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1. Introduction

In recent years, there has been growing interest in 
artificial intelligence (AI) in healthcare—particularly 
Medical  Adaptive Machine Learning Systems 
(MAMLS)—with increasing attention to their potential 
clinical deployment (1,2). Unlike conventional 
medical AI systems that rely on fixed, pre-trained 
models, MAMLS continuously update their models by 
incorporating patient data generated in clinical settings 
after initial deployment (1,3). In this sense, MAMLS 
are not merely tools for diagnosis or treatment support; 
they are technologies in which the act of use itself 
encompasses a process of knowledge generation. Since 
the clinical environment thus doubles as a research 
environment, the distinction between "therapy" and 
"research"—a distinction the Belmont Report (1979) 
deemed essential to maintain—becomes increasingly 
blurred, both institutionally and conceptually (4,5).
	 On this point, Sparrow and colleagues argue that, 
given the continual-learning nature of MAMLS, 

their use should be classified as research (6). Their 
argument can be summarized as follows: since 
MAMLS continuously update their models by 
incorporating patient data in clinical settings, each 
patient's data contributes to a process that produces 
generalizable knowledge affecting future patients, 
thereby structurally satisfying the Belmont Report's 
definition of "research" (4). Furthermore, patient data 
is used not only to optimize individual treatment but 
also to improve the model, meaning that patients are 
not necessarily involved solely for their own benefit. 
Given that manufacturers have financial interests in 
system improvement, they argue that continual learning 
without treating patients as research subjects gives rise 
to a risk of moral hazard. Consequently, they conclude 
that IRB oversight and prospective written opt-in 
informed consent are ethically required (6).
	 This argument is consistent with the mainstream 
tradition of research ethics shaped by the Belmont 
Report. However, the consent-centered regulatory 
vision appears to be in tension with actual institutional 
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trends. In Japan, the "three-yearly review" of the 
Act on the Protection of Personal Information has 
examined legislative designs that would permit AI 
development and statistical use without individual 
consent in certain circumstances (7). The Personal 
Information Protection Commission's reform policy 
has raised as an issue the appropriate role of individual 
consent in facilitating AI development understood 
as a form of statistical processing, and the public 
consultation process generated numerous responses 
concerning "data utilization that does not require 
individual consent" (7,8). Among these responses, some 
characterized the relaxation of consent requirements as 
a shift from ex ante regulation to ex post governance 
(8,9). These reform discussions are still ongoing, and 
the final legislative design has not yet been determined. 
Although these developments are specific to Japan, they 
illustrate a broader international challenge in medical 
AI governance: how to reconcile large-scale, socially 
valuable data use with the continuing normative 
importance of individual consent, accountability, and 
public oversight. They therefore provide a useful 
institutional example of the wider shift from ex ante 
consent-centered regulation toward ex post governance 
and trust-based accountability.
	 What this institutional context reveals is a marked 
gap between normative principles and practical 
realities: while consent is positioned as central to AI 
development from the perspective of research ethics, 
it is simultaneously recognized as being in tension 
with large-scale data utilization in practice (10-12). 
Particularly in MAMLS, it is necessary to continuously 
acquire broad and minimally biased data in order to 
adequately cover the relevant data distribution and 
thereby ensure model performance and safety (13). 
In other words, data-related bias must be minimized 
as far as possible. This creates a marked divergence 
between norm and practice: on the one hand, stronger 
consent requirements are advocated from the standpoint 
of research ethics, while on the other hand, consent 
requirements are being relaxed in the name of AI 
utilization policy.
	 This paper seeks to reframe this tension not merely 
as a clash of policy choices, but as a manifestation 
of the structural limits of consent as conventionally 
understood in research ethics. First, it argues that 
MAMLS inherently involve irreversibility, which 
substantially undermines withdrawability as an 
important ancillary right of consent. Second, it contends 
that problems of data representativeness and bias shift 
the unit of ethical analysis from the individual to the 
population. Third, it argues that, as a consequence, the 
focus of ethical justification should be repositioned 
from individual consent to public trust in institutions. 
On this basis, the paper concludes that the ethical 
challenges posed by MAMLS cannot be adequately 
addressed within the framework of research ethics 

alone, but must also be taken up within the broader 
framework of public health ethics.

2. Irreversibility and the breakdown of consent

To understand the characteristics of MAMLS from 
the perspective of research ethics, it is first necessary 
to examine their underlying technical features. Many 
contemporary medical AI systems are based on deep 
learning models, including convolutional neural 
networks (14,15). In such models, training data is not 
preserved as discrete records, but is incorporated into 
the model through changes to its internal parameters 
(16). Because data is embedded throughout the model's 
internal structure, it is difficult to determine how any 
particular data point has influenced the model.
	 Under such a structure, selectively deleting data 
once incorporated into training and restoring the model 
to a state in which that data had not been incorporated 
is technically and operationally difficult under current 
conditions (17). While methods such as retraining and 
machine unlearning are theoretically conceivable and 
increasingly explored, they may require substantial 
computational resources, time, and system-level 
reconstruction in practice (18). Retroactively removing 
only the contribution of specific data may therefore 
be difficult to implement reliably in deployed 
MAMLS. Data utilization in MAMLS thus appears 
to take on a practically irreversible character under 
realistic technical and operational conditions. Sparrow 
and colleagues note that MAMLS carry the risk of 
"catastrophic forgetting"—a phenomenon in which 
the model overwrites previously acquired information 
during the update process (6)—but the implications of 
such practical irreversibility for the concept of consent 
itself do not appear to have been sufficiently addressed.
	 This  i r reversibi l i ty  s tands in  tension with 
the philosophical premises underlying informed 
consent. In both research ethics and clinical ethics, 
informed consent has generally been understood to 
include withdrawability as an important ancillary 
right, alongside informedness, understanding, and 
voluntariness (19). Withdrawability is a crucial 
condition for understanding consent not as a one-
time act of permission, but as a temporally extended 
process of self-determination (20,21). Within research 
ethics in particular, ensuring the voluntariness and 
withdrawability of consent to participation is a central 
implication of the principle of respect for persons and 
an important safeguard against unjust exploitation of 
research participants (22,23).
	 In MAMLS, however, this premise is significantly 
destabilized. First, since data is integrated into the 
model in ways that may be difficult to reverse, even if 
the formal right to withdraw consent is recognized, it 
is difficult to give substantive effect to that withdrawal. 
Second, given the nature of continuous learning, the 
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be treated as "mere means" (6). However, they seek 
to address this problem within the framework of risk-
benefit assessment in research ethics. What this paper 
suggests, by contrast, is that the problem may involve 
a more fundamental transformation—one that shifts 
the very unit of ethical analysis from the individual to 
the population—and therefore cannot be adequately 
contained within such a framework.
	 Here, an ethical tension becomes manifest. The 
more thoroughly individual autonomy is respected 
and consent-based data provision is pursued, the more 
likely it is that data bias will arise, potentially leading to 
a decline in model performance. Conversely, efforts to 
ensure the comprehensiveness and representativeness of 
data tend to reduce the scope for individual choice and 
weaken the substantive meaning of consent (27). This 
situation represents what might be called an "autonomy 
dilemma": efforts within the traditional research ethics 
framework to secure respect for persons through 
consent-centered mechanisms may paradoxically 
undermine the effective protection of data providers 
across the population, including their autonomy-related 
interests.
	 Under this dilemma, the very unit of ethical analysis 
is reconfigured. Conventional research ethics has been 
built primarily around individual patients and research 
participants, with a primary focus on their rights and 
interests (4,22). In MAMLS, however, individual data 
items have no meaning in isolation; they fulfill their 
function only as part of an aggregate. The focus of the 
problem thus shifts from the individual question of 
"who consented" to the structural question of "what 
kind of population is constituted through data". This 
shift demands a change in ethical framework: from 
protecting individual research participants to protecting 
the broader population that provides clinical data, with 
greater emphasis on collective interests, distributional 
fairness, and the distribution of risks—thereby 
suggesting the need for a shift toward public health 
ethics (28,29).

4. From consent to trust

As we have seen, irreversibility and collectivity 
fundamentally undermine the conventional consent-
centered ethical framework in MAMLS. What is 
at issue is not merely that consent procedures are 
inadequate; rather, the question is whether consent itself 
can function as an adequate principle of justification 
in this context. This argument should not be read as 
denying the normative or legal importance of consent. 
Rather, consent remains an important expression of 
respect for persons and may retain legal significance 
even when it cannot, by itself, bear the full justificatory 
burden of MAMLS governance.
	 One source of this difficulty lies in the limits of 
understanding. The internal structure of deep learning 

scope and impact of data use change over time, and the 
full picture cannot be grasped in advance. Under these 
conditions, consent necessarily becomes something 
given comprehensively in relation to indeterminate 
future uses—less a reversible choice than a commitment 
whose practical consequences may not be fully undone.
	 Conventionally, consent has been understood 
as a means by which individuals exercise ongoing 
control over matters concerning themselves (20,21). In 
MAMLS, however, such control is severely constrained 
by technical and operational limitations. Consequently, 
consent takes on a character closer to "delegation"—
an act of entrusting discretion regarding future uses and 
their consequences to institutions and professionals (24). 
The question, therefore, is under what conditions such 
delegation can be justified in a setting that presupposes 
data use that is difficult to reverse in practice. This, in 
turn, opens onto broader questions about how ethical 
justification is to be secured within institutional and 
social arrangements.

3. From individuals to populations

The characteristics of MAMLS examined above are 
not limited to irreversibility: through the ways in 
which data is collected and used, they also potentially 
reconfigure the very unit of ethical analysis. The focus 
of the problem thus appears to shift from the choices 
of individual patients to the nature of the populations 
constituted through data.
	 In MAMLS, the quantity and diversity of training 
data are critical determinants of model performance 
and safety. Particularly in the medical domain, 
data reflecting diverse attributes—such as age, sex, 
genetic background, and socioeconomic status—
are required (13). However, opt-in data collection 
necessarily depends on participants' choices and 
therefore tends to result in certain groups being over- or 
underrepresented—the well-known problem of selection 
and sampling bias (1). This problem has already been 
observed in real-world systems. In dermatological 
image-recognition AI, for example, diagnostic accuracy 
for patients with darker skin tones is significantly lower 
owing to the overrepresentation of White patients in the 
training data (25,26). Consequently, biases in training 
data can reduce the model's predictive accuracy for 
particular groups.
	 Such data bias is not merely a technical problem. 
Through reduced diagnostic accuracy and increased 
misdiagnoses for certain patient groups, it gives rise to 
substantive disadvantage and thereby raises concerns 
about both scientific and ethical validity. Sparrow and 
colleagues also recognize the problem of bias: they 
argue that, in MAMLS that employ collective learning, 
models may not necessarily improve—and may even 
worsen—for particular subpopulations, thereby raising 
the ethical concern that such research subjects may 
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models is highly complex, and it is difficult for 
individual patients to adequately understand either the 
specific processes by which decisions are made or the 
system's future behavior. The black-box  problem that 
pervades AI systems means that only a limited number 
of specialists can understand such systems sufficiently 
(30). Furthermore, in systems like MAMLS that engage 
in continual learning, the scope and impact of data 
use change over time, and the full picture cannot be 
grasped in advance (1). Under these conditions, the 
ideal of "fully informed consent" is difficult to realize 
in practice.
	 An anticipated counterargument holds that 
"complete understanding is not a necessary condition 
for consent; understanding information that is 
substantially relevant to decision-making is sufficient" 
(31). Certainly, informed consent theory does not 
require complete understanding of technical details. 
However, in the case of MAMLS, the problem is not 
limited to the degree of understanding; rather, it lies in 
the fact that the very object of understanding changes 
over time. The mode of use understood by the patient at 
the time of consent may subsequently change through 
continual learning, and that understanding does not 
necessarily extend to future uses. Consent in MAMLS 
is therefore marked by a structural gap between 
understanding and actual use.
	 In such circumstances, there is no doubt that efforts 
to explain technical matters in accessible language 
and to facilitate patients' understanding are important. 
However, such "translation" is bound to remain 
inherently incomplete. A structural asymmetry exists 
between expert knowledge and ordinary understanding, 
and it is difficult to overcome this asymmetry entirely. 
In this respect, consent may not always function as a 
choice grounded in adequate understanding.
	 Sparrow and colleagues themselves recognize this 
point to some degree, noting that IRBs must determine 
on a case-by-case basis whether consent is required, 
and that replacing written consent with verbal consent 
or waiving consent may in some cases be permissible 
(6). From the perspective of this paper, however, this 
limitation should not be understood as a problem that 
can be resolved through procedural adjustments alone; 
rather, in the context of AI systems such as MAMLS, it 
calls for a reconsideration of consent as a principle of 
justification.
	 Under these circumstances, the character of 
consent is changing. Conventionally understood as 
an expression of autonomous choice grounded in 
understanding, consent in MAMLS increasingly takes 
the form of an act that presupposes trust in institutions 
and professionals. Patients do not choose on the 
basis of having fully grasped the details of data use; 
rather, they accept such use on the premise that it will 
be appropriately managed in the future. Consent is 
thus shifting from "choice based on understanding" 

to "trust-based delegation". Biobanks present a 
structurally analogous case: participants must consent 
on the basis of trust in the biobank system without 
knowing in advance the details of future research uses. 
This structural similarity has already been noted in 
international discussions, and the accumulated insights 
from biobank ethics are highly relevant here (32-34).
	 Importantly, this trust is not limited to trust in 
individual healthcare providers. Rather, it is directed 
toward the broader institutional framework that 
establishes norms for data use and monitors and 
enforces those norms—regulatory authorities, ethics 
review bodies, academic institutions, scholarly 
societies, academic journals, and wider structures of 
social governance. The focus of ethical justification is 
thus shifting from the presence or absence of individual 
consent to the legitimacy of the institutional system 
as a whole. Such institutional trust requires more than 
general reassurance. It must be supported by concrete 
arrangements, including transparency about data 
use and model updating, accountability mechanisms 
for harms and biases, continuous oversight after 
deployment, regular evaluation of model performance 
across subpopulations, patient and public involvement 
in governance, and clearly defined roles for regulatory 
bodies, ethics committees, healthcare institutions, 
professional societies, and academic journals. These 
arrangements can help transform trust from a merely 
psychological attitude into a justified confidence in 
institutional practices.
	 Accordingly, while the distinction in consent 
form—opt-in versus opt-out—remains an important 
topic of discussion, it does not constitute the core of the 
problem. This is not to deny the normative significance 
of opt-in consent: consent that is procedurally valid 
but substantively thin can still play a symbolic role 
in protecting patient autonomy and helping to sustain 
trust in institutions. However, this is not a sufficient 
condition, and properly structuring consent procedures 
does not in itself amount to the establishment of 
institutional trust.
	 More important is the question of through what 
processes rules governing data use are formed, and 
how those processes can acquire public trust. In other 
words, the ethical challenges surrounding MAMLS 
need to be repositioned not as a matter of individual 
choice, but as a problem of building institutional 
trust. In this respect, the ethics of medical AI extends 
beyond the conventional research ethics framework 
centered on consent and connects to a broader theory 
of social justification—namely, public health ethics 
and the domain of political philosophy that provides 
its theoretical foundations. What is at stake there is 
how to reconcile respect for individual choice with the 
realization of collective goods, and the resolution of 
this problem depends to a considerable extent on the 
construction of a trustworthy institutional framework. 
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To clarify how the technical and insti tutional 
features of MAMLS give rise to ethical challenges 
and corresponding governance responses, Table 1 
summarizes the central structure of the argument.

5. Conclusion

This paper has clarified, through two pathways, that 
in the context of MAMLS the framework of consent 
has become difficult to sustain as a viable premise. 
First, the irreversibility inherent in deep learning 
models substantially undermines withdrawability, an 
important ancillary right of consent, thereby suggesting 
that consent may be transformed from a guarantee of 
ongoing self-determination into something closer to 
delegation to institutions. Second, the problem of data 
representativeness and bias shifts the unit of ethical 
analysis from the individual to the population, bringing 
to light an "autonomy dilemma" in which efforts within 
the traditional research ethics framework to respect 
individual autonomy may paradoxically undermine the 
effective protection of data providers throughout the 
population, including their autonomy-related interests.
	 Under these conditions, the foundation of ethical 
justification appears to be shifting from the presence or 
absence of individual consent to trust in the institutional 
system as a whole. Consent-centered ethics continues to 
play important normative and legal roles, but under the 
technological and institutional conditions of MAMLS, 
it remains open to question whether consent alone can 
suffice as a principle of justification.
	 In this respect, while taking the argument of 
Sparrow and colleagues as a point of departure, this 
paper seeks to extend its scope one step further. The 
heart of the problem lies not in the thoroughgoing 

implementation of opt-in consent, but in the question 
of what framework of justification may still retain its 
validity under technological and institutional conditions 
in which the consent-based interpretation of respect for 
persons within the traditional research ethics framework 
is proving insufficient. This question cannot be 
adequately examined within the framework of research 
ethics alone, but must instead be pursued in connection 
with public health ethics and political philosophy.
	 Recent developments in the review and amendment 
of the Act on the Protection of Personal Information 
in Japan also suggest the practical implications of this 
problem. The fact that the consent principle itself is 
being institutionally reconfigured in the context of AI 
development appears to suggest that the conventional 
framework, which places consent at the center of 
ethical justification, is being compelled to reconsider 
its practical sustainability. These developments may 
be rooted in a deeper institutional transformation 
that cannot be adequately captured by the binary of 
strengthening versus relaxing consent.
	 Therefore, the tasks ahead are not limited to 
improving methods for obtaining consent. Rather, the 
broader question of governance must be confronted: 
how to institutionally secure the legitimacy of data 
use and public trust among data providers, who should 
be involved in this process, and how deliberation and 
collective decision-making should be organized. In 
this context, alongside transparency, accountability, 
and fairness, institutional designs that enable the 
participation of diverse stakeholders will be essential.
	 From this perspective, what is being asked in AI 
medicine is not the technical or procedural question 
of how consent should be obtained. Rather, under 
institutional conditions in which consent-centered 
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Table 1. Key ethical challenges of Medical Adaptive Machine Learning Systems (MAMLS) and corresponding governance 
responses

Technical / institutional 
feature

Continual learning and 
data integration

Model updating over time

Large-scale data
requirements

Population-level impact

Institutional dependence

Ethical / scientific challenge

Irreversibility and weakened 
withdrawability

Uncertain and evolving future uses

Selection bias and underrepresentation

Distribution of risks and benefits 
across groups

Trust-based delegation

Governance response

Transparency about limits of withdrawal; 
accountability for data use and downstream 
effects

Continuous oversight after deployment; 
periodic review of model updates and risks

Fairness monitoring; population-level 
evaluation; attention to underrepresented 
groups

Publ ic  hea l th  e th ics ;  par t ic ipa tory 
governance; patient and public involvement

Institutional transparency; regulatory 
and ethics oversight; clear responsibility 
structures

Limit of consent-centered 
ethics

Withdrawal cannot always 
be fully implemented after 
data have influenced model 
parameters

Consent at one time point 
cannot fully cover later model 
behavior or new uses

Opt-in part icipation may 
reduce representativeness and 
reinforce bias

Individual consent alone does 
not address collective harms

Consent alone cannot justify 
data use when understanding 
and control are limited
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approaches to ethical justification are being called into 
question, we are confronted with a more fundamental 
set of questions: what do we entrust, to whom, how can 
that delegation be justified, and how can public trust in 
healthcare—including medical research—be secured?
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