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Abstract. This paper explores the paradox of Artificial Intelligence (AI), partic-
ularly Machine Learning (ML), in modern medicine, promising enhanced diag-
nostics and treatment while in many instances also leading to a profound loss of 
transparency and interpretability. Complex AI systems such as Automated Deci-
sion-Making Systems (ADMS) increasingly guide critical clinical decisions; 
however, their opaque “black box” nature challenges traditional medical ethics 
centred on transparency, due process, accountability, and patient autonomy. 
ADMs often make recommendations that cannot be fully understood or explained 
due to the system's opacity. This raises both legal and ethical concerns. For ex-
ample, the ability of clinicians to justify clinical decisions informed by AI when 
they themselves lack insight into its reasoning raises concerns about clinical legal 
liability. This, in turn, raises ethical concerns regarding patient autonomy if pa-
tients are unable to meaningfully make informed choices on treatments due to the 
opacity of decisions made by AI.  The extent to which patients should consent to 
and place their trust in life-saving technologies whose inner workings remain 
opaque remains an open debate. These technologies, arguably, can diminish pa-
tients' rights to knowledge, autonomy, and dignity. Such concerns underscore the 
fragility of trust within clinical relationships and expose the limitations of pre-
vailing frameworks for medical explanation (MedX) and informed consent. This 
paper examines the role of explainability in AI-driven medicine, arguing that 
while explanation is essential, it must be balanced against the clinical utility of 
high-performing, opaque systems. To address this tension, the paper proposes the 
Promethean Threshold Heuristic (PTH)—a normative framework designed to 
reconcile the need for explanation with clinical efficacy. Drawing on Promethean 
myth, it frames the ethical dilemma posed by AI as one of balancing risk, 
knowledge, and human dignity. Ultimately, it calls for principled AI governance 
in healthcare—one that preserves trust, prioritises transparency where feasible, 
and recognises the trade-offs inherent in deploying powerful but opaque technol-
ogies 
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1 Introduction  

              “Prometheus gave man fire and was punished 
              for it. Maybe that is the price of progress.” 
              by Mary Shelley[1]          
 
Prometheus’s gift of fire to humanity, a symbol of knowledge and power, came with 
unintended consequences — a dual legacy of advancement and suffering. Similarly, the 
advent of Artificial Intelligence (AI), specifically Machine Learning (ML) in medicine, 
represents a profound leap forward, promising to revolutionise healthcare through im-
proved diagnostics, treatment precision, and patient outcomes. However, this progress 
is accompanied by a form of punishment: a loss of transparency and autonomy over the 
knowledge or reasoning that may inform life-saving decisions. The fire of AI brings 
about new possibilities but also casts shadows of uncertainty and ethical complexity. 

At Duke University Hospital, Nurse Dina Sarro struggled to explain alerts from an 
AI system, Sepsis Watch, which flagged sepsis risks using vast data [2]. Physicians 
were sceptical, and Sarro admitted she could not justify the algorithm’s output. This 
reflects a broader shift in medicine, where AI-based recommendations often lack trans-
parency [3], leaving clinicians caught between black-box systems and sceptical col-
leagues. ADMs are now widespread across domains like healthcare, finance, and justice 
[4, 5], aiding diagnosis through analysis of clinical data [6]. While they improve effi-
ciency and access [7, 8], their opacity raises serious ethical concerns, compromising 
informed consent, clinical accountability, and potentially embedding bias [9, 10]. Cases 
like the failed 2018 sepsis detection highlight the stakes [11]. This paper explores the 
tension between explainability and performance in clinical AI, proposing the Prome-
thean Threshold Heuristic (PTH) as a framework to balance trust, dignity, and patient 
survival. 

2  Automated Decision-Making and Application in Medicine 
The COVID-19 pandemic rapidly accelerated digital transformation in healthcare, 

specifically in medicine and clinical practice [12]. Traditional care models gave way to 
telemedicine, which became a cornerstone of health delivery across Europe and be-
yond. Tools like remote monitoring, AI-assisted diagnostics, and virtual consultations 
proliferated [13, 14, 15, 16]. This shift laid the groundwork for the widespread integra-
tion of ML into clinical practice [3], forming what is termed Medical Artificial Intelli-
gence (MAI). MAI encompasses a broad spectrum of AI technologies used in medicine, 
including ML, natural language processing, and expert systems [3]. These tools support 
or replace clinician decision-making in diagnosis, treatment planning, and patient mon-
itoring [17]. Related concepts—Machine Learning in Medicine (MLM) [18] and Med-
ical Augmented Intelligence [19]—focus on data-driven care [18] and human-AI col-
laboration, respectively [19]. Though nuanced in focus, all share a central challenge: 
algorithmic opacity and bias in their recommendation [9]. This paper uses the term MAI 
to collectively refer to these related paradigms, focusing on their shared reliance on 
opaque, high-performing systems and their impact on clinical reasoning and patient 
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care. As AI systems become more embedded in healthcare, they raise urgent ethical, 
legal, and practical concerns about explainability, autonomy, trust, and accountability. 
Despite their promise, these systems are often obscured not only to patients but also to 
clinicians and even to the developers of these systems [9]. Consequently, clinicians may 
struggle to explain AI-informed decisions, complicating informed consent, patient au-
tonomy and dignity, and human rights. This issue is particularly pronounced with a 
subset of MAI, id est ADMs, which are increasingly responsible for critical tasks such 
as disease prediction, diagnosis, and treatment [18]. The application of ADMs has 
raised critical ethical and legal questions about explainability, accountability [20], and 
the thresholds of trust in AI-driven medicine [3]. Consequently, regulation is playing 
catch-up, and this has led to several recent enactments, including the Artificial Intelli-
gence Act (AIA) 2021 [21] and the European Health Data Space Regulation (EHDS) 
[22]. However, existing regulations already in place include the General Data Protec-
tion Regulation (GDPR) 2016 [23], the Medical Device Regulation (MDR) 2017 [24], 
and the Vitro Diagnostic Regulation (IVDR) [25].  

2.1 Application of Automated Decision-Making (ADMs) 
The zeitgeist suggests that ADMs are increasingly seen as a solution to many chal-

lenges in medicine, specifically clinical practice, promising greater speed, accuracy, 
and efficiency [26]. ADMs used prediction, assessing patient deterioration risks by in-
tegrating behavioural and physiological data—often from wearables or external 
sources—to detect early warning signs [5], [27]. However, the reasoning behind these 
predictions is frequently opaque, raising issues of privacy, dignity, and autonomy. Fur-
thermore, in diagnosis, particularly in fields like radiology, ADMs such as IDx-DR 
detect complex patterns that may elude human perception [8]. These systems rely on 
processing data at scales beyond human capability. Yet, the lack of transparency often 
leads clinicians to accept decisions they cannot fully interpret, weakening shared deci-
sion-making and introducing automation bias [28]. 

Additionally, ADMs draw on large datasets—including patient histories, bi-
omarkers, and past outcomes—to suggest interventions [29]. In fields like oncology 
[30] and sepsis care [31], they increasingly shape clinical decisions, guiding therapeutic 
strategies and influencing whether aggressive or conservative approaches are pursued. 
Beyond the sepsis case, numerous examples illustrate the challenges clinicians face in 
fully trusting algorithmic outputs within clinical practice, largely due to understandable 
scepticism arising from the potential for false positives and false negatives. For in-
stance, a deep learning model assessing mortality risk from pneumonia categorised pa-
tients with asthma as low risk [32]. This counterintuitive outcome stemmed from the 
model’s reliance on a training dataset in which asthmatic patients had benefited from 
proactive clinical interventions, thereby skewing the risk profile. Similarly, another 
deep learning system designed to screen chest X-rays for pneumonia inadvertently ex-
ploited confounding variables such as the geographic location of the imaging scanner, 
rather than the clinical features of the X-rays themselves [32]. In a further case, a model 
aimed at stratifying patients by risk level based on radiographic data relied on hard-
ware-specific metadata, rather than pathophysiological indicators, to generate its pre-
dictions [32]. More so, IBM Watson used for oncology received serious widespread 
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criticism because its treatment recommendations were sometimes inconsistent or insuf-
ficiently explainable, leading to concerns about reliability and clinical trust [33]. Re-
ports indicated that Watson occasionally provided unsafe or irrelevant advice due to 
limitations in its training data and opaque decision processes [33]. Collectively, these 
examples underscore the compounding systemic issues of opacity, trust, and accounta-
bility that continue to confound the integration of AI into clinical practice. They high-
light the urgent need for greater transparency and explainability to support clinician 
confidence and ensure the safe, ethical deployment of such systems. When clinicians 
are unable to comprehend or interrogate the decision-making processes of AI models, 
this not only undermines patients’ rights to informed consent and autonomous decision-
making but also raises serious legal concerns. Particularly, clinical reliance on opaque 
algorithmic outputs may give rise to liability and causation disputes should patient harm 
occur, further eroding the trust that is foundational to both ethical medicine and effec-
tive AI governance. 

These issues associated with these ADM tools require their role to be examined 
within ethical and legal frameworks that prioritise transparency, accountability, and the 
patient's right to understand and consent. 

2.2 Challenges of Applying Automated Decision-Making 
While ADMs have enhanced efficiency and precision in healthcare, their growing 

role as quasi-clinicians poses serious ethical and legal challenges. They shift traditional 
roles, raise accountability questions, and disrupt foundational principles such as shared 
decision-making (SDM), data privacy, informed consent, and transparency. 

 
2.3.1 Shared Decision-Making (SDM) 
SDM relies on a dialogic relationship between patients and clinicians, grounded in 

mutual respect and autonomy [34]. The integration of opaque ADMs threatens this bal-
ance [34]. When patients cannot understand or challenge algorithmic recommenda-
tions, consent becomes symbolic rather than substantive. ADM systems, especially 
black-box models, risk making patients passive recipients of decisions they neither 
shape nor fully grasp [35]. This undermines agency, reducing humans to data points 
and clinicians to intermediaries between patients and machines [36]. Further compli-
cating matters, there is no clear consensus on how AI should function within SDM 
frameworks—should it guide, assist, or override decisions? Without transparency, AI 
risks substituting probabilistic logic for principled judgment, introducing automation 
bias and diminishing ethical integrity. If clinicians defer to systems they do not under-
stand or cannot explain, the clinician-patient alliance is eroded, and accountability be-
comes murky. 

 
2.3.2 Legal and Ethical Challenges  

A. Data Protection and Privacy  
ADMs depend on large datasets from EHRs, wearables, and apps, raising risks of 

re-identification, discrimination, and data misuse [5]. While models like federated 
learning enhance privacy [37], tension persists between the need for long-term data and 
GDPR principles like minimisation [23]. Particularly in imaging [38], vast identifiable 
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data are needed to train accurate systems, making robust anonymisation and public trust 
essential. Compliance with GDPR remains difficult, especially for predictive ADMs 
that require data persistence. 

B. Autonomy and Informed Consent 
Meaningful consent is increasingly difficult in AI-driven care ecosystems [36]. Pa-

tients often lack awareness of how their data is processed or how algorithms influence 
their care [39]. Opaque ADM reasoning challenges both patient and surrogate decision-
making, making informed consent fragile at best [40]. When neither the patient nor 
clinician can explain or contest a system’s output, consent becomes procedural theatre 
[36]. This not only undermines the patient’s moral agency but also compromises the 
clinician’s ethical obligations under medical codes that prioritise autonomy and in-
formed decision-making [41]. Clinicians risk being reduced to conduits of algorithmic 
authority, their fiduciary role diluted. To preserve the integrity of informed consent, 
investments in interpretability, communication tools, and clinician training are essen-
tial. 

C. Transparency 
Transparency (the degree to which the inner workings of an AI system, including its 

structure, data sources, design, and decision-making processes, are open and accessible 
for scrutiny) —closely tied to explainability and interpretability —is vital for trust in 
AI healthcare [42]. However, most ADMs function as black boxes, even to developers. 
Unlike some traditional medical uncertainties, algorithmic opacity is systemic and scal-
able, making it harder to justify or contest outcomes [42]. This creates a troubling sce-
nario: patients denied care by opaque ADMs cannot understand or challenge the deci-
sion, stripping them of agency. The ethical and legal implications are profound—when 
harm results, who is accountable? Existing legal safeguards, such as the GDPR’s right 
to contest [23] and the AI Act’s right to explanation [21], are difficult to implement in 
practice but increasingly necessary. Without them, trust in AI-driven medicine will 
erode. Upholding the right to explanation reasserts the patient’s autonomy, dignity, and 
moral standing and ensures ADM systems support, rather than replace, ethical clinical 
judgment. 

3 The Right to Explanation  
3.1 Proposed solutions to ML opacity in Medical AI 

Some scholars argue that the right to explanation offers limited value, warning it 
may become “meaningless” in practice [36]. They favour architectural regulation and 
tools like DPIAs over enforceable rights to build trust [36]. Ghassemi et al. [43] also 
question current explainability methods, calling them inadequate for patient-level deci-
sion-making. Others defend black-box models for their diagnostic accuracy, suggesting 
that proven outcomes matter more than transparency, especially since human reasoning 
is not always explainable either [44]. A more nuanced scholarly position proposes the 
ethical governance of opacity [45]. As opposed to viewing opacity as an inherent flaw, 
this perspective reframes it as a manageable condition — one that, when accompanied 
by institutional trust and role-sensitive justification, can coexist with the responsible 
deployment of AI. This approach explicitly moves away from epistemic idealism — 
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the belief that full transparency is always desirable or achievable — toward epistemic 
realism, which recognises that explanations must be contextually calibrated. Trust, in 
this view (epistemic realism), is not produced by making all internal workings visible, 
but by ensuring that decisions are justifiable to stakeholders in ways that are meaningful 
for their specific roles and risks [45]. This proposition, though arguable, makes these 
systems more responsible, trustworthy, and ethical. However, this view does not over-
look ethical duties like informed consent under the WMA Code, but supports it. More 
so, clinical scholars such as Mehlus and her group argued that AI offers significant 
benefits in clinical practice, but its adoption hinges on calibrated trust [46]. Clinicians 
must rely on AI without deferring to it uncritically, especially when its outputs contra-
dict clinical judgment. Explainable AI (XAI) addresses this by clarifying how decisions 
are made, supporting both trust and accountability. Even ethicists like Grote and Berens 
contended that the absence of reliable, meaningful explanations can erode the clinician–
patient relationship and distort shared decision-making [47]. Thus, the Sepsis Watch 
example paragraph 1 and other examples in paragraph 2.1 exemplify this broader phe-
nomenon: opacity without compensatory frameworks for explanation amounts to a 
structural ethical risk in AI-assisted medicine. Ultimately, without explainability, pa-
tient autonomy, trust, and accountability suffer, making it not just a technical concern, 
but a moral imperative. 

3.2 Meaning and justification of the right to explanation in clinical Practice 
The right to explanation in the context of medical or clinical practice refers to a 

patient's ability to understand why an MAI, specifically ADMs, made a particular rec-
ommendation [48]. In this context, explanation means providing understandable rea-
sons for a decision [49]; explainability means the system itself can generate such rea-
sons in a human-comprehensible way [50]. This right affirms patient autonomy and 
dignity. It has both intrinsic value (respecting individuals as rational agents) and instru-
mental value (helping them make informed choices, challenge decisions, or seek re-
dress). Explanations must serve a purpose: enabling understanding and informed deci-
sion-making, especially when decisions affect health or legal status [51]. An explana-
tion is very important because opaque decisions risk eroding trust, harming patients, 
and weakening professional accountability [52]. Explanations are necessary to detect 
errors, address bias, ensure fairness [20], and uphold the clinician's duty of care. With-
out explanation, patients become passive recipients of black-box outputs, undermining 
informed consent [52]. As stated above (paragraph 3.1), some scholars argue that per-
formance alone justifies trust (epistemic realism), while we insist on transparency as a 
moral obligation (epistemic idealism). Ultimately, the right to explanation is not a tech-
nical luxury but a safeguard for safety, dignity, and ethical medical practice. However, 
the right to explanation and explainability is not without its challenges, especially when 
considered against the trade-off with model performance.  

 
4  Trade-off between Performance and Explainability 

As AI becomes more integrated, particularly in high-stakes fields like medicine, 
where decisions impact life, autonomy, and legal rights, the demand for XAI grows 



 Not Knowing, Yet Living: AI and the Modern Legal Trial of Prometheus in Medicine 7 

exponentially [53]. Explainability is essential for accountability, trust, and informed 
consent. A patient cannot make an informed choice on different procedures, whether it 
is immunotherapy or chemotherapy, when diagnosed with cancer. This undermines dig-
nity and could violate the right to life, Article 8 ECHR and 6 ICCPR; this right to life 
is not just a right to live [54, 55] but includes the right to choose how you want to live, 
the way you want to live, if you want to live [56], and a quality end to life [57]. This 
right to life, in medical or clinical practice, is protected, supported, and valued by the 
right to explanation. However, the most accurate AI systems (like deep neural net-
works) are often the least transparent [58]. This creates a trade-off: performance vs 
explainability. More explainable models can lack diagnostic power, while high-per-
forming models can be "black boxes" which are incomprehensible to the clinicians, the 
patients and even to their developers [58]. However, explanation is not just about un-
derstanding—it supports ethical practice, respects patient choice, and fulfils legal obli-
gations under frameworks like Articles 9, 12,15, 22 GDPR, Article 86 EU AI Act, and 
Article 26 WMA. Clinical AI decisions, like recommending cancer treatments or life-
saving surgeries, must be explainable to preserve patient autonomy. Without clear rea-
soning, patients are denied the chance to consent meaningfully or understand the risks 
involved.  Some studies [59] also show that poor-quality or misleading explanations 
can confuse clinicians or lead to over-reliance, often referred to as automation bias [5]. 
But this highlights the need for better explainability, not abandoning it. Properly de-
signed, explainable AI supports trust, reduces bias, and promotes accountability. This 
issue is even more dire in and compounded during a medical emergency. For instance, 
the Sepsis case of 2018 given above, where the nurse stated that she would not have a 
good reason for the algorithm's decision. In such situations, perhaps where the case is 
one of emergency, explanation will give way. The challenge with this is one of legal 
liability and causation, where the treatment goes wrong. One is uncertain where to at-
tribute responsibility, whether it is the clinicians who adopted the algorithm's recom-
mendation or the developers of the algorithm. The position of the law is still unclear in 
this area. However, where it is not an emergency, and the patient's life is not hanging 
by a thread, then performance should give way to explanation. The patient or their sur-
rogates or representatives would require an explanation to make an informed decision. 
Ultimately, balancing accuracy with patient autonomy and safety is not optional—it’s 
a moral and legal imperative. 

5 The Promethean Threshold Heuristic: Balancing Explanation 
and Survival in AI-Driven Healthcare 

The proposed Promethean Threshold Heuristic (PTH) is designed to help healthcare 
professionals, AI developers, and policymakers navigate the ethical dilemmas posed by 
Automated Decision-Making Systems (ADMs). It seeks to balance life-saving inter-
ventions with the patient's right to meaningful explanation, upholding autonomy, be-
neficence, and legal accountability. PTH is rooted in internationally recognised ethical 
and legal standards, including the UNESCO Declaration on Bioethics and Human 
Rights (2005) [60], WMA International Code of Medical Ethics (2022) [41], OECD AI 
Principles (2019) [61], Oviedo Convention (1997) [62], Declaration of Helsinki (2013) 
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[63], GDPR (2016) [23], and the EU AI Act (2021) [21]. These frameworks provide a 
strong ethical and legal foundation, ensuring that PTH reflects global norms and is 
adaptable across healthcare contexts. Additionally, it is structured around four core 
medical scenarios— life-threatening emergencies, emergencies with available surro-
gates, non-emergencies, and cases involving unknown patient status. PTH engages with 
the principles of autonomy, non-maleficence, beneficence, justice, and accountability 
[41]. It offers a novel and principled approach to reconciling medical necessity with the 
ethical demand for explanation in the age of AI. 

5.1 The Promethean Threshold Heuristic (PTH) 
Heuristic Statement: In Automated Decision-making systems and AI-assisted medical 
decision-making, the importance of saving life may at times be justifiably overridden 
by the demand for patient-centred explanation. However, where explanation is to be 
deferred, it must be provided as soon as practicable to the patient or their designated 
surrogate family member/representative, balancing respect for human rights, dignity, 
and autonomy with clinical urgency. 
 
Table 1 below outlines the PTH components and how they are applied in the context of 
the four scenarios identified. 
 
     Table 1 — The PTH Components and Application 

No Scenario Priority Action Post-emergency 
1. Life-

Threatening 
Emergency 
 

Save the patient's 
life with the most 
effective means 
available, even if, 
at the given time, 
the AI decision-
making processes 
are not fully ex-
plainable. 
 

If the patient is incapac-
itated and no surrogate 
or family member/rep-
resentative is available 
to receive an explana-
tion and make an in-
formed decision, the 
decision to prioritise 
saving the patient’s life 
over explanation is jus-
tified 

Provide a de-
tailed explana-
tion to the pa-
tient once stabi-
lised or to fam-
ily/surro-
gates/representa-
tives as soon as 
possible. 

2. Emergency 
with Avail-
able Surro-
gate or 
Family 
Member 
 

Save the patient's 
life while initiating 
real-time explana-
tion to the surro-
gate/family/repre-
sentatives to re-
spect patient au-
tonomy. 

The involvement of 
family members/repre-
sentatives/surrogates 
should be leveraged to 
maintain transparency 
and trust, even during 
urgent care 

Follow-up ex-
planations to 
the patient and 
surrogates for 
full disclosure. 

 

3. Non-Emer-
gency/Elec-
tive Care 
 

Explanation and 
informed consent 
take precedence; 
AI decisions 
should be fully 

Patients have the right 
to understand the extent 
of AI involvement and 
its recommendations in 

Ongoing consent 
and shared deci-
sion-making 
should be 
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explainable to the 
patient prior to 
treatment. 

 

their care before treat-
ment begins. 

ensured through-
out the care pro-
cess. 

4. Unknown 
Patient Sta-
tus or Ab-
sence of 
Surrogates 
 

Follow the princi-
ple of beneficence 
— act to preserve 
the patient's life 
and wellbeing 
while document-
ing all AI deci-
sions carefully. 

Action: Efforts must 
be made to identify 
surrogates or legal 
guardians for subse-
quent explanation and 
consent. 

 

Provide explana-
tion to any iden-
tified representa-
tives or to the pa-
tient upon re-
gaining capacity. 

 
5.2 Justification of the PTH 

The PTH aligns with core ethical principles in healthcare: autonomy, beneficence, 
non-maleficence, justice, and accountability [41]. 

1. Respect for patient autonomy  
The PTH defers explanation only in urgent care scenarios, reaffirming the obligation to 
inform patients as soon as possible. This mirrors international standards: 

• UNESCO Declaration (Arts. 5–6) emphasises autonomy and informed con-
sent, allowing exceptions in emergencies. 

• WMA Code of Ethics (Arts. 13, 15, 17) supports patient autonomy and permits 
treatment without prior consent only when the patient is incapacitated and no 
surrogate is available. Thus, the heuristic safeguards autonomy while balanc-
ing clinical necessity. 

2. Beneficence and non-maleficence 
The PTH prioritises life-saving intervention while minimising harm, justifying tempo-
rary non-disclosure only when delay could endanger life. This principle is supported 
by: 

• WMA WMA Article 14 and Declaration of Helsinki (paragraphs 18, 30) stress 
prioritising patient welfare and minimising risk. 

• OECD AI Principles advocate for human-centric, transparent AI systems that 
avoid harm. The heuristic reflects this by ensuring deferred explanation is eth-
ically justified, time-limited, and subject to oversight. 

3. Justice 
The PTH affirms the legitimacy of surrogates or proxies in safeguarding patient rights 
when direct consent is not possible. This is consistent with: 

• WMA Code (Arts. 16, 19) endorses involving trusted representatives for pa-
tients with impaired capacity and stresses respect for patient preferences while 
preserving confidentiality. 

• Oviedo Oviedo Convention (Arts. 6, 9) mandates proxy consent and equitable 
access to care without discrimination. By incorporating surrogates in decision-
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making, the heuristic promotes fairness and continuity of care, ensuring pa-
tient rights are upheld in vulnerable scenarios.  

4. Accountability  
PTH requires timely documentation and disclosure to preserve trust and professional 
responsibility. This aligns with: 
• WMA Code (Arts. 21, 23) emphasises transparency, including disclosure of 

third-party involvement and maintaining accurate records. 
• GDPR (Arts. 5, 12, 15) supports transparency in automated decision-making 

and grants patients access to data and explanations. 
• IMIA Code of Ethics highlights integrity, confidentiality, and clear communica-

tion in digital health. Together, these frameworks support the heuristic’s de-
mand for AI systems that combine rapid clinical response with post-event ex-
plainability and traceability. 

Thus, the PTH encourages that AI systems should be designed to enable rapid and 
accurate decision-making for emergencies and transparent, explainable outputs for their 
decisions. 

6 Conclusion 
As Artificial Intelligence continues to transform the clinical landscape, the tension 

between algorithmic performance in decision-making and the ethical and legal imper-
ative for explainability has become increasingly pronounced. This paper argued that 
while the right to explanation remains a fundamental concept for patient autonomy, 
informed consent, and trust, it must sometimes kowtow —temporarily and proportion-
ally— in situations where a patient's survival and life are at stake. The Promethean 
Threshold Heuristic (PTH) responds to this challenge by offering a normative frame-
work that is both context-sensitive and ethically grounded. Drawing on foundational 
principles peculiar to medical practice, such as autonomy, beneficence, and accounta-
bility, the PTH delineates clear conditions under which explanation may be deferred 
and when it must be promptly restored. 

By acknowledging the moral complexity and ethical quagmire of AI in medicine, 
the PTH contributes meaningfully to the ongoing debate over the trade-off between 
explainability and performance. Opposed to framing the two in zero-sum opposition, 
the PTH proposes a structured reconciliation based on urgency, human dignity, and 
proportionality. This heuristic offers a flexible, rights-conscious model adaptable to 
real-world practice, capable of guiding clinicians, designers, and regulators. 

Looking forward, further empirical work is needed to test and refine the heuristic 
across diverse healthcare settings, and policy frameworks must evolve to support sys-
tems capable of both high clinical performance and post hoc transparency. In this way, 
the PTH helps pave the way for AI systems that are not only powerful but also princi-
pled and patient-centred. 

Disclosure of Interests: The authors have no competing interests to declare that are relevant 
to the content of this article. 
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