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Abstract
Artificial intelligence (AI) tools increasingly support clinical decision-making, yet they 
embed hidden value frameworks that shape recommendations in ways neither physicians 
nor patients can anticipate. These systems may prioritize different, sometimes conflicting, 
objectives: maximizing revenue versus minimizing costs, respecting patient autonomy ver-
sus preventing harm, or favoring aggressive intervention versus conservative management. 
This consensus statement from the Responsible AI for Social and Ethical Healthcare (RAISE) 
symposium identifies a critical gap in current AI governance: Although model cards and reg-
ulatory guidelines describe technical specifications and broad principles, they fail to disclose 
the clinical values embedded in actual recommendations. Drawing on clinical scenarios 
where both human experts and large language models demonstrate divergent value-based 
decisions, we propose a “Values In the Model” (VIM) framework. The VIM is a transpar-
ent labeling system that documents how AI systems navigate value-laden clinical trade-
offs. Rather than relying on electronic health record data that may perpetuate institutional 
biases, we recommend developing rigorous benchmarks of clinical scenarios tested against 
diverse stakeholder perspectives. The VIM would enable health care systems, regulators, 
and patients to make informed choices about AI alignment with their priorities, transform-
ing hidden commitments into explicit, accountable ones. No existing organization currently 
possesses the combination of technical expertise, clinical knowledge, ethical standing, and 
stakeholder representation needed to steward such an effort comprehensively. We there-
fore call for parallel tracks: public debate on values in medical AI and carefully monitored 
pilot projects in leading health care systems. Without transparency into embedded values, 
AI risks entrenching the priorities of developers, payers, or providers at scale. With it, we 
can build systems that reflect the diverse values that make medicine not only a science but a 
fundamentally human practice.
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The Problem

I magine a 60-year-old man with lower back pain 
whose physician consults an artificial intelligence (AI) 
system.

•	 Scenario A: The AI system, shaped by a fee-for-service 
hospital, recommends a magnetic resonance image — 
an income-generating step that also rules out rare but 
serious conditions.

•	 Scenario B: The AI system, tuned by an insurer, advises 
watchful waiting, suggesting that physical therapy 
could speed recovery.

Neither recommendation, in these simplified scenarios, is 
categorically wrong. However, each reflects a different set 
of values — maximizing revenue in one case, minimizing 
costs in the other. Equally important is whose values rule: 
the hospital’s, or the insurer’s. The problem is that today, 
neither the physician nor the patient can know in advance 
which value framework an AI system embodies.

Throughout this article, we use the term “AI system” to 
refer broadly to generative AI–based decision tools — most 
of them large language or multimodal foundation models 
— used to assist or automate elements of clinical reasoning.

This missing visibility of values was the central focus of the 
Responsible AI for Social and Ethical Healthcare (RAISE) 
symposium, held in September 2025 in Maine. The partic-
ipants — clinicians, ethicists, legal scholars, technologists, 
and health system leaders — agreed that while govern-
ment guidelines and AI system model cards describe broad 
principles and technical specifications, they fail to reveal 
something crucial: the values embedded in actual clinical 
decisions.

Why is this so crucial? Although AI systems are widely 
used by clinicians to support their decision-making, most 
of these systems are not hosted by the health care sys-
tems themselves. This will change soon, and health care 
systems will join the leading commercial clinical payer 
organizations in having their own AI systems aligned to 
make decisions that reflect their organizations’ values 
and priorities. Some recommendations of these AI sys-
tems will be uncontroversial, but there is a wide range of 
decisions made every day on which both clinicians and AI 
systems will disagree. For these, depending on one’s val-
ues and experience, there are significant risks to life and 
autonomy.

Consider another case, discussed at the symposium, of a 
young woman hospitalized for cardiac complications of 
anorexia. She refuses oral supplements, and her food intake 
has not improved over 24 hours, but her weight has been 
stable since admission. Should clinicians place a feeding 
tube against her will? The audience was split: 47% empha-
sized the duty to protect the patient’s autonomy, and 53% 
the duty to prevent imminent harm.

When 14 large language models were asked the same ques-
tion, their responses, too, were split. Some recommended 
forced intervention; others deferred to autonomy or watch-
ful waiting; and still others invoked liability concerns. 
These differences could not be predicted from the develop-
ers’ documentation or model cards.

Such unpredictability highlights the core problem: Values 
shape clinical decisions, yet no framework today systemat-
ically reports which values an AI system favors and how it 
resolves value conflicts. Insurers, health care institutions, 
clinicians, and patients routinely bring different values to 
health care decisions.

Moreover, we have presented here particularly dramatic 
decisions. Frequently, the stakes are much lower — for 
example, which patients should be seen in the clinic tomor-
row? Yet, it is in the lower-stakes decisions that incentive 
structures in organized medicine may generate the greatest 
differences. For example, the decision of when in the course 
of care to obtain a computed tomography scan for back pain 
not only has clinical implications, but also will affect reve-
nue and downstream services provided. Law, ethics, and 
practice guidelines traditionally address those differences 
by prioritizing patient autonomy, clinician beneficence, 
fairness, and treatment utility. Yet, the patient whose health 
is on the line and the clinician committed to caring for them 
have no way of knowing what values are actually embedded 
in the AI systems they use.

Beyond “More Data”
One might assume that training models on ever-larger elec-
tronic health record (EHR) datasets would yield better deci-
sion support. Symposium participants disagreed. Clinical 
practice as documented in EHRs often reflects institutional 
incentives, workflow pressures, domain- and specialty-spe-
cific priorities, and imperfect knowledge, including uncer-
tainty or confusion about patient preferences. These are not 
necessarily the elements that clinicians or patients would 
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like to see drive health care decisions. AI trained on EHRs 
risks entrenching misaligned patterns rather than correct-
ing them.

Instead, participants proposed a different strategy: system-
atically confronting AI systems with carefully designed 
clinical scenarios where values collide. For example,

•	 Should an AI system respect a patient’s preference for 
a treatment with low likelihood of success, or prioritize 
expected effectiveness?

•	 Should a patient’s preferences for treatment be 
informed by public health considerations?

This idea builds on the long-standing recognition that 
health care should be safe, effective, patient-centered, 
timely, efficient, and equitable, “ensuring that patient val-
ues guide all clinical decisions.”1 When clinicians turn to AI 
models to aid clinical decision-making, they need to know 
what values those models encode.

Values in the Model
Participants at RAISE converged on a proposal: a Values In 
the Model (VIM) framework that travels with every AI sys-
tem deployed in clinical care. Extending the information 
provided in model cards (e.g., in an evaluation section — 
see page 4 of the Gemini Pro 2.5 model card3) in a “clin-
ical alignment” component,2 the VIM would provide the 
value-based angle — explicitly documenting how the sys-
tem performs when tested against value-sensitive clinical 
scenarios.

A VIM would make transparent whether an AI system leans 
toward overdiagnosis and overtreatment or resource-spar-
ing cost-awareness and possible underdiagnosis, helping 
those who are worst off or maximizing benefit, favoring 
autonomy or preventing imminent harm, and so on. It 
would show, for example, whether the AI system was pur-
posefully aligned (e.g., through reinforcement learning) 
to recommend more interventions, or whether a system 
prompted for capitation is prone to cost cutting.

The VIM could provide this information for prespecified 
sections of existing model cards. Some parts would be 
completed by the developers — they would be intended to 
describe whether the AI system was designed to offer rec-
ommendations from an explicit viewpoint (e.g., whether 
it was instructed in a system prompt to act as a provider 
and maximize fee-for-service). Others might draw on the 

clinical scenario benchmarks described above, potentially 
including a description of how these were solved and sum-
marizing the values or preferences the AI system exhibits.

Importantly, the VIM would not dictate which values are 
“correct,” nor can they necessarily be attributed to a spe-
cific stakeholder (i.e., payer, provider, patient). Many 
frameworks — maximizing lives saved, minimizing pain, 
prioritizing those who are worst off, respecting autonomy, 
rewarding social usefulness — can each be ethically defen-
sible in context. However, the VIM would ensure that val-
ues are made visible, allowing regulators, hospitals, and 
patients to make informed choices about which systems are 
most aligned with them.

Several of the participants at RAISE emphasized an import-
ant distinction: Some prioritizations are allocative and 
relate to the business or financial model, such as fee-for-
service, or preferential use of specific services. Others con-
cern the care of individual patients, considering patient 
preferences and factors such as age, quality of life-years 
remaining, disease severity, and reversibility of pathology. 
Even though there are different ethical frameworks that 
have been used for these two kinds of annotations, there 
was agreement that the VIM label should address both, 
while making this important distinction clear. For exam-
ple, a patient might want to know if decisions made on their 
behalf include considerations of sparing resources or mod-
erating risks for other patients.

Toward Benchmarks of Clinical 
Scenarios
Symposium participants agreed that such a VIM label would 
only be useful when paired with specific benchmarks. They 
therefore recommended developing a large library of rig-
orously designed clinical vignettes that probe trade-offs 
between values.4 These scenarios would be tested against 
diverse stakeholders — clinicians of varying specialties, 
patients from different backgrounds, health care institution 
leaders, insurers, public health experts, ethicists, and policy 
makers. Their collective responses would provide a “gold 
standard” distribution of human choices.

AI systems could then be systematically tested against these 
benchmarks, with results disclosed in the VIM by stake-
holder category. A model might align closely with majority 
decisions among insurers but diverge from majority deci-
sions among patients. Those divergences would be visible 

NEJM AI is produced by NEJM Group, a division of the Massachusetts Medical Society.
Downloaded from ai.nejm.org by Zak Kohane on January 22, 2026. For personal use only.
 No other uses without permission. Copyright © 2026 Massachusetts Medical Society. All rights reserved. 



NEJM AI� 4

rather than hidden, allowing users to judge appropriateness 
for their context. Using the AI system in caring for a patient, 
a physician would still need to consider the preferences of 
that particular patient (as autonomy protects choice even 
when different from the majority of other patients), but 
would be able to consider the AI system’s recommenda-
tions in the context of the values embedded in that model.

Such a benchmark would require substantial investment; 
however, so did the creation of large datasets for training AI 
in the first place. Given the stakes — clinical decisions that 
affect lives — the effort is at least as urgent. Also, because 
of the inevitable inclusion of the benchmarks in the train-
ing data of frontier models, the participants recognized that 
these benchmarks would have to be refreshed periodically.

Encouragingly, a number of health care systems are already 
experimenting with explicit alignments around clinical 
decision-making. These pioneering projects range from 
embedding knowledge from clinical guidelines in decision 
support, to balancing equity with efficiency in population 
health, to piloting value-sensitive triage tools in intensive 
care units. None is yet comprehensive — and the need for 
attention to patient preferences in these models warrants 
further discussion — but together they demonstrate that 
practical steps toward embedding and disclosing values are 
already under way.

Why Values Matter
Why not simply aim for models that maximize adherence 
to agreed clinical guidelines? Because guidelines rarely 
resolve the nuances of a particular case and are themselves 
subject to hidden values. Moreover, clinical practice guide-
lines do not exist for many clinical scenarios, and clinical 
care is not reducible to a certified consensus of experts or 
literature. It involves consideration of competing values 
and hard choices — which treatment plan to pursue, how 
best to respect a patient’s values, whether to offer treatment 
unlikely to succeed, how best to allocate scarce resources, 
and how to preserve community trust.

Cautionary tales of seemingly evidence-based consensus 
leading to harm abound. For instance, the past push for tight 
glucose control in diabetes, once widely recommended, 
later proved dangerous for many patients. If AI systems 
merely replicate historical practice without making trans-
parent what they are trying to maximize (e.g., longevity vs. 
quality-adjusted life-years), they risk enshrining past mis-
takes and biases at scale. Transparency and explicit align-
ment to specific clinical values also increase the robustness 

of AI systems to adapt to new, effective, and safe therapies, 
even if they do not represent the former standard of care, as 
occurred relatively early in the use of checkpoint inhibitors 
for a variety of cancers.

A Path Forward
What is needed now is not only technical rigor but moral 
clarity. AI systems should not remain “black boxes” whose 
hidden alignments emerge only in moments of crisis. 
Instead, they should come with labels, such as the VIM, that 
disclose how they navigate contested values.

Furthermore, the capability for the public to inspect the 
VIM labels is essential to establish trust. Conversely, VIM 
labels could be crafted by consumer or other stakeholder 
organizations to define what kind of value system they 
would accept to work with, use, or purchase. Fortunately, 
several health care systems are pushing themselves across 
the frontier of implementing and representing alignments 
around specific clinical decisions. Most of these pioneer-
ing efforts, though, do not explicitly represent the values 
that are embedded in the decisions they have automated 
through AI. Instead, they preemptively focus on gover-
nance, testing, and oversight.

RAISE participants also argued that, in addition to the VIM 
serving as a nutrition label, listing ingredients, health care 
would also require the equivalent of the famous black box 
flight recorder, capturing how the system behaves under 
stress. The MEDLOG system,5 proposed as a means to log 
all actions of AI systems with full clinical context, could 
provide this function. With such transparency, hospitals 
could choose models aligned with their mission, regula-
tors could monitor for unacceptable misalignments, and 
patients could understand the value commitments embed-
ded in their care.

Conclusion
Medicine is replete with hard choices that lack a single 
“right” answer. Should we favor the youngest, the sickest, 
or the most likely to benefit? Should we enforce legal obliga-
tions to respect autonomy, or prioritize cost, or fairness? As 
Persad and colleagues argued,6 no single principle suffices; 
both clinical decision-making and allocation systems must 
incorporate multiple values in tension.

The same is true for clinical AI — its future depends not just 
on technical sophistication but on transparent alignment 
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with values that patients and communities deem accept-
able, and on the capacity to evolve as those values change. 
By creating systematic benchmarks of value-laden deci-
sions and requiring every relevant clinical AI system to carry 
a VIM, we can begin to build systems that earn trust — not 
because they are flawless, but because their commitments 
are transparent and health care systems and clinicians are 
accountable for adopting and using those AI models.

Who should lead the effort to implement VIM labeling and 
to keep those labels current across the fast-changing land-
scape of both closed and open-source AI systems?

At the RAISE symposium, participants floated a famil-
iar list of possible stewards: the U.S. Food and Drug 
Administration, the Centers for Medicare and Medicaid 
Services, the World Health Organization, professional 
medical societies, physician certification boards, and large 
health care systems. They also mentioned a handful of 
new groups already promising to benchmark AI systems or 
extend the reach of existing model cards.

Yet consensus quickly followed: none of these organiza-
tions, at least for now, combines what such a mission would 
require — deep expertise in AI, clinical medicine, and eth-
ics; a workforce able to label systems at scale; and the rep-
utational standing to represent every stakeholder in health 
care, including patients. Perhaps one or more of them will 
eventually evolve to develop that rare blend of technical, 
moral, and institutional credibility.

In the meantime, participants agreed that two tracks 
must run in parallel: public debate about how values are 
addressed in AI for medicine, and carefully monitored pilot 
projects, in health care systems that are most admired, that 
begin to craft and test VIM labels for the AI systems already 
entering clinical use. These early pilots, transparent and 
empirical, could help define what a mature labeling infra-
structure should eventually look like.

If we fail to make values visible, AI will quietly entrench the 
priorities of payers, providers, or developers. If we succeed, 
we can build systems that make those priorities explicit and 
open to correction, reflecting the diverse, deeply held values 
that make medicine not only a science but a human practice.
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