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Abstract 

Large language models are entering clinical workflows faster than health-care 
institutions can assign responsibility for their failures. This situation is creating 
governance gaps with consequences that extend beyond individual patients to public 
health systems. The result is an accountability vacuum in which responsibility for harm 
mediated by large language models can be spread across clinicians, institutions and 
vendors. This responsibility gap distributes harm inequitably, particularly in low- and 
middle-income countries where regulatory infrastructure for digital health is still 
developing. We propose earned delegation as a predeployment standard: authority 
should be delegated only when evidence is proportionate to clinical risk, substantive 
human oversight is integrated and resourced, and responsibility for foreseeable failure 
modes is assigned in advance. To operationalize this standard, health systems should 
adopt a predeployment accountability charter specifying intended use, excluded use, 
validation evidence, oversight design, escalation pathways, auditability, subgroup 
performance review, and named accountable parties. The charter should be integrated 
into existing institutional review, accreditation and procurement structures. Earned 
delegation provides a governance framework that health ministries, regulators and 
institutional leaders can adopt to ensure that use of large language models serves 
public health goals without outpacing them. 

Introduction 

Consider a patient in a resource-constrained setting who receives a triage recommendation from 

a chatbot powered by a large language model, follows the recommendation and experiences 

harm after a delayed diagnosis. The clinician did not generate the recommendation; the health 

authority or institution approved the tool for a lower-risk purpose than the one for which it was 

actually used; and the vendor disclaims clinical liability. Each actor has a plausible defence, yet 

no party bears clearly assigned responsibility. This situation is the accountability vacuum: a 

structural gap in which harm mediated by large language models occurs without a predetermined 
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responsible party. Rather than claiming that large language models create an entirely new 

problem, we argue that they intensify longstanding responsibility gaps in clinical decision 

support by combining broad task flexibility, persuasive natural language output, and fragmented 

lines of authority across vendors, health systems and end users. That combination now requires 

as much governance attention as technical performance before deployment of such a large 

language model. The consequences are not confined to individual clinical encounters: when 

accountability structures are absent, commercial large language model tools may be deployed 

across national health systems without the governance infrastructure needed to detect systematic 

failures, audit subgroup performance or assign responsibility at any level. 

Three bodies of work affect this gap, and each stops short of closing it. Risk-tiered ethical 

frameworks match oversight to implementation risk but leave responsibility allocation to local 

discretion.1 Reporting guidelines, such as consolidated standards of reporting trials–artificial 

intelligence (CONSORT-AI), standards for reporting diagnostic accuracy–artificial intelligence 

(STARD-AI), transparent reporting of a multivariable prediction model for individual prognosis 

or diagnosis–large language model (TRIPOD-LLM), and chatbot assessment reporting tool 

(CHART), standardize how studies are described but do not bind institutions to act on what is 

reported.2–5 Regulatory instruments classify products by risk, govern market access and, in some 

jurisdictions, impose operational duties on deployers, but they stop at generic obligations rather 

than assigning ownership of specific clinical failure modes.6–8 The gap itself is not new: 

scholarship on automated systems has long described the responsibility gap that opens when an 

operator cannot foresee a learning system’s behaviour;9 the conditions under which meaningful 

human control preserves responsibility;10 and the tendency for the nearest human operator to 

absorb blame for failures of the wider system.11 What is missing for clinical large language 

models is a mechanism that converts these classifications and checklists into a named, 

enforceable chain of responsibility before they are used. That mechanism is what we set out to 

provide, using our expertise in translational clinical research and the ethics and governance of AI 

in health care. 

We aimed to define the ethical threshold for delegating clinical authority to a large 

language model, and to translate that threshold into an operational governance framework that 

specifies who is accountable, for what and before any harm. We state the standard (earned 

delegation), describe how the framework was developed, present the instrument (a 
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predeployment accountability charter), and show its application through a worked case and a 

pathway for resource-constrained health systems. 

Development of the framework 

We developed the framework through structured synthesis rather than formal consensus 

methods. We first collected the normative and empirical foundations for our argument from: (i) 

three regulatory or governance instruments (the European Union (EU) AI Act, the United States 

Food and Drug Administration (US FDA) clinical decision support framework, and the World 

Health Organization (WHO) guidance on AI and on large multimodal models);6–8,12 (ii) the 

leading risk-based ethical framework for implementation of clinical AI;1 and (iii) current 

empirical evidence on real-world performance of large language models and oversight for which 

we prioritized systematic reviews and randomized trials over examination-style benchmarks.13–15 

We then derived the three conditions of earned delegation from recurring failure points in that 

evidence, and mapped each condition onto a corresponding, checkable charter element. To 

ensure that the charter contains verifiable requirements rather than general statements of intent, 

we aligned its data requirements with established reporting guidelines,2–5,16–20 so that each 

commitment corresponds to evidence a reviewer can request.  

Earned delegation 

In this framework, delegation concerns the sociotechnical configuration comprising the model, 

clinical workflow, human oversight and institutional controls, not the model as an autonomous 

moral agent. We propose earned delegation as the ethical threshold for use of clinical large 

language models. Delegation of clinical authority should not be presumed from fluency (natural 

and grammatically correct output of a large language model), benchmark performance 

(performance on standardized or simulated evaluation tasks) or commercial availability. 

Delegation should be earned through three conditions that must be satisfied before a large 

language model is permitted to influence care. First, the evidence must be proportionate to the 

clinical stakes, and evaluation should be made in the environment in which the large language 

model is intended to be used rather than relying exclusively on simulated or examination-style 

tasks. Second, human oversight must be substantive rather than nominal: clinicians must have 

the time, authority and workflow support needed to interrogate, reject or override model outputs. 

Third, responsibility for foreseeable failure modes must be assigned before a large language 
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model is deployed to vendors, institutions and clinical services rather than negotiated after harm 

occurs. 

This framework is compatible with risk-tiered approaches to clinical AI but adds a clearer 

requirement: evidence, oversight and accountability must be satisfied together, not treated as 

interchangeable substitutes. A system with promising performance but no credible oversight 

structure has not earned delegation. Nor has a system with nominal human review but no 

preassigned responsibility when a review fails. Researchers have argued that clinical AI should 

be evaluated according to the risks created by its implementation in practice, rather than solely 

by how readily its outputs can be explained,1 a position that supports earned delegation’s 

insistence on proportionate governance. When these conditions are not met, clinical authority is 

exercised through a sociotechnical configuration that has not earned it, and the accountability 

vacuum remains. 

Evidence for delegation 

The current evidence remains too thin to justify broad clinical delegation. A recent systematic 

review identified 4609 peer-reviewed clinical studies on large language models published 

between January 2022 and September 2025. However, only 1048 studies used real-world patient 

data, of which just 19 were prospective randomized trials.15 Much of the literature still relies on 

simulated scenarios, examination-style tasks or limited samples. The Holistic Evaluation of 

Large Language Models for Medical Tasks (MedHELM) is an evaluation framework built on a 

clinician-validated taxonomy of five real-world clinical task categories (clinical decision support, 

note generation, patient communication, medical research and administration), which spans 22 

subcategories and 121 tasks across 37 benchmarks and nine frontier models.14 We use this 

framework here because it directly measures the gap our paper is focused on. The framework 

shows that near-perfect performance on licensing-style examinations does not establish readiness 

for the heterogeneous, iterative and context-dependent work that dominates clinical practice, 

which is precisely the readiness that earned delegation requires evidence for.14 

The common response is to assume that human oversight can compensate for these 

evidentiary gaps. That assumption is unsafe. A report shows that members of the public assisted 

by large language models identified correct medical conditions in fewer than 34.5% of responses 

in each group assisted by a large language model (600 responses per group), no better than 
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controls using resources of their own choosing, despite the same large language models 

achieving 94.9% (1708/1800) accuracy when tested alone.13 Human review may fail not only 

because the model is wrong but because review becomes hurried or routine, or because reviewers 

give undue weight to apparently confident or authoritative model outputs. Oversight that exists 

on paper but not in practice does not mitigate delegation risk; it merely obscures where 

responsibility will fall once harm occurs. 

Risks at the patient interface 

This responsibility gap is most pronounced at the patient interface, where the communicative 

strengths of large language models can paradoxically undermine the autonomy they are intended 

to support. A recent paper argues that large language models could serve as epistemic 

scaffolding for informed consent by facilitating iterative questioning and clarifying patient 

values.21 While this potential exists, a confident tone, systematic presentation and apparent 

comprehensiveness can amplify framing effects, whereby decisions are influenced by how 

information is ordered, emphasized or presented. When a large language model sequences 

consent information or defaults to particular treatment framings, it decides what appears relevant, 

decisions traditionally subject to clinical accountability. In the absence of predetermined 

governance, outputs are trusted for their authoritative tone rather than their accuracy, leaving 

patients unable to distinguish between the two. Where large language models are used to 

facilitate the consent process, the accountability charter should require disclosure to patients that 

AI is shaping the information structure and should designate responsibility when framing effects 

contribute to suboptimal decisions. 

Accountability charter 

Addressing the accountability gap requires a concrete governance mechanism: health systems 

using clinical large language models should adopt a predeployment accountability charter 

specifying, for each use case, which party bears responsibility at each decision point. To ensure 

enforceability, this charter should be integrated into existing institutional oversight, accreditation 

processes and procurement requirements. Risk stratification provides the organizing structure. 

For low-risk administrative tasks, lighter oversight may be sufficient. For high-risk functions 

such as triage, diagnostic reasoning, treatment recommendation and consent facilitation, the 
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charter should mandate prospective local validation, version-locked audit trails, defined override 

protocols and named responsible parties for each failure mode (Box 1). 

Specifying who is accountable to whom is the core work of the charter and it falls across 

four roles. The vendor is accountable to the institution for model performance, version integrity 

and disclosure of known limitations, judged against reporting-guideline items.2–5,16–20 Because 

hosted models can change without notice, the charter also requires contractual notification of any 

model or version change, with revalidation before continued clinical use. The institutional 

governance body, typically the entity that already runs clinical, ethics and procurement reviews, 

is accountable to patients and the health authority for approving the intended use, the risk tier 

and the oversight design, and for suspending the tool when thresholds are breached. The clinical 

service line is accountable for operating the tool within its intended use, exercising override and 

reporting incidents. The national regulator or the health ministry sets minimum governance 

requirements, which institutions may strengthen according to local risk, and adjudicates disputes. 

Each charter names a specific accountable party at the vendor, institutional and service-line level 

for every foreseeable failure mode, so that when review fails, responsibility is located rather than 

negotiated. 

Several reporting standards support the rigour this charter demands. STARD-AI provides 

a checklist for comprehensive and transparent reporting of AI-centred diagnostic accuracy 

studies, enabling assessment of how AI systems are evaluated.3 TRIPOD-LLM requires 

transparency on model versions, prompts, deployment context and human oversight provisions.4 

CONSORT-AI provides the reporting standard for clinical trials of AI interventions,2 while 

CHART provides 12 items and 39 subitems for reporting studies of chatbots that summarize 

clinical evidence and give health advice.5 A broader system of complementary guidelines, 

including developmental and exploratory clinical investigations of decision support systems 

driven by artificial intelligence (DECIDE-AI),20 generative artificial intelligence tools in medical 

research (GAMER),17 prediction model risk of bias assessment tool (PROBAST)+AI,19 reporting 

checklist for foundation and large language models (REFINE),18 and TRIPOD+AI,16 further 

supports rigorous predeployment evaluation. The accountability charter operationalizes these 

frameworks by converting reporting requirements into binding institutional commitments. 

Applying the charter 
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To show how the framework operates in practice, we return to the opening scenario and specify 

what the charter that earned delegation would have required before the triage chatbot went live. 

The example is illustrative and created to demonstrate application; it is not a report of a system 

that has already been deployed and no such prospective institutional validation has yet been 

conducted. A district hospital proposes to deploy a symptom-triage chatbot powered by a large 

language model at first contact. Because triage affects decisions about the urgency and level of 

care a patient receives, the tool is classified as high-risk, which triggers the full charter (Box 2); 

where the EU Artificial Intelligence Act applies, a system of this kind may fall within Annex III 

of the Act, so the classification follows from law rather than local judgement alone. The 

distinguishing feature is not that the tool is proven safe, but that every foreseeable failure mode 

has a named owner and a checkable safeguard before any patient is exposed. Under-triage 

(where a patient’s health problem is initially assessed as less severe than it actually is), is 

measured prospectively on local presentations rather than inferred from examination-style 

accuracy, low-confidence outputs are escalated automatically to a named clinician, and 

performance is reviewed monthly, disaggregated by age, sex and language, against pre-set 

thresholds for suspending the chatbot. In the opening scenario, this charter would have prevented 

the tool from being used beyond its approved purpose and would have located responsibility 

rather than leaving each actor with a plausible defence. 

Bridging the implementation gap 

The proposed charter complements existing regulatory systems while addressing their gaps. The 

US FDA’s evolving framework for clinical decision support software classifies AI tools by risk 

but does not recommend how institutions should allocate accountability for specific deployment 

failure modes.8 The EU Artificial Intelligence Act classifies clinical AI as high-risk by two 

routes: (i) as a safety component of or as a regulated medical device requiring third-party 

conformity assessment; and (ii) through the use of cases listed in Annex III of the Act, which 

directly names emergency triage systems for patient health care. In Article 26, the Act imposes 

operational duties on deployers, including named human oversight by competent natural persons 

(that is, humans), monitoring, log retention and disclosure to individuals subject to AI-assisted 

decisions. Article 27 requires a fundamental rights impact assessment of public bodies and 

private providers of public services. These duties are generic and system-level rather than 

specific to a case. They do not require a health system to identify, before deployment, which 
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party owns each foreseeable failure mode of a particular clinical application. Furthermore, the 

duties are binding only within the EU, leaving most of the world’s health systems outside their 

reach.6 The WHO guidance on ethics and governance of AI for health provides core principles, 

including transparency, accountability and equity, but does not mandate binding predeployment 

commitments at the institutional level.7 The updated WHO guidance on large multimodal models 

reinforces these principles while acknowledging that rapid commercial adoption of large 

language models has outpaced governance capacity, particularly in low- and middle-income 

settings.12 The accountability charter bridges this implementation gap by translating regulatory 

classification, deployer duties and ethical principles into institutional obligations tailored to each 

clinical application, specifying who is responsible, for what and before any harm occurs, and by 

extending the same requirements to jurisdictions with no equivalent statutory system. For health 

ministries and national regulators, the charter provides a mechanism that can be adapted to local 

legal and institutional contexts while maintaining consistent governance across different health 

systems. 

Equity and implementation 

Justice necessitates this governance structure because the current accountability failure 

distributes harm inequitably both within and between health systems. Performance may not have 

been evaluated separately across relevant patient groups. Commercial incentives may influence 

outputs without transparency. Patient data may be repurposed without governance. The resulting 

harms disproportionately affect people with the least institutional power to identify errors, 

contest decisions or seek redress. This inequity is most acute in low- and middle-income 

countries, where digital health regulatory infrastructure is often underdeveloped, health 

workforce shortages may increase reliance on automated tools and commercial vendors may 

deploy large language models with even less oversight than in settings with more resources. 

Because a full charter can be resource-intensive, we propose a phased pathway so that 

resource-constrained systems can adopt the basic components first and add depth over time. 

Phase 1 (documentation) requires only intended-use and excluded-use statements, a risk tier and 

a named accountable party. These low-cost commitments already prevent the most common 

failure, namely, use beyond approved purpose. Phase 2 (basic safeguards) adds a defined 

override step and disaggregated reporting of one safety-critical metric, such as under-triage rate 



Publication: Bulletin of the World Health Organization; Type: Policy & practice 
Article ID: BLT.26.296186 

9 of 14 

by subgroup. Phase 3 (full auditability) adds version-locked logging and scheduled independent 

review as the capacity allows. Regional or national bodies can host a shared charter template and 

pooled audit function so that individual facilities are not each rebuilding governance from 

scratch. This phased model lets health ministries have a consistent accountability level while 

scaling the more demanding audit procedures to local capacity. 

The accountability charter must therefore include equity auditing provisions, such as 

mandatory disaggregated performance reporting by demographic subgroup and transparent 

documentation of training data composition. Guidelines such as PROBAST+AI19 and 

TRIPOD+AI16 further enable this accountability by explicitly calling for disaggregated 

performance reporting by demographic and clinical subgroups. Without such provisions, the use 

of large language models risks reproducing and amplifying the health disparities that public 

health governance exists to reduce. 

Importance of governance context 

Emerging evidence from trials supports the principle that implementation context matters for the 

outcomes of the use of large language models. In a randomized controlled trial with 111 

specialists across 24 medical disciplines at two health centres, with 2069 patients randomized, 

the authors evaluated a large language model chatbot co-designed with local stakeholders for 

transitions from primary care to specialist care.22 Relative to the no-chatbot arm, the co-designed 

system reduced mean physician consultation duration from 4.41 minutes (standard deviation, 

SD: 2.77) to 3.14 minutes (SD: 2.25), a reported reduction of 28.7%, and improved patient-

reported ease of communication. Two findings relate to implementation and development design 

rather than model capability alone: outcomes were equivalent whether patients used the system 

independently or with staff support, and, in a separate pretrial simulation, the co-designed system 

received higher expert ratings than a version of the same base model additionally fine-tuned on 

local primary-care dialogues. This nonrandomized comparison cannot attribute the difference to 

any individual design component, but it indicates that co-design and deployment structures may 

add value beyond local fine-tuning alone. While this trial did not test the accountability charter 

framework proposed here, it suggests that co-design and implementation context can influence 

the clinical use of large language model systems, which reinforces the argument that the context 

in which a large language model is deployed deserves attention alongside model performance. 
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Limitations 

Our proposed charter has limitations. The framework was developed through structured 

conceptual synthesis rather than a formal consensus process and has not yet undergone 

prospective implementation testing. Patients, community representatives, health ministries and 

frontline professionals from low- and middle-income settings were not involved in its initial 

development, and the resource requirements of the phased pathway have not been costed. 

Participatory adaptation and prospective evaluation across different health systems are therefore 

needed before the charter can be considered validated or broadly generalizable. 

Conclusion 

Health-care systems should address the accountability gap before deployment of large language 

models becomes difficult to govern consistently across settings. Large language models are 

ethically defensible when their authority is confined, their limitations are transparent and they 

operate within governance structures that assign responsibility in advance. The ethical boundary 

is not defined by imperfection, as human systems are also imperfect. Rather, the boundary is 

reached when an imperfect model assumes the clinical authority it has not earned within a 

system that has not determined who is accountable when harm occurs. Earned delegation and the 

predeployment accountability charter give health ministries, regulators and institutional leaders a 

concrete, adaptable instrument to close the accountability gap. The immediate next step is 

prospective evaluation of the charter in real deployment situations, including in low- and middle-

income settings. 
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Box 1. Minimum content of a predeployment accountability charter for clinical 
large language models 

• Intended use and excluded use 

• Risk tier and justification 

• Validation evidence available before deployment and revalidation triggered on 
any model or version change 

• Named accountable parties at vendor, institution and service-line level 

• Human oversight design, escalation rules and oversight-integrity monitoring, 
including override rates, review time, escalation frequency and unexplained drift 
towards near-total concordance with model recommendations 

• Equity audit, including subgroup performance reporting 

• Audit trail, incident reporting and review schedule 

• Conditions for suspension or withdrawal 
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Box 2. Illustrative application of the predeployment accountability charter to a high-
risk symptom-triage chatbot 

Charter element and specification for the triage chatbot 

Intended and excluded use 

Symptom-based triage guidance for adults. It is explicitly excluded from paediatric triage, 
mental-health crisis and any use as a substitute for clinician assessment. 

Risk tier 

High-risk, because triage affects decision about urgency or level of care and hence has the 
potential to cause harm if triage decisions are incorrect. The full charter is required. 

Validation before deployment 

Prospective evaluation on local patient presentations before going live, with the chatbot 
operating in the background and its outputs not used for patient care; under-triage rate is used 
as the safety-critical metric rather than examination-style accuracy. Revalidation is required 
before continued use after any model or version change. 

Named accountable parties 

• Vendor: designated clinical safety officer for model performance, version integrity and 
notification of any model or version update 

• Institution: deputy medical director as charter owner responsible for approval of 
intended use, risk tier and oversight design 

• Service line: head of emergency services, responsible for real-time override and 
incident reporting. 

Oversight and escalation 

Clinician confirmation required before any decision about urgency or level of care. Low-
confidence or red-flag outputs are automatically escalated to a named on-call clinician. Monthly 
review of override rate, time-to-decision and concordance drift are oversight-integrity metrics. 

Equity audit 

Monthly under-triage review disaggregated by age, sex and language of interaction required. 

Audit trail and review 

Version-locked logging of every input, output and override. Monthly safety review required 
against preset suspension thresholds, with quarterly independent audit of the log. 

Suspension and withdrawal 

Prespecified triggers are under-triage rate above the locally agreed threshold on two 
consecutive monthly reviews, or any single sentinel under-triage event. The named institutional 
clinical lead may suspend use immediately and must do so within 1 working day of a confirmed 
breach; reinstatement requires revalidation and documented approval by the governance 
body. 

Note: The example is constructed to demonstrate how earned delegation would be operationalized before 
deployment; it is not a report of an implemented system. For each charter element, the table specifies who is 
accountable and which safeguard applies to the corresponding failure mode. 


