciting a rich 
catalogue of ideas for further research to integrate meta-research activities in TAI. Our resulting 
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roadmap can serve as the first normative step to translate these activities into research priorities 
for involved stakeholders.  

Acknowledgments We would like to acknowledge the professional and friendly organization of the 
workshop by the staff of the Volkswagen Foundation. We also would like to acknowledge the 
professional facilitation by Prof. Dr. Anthony Giannoumis, whose presence, professionalism, and 
humor were the foundation of our successful workshop.  

Timo Minssen’s contribution to this article was further supported by the Novo Nordisk Foundation 
(NNF) through a grant for the scientifically independent Collaborative Research Program in 
Bioscience Innovation Law (Inter-CeBIL Program – Grant No. NNF23SA0087056). 

Author contributions statement  Conceptualisation: V.B., M.B., J.F., R.M., T.W and V.I.M. Formal 
analysis: V.B., E.M. and I.V. Writing – original draft: V.B., M.B., J.F., R.M., E.M., I.V. and V.I.M. 
Writing – review and editing: M.B., J.F., R.M., E.M., I.V., T.W., L.A.M.S., J.A., A.B.B., D.B.B., 
K.H., B.H., M.H., E.H., S.H., A.d.H., S.K., S.M., T.M., M.S.N., N.P., J.L.R., T.R.H., M.S., K.T., E.V. 
and M.W. Visualisation: V.B. Supervision: T.W. and V.I.M. Project administration: V.I.M. Funding 
acquisition: V.I.M. 

All authors read and approved the final manuscript. 

Competing interests statement All authors declare no financial or non-financial competing interests. 
The Volkswagen Foundation funded the workshop logistics and participant travel but had no role in 
the study design, data collection, analysis, interpretation, or the decision to submit for publication. The 
Novo Nordisk Foundation grant supporting T.M. similarly had no role in the design or conduct of this 
study. 

Data availability statement The materials collaboratively generated during the workshop and 
analysed in this study are not publicly available as participants did not consent to public release of the 
raw data. Anonymised outputs are available from the corresponding author upon reasonable request. 

  



  
 

22 
 

References 

[1] J. P. A. Ioannidis, D. Fanelli, D. D. Dunne, and S. N. Goodman, “Meta-research: Evaluation and 

Improvement of Research Methods and Practices,” PLoS Biol, vol. 13, no. 10, p. e1002264, Oct. 

2015, doi: 10.1371/journal.pbio.1002264. 

[2] G. V. Glass, “Primary, Secondary, and Meta-Analysis of Research,” Educational Researcher, vol. 

5, no. 10, pp. 3–8, Nov. 1976, doi: 10.3102/0013189X005010003. 

[3] J. Koricheva, J. Gurevitch, and K. L. Mengersen, Handbook of meta-analysis in ecology and 

evolution. Princeton: Princeton university press, 2013. 

[4] P. E. Smaldino and R. McElreath, “The natural selection of bad science,” R. Soc. open sci., vol. 3, 

no. 9, p. 160384, Sep. 2016, doi: 10.1098/rsos.160384. 

[5] A. J. Stewart and J. B. Plotkin, “The natural selection of good science,” Nature Human 

Behaviour, vol. 5, no. 11, pp. 1510–1518, Nov. 2021, doi: 10.1038/s41562-021-01111-x. 

[6] R. A. Klein et al., “Many Labs 2: Investigating Variation in Replicability Across Samples and 

Settings,” Advances in Methods and Practices in Psychological Science, vol. 1, no. 4, pp. 443–

490, Dec. 2018, doi: 10.1177/2515245918810225. 

[7] R. Minocher, S. Atmaca, C. Bavero, R. McElreath, and B. Beheim, “Estimating the 

reproducibility of social learning research published between 1955 and 2018,” R. Soc. open sci., 

vol. 8, no. 9, p. 210450, Sep. 2021, doi: 10.1098/rsos.210450. 

[8] T. E. Hardwicke et al., “Analytic reproducibility in articles receiving open data badges at the 

journal Psychological Science: an observational study”. 

[9] J. Gurevitch, J. Koricheva, S. Nakagawa, and G. Stewart, “Meta-analysis and the science of 

research synthesis,” Nature, vol. 555, no. 7695, pp. 175–182, Mar. 2018, doi: 

10.1038/nature25753. 

[10] R. G. Roberts and on behalf of the PLOS Biology Staff Editors, “The first six years of meta-

research at PLOS Biology,” PLoS Biol, vol. 20, no. 1, p. e3001553, Jan. 2022, doi: 

10.1371/journal.pbio.3001553. 



  
 

23 
 

[11] M. L. Rethlefsen et al., “Systematic review search strategies are poorly reported and not 

reproducible: a cross-sectional metaresearch study,” Journal of Clinical Epidemiology, vol. 166, 

p. 111229, Feb. 2024, doi: 10.1016/j.jclinepi.2023.111229. 

[12] P.-Y. Nguyen, J. E. McKenzie, Z. Alqaidoom, D. G. Hamilton, D. Moher, and M. J. Page, 

“Reproducibility of meta-analytic results in systematic reviews of interventions: meta-research 

study,” bmjmed, vol. 4, no. 1, p. e002024, Nov. 2025, doi: 10.1136/bmjmed-2025-002024. 

[13] M. J. Page et al., “The PRISMA 2020 statement: an updated guideline for reporting systematic 

reviews,” BMJ, p. n71, Mar. 2021, doi: 10.1136/bmj.n71. 

[14] H. Kahrass et al., “PRISMA-Ethics – Reporting Guideline for Systematic Reviews on Ethics 

Literature: development, explanations and examples,” Open Science Framework, preprint, Sep. 

2021. doi: 10.31219/osf.io/g5kfb. 

[15] T. E. Hardwicke et al., “Data availability, reusability, and analytic reproducibility: evaluating the 

impact of a mandatory open data policy at the journal Cognition”. 

[16] F. E. Kohrs et al., “Eleven strategies for making reproducible research and open science training 

the norm at research institutions,” eLife, vol. 12, p. e89736, Nov. 2023, doi: 10.7554/eLife.89736. 

[17] N. Smuha, “AI HLEG - steering group of the European AI Alliance,” FUTURIUM - European 

Commission. Accessed: Aug. 09, 2023. [Online]. Available: 

https://ec.europa.eu/futurium/en/european-ai-alliance/ai-hleg-steering-group-european-ai-alliance 

[18] A. Jobin, M. Ienca, and E. Vayena, “The global landscape of AI ethics guidelines,” Nat Mach 

Intell, vol. 1, no. 9, pp. 389–399, Sep. 2019, doi: 10.1038/s42256-019-0088-2. 

[19] P. D. Winter and A. Carusi, “(De)troubling transparency: artificial intelligence (AI) for clinical 

applications,” Med Humanities, vol. 49, no. 1, pp. 17–26, Mar. 2023, doi: 10.1136/medhum-2021-

012318. 

[20] H. Felzmann, E. Fosch-Villaronga, C. Lutz, and A. Tamò-Larrieux, “Towards Transparency by 

Design for Artificial Intelligence,” Sci Eng Ethics, vol. 26, no. 6, pp. 3333–3361, Dec. 2020, doi: 

10.1007/s11948-020-00276-4. 



  
 

24 
 

[21] J. Fehr et al., “Piloting a Survey-Based Assessment of Transparency and Trustworthiness with 

Three Medical AI Tools,” Healthcare (2227-9032), vol. 10, no. 10, p. N.PAG-N.PAG, Oct. 2022, 

doi: 10.3390/healthcare10101923. 

[22] N. Drenkow, N. Sani, I. Shpitser, and M. Unberath, “A Systematic Review of Robustness in Deep 

Learning for Computer Vision: Mind the gap?,” Nov. 27, 2022, arXiv: arXiv:2112.00639. 

Accessed: Sep. 10, 2024. [Online]. Available: http://arxiv.org/abs/2112.00639 

[23] T. Freiesleben and T. Grote, “Beyond generalization: a theory of robustness in machine learning,” 

Synthese, vol. 202, no. 4, p. 109, Sep. 2023, doi: 10.1007/s11229-023-04334-9. 

[24] “Show us the evidence for the value of medical AI,” Nat Med, vol. 32, no. 4, pp. 1163–1163, Apr. 

2026, doi: 10.1038/s41591-026-04389-4. 

[25] J. Morley, L. Kinsey, A. Elhalal, F. Garcia, M. Ziosi, and L. Floridi, “Operationalising AI ethics: 

barriers, enablers and next steps,” AI & Soc, vol. 38, no. 1, pp. 411–423, Feb. 2023, doi: 

10.1007/s00146-021-01308-8. 

[26] B. Mittelstadt, “AI Ethics – Too Principled to Fail?,” SSRN Journal, 2019, doi: 

10.2139/ssrn.3391293. 

[27] F. Busch et al., “Navigating the European Union Artificial Intelligence Act for Healthcare,” npj 

Digit. Med., vol. 7, no. 1, p. 210, Aug. 2024, doi: 10.1038/s41746-024-01213-6. 

[28] S. Thiebes, S. Lins, and A. Sunyaev, “Trustworthy artificial intelligence,” Electron Markets, vol. 

31, no. 2, pp. 447–464, Jun. 2021, doi: 10.1007/s12525-020-00441-4. 

[29] K. Reinhardt, “Trust and trustworthiness in AI ethics,” AI Ethics, vol. 3, no. 3, pp. 735–744, Aug. 

2023, doi: 10.1007/s43681-022-00200-5. 

[30] B. Li et al., “Trustworthy AI: From Principles to Practices,” ACM Comput. Surv., vol. 55, no. 9, 

pp. 1–46, Sep. 2023, doi: 10.1145/3555803. 

[31] J. Davis, C. A. Docherty, and K. Dowling, “Design Thinking and Innovation: Synthesising 

Concepts of Knowledge Co-creation in Spaces of Professional Development,” The Design 

Journal, vol. 19, no. 1, pp. 117–139, Jan. 2016, doi: 10.1080/14606925.2016.1109205. 

[32] L. Kimbell, “Rethinking Design Thinking: Part I,” Design and Culture, vol. 3, no. 3, pp. 285–306, 

Nov. 2011, doi: 10.2752/175470811X13071166525216. 



  
 

25 
 

[33] D. Chasanidou, A. A. Gasparini, and E. Lee, “Design Thinking Methods and Tools for 

Innovation,” in Design, User Experience, and Usability: Design Discourse, vol. 9186, A. Marcus, 

Ed., in Lecture Notes in Computer Science, vol. 9186. , Cham: Springer International Publishing, 

2015, pp. 12–23. doi: 10.1007/978-3-319-20886-2_2. 

[34] N. T. Sheehan, M. R. Gujarathi, J. C. Jones, and F. Phillips, “Using Design Thinking to Write and 

Publish Novel Teaching Cases: Tips From Experienced Case Authors,” Journal of Management 

Education, vol. 42, no. 1, pp. 135–160, Feb. 2018, doi: 10.1177/1052562917741179. 

[35] D. Higgins and V. I. Madai, “From Bit to Bedside: A Practical Framework for Artificial 

Intelligence Product Development in Healthcare,” Advanced Intelligent Systems, vol. 2, no. 10, p. 

2000052, Oct. 2020, doi: 10.1002/aisy.202000052. 

[36] H. Kim, J. S. Sefcik, and C. Bradway, “Characteristics of Qualitative Descriptive Studies: A 

Systematic Review,” Research in Nursing & Health, vol. 40, no. 1, pp. 23–42, Feb. 2017, doi: 

10.1002/nur.21768. 

[37] M. A. Neergaard, F. Olesen, R. S. Andersen, and J. Sondergaard, “Qualitative description – the 

poor cousin of health research?,” BMC Med Res Methodol, vol. 9, no. 1, p. 52, Dec. 2009, doi: 

10.1186/1471-2288-9-52. 

[38] L. Maier-Hein et al., “Metrics reloaded: recommendations for image analysis validation,” Nat 

Methods, vol. 21, no. 2, pp. 195–212, Feb. 2024, doi: 10.1038/s41592-023-02151-z. 

[39] J. F. Cohen and P. M. M. Bossuyt, “TRIPOD+AI: an updated reporting guideline for clinical 

prediction models,” BMJ, p. q824, Apr. 2024, doi: 10.1136/bmj.q824. 

[40] J. Gallifant et al., “The TRIPOD-LLM reporting guideline for studies using large language 

models,” Nat Med, vol. 31, no. 1, pp. 60–69, Jan. 2025, doi: 10.1038/s41591-024-03425-5. 

[41] T. Hernandez-Boussard, S. Bozkurt, J. P. A. Ioannidis, and N. H. Shah, “MINIMAR (MINimum 

Information for Medical AI Reporting): Developing reporting standards for artificial intelligence 

in health care,” Journal of the American Medical Informatics Association, vol. 27, no. 12, pp. 

2011–2015, Dec. 2020, doi: 10.1093/jamia/ocaa088. 



  
 

26 
 

[42] M. Prasad, “Introduction to the GRADE tool for rating certainty in evidence and 

recommendations,” Clinical Epidemiology and Global Health, vol. 25, p. 101484, Jan. 2024, doi: 

10.1016/j.cegh.2023.101484. 

[43] Y. Yu et al., “Accelerating AI innovation in healthcare: real-world clinical research applications 

on the Mayo Clinic Platform,” npj Health Syst., vol. 3, no. 1, p. 17, Feb. 2026, doi: 

10.1038/s44401-026-00068-1. 

[44] M. U. Suleman et al., “Assessing the generalizability of artificial intelligence in radiology: a 

systematic review of performance across different clinical settings,” Annals of Medicine & 

Surgery, vol. 87, no. 12, pp. 8803–8811, Dec. 2025, doi: 10.1097/MS9.0000000000004166. 

[45] N. Kenig, J. Monton Echeverria, and A. Muntaner Vives, “Artificial Intelligence in Surgery: A 

Systematic Review of Use and Validation,” JCM, vol. 13, no. 23, p. 7108, Nov. 2024, doi: 

10.3390/jcm13237108. 

[46] T. Y. T. Lam, M. F. K. Cheung, Y. L. Munro, K. M. Lim, D. Shung, and J. J. Y. Sung, 

“Randomized Controlled Trials of Artificial Intelligence in Clinical Practice: Systematic Review,” 

J Med Internet Res, vol. 24, no. 8, p. e37188, Aug. 2022, doi: 10.2196/37188. 

[47] G. C. M. Siontis, R. Sweda, P. A. Noseworthy, P. A. Friedman, K. C. Siontis, and C. J. Patel, 

“Development and validation pathways of artificial intelligence tools evaluated in randomised 

clinical trials,” BMJ Health Care Inform, vol. 28, no. 1, p. e100466, Dec. 2021, doi: 

10.1136/bmjhci-2021-100466. 

[48] L. Marconi and F. Cabitza, “Show and tell: A critical review on robustness and uncertainty for a 

more responsible medical AI,” International Journal of Medical Informatics, vol. 202, p. 105970, 

Oct. 2025, doi: 10.1016/j.ijmedinf.2025.105970. 

[49] D. Hadida Barzilai et al., “Randomized Controlled Trials Evaluating Artificial Intelligence in 

Cardiovascular Care,” JACC: Advances, vol. 4, no. 11, p. 102152, Nov. 2025, doi: 

10.1016/j.jacadv.2025.102152. 

[50] L. Soler, E. Trizio, T. Nickles, and W. Wimsatt, Eds., Characterizing the Robustness of Science, 

vol. 292. in Boston Studies in the Philosophy of Science, vol. 292. Dordrecht: Springer 

Netherlands, 2012. doi: 10.1007/978-94-007-2759-5. 



  
 

27 
 

[51] D. A. Zarin and T. Tse, “Moving Toward Transparency of Clinical Trials,” Science, vol. 319, no. 

5868, pp. 1340–1342, Mar. 2008, doi: 10.1126/science.1153632. 

[52] J. Amann, V. K. Bürger, M. Livne, C. K. T. Bui, and V. I. Madai, “The fundamentals of AI ethics 

in medical imaging,” in Trustworthy AI in Medical Imaging, Elsevier, 2025, pp. 7–33. doi: 

10.1016/B978-0-44-323761-4.00010-9. 

[53] K. N. Atuah, D. Hughes, and M. Pirmohamed, “Clinical Pharmacology: Special Safety 

Considerations in Drug Development and Pharmacovigilance,” Drug Safety, vol. 27, no. 8, pp. 

535–554, 2004, doi: 10.2165/00002018-200427080-00006. 

[54] L. Härmark and A. C. Van Grootheest, “Pharmacovigilance: methods, recent developments and 

future perspectives,” Eur J Clin Pharmacol, vol. 64, no. 8, pp. 743–752, Aug. 2008, doi: 

10.1007/s00228-008-0475-9. 

[55] L. X. Yu and J. Woodcock, “FDA pharmaceutical quality oversight,” International Journal of 

Pharmaceutics, vol. 491, no. 1–2, pp. 2–7, Aug. 2015, doi: 10.1016/j.ijpharm.2015.05.066. 

[56] B. Wright, “Clinical Trial Phases,” in A Comprehensive and Practical Guide to Clinical Trials, 

Elsevier, 2017, pp. 11–15. doi: 10.1016/B978-0-12-804729-3.00002-X. 

 

  



  
 

28 
 

Appendix 

Number 
Gender 
(m/f/n)  Position  Field of Research  

1 f  Assistant professor  Meta-research  

2 f  Senior Researcher  Trustworthy AI, Ethics, Policy  

3 f  Researcher  Trustworthy AI, Meta-research  

4 f  PI, statistics and epidemiology  Meta-research, Epidemiology  

5 m  Postdoctoral fellow  Meta-research  

6 m  Team lead, PI  Trustworthy AI, Meta-research  

7 f  AI researcher and consultant  Trustworthy AI, Policy and Law  

8 f  PhD candidate  Meta-research, Validation of AI  

9 m  Director of Research  Trustworthy AI, Ethics  

10 m  Professor of Ethics  Trustworthy AI, Medical Ethics, Neuroethics  

11 f  Professor for Meta-research Meta-research  

12 m  Group lead  Meta-research, Computer Science  

13 m  Professor of statistics  Meta-research, Validation of AI  

14 m  Professor of computer science  Trustworthy AI, Computer Science  

15 m  Associate professor  Trustworthy AI, Law  

16 f  Full professor  Trustworthy AI, Ethics, Computer Science  

17 m  Associate professor  Trustworthy AI, Applied Ethics  

18 m  Professor of Law  Trustworthy AI, Law  

19 f  Lead Strategy and Innovation  Trustworthy AI, Ethics, Policy  

20 f  Lead, PI  Trustworthy AI, Meta-research  

21 f  Professor of economics  Trustworthy AI, Ethics Operationalization  

22 f Research fellow Trustworthy AI, Meta-Research 

23 f Postdoctoral fellow  Trustworthy AI, Meta-Research 

24 m  Professor of statistics  Meta-research, Computer science  

25 f  Postdoctoral fellow  Meta-research 

26 f  Professor Meta-research 

27 m Senior researcher  Meta-research 

28 m Researcher  Meta-research 

29 f  Senior Researcher  Meta-research 

Table A1. Participant characteristics. All information is based on self-reported data collected through the pre-
workshop questionnaire. 

 

 


