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Abstract  
In the past 10 years, a steady increase in clinical AI adoption 
has been accompanied by concerns regarding potential risks. 
Thus, there has been a growing body of literature on the reg-
ulatory implications of AI devices, and studies exploring cli-
nician attitudes towards AI. However, there has been limited 
work examining ‘bottom-up’ hospital-level AI governance 
approaches. To fill this gap, we conducted a qualitative study 
interviewing 22 healthcare practitioners with AI governance 
experience within radiology departments and/or professional 
societies in the US and UK. We aimed to understand the cur-
rent state of AI adoption and governance, clinician perspec-
tives on responsibility, and the interaction between ‘top-
down’ and ‘bottom-up’ governance approaches. Our findings 
indicate disparities in resources and AI expertise, as well as 
differences in the scope, composition, remit, and role of AI 
governance committees across hospitals. Additionally, we 
uncover emerging challenges in negotiating responsibility 
norms for AI outcomes and performance monitoring. We also 
discuss the AI governance role taken on by some clinicians, 
often on a voluntary basis, and the challenges they face in 
navigating siloed, hierarchical organizations. Finally, we an-
alyze participant recommendations, including the develop-
ment of streamlined guidance on responsible AI adoption, 
better staff education/training, and centralized approaches to 
performance monitoring. 

Introduction 
In the past 10 years, AI has rapidly grown in the healthcare 
sector. In the US, for example, over 100 new AI-driven med-
ical devices have been approved by the Food and Drug Ad-
ministration (FDA) every year since 2020. Although tech-
niques for automating image processing and feature identi-
fication have been developed and used since the 1990s, this 
recent growth in the development of AI-driven devices has 
been driven by developments in neural networks and trans-
former models, the availability of more compute resources, 
and increased adoption of electronic health records globally.  
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AI-driven medical devices have been developed for a 
number of different clinical purposes, including earlier de-
tection of abnormalities like tumors, improving efficiency 
and clinician confidence by acting as a “second pair of 
eyes”, better management of staff resources by triaging and 
prioritizing the most urgent cases, and even improving the 
speed and quality of image generation. With the increased 
accessibility and improved performance of large language 
models (LLMs), the use of AI has also expanded to admin-
istrative tasks like patient scheduling (Knight et al. 2023), 
summarizing clinical notes (Van Veen et al. 2024), and pa-
tient messaging (Chen et al. 2024; Garcia et al. 2024). De-
spite the positive potential of these systems, however, there 
have been concerns regarding automation bias (Abdelwanis 
et al. 2024; Dratsch et al. 2023), gender or racial biases 
(Gichoya et al. 2022; Adam et al. 2022), patient privacy 
(Murdoch 2021), worsened clinician burnout (Kwee and 
Kwee 2021), and other risks.  

Preceding the adoption of newer ‘AI’ systems, clinical de-
cision support systems (CDSS) have been widely used in 
hospitals. There are a number of studies on clinician atti-
tudes towards CDSSs (Pope et al. 2013), implementation 
challenges they generate (Liberati et al. 2017; Ford et al. 
2021), and their impact on patient outcomes (Garg et al. 
2005). Recently, there have also been an increasing number 
of qualitative studies exploring clinician attitudes towards 
AI, including perceived benefits and concerns (Oremule et 
al. 2024; Fazakarley et al. 2023; Nittas et al. 2025; Parikh et 
al. 2022), and perspectives on how responsibility should be 
distributed for AI outcomes (Laï, Brian, and Mamzer 2020; 
Van Cauwenberge et al. 2022). 

Scholars have also discussed regulatory (top-down) gov-
ernance challenges generated by AI in healthcare 
(Palaniappan, Lin, and Vogel 2024; Ong et al. 2025; Gilbert 
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et al. 2023; Castonguay et al. 2024). However, with the ex-
ception of a few recent studies (Nong, Hamasha, and Platt 
2024; Chow, Lee, and Wu 2025) there is limited research on 
how AI is currently being deployed and governed at individ-
ual hospitals. This ‘bottom-up’ aspect of governance is par-
ticularly interesting in the context of healthcare, as the 
highly regulated nature of the sector has created complex 
dynamics between stakeholders within different layers of 
governance, including hospitals, professional societies, and 
regulators at the regional or national level. In our paper, we 
build on an ‘institutional approach’ to healthcare govern-
ance (Abimbola et al. 2017), to explore the relationship be-
tween bottom-up and top-down approaches to AI govern-
ance. 

To that end, we conducted qualitative interviews with 22 
participants involved in AI governance within radiology de-
partments in the US and UK; focusing on this subspecialty 
and these countries as they have the greatest maturity of AI 
adoption (Castonguay et al. 2024; Allen et al. 2021; US 
Food and Drug Administration 2025). We conducted semi-
structured qualitative interviews with radiologists, radiation 
oncologists (also known as medical physicists and clinical 
scientists), and researchers based in radiology departments; 
prioritising individuals with experience on AI governance 
committees within their hospital and/or within a medical 
professional society. We also interviewed a small sample of 
industry participants and regulators with experience in AI 
development and governance. Across these interviews we 
aimed to answer the following research questions: (RQ1) 
What is the current state of adoption and governance of AI 
in radiology departments in the US and UK? (RQ2) How do 
clinical staff in radiology perceive their role/responsibility 
for AI-related outcomes? (RQ3) Does AI pose unique chal-
lenges at the intersection between bottom-up governance 
and top-down rules? (RQ4) What recommendations do ex-
perts have for improving governance of AI going forward? 

Using abductive thematic analysis, we uncover the fol-
lowing themes. First, we find variance in the types of gov-
ernance mechanisms designed at different hospitals, owing 
to different perceptions of AI, availability of resources, and 
technical expertise. This finding suggests that the specialty-
driven approach in medicine is increasingly at odds with the 
deployment of AI across a wide range of contexts. Second, 
our findings show that some clinicians have taken on addi-
tional AI-focused governance roles, often on a voluntary ba-
sis, either within their own hospitals or as part of task groups 
and working groups formed within professional bodies. We 
discuss these roles within the context of ‘policy entrepre-
neurs’ (Durant and Diehl 1989), while noting the unique 
challenges that participants face in operating within deeply 
hierarchical organizations, navigating power relations, and 
justifying their role. Third, we find that although partici-
pants almost unanimously agreed that the clinician using an 
AI device bears ultimate responsibility for patient outcomes, 
there was ambivalence regarding who should be responsible 
for ongoing performance evaluation of AI devices; suggest-
ing the practical risk of clinicians being placed in ‘moral 
crumple zones’ (Elish 2019). Finally, our results demon-
strate participants’ simultaneous desire for standardized 
guidance on how to adopt AI, and robust local governance 
measures tailored to unique patient populations; indicating 
possible tensions between top-down and bottom-up ap-
proaches towards AI governance.  

Background and Theoretical Underpinning 
Prior to interviewing participants, we created a topic guide, 
developing interview questions from theoretical frame-
works on responsibility and institutional governance. Be-
low, we provide some detail about these frameworks. 

Figure 1: Overlapping layers of healthcare governance   
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Novel Responsibility Challenges Generated by AI 
Ever since Andreas Matthias coined the term “responsibility 
gap,” (Matthias 2004) scholars at the intersection of AI eth-
ics, policy, and governance have been using this concept to 
articulate the challenge of assigning responsibility for the 
outcomes of AI systems (Coeckelbergh 2020; Nyholm 
2018; Santoni de Sio and Mecacci 2021; Bleher and Braun 
2022). In particular, the argument is that since machine 
learning algorithms automate some aspects of decision-
making, it is challenging to assign responsibility to the hu-
man operators of such systems. This challenge can theoreti-
cally create a ‘gap’, where no one is ultimately responsible 
for AI outcomes despite society continuing to pay the cost 
for its harmful impacts (Matthias 2004). On the other hand, 
some scholars highlight the risk that ambiguity in responsi-
bility attribution can lead to one person absorbing all the re-
sponsibility for an AI outcome, thus falling within the 
‘moral crumple zone’ (Elish 2019; Smith and Fotheringham 
2020). Scholars also note that the increasingly complex sup-
ply chains involved with AI development and deployment 
(Widder and Nafus 2023; Cobbe, Veale, and Singh 2023) 
generate challenges for identifying which of the ‘many 
hands’ (Coeckelbergh 2020; Nissenbaum 1996) should be 
held accountable for AI-related outcomes.  

Within the context of healthcare, although there has been 
some theoretical work suggesting that AI systems used for 
clinical decision-making generate novel challenges for as-
signing responsibility (Bleher and Braun 2022), empirical 
studies have shown the continued emphasis clinicians place 
on having the ‘final responsibility’ over clinical outcomes 
when using AI for decision support (Jones, Thornton, and 
Wyatt 2023; Van Cauwenberge et al. 2022; Laï, Brian, and 
Mamzer 2020). Thus, in our qualitative study, we aimed to 
understand participants’ perceptions of their own responsi-
bility for both AI use and governance within the hospital. 

Relationship Between ‘Bottom-Up’ and ‘Top-
Down’ Governance 
In our analysis of AI governance, we refer to both formal 
regulations and legal liabilities, and informal guidelines 
such as ethical codes of conduct, practice guidelines, and in-
formal governance committees. Governance has historically 
been one means of addressing ‘gaps’ in responsibility 
emerging from the deployment of new innovations (Vallor 
and Ganesh 2023). This can be done through forward-look-
ing assignation of responsibility, such as assignment of du-
ties, roles and offices to morally and legally answerable in-
dividuals, or backward-looking inspection of how causal, 
moral and legal responsibilities should be assigned. Because 
healthcare is a heavily regulated field, with binding legal 
and regulatory obligations, as well as an established culture 
of responsibility and ethical norms at the individual, organ-
izational, and professional level (Hajar 2017; Bryden and 

Storey 2011; Nandi 2000; Beauchamp and Childress 1979), 
there is already a precedent for robust forward and back-
ward-looking assignation of responsibility, with clearly de-
lineated roles, hierarchies, and protocols for quality assur-
ance within hospitals (Jalilvand, Raeisi, and Shaarbafchiza-
deh 2024; Liberatore and Nydick 2008; Esposito and Dal 
Canton 2014; Foy et al. 2020).  

However, the different layers of healthcare governance 
create complex dynamics for stakeholders governing AI use. 
On one hand, there are regulatory bodies, such as the FDA, 
and the Medicines and Healthcare products Regulatory 
Agency (MHRA) in the UK, which set requirements for 
medical device testing before they are placed on the market. 
In addition, some regions have specific laws, such as regu-
lations on the use of X-ray equipment within that region. 
Within hospitals, hospital boards and administrators are le-
gally responsible for monitoring quality and safety, but del-
egate this authority to clinical committees or staff councils 
(Jalilvand, Raeisi, and Shaarbafchizadeh 2024). Governance 
also emerges at the level of professional societies, which are 
often subspecialty-specific, and develop targeted practice 
guidelines for adoption by individual hospital departments. 
A simplified diagram of these different relationships is pre-
sented below in Figure 1. 

AI generates some novel governance challenges when 
compared to previous technologies. For one, because the 
performance of AI systems is so dependent on the data used 
to train a given algorithm, performance can vary across dif-
ferent patient populations (Sahiner et al. 2023). Thus, regu-
latory approval does not guarantee that an AI system will 
perform well on a given hospital’s data. Currently, regula-
tory approvals are also restricted to ‘static’ systems that do 
not evolve over time, generating risks that AI system perfor-
mance degrades over time (Sahiner et al. 2023). In response 
to these risks, in addition to subjecting AI medical devices 
to thorough testing requirements prior to placing them on 
the market, regulatory bodies like the FDA and the MHRA 
have also begun developing guidance for reporting post-
market performance, known as post-market surveillance. 
Despite these interventions, however, regulatory bodies still 
have limited oversight over the use of AI in clinical practice. 
For example, long regulatory approval times have incentiv-
ized companies to apply for approval in lower-risk catego-
ries, assuming that clinicians will use these systems differ-
ently ‘off-label’ (Krishnamoorthy, Sjoding, and Wiens 
2024). To fill these gaps, there have been an overwhelming 
number of professional societies, standards bodies, and 
other related organizations issuing guidelines on the clinical 
adoption of AI (Brady et al. 2024; Hadjiiski et al. 2023; The 
Royal College of Radiologists 2024; British Medical Asso-
ciation 2024; American Medical Association 2024). Some 
individual hospitals are also now developing processes and 
guidelines for adopting AI (Kim et al. 2023; Daye et al. 
2022).   
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Although our qualitative study is primarily concerned 
with bottom-up governance, the intersection between vari-
ous layers of governance motivated us to explore an ‘insti-
tutional approach’ to governance, focusing on the relation-
ship between hard rules and emerging ‘building blocks’ at 
the local level (Abimbola et al. 2017). To that end, our in-
terview topic guide included questions related to local, pro-
fessional, and regulatory governance. We discuss the inter-
view methodology in more detail below. 

Interview and Coding Methodology 
The expert interview is commonly used in the social sci-
ences for exploratory analysis, obtaining of specialized 
knowledge, or theory generation (Bogner, Littig, and Menz 
2009). For our study, semi-structured interviews presented 
advantages over other methods, such as surveys, because 
they enabled a more in-depth understanding of individual 
motivations and organizational dynamics. Additionally, 
given the sensitive regulatory and legal landscape of the 
healthcare sector, and the relatively early stage of AI adop-
tion and governance, information and rationales for hospi-
tal-specific AI governance measures would be difficult to 
assess without consulting with experts who are involved 
with implementing these measures on the ground.  

Recruitment Strategy and Participant Summary 
Participant recruitment focused on ‘experts’, who defined as 
individuals with experience using or governing AI in radiol-
ogy departments, including radiologists, radiation oncolo-
gists (also known as medical physicists and clinical scien-
tists), and researchers. The field of radiology was chosen as 
it is currently the most mature area of AI adoption in 
healthcare (Allen et al. 2021). We interviewed participants 
in the US and UK, as these countries currently lead in AI 
development and adoption among OECD countries 
(Castonguay et al. 2024). In addition to clinical participants, 
we interviewed a subset of participants from regulatory and 
industry backgrounds, to explore the interaction between lo-
cal, professional, and regulatory governance. Participants 
were recruited through professional contacts, radiology and 
radiation oncology conferences, advertising on social me-
dia, and snowball sampling (Vogt and Johnson 2015). All of 
the clinicians (including those not involved with govern-
ance) had experience using AI in their day-to-day work. Ex-
actly half of the participants were US-based and the other 
half were UK-based. Roughly 2/3 were male, while 1/3 were 
female (mirroring gender imbalances in radiology). The ma-
jority of US participants (all but one) belonged to academic 
medical centers, which are typically ‘early adopters’ of new 
technologies (Faruki, Zane, and Wiler 2022), and only three 
UK participants (representing 2 hospital systems) were 
practicing at ‘Academic Health Science Centers’ (AHSCs). 

 

 

 

 

Interview Structure and Topic Guide 
Interviews were conducted by the primary author from 
March 2024 – March 2025, for 45-60 minutes (each) on Mi-
crosoft Teams. Two pilot interviews were conducted with 
clinicians (one each from the US and UK) experienced with 
using AI in their day-to-day practice. Questions were de-
rived from the theoretical frameworks on responsibility and 
institutional governance presented above. The topic guide 
was refined after pilot interviews and peer debriefing 
(Lincoln, Guba, and Pilotta 1985) with co-authors. Partici-
pants were asked questions about their background/training, 
experiences and benefits/ concerns with using AI, individual 
responsibility for AI outcomes, involvement in profes-
sional/local governance (if applicable), thoughts on regula-
tory governance, and general recommendations on how AI 
governance could be improved in radiology.  

Coding and Analysis 
We utilized abductive thematic analysis (Thompson 2022), 
to undertake an iterative process of triangulating between 
data and theoretical frameworks, also known as ‘theoretical 
triangulation’ (Morse, Knafl, and Breitmayer 1991; Denzin 
2017). All coding was done using the qualitative coding 
software NVivo (14). The codebook was initially developed 
by the primary author and applied to two pilot interviews. 
The co-authors then reviewed the codebook and provided 
suggested revisions, which mainly involved simplifying and 
condensing the number of codes, and adding in demo-
graphic codes. The primary coder finished coding the re-

Role 
Radiologist 8 
Radiation Oncologist 8 
Clinical Researcher 3 
Industry 2 
Former Regulator 1 

Governance Involvement 
Local  5 
Professional  5 
Local and Professional 5 
Regulatory 1 
None 6 

Table 1: Summary of Participant Role/Professional 
Title 

 

Table 2: Summary of Participant Governance Activity 
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maining interviews, and went through a second round of re-
views, in which one co-author randomly selected two inter-
views (one each from the US and UK) to review. On the 
basis of this review, the primary coder refined the codebook 
and methodology, after which they ensured that the method-
ology was uniformly applied across interviews, to establish 
‘internal consistency’ (Guba 1981). The final codebook had 
5 main code families, 36 sub-codes and 144 codes.  

Results and Findings 

AI as the ‘Wild West’ of Medicine 
The first key finding was that strategies for adoption and 
governance of AI devices varied widely across the 15 insti-
tutions represented in our interview sample. This finding 
was surprisingly consistent across the US and UK, despite 
the UK’s relatively more centralized NHS system.  

UK participants noted that in order to incentivize greater 
adoption of AI, the government fully funded stroke detec-
tion AI devices within NHS trusts in England in 2020, and 
later set up an AI Diagnostic Fund (GOV.UK. 2023), which 
provides funding for NHS trusts to deploy a wide range of 
AI systems. Despite this centralized funding stream, how-
ever, participants suggested that the way that these devices 
were adopted and governed depended on the availability of 
individual hospital resources: 

“I think the current way we do it is you've got money 
coming down from above…to support projects and 
then…[it’s] developed locally and you've got very dif-
ferent approaches to it depending on resources and 
need…I worry that…some places are doing it in a way 
that…is slightly dodgy because they just don't 
have…the infrastructure or the resources to do it well.” 
(Radiologist, non-AHSC, UK). 

 
Although US academic medical centers tended to be well-
resourced, participants still highlighted variance in whether 
or not a hospital has a governance policy for AI. 

“Oh yeah, AI is the Wild West in medicine…So some 
hospitals may not have any governance at all. We're 
developing a governance policy, so technically we 
don't…have one…actively in use right now… same 
thing goes with other hospitals I've worked at.” (Clini-
cal Medical Physicist, Academic Medical Centre, US). 

 
In addition to differences in resources, participants specu-
lated about some of the other reasons for this variation 
across hospitals. One radiologist from a US academic med-
ical center suggested that the ‘slow boil’ nature of AI adop-
tion makes it appear deceptively low risk when compared 
with previous technologies: 

“AI…has been so insidious that… it's become inte-
grated…piece by piece… it's a…slow boil…we didn’t 
expect the radiologist…who's never been trained on a 
CT [to] say, oh yeah, I know how to use this… [with 
AI] practices [are]…caught unaware… you realize… 
we have 5 tools and we're not really tracking quality for 
any of these.. [and seeing] if this is being used effec-
tively.” (Radiologist, Academic Medical Center, US). 

 
In line with this observation, some participants ques-

tioned whether AI should be viewed as a medical device in 
need of strict guardrails and monitoring, or just ‘another 
piece of software’ (Clinical Scientist, non-AHSC, UK), or 
‘software plugin’ (Radiologist, Academic Medical Centre, 
US). Despite some variance in participant attitudes regard-
ing the level of risk posed by AI systems, and the rigorous-
ness of governance needed to mitigate these risks, partici-
pants commonly pointed out that AI use generated new con-
cerns regarding overreliance, bias, performance on local pa-
tient data, lack of AI expertise among deployers/users, lack 
of explainability, and performance drift over time.  

Responsibility ‘Negotiation’ Across Stakeholders 
Across our interviews, we found that although participants 
commonly believed that the clinician has the ‘final respon-
sibility’ over AI-related outcomes, in line with previous 
studies (Jones, Thornton, and Wyatt; Van Cauwenberge et 
al. 2022), AI deployments had also necessitated the negoti-
ation of new responsibility norms within the hospital.  

Participants typically named the responsible person as the 
one who had ‘signed the report’, ‘acted on the report’, or 
‘made a decision with the tool’, while in some cases they 
named a specific clinical stakeholder like the radiologist or 
clinician. Less commonly, participants referred to hospitals 
as the main responsible party, or mentioned shared respon-
sibility with the vendor, while one radiation oncologist 
stated that no one should be responsible, “if everyone’s done 
their best and acts in good faith” (Clinical Scientist, non-
AHSC, UK). Participants who viewed clinicians as having 
‘final responsibility’ often cited legal liability, while others 
cited professional norms, duties to patients, or vendors’ un-
willingness to take on this responsibility. These perspectives 
suggest the emerging risk of ‘moral crumple zones’, partic-
ularly if clinicians take on responsibility for outcomes for 
which they lack either knowledge or control (Elish 2019; 
Smith and Fotheringham 2020). 

Even those who were initially confident about clinicians 
having the ‘final responsibility’, later acknowledged that the 
answer would be less straightforward if AI was used more 
autonomously. A few US radiologists said that they would 
have to look to the automotive industry to understand how 
this would play out legally. In some cases, when an AI sys-
tem was used for diagnosis by non-radiologists, new respon-
sibilities could be added to existing roles: 

1022



“We’ve had cases where the AI has said…there’s a 
hemorrhage here. And it’s been reviewed by a radiolo-
gist who's said that there isn’t. But the clinician sees the 
AI results… [and] either acts on that…or they'll ques-
tion the radiologist's opinion…I heard of a case [where] 
the physician insisted that the radiologist call a neuro-
radiologist at a different center. And this is in the mid-
dle of the night to confirm that there was no hemor-
rhage and so it led to a whole load of extra work” (Ra-
diologist, AHSC, UK). 

 
Participants also expressed ambivalence about who 

should be responsible for evaluating AI system performance 
over time; a finding that was consistent with a recent study 
(Chow, Lee, and Wu 2025).  

“So…there's a couple of different routes we could take 
[for monitoring]…but…it's kind of no point in going 
too far down the road until someone agrees whose re-
sponsibility it is...Because if you have hundreds of AI 
tools…that's a big job...coming into the trust. Should it 
be a central group? Should it be…each individual de-
partment that takes responsibility? I don't know the an-
swer really.” (Clinical Scientist, non-AHSC, UK) 

 
Some participants asserted that it was the responsibility 

of individual departments to monitor performance, while 
others suggested that there should be a more centralized 
body, such as the NHS, or an independent third party, in 
charge of performance monitoring. A US radiologist men-
tioned that it was the responsibility of their hospital’s AI 
governance group to work with different sections to put to-
gether viable test data prior to deploying the system to a 
small group of test users (Radiologist, US, Academic Med-
ical Center). Another US radiologist stated that due to a lack 
of resources, their approach was to trust vendors to report 
performance, but added that ideally it would be better to 
have an independent body conducting evaluations (Radiol-
ogist, US, non-Academic Medical Center). These perspec-
tives suggest that performance evaluation is approached 
very differently based on resources and capacity, and point 
to potential ‘gaps’ that emerge if no one is ultimately taking 
on this responsibility.  

Designing ‘Bottom-Up’ Governance Approaches 
Across our interviews, we observed that hospital-level gov-
ernance committees tended to be formed through a ‘bottom-
up’ process driven by motivated clinical staff (who we refer 
to as governance entrepreneurs). These individuals often 
wrestled with key questions regarding the appropriate scope, 
composition, remit, and role for their committee, and high-
lighted the importance of counteracting perceived inadequa-
cies in stakeholder engagement, procurement processes, 
pre-deployment testing, and/or ongoing performance moni-

toring. Participants who were part of working groups devel-
oping best practice guidelines within professional societies 
tended to describe a similar “bottom-up” approach.  

While some governance roles were formally included as 
part of participant job descriptions, many governance func-
tions were undertaken on a completely voluntary basis, 
sometimes by temporary employees such as medical stu-
dents and residents. Thus, much like regulatory “policy en-
trepreneurs” or “political actors who engage in collaborative 
efforts in and around government to promote policy innova-
tions” (Durant and Diehl 1989), these governance entrepre-
neurs exhibit a similar “willingness to invest their resources 
– time, energy, reputation, and sometimes money – in the 
hope of a future return” (Durant and Diehl 1989). Govern-
ance entrepreneurs in our study referenced “goodwill,” or 
doing the work “because we think it's the right thing to do, 
not because there's money attached or any resource” (Clini-
cal Scientist, UK, non-AHSC).  

Many of the participants pushing for more formalized AI 
governance processes within their radiology department 
were radiation oncologists with scientific backgrounds. For 
these participants, governance appeared to represent a 
chance to have a seat at the table, and provide expertise. As 
one participant noted: 

“You don't tend to get our profession at senior levels 
and trusts, so they wouldn't even know to come and 
find us... lots of people I know do complain about being 
essentially overlooked…when they could help.” (Clin-
ical Scientist, UK, non-AHSC) 

	
One challenge faced by governance entrepreneurs was 

determining the scope of governance, given the use of AI for 
a wide range of different tasks: 

“One thing that concerns me is not being general 
enough...I've noticed people tend to fixate on things 
that…impact their day-to-day profession. So like radi-
ologists focus more on CAD AI systems. Physicists 
might be more focused on…image acquisition...I've 
identified that there's these sort of niche groups. My 
bigger concern is policies that can…govern all AI 
in…radiology.” (Medical Physicist, Academic Medi-
cal Centre, US) 

	
Another participant viewed the increasing scope as a nat-

ural response to the more widespread use of AI: 

“[Our committee] started out as AI in radiology and 
we've transitioned that more to AI in imaging because 
all of our tools are imaging based. But it is possible that 
you know that will eventually be rebranded 
again…eventually it'll be an AI in medicine, as we con-
tinue to change and bring on more applications.” (Ra-
diologist, Academic Medical Centre, US) 
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Participants also highlighted the challenge of deciding 
which stakeholders should be involved in their department’s 
governance committee. One US radiation oncologist de-
scribed a committee involving ‘physicians, imaging scien-
tists…nursing staff…representation from IS and IT…and an 
ethicist’ (Radiation Oncologist, US, Academic Medical 
Centre).  Another US radiologist mentioned the involvement 
of staff with expertise on the ‘clinical side…quality assur-
ance side…information security side…development side’ 
(Radiologist, US, Academic Medical Center). This partici-
pant also mentioned that their governance committee was 
modeled off of recommendations made by a paper (Daye et 
al. 2022) published in a medical journal. A UK radiation on-
cologist mentioned the inclusion of patients as ‘part of the 
[governance] panel, and also part of a separate parallel 
panel’ (Radiation Oncologist, UK, AHSC), while a US ra-
diation oncologist expressed interest in considering different 
stakeholders, including the section chief, and ethical/regula-
tory experts, but worried about how ‘efficient the committee 
would work if we even introduced all these different people’ 
(Medical Physicist, US, Academic Medical Center) 

Governance entrepreneurs also deliberated about what in-
formation their committee should request from clinicians in-
terested in purchasing a new AI tool. This concern also 
played a role in participants’ views of their committee as ei-
ther being a ‘gatekeeper’ or merely providing ‘oversight’.   

“Our committee is mostly not in the business of…re-
jecting things typically. Usually the idea is to push back 
and say this you need to do a better job of documenting 
this piece or justifying that or thinking about…this... 
but I think there's…concern that if they're too…force-
fully saying no …people are gonna find ways to go 
around it as opposed to…going through it” (Radiation 
Oncologist, Academic Medical Center, US) 
 
Perspectives on the role of the committee differed across 

hospitals, however. The participant referenced above noted 
that committees at other hospitals may envision their role 
differently, with some considering the goal to be to ‘reject 
things they don’t think will be useful’, and act as a ‘toll 
booth.’ Echoing this sentiment, one UK radiation oncologist 
explicitly referred to their committee process as a “gate-
way…primarily concerned with commercial tools,” (Clini-
cal Scientist, UK, non-AHSC) and multiple participants 
(from US Academic Medical Centers) mentioned several 
rounds of acceptability thresholds that needed to be met for 
a tool to be deployed.  

Governance entrepreneurs also faced challenges integrat-
ing new frameworks within existing policies. In particular, 
UK-based practitioners discussed challenges with conduct-
ing rigorous due diligence of AI systems, due to existing in-
formation governance and procurement laws. 

“Procurement is very rigid. There's not really a mecha-
nism for evaluating how well…each individual tool 
works [on] your own dataset locally. You just have 
to…ask them for evidence and score it based on 
that...we're trying to persuade our procurement col-
leagues…to do something different for AI…I think it's 
going to be hard…because…the system they use [is 
the]…legally agreed way to procure things.” (Radiolo-
gist, UK, non-AHSC) 

 
The desire to test AI systems on local data before deploy-

ment has led to the design of pilot programs or trial periods, 
but hospitals diverged in their approach to these as well. 
Trial periods could involve deploying the AI system in 
‘shadow mode’, meaning that the AI system is working in 
the background and collecting data on performance metrics. 
In some hospitals, these trials were followed by small 
rollouts and feedback from focus groups. However, several 
participants mentioned manufacturers’ reluctance to offer 
trial periods, while some mentioned challenges in determin-
ing how long trial periods should be. 

Participants noted that merely testing the AI system be-
fore deployment does not guarantee stable performance over 
time. Thus, designing performance monitoring guidelines 
was also a common challenge expressed by participants. 
One participant highlighted the lack of a ‘gold standard’ for 
evaluation: 

“Only a handful of places could even attempt being 
able to really do a rigorous evaluation…and then the 
question of course becomes who's the gold standard? 
Maybe the experts didn't see anything, but maybe 
[there are] hidden things that the AI is using to make 
its determination.” (Radiologist, Academic Medical 
Centre, US) 
 

   In addition to designing new guidelines, governance en-
trepreneurs also have to navigate challenges in enforcement, 
particularly when aspects of governance, such as perfor-
mance monitoring, are devolved to individual departments.  

“I think the main risk we face clinically is that so much 
work goes into navigating the initial governance prob-
lems [that] post deployment surveillance is…an after-
thought…they go ok so you want me to do what?...give 
you… monthly reports…demonstrating the ongoing 
efficacy or… validity of the model...Whereas…if these 
were things done by a staff actor, then of course…we 
would have audit, we would have review...appraisal 
mechanisms.” (Radiation Oncologist, AHSC, UK) 

 
Finally, some governance entrepreneurs highlighted the 

need to find funding for their operations. While larger insti-
tutions with resources and buy-in from higher ups did not 
face this problem, some participants in the UK mentioned 
applying for short-term grants, through AI-specific fellow-
ships or charitable funding bodies.  
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Suggested Governance Actions 
Streamlined Guidance for Responsible Adoption 
Participants commonly mentioned that there were too many 
regulatory and professional bodies involved in setting 
guidelines for AI.  

“I mean, everybody's sort of like the dog in the neigh-
borhood that pees all over and wants to claim as 
much…of the neighborhood as his domain as possible. 
So I think there are lots of people that have done lots of 
things with governance.” (Radiologist, Academic 
Medical Center, US) 

“There's almost too many [governing bodies] involved, 
with competing or overlapping scope and priorities. 
But in terms of...NHS E, NHS digital or all the differ-
ent…colleges and institutions and stuff…and MHRA 
and the government…” (Clinical Scientist, UK, non-
AHSC) 

 
One US radiation oncologist expressed concerns around 

the ‘confusion’ generated if people are unsure which gov-
ernance guidelines to use (Medical Physicist, US, Academic 
Medical Center), while another UK radiologist called on the 
NHS to have one dedicated body focused on ensuring AI is 
deployed safely NHS-wide (Radiologist, UK, non-AHSC). 
 
Education/Training Across Hospital Staff 
Participants commonly noted the importance of better edu-
cation and training for clinicians/staff procuring and using 
AI systems. They highlighted that education could ensure 
that clinicians are not misled by vendor marketing.  

“When I've been on a call with a vendor, they pushed 
heavily that their tool was CE marked… a radiologist 
who I spoke to…when I said… just because it's CE 
marked doesn't mean it works [on your hospital’s data]. 
[They were] like, well, I thought that is what that 
meant. And [they’ve] deployed some AI tools in [their] 
trust.” (Clinical Scientist, UK, non-AHSC) 

 
Participants also suggested that education was needed to 

prevent users from blindly relying on AI systems. A US-
based researcher likened the need for education to the need 
to pass a driving test (Researcher, US, AHSC), while a US 
radiologist suggested that AI should be treated as a core 
competency within radiology education, and included on 
board exams (Radiologist, US, AHSC). Participants differed 
in their assessment of who should be responsible for educa-
tion, with some mentioning hospitals themselves, others 
mentioning professional societies, and still others suggest-
ing the need for government involvement. 
 
Knowledge Sharing 
Participants often suggested that better knowledge sharing 
was needed across institutions. 

“There's really not a Consumer Reports that exists right 
now for AI. There's…AI vendors…claiming accuracy 
out in the field of a certain amount…It's incredible that 
you end up purchasing something…and trust without 
any real data on its performance…we're going 
to…[need] a relatively neutral repository of real data 
that people have collected on different algorithms.” 
(Radiologist, Academic Medical Center, US) 

 
Another US radiologist called for ‘public summaries’ of 

performance, while some UK participants lamented the lack 
of communication across different NHS trusts. In both the 
US and UK, liability concerns and professional reputation 
were raised as potential barriers to sharing this information. 

 
Stakeholder Engagement 
Participants highlighted the need for engaging stakeholders 
at every stage of AI deployment. A UK radiologist sug-
gested that the lack of stakeholder engagement before intro-
ducing a stroke detection algorithm had made practitioners 
biassed against using it, with some even turning the system 
off (Radiologist, UK, AHSC). A few radiation oncologists 
(in both the US and UK) emphasized their scientific exper-
tise—adding that if they were expected to give advice on 
quality assurance, it was only fair if they were involved with 
procurement as well. A UK radiation oncologist mentioned 
that accreditations might be helpful to ensure that there are 
designated AI experts at each NHS trust responsible for 
overseeing AI deployments (Clinical Scientist, UK, non-
AHSC).  
	
Other Participant Recommendations 
Participants occasionally mentioned that clinical trials or 
prospective studies should be conducted for AI devices. One 
participant suggested that companies should subsidize trials, 
citing the example of clinical trials for drugs (Clinical Sci-
entist, UK, non-AHSC). Less commonly, participants sug-
gested that patients should be informed if AI is being used 
in their care, through obtaining explicit consent (Radiolo-
gist, UK, non-AHSC), or being informed by discharge sum-
mary (Medical Physicist, US, Academic Medical Center). A 
few UK-specific suggestions were also raised by radiation 
oncologists: one participant mentioned the need for over-
hauling information governance, while another participant 
highlighted the need for new AI-specific NHS procurement 
guidelines (Clinical Scientist, UK, non-AHSC).  

Discussion 
Our interview findings underscore clear challenges emerg-
ing in responsibility attribution and governance of AI in ra-
diology. Participants highlighted the importance of re-
sources and expertise in determining the nature of both AI 
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adoption and governance, echoing previous studies (Baten 
2024; Raimo et al. 2023; Zhang et al. 2013; Chow, Lee, and 
Wu 2025 ). However, a newer insight was participants’ re-
flections on how the perception of AI as ‘just another piece 
of software’ versus a formal medical device may be impact-
ing the way that AI is adopted and governed as well.  

Although participants generally viewed clinicians as hav-
ing “final responsibility” over AI-related outcomes, echoing 
previous findings (Jones, Thornton, and Wyatt; Van 
Cauwenberge et al. 2022), participants noted that increas-
ingly autonomous deployments of AI might challenge this 
existing framework, especially if errors were due to a lack 
of due diligence by commercial vendors. Some highlighted 
already shifting responsibility norms in instances where AI 
had been used to deal with worker shortages after hours. At 
the same time, participants commonly noted that staff in ra-
diology departments were not adequately trained to use AI 
systems. These findings suggest that the ‘moral crumple 
zone’ presents as a real risk for healthcare practitioners.  

When it comes to governance, it is unclear who should be 
responsible for the various different quality control 
measures necessitated by AI systems, including pre-deploy-
ment testing and post-deployment monitoring. This lack of 
clarity stems not only from the nascent stage of literature 
and best practices on AI evaluations, but also the lack of ca-
pacity for most health systems to take on such a task. The 
most rigorous AI governance committees tended to take on 
this role, but other committees relied on individual ‘clinical 
champions’ or those interested in purchasing the AI system, 
to monitor performance and report back to the committee.  
More centralized approaches to performance monitoring, 
such as an NHS-wide initiative, or third-party evaluations 
were also suggested. It is possible that such centralized ap-
proaches might even be more effective at catching popula-
tion-wide impacts of these systems, but it is unclear if a cen-
tralized body will take on this responsibility. Here, a tension 
emerges between top-down and bottom-up approaches to 
governance. 

Similarly, the profession also faces challenges in deciding 
who should be responsible for issuing guidelines and shar-
ing best practices for AI. Participants highlighted concerns 
about too many professional and regulatory bodies being in-
volved in AI (‘many hands’), sometimes having competing 
priorities/goals. To that end, participants commonly men-
tioned a desire for better coordination and more streamlined 
guidelines. When conducting further research, we came 
across one cross-society statement from US professional so-
cieties on AI (Brady et al. 2024). Whether or not participants 
were aware of this statement, it appeared as though they 
were looking for stronger, implementable guidelines. How-
ever, participants also noted that the liability norms in med-
icine could be a barrier to knowledge sharing and strong 
‘guidelines’, as individuals and institutions typically wait to 

establish a strong evidence base before putting out infor-
mation. But establishing this evidence base for AI is tricky, 
as adoption is happening much quicker than people can 
study its effects, and in countries like the UK, information 
governance often prevents research groups from being able 
to access data for years at a time, slowing down the process 
of evaluation. Moreover, the performance of AI systems can 
be very dependent on characteristics of particular patient 
populations, making it that much more challenging to pro-
vide ‘general’ recommendations.  

Motivated groups of individuals have stepped into this 
context to design novel AI-specific policies and approaches 
at their individual institutions. These ‘governance entrepre-
neurs’ commit resources to developing new governance in-
terventions that they believe will pay off in the long run. 
However, like entrepreneurs in other contexts, they can only 
be successful if they have access to adequate resources, such 
as capital and expert input. Our findings suggest that lower 
resource hospitals tend to lack the resources to adequately 
test and monitor AI system performance. Therefore, some 
hospitals are relying on temporary or voluntary employees, 
such as medical residents, for testing and validation pur-
poses. Yet this does not offer a sustainable path for ensuring 
the safety of AI systems over time. Thus, the current manner 
of AI deployment risks entrenching existing inequalities 
across health systems. 

Importantly, the governance entrepreneurs we inter-
viewed differ from entrepreneurs in other fields as they con-
tinue to operate within deeply hierarchical organizations. 
Thus, they must navigate power relations, justify their role, 
and rely on buy-in from higher ups on the importance of AI-
specific governance. Many participants who had pushed for 
stronger AI governance were radiation oncologists. Some of 
them mentioned that despite their scientific expertise, and 
responsibility for quality assurance, they were sometimes 
overlooked when AI systems were deployed at their hospi-
tal. The power held by an AI governance committee is also 
highly organizationally specific, with some having strict en-
forcement power and others merely guiding or overseeing 
AI deployments. Additionally, the medical profession’s in-
tentionally siloed, specialty-driven approach appears to be 
at-odds with increasingly wide-ranging use of AI across dif-
ferent contexts. This creates new challenges in understand-
ing whose expertise should be included when overseeing AI 
deployments, and how wide the scope of governance com-
mittees should be.  

The governance solutions suggested by participants re-
quire resources, navigating political tensions, and breaking 
down legal and structural barriers to collaboration. Devel-
oping better AI training for staff would require resources to 
be invested either at the individual hospital-level, or on a 
higher level, by institutions involved in setting medical 
school curricula. Incentivizing individual hospitals to be 
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more transparent about AI use and performance would re-
quire resources for monitoring and publishing this infor-
mation, and also potentially require addressing liability is-
sues. Coordination across individual hospitals and profes-
sional bodies could require a restructuring of the specialty-
driven approach to medical knowledge sharing, and buy-in 
from professional and regulatory bodies with complex po-
litical entanglements. Participants’ suggestions of more 
streamlined ‘general’ guidance, while also calling for better 
local governance infrastructure, also present potential ten-
sions between top-down and bottom-up approaches to gov-
ernance. General guidelines might be less desired if they are 
made mandatory and prevent local hospitals from account-
ing for their own unique patient populations. On the other 
hand, leaving governance completely up to individual hos-
pitals could create equity issues. 

Policy interventions could be pursued by governing bod-
ies at various levels. Governments could create opportuni-
ties for collaboration and streamlining of AI-related guid-
ance. Grants could be made available for hospitals lacking 
the resources to set up their own governance committees. 
Hospitals could also be encouraged to consider whether they 
have the capacity for conducting due diligence prior to im-
plementing AI solutions. Independent, umbrella organiza-
tions could be created to enable institutions to share infor-
mation, and research funding could be made available for 
generating real-world evidence on AI deployments. Central-
ized approaches to performance monitoring could also be 
pursued, and potentially subsidized by commercial vendors. 

The need for resources poses a real challenge to imple-
menting the interventions suggested above. Investing in AI 
governance would make AI implementation more expen-
sive, and probably be seen as counterintuitive to the ‘effi-
ciency’ goals that hospital systems hope that AI will help 
them achieve. However, poorly implemented AI systems 
run the risk of either being shut off by clinicians, making the 
investment a waste, or threatening the well-being of patients 
and clinicians alike. While some might argue that the even-
tual efficiency gains realized by AI will pay for initial in-
vestments, this is not yet clear. As some industry and regu-
latory participants pointed out, it is hard to place a price on 
the savings that AI will bring in the future.  

In future work, it would be interesting to explore the prac-
tical viability of these different interventions. Placing these 
recommendations within the broader context of current AI-
related policy instruments, like healthcare AI regulatory 
sandboxes (Qiu et al. 2025), could also enable more reflec-
tion on the relationship between bottom-up and top-down 
approaches. With a greater sample size of participants 
across different countries, more explicitly comparative anal-
ysis could be done across jurisdictions. Researchers could 
also extend this work to other medical specialty areas, be-
yond radiology, and other domains, like government AI 
adoption, to see if similar trends emerge. 

Limitations 
Our study presents the following limitations. First, our lack 
of access to healthcare professionals from lower-resource 
hospitals limits our equity-related analysis to participant 
perspectives that were derived from anecdotal conversations 
with other colleagues. Second, our lack of inclusion of IT 
professionals makes it possible that we missed context re-
garding the role of hospital-level infrastructure challenges 
in AI adoption and governance. Additionally, being a single-
coded study, our interpretation of the results may contain 
biases, although these were mitigated through regular peer 
debriefing. Finally, although our sample size of 22 partici-
pants reached saturation, given the qualitative nature of this 
study, the conclusions presented are not necessarily gener-
alizable. 

Conclusion 
In this paper, we explore the emergence of ‘bottom-up’ ap-
proaches to AI governance in radiology departments in the 
US and UK. In interviewing 22 experts in clinical adoption 
and governance of AI in radiology, we survey the current 
state of AI governance in hospitals. The findings of this 
study highlight novel challenges to responsibility and gov-
ernance generated by AI, including the assignation of re-
sponsibility for new governance functions like post-deploy-
ment monitoring, and re-negotiation of responsibility norms 
when AI is deployed more autonomously. Additionally, dif-
fering views on which governance functions should be con-
ducted locally versus centrally indicate an underlying ten-
sion between bottom-up and top-down approaches. In our 
in-depth examination of committees of ‘governance entre-
preneurs’ within different hospitals, we find great variation 
in the scope, composition, remit, and role of these commit-
tees, and note challenges faced in navigating power relations 
and resource constraints within hierarchical organizations. 
In particular, we note that the medical profession’s spe-
cialty-driven approach appears increasingly at-odds with the 
wide-ranging use of AI across different contexts in the hos-
pital, creating new challenges in understanding whose ex-
pertise should be included when overseeing AI deploy-
ments. While professional societies and governing bodies 
have released guidelines to help hospitals govern AI, the 
overwhelming number of competing recommendations has 
made them difficult to implement. We conclude with some 
recommended interventions to cope with these challenges, 
including investing resources into staff training and local 
governance, and improving coordination across siloed insti-
tutions.  
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