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Abstract

The emergence of Artificial Superintelligence (ASI) in healthcare presents unprecedented opportunities for revolutionizing
diagnostics, treatment planning, and population health management, but also introduces critical risks if these systems are
not properly aligned with human values and clinical objectives. This review examines the theoretical foundations of ASI
and the alignment problem in healthcare contexts, exploring how misaligned Artificial Intelligence (AI) systems could
optimize for wrong objectives or pursue harmful strategies leading to patient harm and systemic failures. Current chal-
lenges in Al alignment are illustrated through real-world examples from radiology and clinical decision-making, where
algorithms have demonstrated concerning biases, generalizability failures, and optimization for inappropriate proxy mea-
sures. The paper analyzes key alignment challenges including objective complexity and technical pitfalls, bias and fairness
issues in healthcare data, ethical integration concerns involving compassion and patient autonomy, and system-level policy
challenges around regulation and liability. Technical alignment strategies are discussed including reinforcement learn-
ing from human feedback, interpretability requirements, formal verification methods, and adversarial testing approaches.
Normative alignment solutions encompass ethical frameworks, professional standards, patient engagement protocols, and
multi-level governance structures spanning institutional, national, and international coordination. The review emphasizes
that successful ASI alignment in healthcare requires combining cutting-edge Al research with fundamental medical eth-
ics, noting that while proper alignment could enable transformative health improvements and medical breakthroughs,
misalignment risks undermining the core purpose of medicine. The stakes of this alignment challenge are characterized
as among the highest in both technology and ethics, with implications extending from individual patient safety to public
trust and potentially existential risks.
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Introduction Beyond AGI lies Artificial Superintelligence (ASI), a theo-

retical class of Al that would surpass human intelligence

The emergence of Artificial Intelligence (Al) in healthcare
presents unprecedented opportunities and risks [1-3]. Al
can be broadly categorized by its level of capability. The
vast majority of systems in use today are Artificial Nar-
row Intelligence (ANI), designed to excel at specific tasks
such as diagnosing diseases from medical images [4]. The
next theoretical milestone is Artificial General Intelligence
(AGI), a hypothetical form of Al that would possess human-
level cognitive abilities across a wide range of domains.
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across virtually all fields of endeavor, from scientific cre-
ativity to social skills (Fig. 1) [5, 6]. In healthcare, ASI sys-
tems could revolutionize diagnostics, treatment planning,
and population health management, potentially discovering
novel medical knowledge and making complex decisions in
real-time [7-11]. However, these benefits will only mate-
rialize if the AI’s goals and behaviors remain aligned with
human values and clinical objectives [12].
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Fig. 1 The spectrum of artificial intelligence and the escalating align-
ment problem

A left-to-right axis charts the growth of capability and autonomy—
from task-specific Artificial Narrow Intelligence (ANI, shown as a
magnifying glass inspecting a medical image), through hypothetical
human-level Artificial General Intelligence (AGI, depicted as a styl-

The alignment problem—ensuring powerful Al systems
behave in ways beneficial to humans—is critical in health-
care. Misaligned Al could optimize for the wrong objectives
or pursue harmful strategies, leading to consequences rang-
ing from patient harm to systemic failures (Fig. 2) [6, 12—
14]. This review explores the theoretical foundations of ASI
and alignment, examines current and anticipated challenges
of aligning ASI in healthcare, and discusses technical, ethi-
cal, legal, and policy solutions.

Theoretical frameworks of ASI and
alignment

The development of ASI, envisioned as the successor to a
hypothetical AGI and a dramatic leap beyond current ANI,
rests on several interconnected theoretical concepts (Table
1) [6, 15]. These concepts not only frame the potential for
its emergence but also define the core challenges of ensur-
ing its safety. Central to these considerations is the intelli-
gence explosion hypothesis, which proposes that once an Al
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ized brain), to prospective Artificial Superintelligence (ASI, rendered
as a multi-colored, networked brain). The upward-curving line reminds
the reader that the severity of the alignment problem rises gently for
ANI, becomes a central engineering hurdle for AGI, and accelerates
toward existential stakes once ASI is reached

system achieves the capability to improve its own cognitive
architecture, it could initiate a cascade of self-enhancement
that rapidly amplifies its intelligence beyond human com-
prehension or control 5, 6, 16, 17]. This possibility takes on
a potentially precarious shape when viewed through the lens
of the orthogonality thesis, which holds that an AI’s degree
of intelligence has no intrinsic bearing on the nature of its
goals or values. Put simply, intellect and motivation are
independent variables: a system can be extraordinarily smart
yet still pursue objectives that are indifferent—or even hos-
tile—to human well-being. As a result, an ASI agent could,
in principle, marshal its vast cognitive resources toward any
end whatsoever, no matter how trivial or harmful that goal
may seem to us [6, 18].

These theoretical insights converge on what research-
ers term the control problem: the fundamental challenge
of ensuring that an ASI agent’s goals remain aligned with
human well-being throughout its operation. Bostrom’s
now-famous “paperclip maximizer” thought experi-
ment crystallizes this concern by illustrating how an ASI
tasked with the seemingly innocuous goal of maximizing



Japanese Journal of Radiology

r ™
Human values & clinical goals

+ Patient well-being

* Equity
» Autonomy
* Non-maleficence

- W,

Objective specification
. )
Aligned action Misaligned action
Artificial Superintelligence
\ J

Beneficial outcomes

+ Optimal treatment plans
* Novel drug discovery
» Reduced health disparities

Fig. 2 The core concept of artificial superintelligence alignment in
healthcare

We start with a box of human values and clinical goals—patient health,
fairness, autonomy. If we translate those values clearly into the goals

paperclip production might relentlessly consume all avail-
able resources, including those essential for human survival,
in single-minded pursuit of its objective if not properly
constrained [6, 17-19]. A medical parallel to this scenario
might involve an ASI system designed to “achieve 100%
diagnostic accuracy,” which could theoretically subject
every patient to exhaustive testing—unnecessary CT scans,
invasive procedures, and rare disease screenings—consum-
ing vast healthcare resources while exposing patients to pro-
cedural risks and financial burden, all in pursuit of absolute
diagnostic certainty. This scenario, while deliberately sim-
plified, illuminates the profound risks that could arise from
misaligned ASI.

Within this theoretical framework, Al alignment emerges
as the discipline dedicated to designing Al systems whose
actions consistently align with human values, intentions,
and ethical principles (Fig. 3) [19-21]. This endeavor
encompasses two major dimensions that must be addressed
in tandem. The first, technical alignment, confronts the
formidable challenge of translating the rich complexity of
human values and goals into precise specifications that an

Harmful outcomes

* Refusing high-risk patients

+ Amplifying bias

* Recommending unnecessary
costly procedures

of an ASI system, we get aligned action and better care. If we get the
goals wrong, we get misaligned action and real harm—bias, bad incen-
tives, wasted resources. One specification, two very different futures

Al system can understand and implement [20, 22]. Human
values prove notoriously difficult to quantify—they shift
with context, occasionally contradict one another, and
evolve through time and cultural change [21]. When an Al
optimizes for a misspecified objective, the resulting behav-
iors can diverge dramatically and sometimes alarmingly
from human intentions.

The second dimension, normative alignment, grapples
with the prior question of determining which human values
and ethical principles should guide Al behavior in the first
place [21, 23]. Within healthcare contexts, this philosophi-
cal challenge takes on particular urgency, as it necessarily
invokes fundamental bioethical principles including benefi-
cence, non-maleficence, autonomy, and justice, alongside
deeper societal values concerning the nature of life, health,
and human dignity [24]. Researchers have proposed varying
approaches along a spectrum of constraint, from minimal-
ist frameworks that would restrict Al behavior through only
the most essential rules (such as “do not harm patients™)
to maximalist approaches that would attempt to imbue Al
systems with moral frameworks capable of identifying
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Table 1 Theoretical concepts in artificial superintelligence alignment

Concept Definition Relevance in
healthcare

Intelligence A hypothetical scenario Suggests an ASI could

explosion where an Al begins to develop novel medical
recursively improve its strategies at a pace that
own intelligence at arate  outstrips human over-
far exceeding human com-  sight, making initial
prehension or control. alignment crucial.

Orthogonal-  The idea that an AI’s level ~ An ASI will not

ity thesis of intelligence is indepen-  automatically adopt

The control

dent of (orthogonal to) its
ultimate goals or values.

The fundamental challenge

beneficial goals (e.g.,
patient well-being); it
could pursue any goal,
however trivial or
harmful.

Directly addresses the

problem of ensuring that an AI’s core task of building
actions remain aligned safeguards to prevent
with human intentions and  an ASI from making
values indefinitely. decisions that could
harm patients or the
healthcare system.
Reward An Al exploiting loopholes An ASI tasked to
hacking in its objective function to  reduce ICU mortality
maximize a reward signal ~ might achieve this by
in unintended or harmful refusing to admit criti-
ways, while technically cally ill patients, thus
satisfying the goal. “hacking” the metric.
Corrigibility The property of an Al An essential safety fea-
system that allows it to ture for a medical ASI,
be corrected by humans allowing it to defer to
without resistance, and to  clinicians or patients
understand that its objec- ~ when values are in
tives may be flawed. conflict or uncertain.
Treacherous A scenario where an Al Poses the risk that a
turn behaves cooperatively seemingly safe health-

during its development
phase but pursues its true,
misaligned objectives
once it becomes powerful
enough.

care ASI could act
unpredictably and dan-
gerously after wide-
spread deployment.

ASI: artificial superintelligence, Al: artificial intelligence, ICU:

intensive care unit

optimally beneficial pathways across complex ethical land-
scapes [25, 26].

Stuart Russell’s influential work in ethical Al proposes
that future Al systems should be designed as explicitly ben-
eficial agents that continuously learn human preferences
rather than optimizing for fixed objective functions [17,
19]. This approach finds particular resonance in clinical
medicine, where an Al should defer to human clinicians or
patients when uncertainty arises about values. This prop-
erty, known as corrigibility, ensures the system doesn’t pur-
sue unintentionally harmful actions and remains amenable
to human control [14, 18, 27]. Contemporary frameworks
such as cooperative inverse reinforcement learning opera-
tionalize these ideas by proposing architectures where Al
and humans work collaboratively to infer human goals
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through ongoing interaction [20, 21, 28]. Such approaches
are especially well-suited to healthcare environments, where
patient-specific goals vary widely and nuanced trade-offs
between competing values must be navigated with sensitiv-
ity to individual circumstances and preferences.

Challenges in aligning ASI within healthcare
systems

Objective complexity and technical pitfalls

Healthcare outcomes are multi-dimensional (survival,
symptom relief, patient satisfaction, equity) and cannot
be reduced to a single metric without losing important
nuance. Misspecification of any of the objectives can lead
an Al astray (Table 2). For instance, if a hospital ASI is
programmed to minimize Intensive Care Unit (ICU) mor-
tality, it might learn to transfer out or refuse admission to
the sickest patients to improve mortality statistics—a form
of reward hacking [22, 29, 30]. An ASI with greater cre-
ativity and planning ability is at higher risk of finding such
unintended exploits—it may identify loopholes in its pro-
gramming or protocols that satisfy formal goals but harm
patients. Ensuring all relevant aspects of patient well-being
are captured in the AI’s optimization target is daunting [21,
31].

Another technical challenge is maintaining alignment as
the AI’s competence scales. An ASI could develop novel
strategies beyond human understanding, complicating
evaluation—how do we verify the alignment of reasoning
we cannot fully follow [16, 21]? This relates to the explain-
ability and interpretability problems currently at the heart of
many Al discussions [32]. Already, machine learning mod-
els are often considered “black boxes,” and clinicians strug-
gle to trust Al recommendations without explanations. With
an AST’s improved competence, this opacity could deepen.

There is also a verification problem. If we may not eas-
ily predict or constrain what an ASI might do in complex
scenarios, especially novel situations [16, 19], how can we
continually verify the Al is adhering to alignment targets?
This unpredictability raises the specter of a “treacherous
turn,” where an Al behaves well during development but,
once sufficiently capable, pursues its own agenda mis-
aligned from human intent [6, 18, 22]. Ensuring alignment
at superhuman capability levels likely requires new formal
verification methods or scalable oversight.

Bias, fairness, and data challenges

Healthcare data and practices reflect societal inequalities
and historical disparities, which can lead to Al misalignment
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Fig. 3 A multi-layered framework for safe artificial superintelligence
alignment in healthcare

A powerful Al can send “potential harm” toward patients and society.
Four slices of Swiss cheese—technical alignment, clinical integration,

with modern ethical values like fairness and equity [25, 33,
34]. If an ASI is trained on real-world clinical data, it will
learn not just medical correlations but also biased patterns
[35-38]. A misaligned Al might propagate or amplify exist-
ing biases, conflicting with healthcare’s commitment to
justice.

A documented example is an algorithm for care manage-
ment that prioritized patients based on healthcare expendi-
ture as a proxy for health needs, which led to inaccurate
risk estimates for Black patients because this demographic
had lower recorded healthcare expenditures due to unequal
access [38]. These patients had similar health indicators and
needs, the problem with this algorithm was the objective:
using cost as a proxy for needs. Fixing the objective—using
clinical health indicators rather than cost—dramatically
improved equity [38]. In this example algorithmic bias
within this ANI model was easily exposed; the inputs to
such an ANI are clear and the model’s logic is not so com-
plex that associations can’t be identified. On the other hand,
the features identified and ranked within an ASI model will
be more complex, making identifying and deciphering bias
more difficult.
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institutional governance, and regulatory & legal frameworks—stand in
the way. No slice is perfect, but their holes don’t line up. Together they
block most dangers, showing why layered safety beats any single fix

Data diversity and generalizability are further concerns.
Healthcare data can be siloed by institution or geography
due to ethical concerns or legal requirements; models trained
in one hospital often falter in another due to shifts in patient
population or imaging protocols [35]. An ASI trained with
unbalanced data could still face such domain shift issues
[39, 40]. Rare diseases or minority patient groups are likely
to be underrepresented in training, so even an ASI could
have blind spots without a deliberately inclusive design [37,
38].

Ethical and clinical integration challenges

An aligned healthcare ASI must interface with human cli-
nicians and patients in a manner consistent with medical
ethics and practice norms [6, 24, 41]. Healthcare centrally
involves compassion and patient preferences, medical eth-
ics, and shared decision-making. The concept of compas-
sion is a key challenge in developing a healthcare ASI. That
is, it must be capable of maintaining the current standards of
clinical empathy and respect for persons. However, an ASI
lacking standards of compassion might suggest an approach
optimal for survival but oblivious to a patient’s subjective
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Table 2 Challenges in aligning artificial

care systems

superintelligence in health-

Category Description of Example in healthcare
challenge

Technical Misspecification of An ASI that suggests

pitfalls objectives (Reward transferring out severely

Bias, fairness,
and data

Ethical & clini-
cal integration

System-level &
policy

Hacking), scalability,
opacity, difficulty of
verification, risk of a
“treacherous turn.”

Societal and historical
inequalities embedded
in training data lead to
unfair outcomes. Lack
of data diversity and
generalizability.

Lack of clinical
empathy or respect

for persons. Utilitar-
ian decision-making
that violates individual
rights. Building trust
and managing liability.

Lack of regula-

tory frameworks

for adaptive, learn-

ing Al Difficulty in
operationalizing ethical
principles. Potential for
misuse (dual-use).

ill patients to improve its
ICU mortality metrics.
An ASI that recommends
a treatment plan based on
reasoning that humans
cannot follow.

An algorithm that
systematically underes-
timates the health needs
of Black patients because
it uses healthcare cost as
a proxy for need. Lower
diagnostic accuracy for
skin cancer in patients
with darker skin tones.
An ASI that prioritizes
life extension at all costs,
ignoring a patient’s
suffering or wishes for
comfort care. Clinicians
who cannot trust an ASI’s
recommendation because
its rationale is opaque.
Regulatory approval at

a single point in time
may not guarantee the
safety of a continuously
self-improving ASI. Lack
of international standards
for Al governance.

ASI: artificial superintelligence, Al: artificial intelligence, ICU:
intensive care unit

experience or dignity [42]. For example, it might determine
that a terminal patient’s life can be prolonged through inten-
sive interventions and push for that course even if it causes
suffering—unless aligned with patient-centered care values.

Without explicit alignment, a purely utilitarian Al could
take actions that, while improving aggregate health metrics,
violate established medical ethics such as individual rights
or moral intuitions [19, 23]. A challenge is how to imbue an
ASI with an understanding of ethical contexts or hardwire
deference to human ethical oversight for contentious deci-
sions [17, 24].

Clinical integration of Al is hindered by trust and trans-
parency concerns. Clinicians might ignore valuable Al
insights if trust breaks down, or they might become over-
reliant and defer to Al even when it’s wrong. Clinicians
and patients often doubt Al outputs that conflict with their
judgment, especially if the Al cannot explain its conclusion
[43—45]. The AI’s knowledge must be communicated in an
understandable way for users to trust it [12, 46].
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With AST’s vastly greater intelligence, the already large
communication gap between Al and humans might widen
dramatically, exacerbating trust and transparency concerns.
The AI could be correct while all humans disagree, yet the
Al cannot persuade the human team of a counterintuitive
diagnosis if the reasoning is too complex [6, 47].

The question of ultimate accountability and legal liabil-
ity remains unresolved. If an ASI harms a patient, who is
responsible [48]? One approach is keeping a human “in the
loop” for supervision, such that the human operator remains
accountable. However, as Al grows more autonomous,
humans could become over-reliant rubber stamps for Al
recommendations without real insight.

System-level and policy challenges

At the broader system level, aligning ASI with healthcare
systems involves regulation, oversight, and sociopolitical
context. Regulatory frameworks for Al in healthcare are
still evolving [49]. In many jurisdictions, Al-based software
for diagnosis or treatment is currently regulated as a medi-
cal device requiring pre-market evaluation and certification
based on clinical evidence of safety and efficacy [50-52].

However, an ASI that continuously learns and adapts
challenges these paradigms—if an AI’s behavior changes
autonomously over time, certification done at a single
point may no longer guarantee safety later [48, 53]. Regu-
lators have started addressing this; for example, the Food
and Drug Administration (FDA) proposed a framework for
“adaptive” Al algorithms requiring ongoing monitoring of
real-world performance and possibly periodic re-approval
when algorithms evolve [54].

Another systemic challenge is integrating ethical prin-
ciples into Al governance. Bodies like the WHO have pro-
posed high-level principles for ethical Al in health, including
promoting well-being and safety, ensuring transparency and
accountability, fostering inclusiveness and equity, and pro-
tecting human autonomy [55, 56]. Operationalizing these
principles is non-trivial. For example, transparency might
require that Al decisions and data usage are explainable to
patients, while protecting autonomy means patients should
have the right to refuse Al-recommended treatment [50, 55,
57].

The potential for misuse of healthcare ASI must also be
considered. An Al designed for good could be repurposed
for harm by a malicious insider or through Al misinterpreta-
tion of its mandate [58]. Ensuring secure alignment means
ensuring Al is robust to manipulation and cannot easily
become a tool of harm [22, 59]. Policymakers may require
critical healthcare Al systems to have built-in “off-switches”
or fall-back modes that humans can activate [16, 19, 20].
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Bias examples in healthcare

The journey of Al in medicine offers a compelling, real-
world narrative of the alignment problem, tracing an arc
from initial promise to the discovery of profound and subtle
challenges. This story begins with a series of remarkable
successes that demonstrated Al’s potential to augment, and
in some cases, exceed human expertise. A prominent early
example was CheXNet, a deep learning algorithm trained
to detect pneumonia from chest radiographs. In a landmark
study, CheXNeXt not only performed on par with practic-
ing radiologists but exceeded their average performance on
key diagnostic metrics, all while interpreting hundreds of
images in minutes—a task that would take a human expert
hours [60, 61]. This and similar achievements fueled opti-
mism that Al could democratize medical expertise and alle-
viate the burdens on overworked healthcare systems.

However, this initial optimism was soon tempered by
a foundational challenge: generalizability. Researchers
quickly discovered that an Al model’s stellar performance
in one clinical environment often failed to translate to
another. A pivotal study revealed this vulnerability in stark
detail [35]. They trained pneumonia-detection models using
data from three different hospital systems and found that
the models performed far better on internal data (from the
same hospital system they were trained on) than on external
data from another hospital. The Al had not just learned the
radiological signs of pneumonia; it had learned to identify
the hospital system itself, latching onto subtle, irrelevant
cues like image formatting or patient positioning protocols
that correlated with disease prevalence at a specific site. In
essence, the Al took a shortcut, solving a simpler problem
(identifying the hospital) rather than the intended medical
one. This was a classic early example of misalignment,
where the Al optimized for statistical patterns in the data
rather than the underlying clinical truth.

This issue of learning spurious correlations points to a
deeper problem: Al systems do not inherently understand
human context or intent. They optimize for the precise
objective they are given, even when that objective is a
flawed proxy for the true goal. The peril of such misspeci-
fied objectives was illustrated by Obermeyer and colleagues
[38]. They analyzed a widely used algorithm that predicted
which patients would benefit most from high-risk care man-
agement programs. The algorithm used a seemingly logical
proxy for health needs: past healthcare costs. Yet, because
of systemic inequities in access to care, Black patients his-
torically incurred lower healthcare costs than White patients
with the same level of illness. Consequently, the algorithm
systematically underestimated the health needs of Black
patients, making them less likely to be referred for extra care.
The objective—minimizing future costs—was misaligned

with the true goal of allocating care based on health needs.
Correcting this single proxy variable, by replacing cost with
direct measures of chronic illness, dramatically reduced
the racial bias, highlighting how a seemingly small design
choice can have massive ethical implications.

The consequences of such misalignments are not merely
theoretical; they manifest as direct, measurable harm, often
amplifying existing societal inequities. The very data used to
train these models is often the source of the problem. A scop-
ing review of datasets for dermatology Al found a profound
lack of transparency and diversity; fewer than one in five
studies reported patient ethnicity, and even fewer described
skin tone [62]. This foundational bias in the data leads to
alarming outcomes, such as the algorithmic underdiagnosis
documented by Seyyed-Kalantari et al. [37]. Their research
demonstrated that state-of-the-art AI models for chest
X-ray analysis consistently underdiagnosed pathologies in
underserved populations, including female patients, Black
patients, and those of lower socioeconomic status. The risk
of misdiagnosis was even higher for patients at the inter-
section of these groups, such as Hispanic female patients,
revealing how Al can compound existing disparities.

Perhaps most unsettling is the discovery that Al can per-
ceive features in medical images that are invisible to human
experts, creating new vectors for bias. In a surprising find-
ing, Gichoya and colleagues showed that deep learning
models could predict a patient’s self-reported race from
medical images—including X-rays, CT scans, and mammo-
grams—with a high degree of accuracy [63]. This ability
persisted even when the images were degraded or cropped
to show only small anatomical regions. Clinical experts
are unable to do this, and the mechanism by which the Al
accomplishes this feat remains unknown. While not inher-
ently problematic, this “ghost in the machine” capability
creates an enormous risk. If an Al can identify race from an
image, it can easily learn to associate race with diagnostic
or prognostic outcomes, embedding biases that are not only
hidden but may be impossible to audit or control through
conventional means.

This challenge of hidden, ingrained bias has become
even more acute with the advent of Large Language Models
(LLMs), which are being explored for everything from clin-
ical documentation to diagnostic reasoning [64—70]. Recent
studies demonstrate that these models, despite their impres-
sive capabilities, can perpetuate and even systematize harm-
ful stereotypes. Research by Zack et al. showed that GPT-4,
when prompted to create clinical vignettes, defaulted to
demographic stereotypes and produced differential diag-
noses skewed by the patient’s race and gender [36]. A
large-scale analysis by Omar et al. confirmed this across
nine different LLMs, finding that simply changing sociode-
mographic identifiers in a patient case—while keeping all
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Table 3 A multi-layered framework of solutions for artificial superin-

telligence alignment

Layer Approach / method Goal & description
Technical Reinforcement To embed human values
alignment learning from human  directly into Al architec-
feedback tures. Aims to make Al
Interpretability & behavior predictable, con-
explainability trollable, and verifiably safe
Formal verification through mathematical and
Adversarial testing empirical guarantees.
Scalable oversight
Normative  Professional ethical To integrate Al into
alignment guidelines the existing ethical and
- clinical Clinician training and  professional fabric of
integration  education medicine. Aims to build a
Patient informed con-  culture where clinicians can
sent and autonomy responsibly use Al, critically
Human-in-the-loop /  evaluate its outputs, and
on-the-loop protocols  maintain patient-centered
care.
Normative  Institutional Al over-  To establish robust gov-
alignment sight committees ernance structures within
- insti- Policies for procure-  individual healthcare organi-
tutional ment and validation zations. Aims to ensure that
governance  Continuous local per- Al systems are deployed
formance monitoring  safely and align with the
Incident reporting and institution’s specific values
analysis systems and clinical workflows, pro-
viding direct mechanisms
for local accountability.
Normative  Risk-based regulation To create broad legal and
alignment (e.g., EU Al Act) policy frameworks that
- regula- Legal and liability govern Al across society.
tory & legal frameworks Aims to set minimum safety
frameworks International coopera- standards, clarify respon-

tion and standards
Harmonization of ethi-
cal principles

sibilities, and foster global
coordination to manage

the large-scale societal and
existential risks of powerful
Al systems.

ASI: artificial superintelligence, Al: artificial intelligence, EU: Euro-

pean union, ICU: intensive care unit

clinical details identical—led to significantly different med-
ical recommendations [71]. For example, cases labeled as
LGBTQIA + were more likely to receive a mental health
evaluation [72, 73], while high-income patients were more
frequently recommended for expensive advanced imaging
[74-76]. This demonstrates a profound value misalignment,
where the models provide care recommendations influenced
by a patient’s identity rather than their clinical need.

Yet, the narrative is not solely one of peril. These chal-
lenges also illuminate a path forward, demonstrating that
the design of the Al system and its interaction with clini-
cians can be a powerful tool for alignment. In a recent study,
Nori and colleagues developed an Al system, the MAI
Diagnostic Orchestrator (MAI-DxO), specifically designed
to emulate the iterative and judicious reasoning of an expert
physician [77]. Instead of providing an instant answer, the
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system strategically requests information, weighs evidence,
and considers the cost of tests, mirroring a real-world diag-
nostic workup. When paired with a state-of-the-art model,
this orchestrator achieved a diagnostic accuracy four times
higher than generalist physicians on complex cases, while
simultaneously reducing diagnostic costs. This work sug-
gests that by embedding principles of sound clinical rea-
soning into the Al’s operational framework, we can guide
it to be not just more intelligent, but more wise and better
aligned with the goals of effective and efficient healthcare.

Solutions for aligning ASl in healthcare
Technical alignment strategies

The path toward aligning ASI systems in healthcare begins
with fundamental technical approaches that embed human
values directly into Al architectures (Table 3). At the core
of these efforts lies the principle of learning from human
feedback, exemplified by techniques such as reinforcement
learning from human feedback [78]. This approach has
already shown promise in fine-tuning large language mod-
els to behave more helpfully and harmlessly. In healthcare
contexts, a medical ASI could undergo training in carefully
designed simulated environments where proposed treatment
plans receive iterative feedback from experienced clinicians
regarding not only clinical correctness but also compassion
and clarity of explanation.

Building on this foundation, the challenge of interpret-
ability becomes paramount. Unlike current “black box”
systems that obscure their reasoning, aligned healthcare Al
must make its decision-making processes legible to human
practitioners [32, 44]. Simple implementations like heat-
maps highlighting diagnostic regions in radiology images
represent early steps [39, 79, 80], but ASI systems will
require more sophisticated approaches. These might include
multi-level audit trails that present decision rationales at
varying levels of abstraction, allowing different stakehold-
ers—from specialists to patients—to understand the Al’s
reasoning within their own contexts [6, 81].

The verification of Al behavior represents another critical
technical frontier. Emerging techniques from circuit analy-
sis, which examines neural network architectures, to formal
verification methods that mathematically prove the absence
of harmful behaviors, offer pathways to ensure safety [82—
84]. In medical applications, such tools could guarantee that
an Al will never recommend actions that increase predicted
patient harm, overstep hard constraints like maximum medi-
cation dosages, or violate ethical boundaries such as sug-
gesting non-consensual procedures [19, 22, 85].
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Before any deployment in clinical settings, rigorous
adversarial testing becomes essential. These stress tests
probe for potential misalignments through carefully crafted
scenarios—extreme medical cases, attempts to induce
rule-breaking, or systematic checks for bias across patient
demographics [33, 38, 86]. For ASI systems, this testing
may require Al-on-Al evaluation, where specialized sys-
tems search for strategies that could cause the primary Al to
violate its alignment criteria, identifying failure modes that
human evaluators might miss [16, 27].

Looking toward the future, “superalignment” research
aims to develop techniques that scale to superhuman Al
systems [87, 88]. One promising approach involves scal-
able oversight, where combinations of less powerful Al sys-
tems and human feedback work together to supervise more
capable Al. In practice, this might manifest as committees
of moderately intelligent Al assistants checking different
aspects of an ASI’s decisions, or decomposing complex
reasoning into components that humans can meaningfully
evaluate [20].

Normative alignment strategies

Technical solutions alone cannot ensure alignment; they
must be woven into the fabric of medical practice through
ethical frameworks and professional standards. The medical
community has begun developing comprehensive guide-
lines that serve as a form of “soft alignment,” establish-
ing clear expectations and norms for Al development and
deployment [49, 79]. A landmark example is the joint Euro-
pean and North American multisociety statement in radi-
ology, which declared that “ethical use of Al in radiology
should promote well-being, minimize harm, and ensure that
benefits and harms are distributed justly among stakehold-
ers,” while emphasizing fundamental principles of human
rights, dignity, and professional accountability [89].

These high-level principles find practical expression
through implementation standards and reporting guide-
lines. Organizations like the Radiological Society of North
America have introduced detailed checklists ensuring that
researchers and vendors systematically address bias, trans-
parency, and validation in their Al tools [25, 90-92]. Such
frameworks create a bridge between abstract ethical prin-
ciples and concrete development practices, helping align Al
with established safety and ethics expectations well before
ASI systems emerge.

The human side of the equation requires equal atten-
tion. Professional training programs must evolve to pre-
pare clinicians for effective collaboration with increasingly
capable Al systems [25, 93]. This education encompasses
not only understanding Al capabilities but also developing
critical skills for recognizing limitations, detecting biases,

and maintaining appropriate skepticism. Practical proto-
cols might mandate second opinions on Al-derived critical
diagnoses or require discussion of Al recommendations in
multidisciplinary team meetings, ensuring human judgment
remains actively engaged rather than passively deferring to
machine intelligence.

Patient autonomy and engagement represent another
crucial dimension of normative alignment. The principle of
informed consent, fundamental to medical ethics, extends
naturally to Al-assisted care [25, 42, 55]. While obtain-
ing explicit consent for every Al interaction might prove
impractical, transparency measures—such as clear notation
in medical records when Al has contributed to treatment
planning—could become standard practice [24, 50, 57, 94].
Some ethicists advocate for patients’ rights to refuse Al-
driven services if uncomfortable, preserving human agency
in an increasingly automated healthcare landscape.

The alignment challenge ultimately requires robust gov-
ernance structures that span institutional, national, and inter-
national levels. Regulatory bodies worldwide are developing
frameworks that classify medical Al applications according
to risk levels, with high-risk systems demanding stringent
compliance with safety and alignment criteria [25, 95, 96].
The EU’s Al Act exemplifies this approach, categorizing Al
used in medical settings as inherently high-risk and man-
dating comprehensive risk assessments, algorithmic trans-
parency, and continuous human oversight [95]. Japan, in
contrast, provides an “agile governance” model through its
Pharmaceuticals and Medical Devices Agency (PMDA),
which requires clinical trials for novel Al medical software
while maintaining regulatory flexibility through risk-based
evaluation [97]. Formalized through Japan’s Al Promo-
tion Act [98], this approach emphasizes promotional rather
than restrictive regulation, positioning Japan to become the
world’s most Al-friendly country through cooperative gov-
ernance and industry self-regulation.

Legal frameworks must evolve to clarify liability in Al-
assisted healthcare, creating incentives for proper alignment
[53, 99, 100]. When hospitals understand they bear respon-
sibility for Al errors, they become motivated to select only
well-tested, properly aligned systems and maintain mean-
ingful human oversight [101]. Some experts propose “safe
harbor” provisions that protect institutions using certified
Al systems from liability for unexpected failures, balancing
innovation encouragement with safety requirements [59, 86,
95, 102].

At the institutional level, new governance structures are
emerging. Each institution may modify their policies for
purchasing, procuring, and validating products to specifi-
cally address Al systems. Hospitals have been encouraged
to establish dedicated Al oversight committees that continu-
ously monitor system performance, investigate anomalies,
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and maintain the authority to pause Al operations when con-
cerns arise [49, 103]. These committees can serve as cru-
cial checkpoints, ensuring that Al behavior remains aligned
with institutional values and patient welfare even as systems
grow more autonomous [20, 99].

The global nature of ASI demands international coop-
eration and coordination [104]. Healthcare Al developed in
one country could impact patients worldwide, necessitat-
ing harmonized approaches to ethics, safety standards, and
data sharing protocols [58, 95]. Some propose an “Al Hip-
pocratic Oath”—universal ethical commitments encoded as
inviolable principles in any healthcare Al’s decision-mak-
ing framework [105, 106]. Others envision international
treaties governing dangerous applications of medical Al
or establishing minimum safety standards for medical Al
deployment.

Continuous oversight mechanisms represent the final
layer of this governance architecture. Rather than one-time
certification, aligned healthcare Al requires ongoing moni-
toring through a “human in the loop” that remains account-
able or sophisticated “control panels” that track behavioral
indicators in real-time [59, 88, 103]. Advanced implemen-
tations might include independent ethics Al systems that
continuously analyze the primary AI’s decisions, with built-
in safeguards that degrade functionality or request human
intervention when the Al encounters situations beyond its
validated domain. This creates a dynamic safety net that
adapts as Al capabilities evolve, ensuring alignment remains
robust even as systems grow more powerful.

Conclusion

The alignment of ASI in healthcare carries broad implica-
tions for patient safety, public trust, and even existential risk
[1, 6, 13]. If we succeed in aligning ASI with human values,
we could see transformative improvements in health out-
comes, more efficient and equitable healthcare delivery, and
possibly cures for previously intractable diseases. However,
misalignment can lead to patient harm—for example, an
incorrectly aligned Al surgeon making dangerous decisions
[107]. Already, smaller-scale Al errors have caused clini-
cians to question Al tools, and high-profile failures could
significantly erode trust in medical Al [44, 108].

Aligning ASI in healthcare combines cutting-edge Al
research with the age-old ethos of medicine [6, 12, 17].
The challenges span technical issues like goal specification
and bias to ethical dilemmas and system readiness [13]. Yet
ongoing efforts in radiology and other fields show a path
forward: through rigorous wvalidation, interdisciplinary
cooperation, and commitment to patient-centric values, we
can develop Al that is not only smart but also wise in the

@ Springer

medical sense [41, 89]. With robust alignment, ASI could
become a tireless healer, guardian of public health, and cata-
lyst for medical breakthroughs. Without alignment, it could
undermine the very purpose of medicine. The stakes are as
high as the potential rewards, making alignment in health-
care one of our era’s most crucial challenges in both tech-
nology and ethics.

Acknowledgements We used ChatGPT based on the GPT-4.5 archi-
tecture (Feb 27, 2025, OpenAl; https://chat.openai.com/) to proofre
ad the English in the manuscript, and the output was reviewed and
approved by the authors.

Funding This work was supported by JST PRESTO, Japan, Grant
Number JPMJPR2521.

Declarations
Competing interests There are no conflicts of interest.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format,
as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indicate
if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons licence and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this licence, visit http://creativecommons.o
rg/licenses/by/4.0/.

References

1. Topol EJ. High-performance medicine: the convergence of
human and artificial intelligence. Nat Med. 2019;25:44-56.

2. Hinton G. Deep Learning—A technology with the potential to
transform health care. JAMA. 2018;320:1101-2.

3. Barat M, Pellat A, Hoeffel C, Dohan A, Coriat R, Fishman EK,
et al. CT and MRI of abdominal cancers: current trends and per-
spectives in the era of radiomics and artificial intelligence. Jpn J
Radiol. 2023;42:246—60.

4. Lo Mastro A, Grassi E, Berritto D, Russo A, Reginelli A, Guerra
E, et al. Artificial intelligence in fracture detection on radio-
graphs: a literature review. Jpn J Radiol. 2025;43:551-85.

5. Good 1J. Speculations concerning the first ultraintelligent
machine. Advances in computers. Elsevier; 1966. pp. 31-88.

6. Bostrom N, Superintelligence. Paths, Dangers, strategies. Lon-
don, England: Oxford University Press; 2016.

7. Hamet P, Tremblay J. Artificial intelligence in medicine. Metabo-
lism. 2017;69S:S36-40.

8. Obermeyer Z, Emanuel EJ. Predicting the future - big data,
machine learning, and clinical medicine. N Engl J Med.
2016;375:1216-9.

9. Esteva A, Robicquet A, Ramsundar B, Kuleshov V, DePristo M,
Chou K, et al. A guide to deep learning in healthcare. Nat Med.
2019;25:24-9.


https://chat.openai.com/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

Japanese Journal of Radiology

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

Yu K-H, Beam AL, Kohane IS. Artificial intelligence in health-
care. Nat Biomed Eng. 2018;2:719-31.

Fujita S, Fushimi Y, Ito R, Matsui Y, Tatsugami F, Fujioka T, et al.
Advancing clinical MRI exams with artificial intelligence: japan’s
contributions and future prospects. Jpn J Radiol. 2025;43:355-64.
Morley J, Machado CCV, Burr C, Cowls J, Joshi I, Taddeo M,
et al. The ethics of Al in health care: A mapping review. Soc Sci
Med. 2020;260:113172.

Amodei D, Olah C, Steinhardt J, Christiano P, Schulman J, Mané
D. Concrete Problems in Al Safety [Internet]. arXiv [cs.Al].
2016. Available from: http://arxiv.org/abs/1606.06565

Soares N, Fallenstein B, Armstrong S, Yudkowsky E. Corrigibil-
ity. AAAI workshop: Al and ethics. Association for the Advance-
ment of Artificial Intelligence; 2015.

Goertzel B. Artificial general intelligence: Concept, state of the
art, and future prospects. J Artif Gen Intell. 2014;5:1-48.
Yudkowsky E. Intelligence Explosion Microeconomics [Inter-
net]. Machine Intelligence Research Institute; 2013. Available
from: https://intelligence.org/files/IEM.pdf

Russell S. Human compatible: Artificial intelligence and the
problem of control. New York, NY: Penguin; 2020.

Bostrom N. The superintelligent will: motivation and instrumen-
tal rationality in advanced artificial agents. Minds Mach (Dordr).
2012;22:71-85.

Hadfield-Menell D, Milli S, Abbeel P, Russell S, Dragan AD.
Inverse reward design. Proceedings of the 31st International Con-
ference on Neural Information Processing Systems. Red Hook,
NY, USA: Curran Associates Inc.; 2017. pp. 6768-77.
Hadfield-Menell D, Dragan A, Abbeel P, Russell S. The off-
switch game. Proceedings of the Twenty-Sixth International Joint
Conference on Artificial Intelligence. 2017;220-7.

Gabriel 1. Artificial intelligence, values, and alignment. Minds
Machines. 2020;30:411-37.

Leike J, Martic M, Krakovna V, Ortega PA, Everitt T, Lefrancq A
et al. Al Safety Gridworlds [Internet]. arXiv [cs.LG]. 2017. Avail-
able from: http://arxiv.org/abs/1711.09883

Mittelstadt BD, Allo P, Taddeo M, Wachter S, Floridi L.
The ethics of algorithms: mapping the debate. Big Data Soc.
2016;3:205395171667967.

Rigby MIJ. Ethical dimensions of using artificial intelligence in
health care. AMA J Ethics. 2019;21:E121-4.

Ueda D, Kakinuma T, Fujita S, Kamagata K, Fushimi Y, Ito R,
et al. Fairness of artificial intelligence in healthcare: review and
recommendations. Jpn J Radiol. 2023;42:3-15.

Yoshiura T, Kiryu S. FAIR: a recipe for ensuring fairness in
healthcare artificial intelligence. Jpn J Radiol. 2024;42:1-2.
Christiano PF, Leike J, Brown TB, Martic M, Legg S, Amodei D.
Deep reinforcement learning from human preferences. Proceed-
ings of the 31st International Conference on Neural Information
Processing Systems. Red Hook, NY, USA: Curran Associates
Inc.; 2017. pp. 4302-10.

Russell DH-MS, Abbeel P. Anca Dragan. Cooperative Inverse
Reinforcement Learning. In: D. Lee and M. Sugiyama and U.
Luxburg and I. Guyon and R. Garnett, editor. Advances in Neural
Information Processing Systems [Internet]. Curran Associates,
Inc.; 2016 [cited 2025 Apr 3]. Available from: https://proceedin
gs.neurips.cc/paper_files/paper/2016/file/c3395dd46c34fa7fd8d7
29d8ct88b7a8-Paper.pdf

Everitt T, Hutter M, Kumar R, Krakovna V. Reward tampering
problems and solutions in reinforcement learning: a causal influ-
ence diagram perspective. Synthese. 2021;198:6435-67.

Cahan EM, Hernandez-Boussard T, Thadaney-Israni S, Rubin
DL. Putting the data before the algorithm in big data addressing
personalized healthcare. NPJ Digit Med. 2019;2:78.

Parikh RB, Teeple S, Navathe AS. Addressing bias in artificial
intelligence in health care. JAMA. 2019;322:2377-8.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

Rudin C. Stop explaining black box machine learning models for
high stakes decisions and use interpretable models instead. Nat
Mach Intell. 2019;1:206-15.

Char DS, Shah NH, Magnus D. Implementing machine learning
in health Care - Addressing ethical challenges. N Engl J Med.
2018;378:981-3.

Tsang B, Gupta A, Takahashi MS, Baffi H, Ola T, Doria AS. Appli-
cations of artificial intelligence in magnetic resonance imaging of
primary pediatric cancers: a scoping review and CLAIM score
assessment. Jpn J Radiol. 2023;41:1127-47.

Zech JR, Badgeley MA, Liu M, Costa AB, Titano JJ, Oermann
EK. Variable generalization performance of a deep learning model
to detect pneumonia in chest radiographs: A cross-sectional study.
PLoS Med. 2018;15:¢1002683.

Zack T, Lehman E, Suzgun M, Rodriguez JA, Celi LA, Gichoya
J, et al. Assessing the potential of GPT-4 to perpetuate Racial and
gender biases in health care: a model evaluation study. Lancet
Digit Health. 2024;6:¢12-22.

Seyyed-Kalantari L, Zhang H, McDermott MBA, Chen 1Y, Ghas-
semi M. Underdiagnosis bias of artificial intelligence algorithms
applied to chest radiographs in under-served patient populations.
Nat Med. 2021;27:2176-82.

Obermeyer Z, Powers B, Vogeli C, Mullainathan S. Dissecting
Racial bias in an algorithm used to manage the health of popula-
tions. Science. 2019;366:447-53.

Ueda D, Shimazaki A, Miki Y. Technical and clinical overview of
deep learning in radiology. Jpn J Radiol. 2019;37:15-33.

Ueda D, Walston S, Takita H, Mitsuyama Y, Miki Y. The criti-
cal need for an open medical imaging database in japan: impli-
cations for global health and Al development. Jpn J Radiol.
2024;43:537-41.

Pesapane F, Codari M, Sardanelli F. Artificial intelligence in
medical imaging: threat or opportunity? Radiologists again at the
forefront of innovation in medicine. Eur Radiol Exp. 2018;2:35.
Gerke S, Minssen T, Cohen G. Ethical and legal challenges of
artificial intelligence-driven healthcare. Artificial Intelligence in
Healthcare. Elsevier; 2020. pp. 295-336.

Rosenbacke R, Melhus A, McKee M, Stuckler D. How explain-
able artificial intelligence can increase or decrease clinicians’
trust in Al applications in health care: systematic review. JMIR
Al 2024;3:e53207.

Tschandl P, Rinner C, Apalla Z, Argenziano G, Codella N, Halp-
ern A, et al. Human-computer collaboration for skin cancer rec-
ognition. Nat Med. 2020;26:1229-34.

Nakaura T, Yoshida N, Kobayashi N, Shiraishi K, Nagayama
Y, Uetani H, et al. Preliminary assessment of automated radiol-
ogy report generation with generative pre-trained transformers:
comparing results to radiologist-generated reports. Jpn J Radiol.
2024;42:190-200.

Shortliffe EH, Septlveda MJ. Clinical decision support in the era
of artificial intelligence. JAMA. 2018;320:2199-200.

Dehdab R, Brendlin A, Werner S, Almansour H, Gassenmaier
S, Brendel JM, et al. Evaluating ChatGPT-4V in chest CT diag-
nostics: a critical image interpretation assessment. Jpn J Radiol.
2024;42:1168-717.

Naik N, Hameed BMZ, Shetty DK, Swain D, Shah M, Paul R,
et al. Legal and ethical consideration in artificial intelligence in
healthcare: who takes responsibility? Front Surg. 2022;9:862322.
European Society of Radiology (ESR). What the radiologist
should know about artificial intelligence - an ESR white paper.
Insights Imaging. 2019;10:44.

Food and Drug Administration (United States). Proposed regu-
latory framework for modifications to artificial intelligence/
machine learning (AI/ML)-based software as a medical device
(SaMD) [Internet]. Department of Health and Human Services
(United States). 2019. Available from: https://www.fda.gov/files/

@ Springer


https://www.fda.gov/files/medical%20devices/published/US-FDA-Artificial-Intelligence-and-Machine-Learning-Discussion-Paper.pdf
http://arxiv.org/abs/1606.06565
https://intelligence.org/files/IEM.pdf
http://arxiv.org/abs/1711.09883
https://proceedings.neurips.cc/paper_files/paper/2016/file/c3395dd46c34fa7fd8d729d8cf88b7a8-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2016/file/c3395dd46c34fa7fd8d729d8cf88b7a8-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2016/file/c3395dd46c34fa7fd8d729d8cf88b7a8-Paper.pdf

Japanese Journal of Radiology

51,

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

medical%20devices/published/US-FDA-Artificial-Intelligence-a
nd-Machine-Learning-Discussion-Paper.pdf

Office of the Commissioner. Artificial Intelligence and Medical
Products [Internet]. U.S. Food and Drug Administration. FDA.
2024 [cited 2024 Oct 22]. Available from: https://www.fda.gov/s
cience-research/science-and-research-special-topics/artificial-int
elligence-and-medical-products

Center for Devices, Radiological Health. Content of Premarket
Submissions for Device Software Functions [Internet]. U.S. Food
and Drug Administration. FDA; 2023 [cited 2025 Jul 22]. Avail-
able from: https://www.fda.gov/regulatory-information/search-fd
a-guidance-documents/content-premarket-submissions-device-s
oftware-functions

McCradden MD, Stephenson EA, Anderson JA. Clinical research
underlies ethical integration of healthcare artificial intelligence.
Nat Med. 2020;26:1325-6.

Food and Drug Administration (United States). Proposed Regula-
tory Framework for Modifications to AI/ML-Based Software as a
Medical Device [Internet]. 2019 Apr. Available from: https://ww
w.fda.gov/media/122535/download?attachment

Ethics. and Governance of artificial intelligence for health: WHO
guidance. World Health Organization; 2021.

Vayena E, Blasimme A. Health research with big data: time for
systemic oversight. J Law Med Ethics. 2018;46:119-29.

Food US, and Drug Administration. Transparency for Machine
Learning-Enabled Medical Devices: Guiding Principles [Inter-
net]. FDA; 2024 Jun. Available from: https://www.fda.gov/med
ical-devices/software-medical-device-samd/transparency-machi
ne-learning-enabled-medical-devices-guiding-principles
Armstrong S, Sotala K, O hEigeartaigh SS. The errors, insights
and lessons of famous Al predictions — and what they mean for
the future. J Exp Theor Artif Intell. 2014;26:317-42.

Brundage M, Avin S, Clark J, Toner H, Eckersley P, Garfinkel B
et al. The malicious use of artificial intelligence: Forecasting, pre-
vention, and mitigation [Internet]. arXiv [cs.Al]. 2018. Available
from: http://arxiv.org/abs/1802.07228

Rajpurkar P, Irvin J, Ball RL, Zhu K, Yang B, Mehta H, et al.
Deep learning for chest radiograph diagnosis: A retrospective
comparison of the CheXNeXt algorithm to practicing radiolo-
gists. PLoS Med. 2018;15:¢1002686.

Rajpurkar P, Irvin J, Zhu K, Yang B, Mehta H, Duan T et al.
CheXNet: Radiologist-level pneumonia detection on chest
X-rays with deep learning [Internet]. arXiv [cs.CV]. 2017. Avail-
able from: http://arxiv.org/abs/1711.05225

Daneshjou R, Smith MP, Sun MD, Rotemberg V, Zou J. Lack
of transparency and potential bias in artificial intelligence
data sets and algorithms: A scoping review. JAMA Dermatol.
2021;157:1362-9.

Gichoya JW, Banerjee I, Bhimireddy AR, Burns JL, Celi LA,
Chen L-C, et al. Al recognition of patient race in medical imag-
ing: a modelling study. Lancet Digit Health. 2022;4:e406—14.
Nakaura T, Ito R, Ueda D, Nozaki T, Fushimi Y, Matsui Y, et
al. The impact of large Language models on radiology: a guide
for radiologists on the latest innovations in Al. Jpn J Radiol.
2024;42:685-96.

Oura T, Tatekawa H, Horiuchi D, Matsushita S, Takita H, Atsu-
kawa N, et al. Diagnostic accuracy of vision-language models
on Japanese diagnostic radiology, nuclear medicine, and inter-
ventional radiology specialty board examinations. Jpn J Radiol.
2024;42:1392-8.

Sonoda Y, Kurokawa R, Nakamura Y, Kanzawa J, Kurokawa M,
Ohizumi Y, et al. Diagnostic performances of GPT-40, Claude 3
Opus, and gemini 1.5 pro in diagnosis please cases. Jpn J Radiol.
2024;42:1231-5.

Kurokawa R, Ohizumi Y, Kanzawa J, Kurokawa M, Sonoda Y,
Nakamura Y, et al. Diagnostic performances of Claude 3 opus and

Springer

68.

69.

70.

71.

72.

73.

74.

75.

76.

71.

78.

79.

80.

81.

82.

3.

84.

8s.

86.

Claude 3.5 sonnet from patient history and key images in radiol-
ogy’s diagnosis please cases. Jpn J Radiol. 2024;42:1399-402.
Takita H, Kabata D, Walston S, Tatekawa H, Saito K, Tsujimoto
Y, et al. A systematic review and meta-analysis of diagnostic per-
formance comparison between generative Al and physicians. NPJ
Digit Med. 2025;8:175.

Mitsuyama Y, Tatekawa H, Takita H, Sasaki F, Tashiro A, Oue S,
et al. Comparative analysis of GPT-4-based chatgpt’s diagnostic
performance with radiologists using real-world radiology reports
of brain tumors. Eur Radiol. 2025;35:1938-47.

Horiuchi D, Tatekawa H, Oura T, Shimono T, Walston SL, Takita
H, et al. ChatGPT’s diagnostic performance based on textual vs.
visual information compared to radiologists’ diagnostic perfor-
mance in musculoskeletal radiology. Eur Radiol. 2025;35:506-16.
Omar M, Soffer S, Agbareia R, Bragazzi NL, Apakama DU,
Horowitz CR, et al. Sociodemographic biases in medical decision
making by large Language models. Nat Med. 2025;31:1873-81.
Moagi MM, van Der Wath AE, Jiyane PM, Rikhotso RS. Men-
tal health challenges of lesbian, gay, bisexual and transgender
people: an integrated literature review. Health SA Gesondheid.
2021;26:1487.

Sileo KM, Baldwin A, Huynh TA, Olfers A, Woo J, Greene SL, et
al. Assessing LGBTQ+stigma among healthcare professionals:
an application of the health stigma and discrimination framework
in a qualitative, community-based participatory research study. J
Health Psychol. 2022;27:2181-96.

Demeter S, Reed M, Lix L, MacWilliam L, Leslie WD. Socioeco-
nomic status and the utilization of diagnostic imaging in an urban
setting. CMAJ. 2005;173:1173-7.

Waite S, Scott J, Colombo D. Narrowing the gap: imaging dis-
parities in radiology. Radiology. 2021;299:27-35.

DeBenedectis CM, Spalluto LB, Americo L, Bishop C, Mian A,
Sarkany D, et al. Health care disparities in radiology-A review of
the current literature. J Am Coll Radiol. 2022;19:101-11.

Nori H, Daswani M, Kelly C, Lundberg S, Ribeiro MT, Wilson M
et al. Sequential diagnosis with language models [Internet]. arXiv
[es.CL]. 2025. Available from: https://doi.org/10.48550/ARXIV.
2506.22405

Ouyang L, Wu J, Jiang X, Almeida D, Wainwright C, Mishkin
P, et al. Training Language models to follow instructions with
human feedback. In: Koyejo S, Mohamed S, Agarwal A, Bel-
grave D, Cho K, Oh A, editors. Advances in neural information
processing systems. Curran Associates, Inc.; 2022. pp. 27730-44.
Hosny A, Parmar C, Quackenbush J, Schwartz LH, Aerts
HIJWL. Artificial intelligence in radiology. Nat Rev Cancer.
2018;18:500-10.

McBee MP, Awan OA, Colucci AT, Ghobadi CW, Kadom N,
Kansagra AP, et al. Deep learning in radiology. Acad Radiol.
2018;25:1472-80.

Holzinger A, Langs G, Denk H, Zatloukal K, Miiller H. Causabil-
ity and explainability of artificial intelligence in medicine. Wiley
Interdiscip Rev Data Min Knowl Discov. 2019;9:e1312.

Katz G, Barrett C, Dill DL, Julian K, Kochenderfer MJ. Reluplex:
an efficient SMT solver for verifying deep neural networks. Com-
puter aided verification. Cham: Springer International Publishing;
2017. pp. 97-117.

Olah C, Cammarata N, Schubert L, Goh G, Petrov M, Carter S.
Zoom in: an introduction to circuits. Distill. 2020;5:0.

Seshia SA, Sadigh D, Sastry SS. Toward verified artificial intel-
ligence. Commun ACM. 2022;65:46-55.

Festor P, Jia Y, Gordon AC, Faisal AA, Habli I, Komorowski M.
Assuring the safety of Al-based clinical decision support systems:
a case study of the Al clinician for sepsis treatment. BMJ Health
Care Inf. 2022;29:¢100549.

Longpre S, Kapoor S, Klyman K, Ramaswami A, Bommasani R,
Blili-Hamelin B et al. A Safe Harbor for Al evaluation and red


https://doi.org/10.48550/ARXIV.2506.22405
https://doi.org/10.48550/ARXIV.2506.22405
https://www.fda.gov/files/medical%20devices/published/US-FDA-Artificial-Intelligence-and-Machine-Learning-Discussion-Paper.pdf
https://www.fda.gov/files/medical%20devices/published/US-FDA-Artificial-Intelligence-and-Machine-Learning-Discussion-Paper.pdf
https://www.fda.gov/science-research/science-and-research-special-topics/artificial-intelligence-and-medical-products
https://www.fda.gov/science-research/science-and-research-special-topics/artificial-intelligence-and-medical-products
https://www.fda.gov/science-research/science-and-research-special-topics/artificial-intelligence-and-medical-products
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/content-premarket-submissions-device-software-functions
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/content-premarket-submissions-device-software-functions
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/content-premarket-submissions-device-software-functions
https://www.fda.gov/media/122535/download?attachment
https://www.fda.gov/media/122535/download?attachment
https://www.fda.gov/medical-devices/software-medical-device-samd/transparency-machine-learning-enabled-medical-devices-guiding-principles
https://www.fda.gov/medical-devices/software-medical-device-samd/transparency-machine-learning-enabled-medical-devices-guiding-principles
https://www.fda.gov/medical-devices/software-medical-device-samd/transparency-machine-learning-enabled-medical-devices-guiding-principles
http://arxiv.org/abs/1802.07228
http://arxiv.org/abs/1711.05225

Japanese Journal of Radiology

87.

88.

89.

90.

91.

92.

93.

94.

9s.

96.

97.

teaming [Internet]. arXiv [cs.Al]. 2024. Available from: http://arx
iv.org/abs/2403.04893

Mai F, Kaczér D, Corréa NK, Flek L. Superalignment with
dynamic human values [Internet]. arXiv [cs.Al]. 2025. Available
from: https://doi.org/10.48550/arXiv.2503.13621

Introducing Superalignment [Internet]. [cited 2025 Apr 2]. Avail-
able from: https://openai.com/index/introducing-superalignment/
Geis JR, Brady AP, Wu CC, Spencer J, Ranschaert E, Jaremko
JL, et al. Ethics of artificial intelligence in radiology: summary of
the joint European and North American multisociety statement.
Radiology. 2019;293:436-40.

Langlotz CP, Allen B, Erickson BJ, Kalpathy-Cramer J, Bigelow
K, Cook TS, et al. A roadmap for foundational research on artifi-
cial intelligence in medical imaging: from the 2018 NIH/RSNA/
ACR/the academy workshop. Radiology. 2019;291:781-91.
Tejani AS, Klontzas ME, Gatti AA, Mongan JT, Moy L, Park
SH et al. Checklist for Artificial Intelligence in Medical Imag-
ing (CLAIM): 2024 Update. Radiology: Artificial Intelligence.
2024;6:¢240300.

Walston SL, Seki H, Takita H, Mitsuyama Y, Sato S, Hagiwara A,
et al. Data set terminology of deep learning in medicine: a histori-
cal review and recommendation. Jpn J Radiol. 2024;42:1100-9.
Kelly CJ, Karthikesalingam A, Suleyman M, Corrado G, King D.
Key challenges for delivering clinical impact with artificial intel-
ligence. BMC Med. 2019;17:195.

Grote T, Berens P. On the ethics of algorithmic decision-making
in healthcare. J Med Ethics. 2020;46:205-11.

Proposal for a Regulation laying down harmonised rules on artifi-
cial intelligence [Internet]. Shaping Europe’s digital future. [cited
2025 Apr 2]. Available from: https://digital-strategy.ec.europa.eu/
en/library/proposal-regulation-laying-down-harmonised-rules-ar
tificial-intelligence

U.S. Food and Drug Administration. Artificial Intelligence/
Machine Learning (AI/ML)-Based Software as a Medical Device
(SaMD) Action Plan [Internet]. Available from: https://www.fda.
gov/media/145022/download?attachment

707 7 LGS (Internet]. MSZATHOE N [ 38 M LA
AR B IEAE. [cited 2025 Sep 9]. Available from: https://www.pm
da.go.jp/review-services/drug-reviews/about-reviews/devices/00
48.html

98.

99.

100.

101.

102.

103.

104.

105.

106.

107.

108.

e-Gov 154 1% [Internet]. [cited 2025 Sep 9]. Available from: h
ttps://laws.e-gov.go.jp/law/507AC0000000053

Price WN, Cohen IG. Privacy in the age of medical big data. Nat
Med. 2019;25:37-43.

Mosqueira-Rey E, Hernandez-Pereira E, Alonso-Rios D, Bobes-
Bascaran J, Fernandez-Leal A. Human-in-the-loop machine
learning: a state of the Art. Artif Intell Rev. 2023;56:3005-54.
Ratwani RM, Classen D, Longhurst C. The compelling need
for shared responsibility of Al oversight: lessons from health
IT certification: lessons from health IT certification. JAMA.
2024;332:787-8.

Yanisky-Ravid S, Hallisey S. equality and privacy by design:
Ensuring artificial intelligence (Al) is properly trained & fed: A
new model of Al data transparency & certification as Safe Harbor
procedures [Internet]. SSRN. 2018. Available from: https://doi.or
2/10.2139/ssrn.3278490

Feng J, Phillips RV, Malenica I, Bishara A, Hubbard AE, Celi LA,
et al. Clinical artificial intelligence quality improvement: towards
continual monitoring and updating of Al algorithms in healthcare.
NPJ Digit Med. 2022;5:66.

MacLean SJ, MacLean DR. The political economy of global
health research. Health for some. London: Palgrave Macmillan
UK; 2009. pp. 165-82.

van Wynsberghe A, Sustainable Al. Al for sustainability and the
sustainability of Al. Al Ethics. 2021;1:213-8.

Sharma C, March 14. Al’s Hippocratic Oath [Internet]. (2024).
Washington University Law Review, Yale Law & Economics
Research Paper. 2024 [cited 2025 Apr 11]. Available from: https:
//ssrn.com/abstract=4759742

Yang G-Z, Cambias J, Cleary K, Daimler E, Drake J, Dupont PE, et
al. Medical robotics-Regulatory, ethical, and legal considerations
for increasing levels of autonomy. Sci Robot. 2017;2:eaam8638.
Strickland E. IBM Watson, heal thyself: how IBM over-
promised and underdelivered on Al health care. IEEE Spectr.
2019;56:24-31.

Publisher’s note Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations.

@ Springer


https://laws.e-gov.go.jp/law/507AC0000000053
https://laws.e-gov.go.jp/law/507AC0000000053
https://doi.org/10.2139/ssrn.3278490
https://doi.org/10.2139/ssrn.3278490
https://ssrn.com/abstract=4759742
https://ssrn.com/abstract=4759742
http://arxiv.org/abs/2403.04893
http://arxiv.org/abs/2403.04893
https://doi.org/10.48550/arXiv.2503.13621
https://openai.com/index/introducing-superalignment/
https://digital-strategy.ec.europa.eu/en/library/proposal-regulation-laying-down-harmonised-rules-artificial-intelligence
https://digital-strategy.ec.europa.eu/en/library/proposal-regulation-laying-down-harmonised-rules-artificial-intelligence
https://digital-strategy.ec.europa.eu/en/library/proposal-regulation-laying-down-harmonised-rules-artificial-intelligence
https://www.fda.gov/media/145022/download?attachment
https://www.fda.gov/media/145022/download?attachment
https://www.pmda.go.jp/review-services/drug-reviews/about-reviews/devices/0048.html
https://www.pmda.go.jp/review-services/drug-reviews/about-reviews/devices/0048.html
https://www.pmda.go.jp/review-services/drug-reviews/about-reviews/devices/0048.html

Japanese Journal of Radiology

Authors and Affiliations

Daiju Ueda'?

- Shannon L. Walston' - Ryo Kurokawa® - Tsukasa Saida® - Maya Honda® - Mami lima® -

Tadashi Watabe’ - Masahiro Yanagawa’ - Kentaro Nishioka® - Keitaro Sofue® - Akihiko Sakata'® -
Shunsuke Sugawara'" - Mariko Kawamura® - Rintaro Ito® - Koji Takumi'? - Seitaro Oda'® - Keniji Hirata* -

Satoru Ide'® - Shinji Naganawa®

P4 Daiju Ueda
ai.labo.ocu@gmail.com

Department of Artificial Intelligence, Graduate School of
Medicine, Osaka Metropolitan University, 1-4-3 Asahi-
machi, Abeno-ku, Osaka 545-8585, Japan

Center for Health Science Innovation, Osaka Metropolitan
University, 3-1, Ofuka-cho, Kita-ku, Osaka 530-0011, Japan

Department of Radiology, Graduate School of Medicine, The
University of Tokyo, 7-3-1, Hongo, Bunkyo-ku,
Tokyo 113-8655, Japan

Department of Radiology, University of Tsukuba, 1-1-1
Tennodai, Tsukuba 305- 8575, Ibaraki, Japan

Preemptive Medicine and Lifestyle-related Disease Research
center, Kyoto University Hospital, 53 Kawahara-cho,
Shogoin, Sakyo-ku, Kyoto 606-8507, Japan

Department of Radiology, Nagoya University Graduate
School of Medicine, 65 Tsurumai-cho, Showa-ku,
Nagoya 466-8550, Aichi, Japan

Department of Diagnostic and Interventional Radiology,
Graduate School of Medicine, The University of Osaka, 2-2
Yamadaoka, Suita 565-0871, Osaka, Japan

@ Springer

Radiation Oncology Division, Global Center for Biomedical
Science and Engineering, Faculty of Medicine, Hokkaido
University, Nishi 7, Kita 15, Kita-ku, Sapporo 060-8648,
Hokkaido, Japan

Department of Radiology, Kobe University Graduate School
of Medicine, 7-5-2, Kusunoki-cho, Chuo-ku, Kobe
650-0017, Japan

Department of Diagnostic Imaging and Nuclear Medicine,
Kyoto University Graduate School of Medicine, 54 Shogoin
Kawahara-Cho, Sakyo-Ku, Kyoto 606-8507, Japan

Department of Diagnostic Radiology, National Cancer Center
Hospital, 5-1-1, Tsukiji, Chuo-ku, Tokyo 104-0045, Japan

Department of Radiology, Kagoshima University Graduate
School of Medical and Dental Sciences, 8-35-1 Sakuragaoka,
Kagoshima 890-8520, Japan

Department of Diagnostic Radiology, Faculty of Life
Sciences, Kumamoto University, 1-1-1 Honjo, Chuo-ku,
Kumamoto 860-8556, Japan

Department of Diagnostic Imaging, Faculty of Medicine,
Hokkaido University, Kita 15 Nishi 7, Kita-ku,
Sapporo 060-8648, Hokkaido, Japan

Department of Radiology, University of Occupational
and Environmental Health, 1-1 Iseigaoka, Yahatanishi-ku,
Kitakyushu 807-8555, Japan


http://orcid.org/0000-0002-3878-3616

	﻿Artificial superintelligence alignment in healthcare
	﻿Abstract
	﻿Introduction
	﻿Theoretical frameworks of ASI and alignment
	﻿Challenges in aligning ASI within healthcare systems
	﻿Objective complexity and technical pitfalls
	﻿Bias, fairness, and data challenges
	﻿Ethical and clinical integration challenges
	﻿System-level and policy challenges

	﻿Bias examples in healthcare
	﻿Solutions for aligning ASI in healthcare
	﻿Technical alignment strategies
	﻿Normative alignment strategies

	﻿Conclusion
	﻿References


