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Abstract 
 

AgenƟc AI can autonomously execute mulƟ-step tasks, yet current evaluaƟon metrics 
overlook the operaƟng condiƟons and fallback mechanisms that determine paƟent safety. 
We propose a graded-autonomy framework, adapted from the automoƟve J3016 standard, 
that classiĮes systems across three domains and six levels and separates capability from 
authorisaƟon. Using autonomous sepsis management as a worked example, we examine 
implicaƟons for regulaƟon, workforce readiness, and the safe governance of autonomous 
agenƟc AI. 

Keywords : ArƟĮcial intelligence, Autonomous systems, Clinical governance, PaƟent safety, 
Health care delivery 
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Introduction 

“The beginning of wisdom is the deƱnition of terms” - Socrates 

Until recently, AI in healthcare have operated on an assistive model where the AI makes a 
recommendation, and the human decides or acts. AI systems are now moving toward a more 
independent operating model via agentic AI systems, which can autonomously execute complex 
tasks with reduced human oversight(1).  

We recognise that autonomous technologies are not new and already exist in healthcare. For 
example, volume-guaranteed modes on ventilators self-titrate driving pressures to achieve a 
target tidal volume. However, these rule-based algorithms have been constrained to a narrow 
range of low complexity tasks. The modern integration of AI technology with tooling-harnesses 
now expands the range of tasks agentic systems are able manage, allowing them to reason 
through and execute multi-stage tasks(2). This is a fundamental shift in human-AI interaction, 
moving from assistive tools to machines that execute complex tasks autonomously (3). 

Agentic systems are a new technology category whose capabilities and failure modes are distinct 
from classic decision-support tools. However, current frameworks for AI classiƱcation and 
governance generally focus on single-task model performance characteristics such as sensitivity 
and speciƱcity, in contrast to the multi-task, goal-directed execution that underpins agentic AI 
design (4–7). Traditional metrics characterise the accuracy of an input-to-output algorithm, but 
an agentic system chains many such decisions together in a non-deterministic manner; per-task 
performance therefore says nothing about the overall functions of the system, under what 
conditions it may operate, or how it behaves when an individual step fails - precisely the 
properties that determine patient risk.  

We suggest that these new capabilities of agentic AI require a dedicated descriptive framework, 
with the aim of improving clarity and consistency in how such systems are deƱned and operate. 
By delineating boundaries around what a system is designed or authorised to do, risk can be 
clearly identiƱed and appropriate safeguards implemented (8,9).  

The purpose of this paper is to present a similar framework for describing graded autonomy in 
autonomous healthcare AI agents, to build shared understanding across stakeholders, and to 
support improved governance and implementation.  

Lessons from other domains 

Sheridan and Verplank (10) introduced the Ʊrst formal taxonomy of human-computer control in 
1978, proposing a scale ranging from assistive to full autonomous operation (3,11). This insight - 
that a system can automate some domains of a larger task while leaving others to the human - 
provides the conceptual foundation for graded autonomy frameworks, including the one 
proposed here. The value of these frameworks was demonstrated by Greenhalgh, who identiƱed 
that inadequate characterisation of the technology domain is a primary predictor of non-
adoption and failure to scale(9). The World Health Organization operationalised this principle 
through its ClassiƱcation of Digital Interventions, providing a shared taxonomy to support 
coherent planning and governance of digital health implementations(8).  



 

 

A prominent example of the value of a graded taxonomy for autonomous systems is in the 
automotive industry (3,12), where Society of Automotive Engineers introduced J3016, a 
standardised taxonomy for autonomous driving systems(13) that has been instrumental in the 
safe implementation of driver assist features. The J3016 Framework decomposes the task of 
driving into three distinct domains. First, the dynamic driving task (DDT) describes the actions 
required to drive and includes control (e.g. steering and braking) and environmental monitoring 
(e.g. object detection). Importantly, it introduced two additional pillars for autonomous system 
design – operating conditions and fallback mechanism. The operational design domain (ODD) 
deƱnes the settings within which an automated system is designed to function, such as the road 
type and environmental conditions. The fallback domain speciƱes the behaviour when the 
system reaches its limits or encounters a failure, and how “human in the loop” fail-safe 
mechanisms are implemented.  

The framework has had a considerable impact on the safe implementation of driver assist 
features. These features have varying levels of autonomy, from accelerator control to adaptive 
cruise control with braking capabilities to maintain distance from the car in front, and more 
recently, complex driving systems that incorporate steering control. Engineers and automotive 
regulators have adopted the SAE autonomous driving system taxonomy to guide implementation 
and regulation of these new features(14), providing a common language that enables the precise 
deƱnitions of system operating boundaries, preventing misleading marketing claims and 
providing appropriate advice to users to avoid harm(15). 

A Framework for Autonomous AI Agents in Healthcare 

We propose a framework adapted from the SAE Framework but contextualised to the health care 
environment (Table 1).  First, the clinical task domain (CTD) replaces the dynamic driving task and 
is deƱned for each clinical task the system is designed to address. In healthcare, CTD comprises 
two components: discrete action execution (the speciƱc clinical actions the system performs) 
and patient monitoring and response - the continuous assessments of patient condition and 
initiation of appropriate responses, analogous to the Object and Event Detection and Response 
(OEDR) sub-task in the SAE framework. Second, the operational design domain (ODD) outlines 
the contextual constraints that the system is allowed to operate within. At a minimum, this should 
specify (1) the clinical discipline and workƲow to which the system applies; (2) the care setting 
and level of acuity; (3) the patient population, including any exclusion criteria (4) the required input 
modalities and data-quality conditions. Third, the fallback mechanism needs to describe how the 
model will function (or escalate) when it encounters an error.  

We retain a six-level scale ranging from zero (no automation) to Ʊve (full automation). As with the 
Glasgow Coma Scale, a given system is best characterised not by a single number but by a proƱle 
across the three domains - for example, clinical task-3 / operational domain-2 / Fallback-1, as 
systems are frequently advanced in one domain while immature in another. An agent with strong 
action capability but a vague “escalate to a human” fallback is the common, and potentially the 
most dangerous, real-world case. The divergence between the domains is itself a governance 
signal: a large gap between a high clinical-task level and a low fallback level identiƱes precisely 
where safeguards are required. 



 

 

Every autonomous system deployment should therefore deƱne two levels for each domain: a 
capability level (what the system can technically do, as validated) and an authorised level (what 
governance permits it to do in this deployment). The latter authorised level is the operational 
constraint; the capability level is what the system would do absent that constraint. Recording 
both, and monitoring the gap, is what operationalises the safeguards described - a system whose 
capability level has risen above its authorised level (through a model update, for instance) has 
entered a state that requires re-authorisation before the additional capability is used. 

 
 



 

 

Table 1: A proposed framework for classifying autonomous agents in healthcare.  Green reƲect full autonomous operation. Level 5 is included for 
conceptual completeness only and represents a theoretical limit; no clinical deployment at this level is currently feasible.

Level   

Clinical Task Domain 
Fallback 
mechanism 

Operational Setting 

Discrete task execution Patient state monitoring & response 

0 No automation Clinician performs all clinical actions 
Clinician monitors patient state and 
responds to all events 

N/A (no automation) N/A (no automation) 

1 

Clinical assistance   
AI recommends a 
specific action, but a 
clinician decides and 
acts. 

AI recommends actions; Clinician 
decides and executes 

Clinician monitors patient state and 
responds to all events 

N/A - Clinician is in control 
Any setting where AI output 
is advisory only 

2 

Partial automation 
AI executes defined 
clinical actions, but a 
clinician must remain 
ready to intervene at 
any moment. 

AI executes some actions; others 
are performed by Clinicians.  

Clinician monitors patient state and 
responds to all events; clinician must be 
actively available 

Clinician actively supervises – when 
system fails, it halts; Clinician 
overrides and assumes full task 

Defined clinical context; 
specified patient population 
with documented exclusion 
criteria 

3 

Conditional 
automation AI 
manages the complete 
clinical task within 
defined conditions, but 
a clinician must be 
available to take over if 
needed 

AI executes the full defined clinical 
task, with Clinician available to be 
notified to take over. 

AI detects patient state changes and 
responds; clinician must be reachable 
but not required to be immediately 
present  

Clinician monitors passively, and 
must be researchable – if system 
fails, escalates and initiates 
handover to a clinician; holds last 
safe state pending clinician takeover 

Defined clinical context; 
specified patient population 
with documented exclusion 
criteria 

4 

High automation The 
AI manages the clinical 
task and its own fail-
safe response within 
defined conditions; no 
Clinician needed 

AI executes the full defined clinical 
task, with no prerequisite for 
clinician availability 

AI detects patient state changes and 
responds; no clinician readiness required 

AI responsible, with Clinician 
available but does not need to be 
engaged - system executes safe-
state protocol, including recovery. 

Constrained deployment: 
single site or system type 

5 

Full automation 
The AI manages the 
entire clinical task, in 
any patient, in any 
condition, without the 
need for Clinicians 

AI executes the full defined clinical 
task across all patient populations 

AI detects patient state changes and 
responds; no clinician readiness required 

Fully AI managed, no Clinician 
required- system executes safe-
state protocol, including recovery, 
without needing Clinician 
intervention 

No patient, setting, or 
environmental restriction 

 



 

 

Case example: AI-driven Sepsis Management 

Sepsis management is a sequential decision problem in which clinicians titrate interventions 
such as Ʋuids, vasopressors and antibiotics according to changes in a patient’s clinical state. 
Given the non-deterministic nature of sepsis and the need for timely intervention, it is a process 
that may derive considerable beneƱt from AI-supported detection and management. Some 
clinical decision support systems have been described as an “AI clinician”(16), with the 
implications that these systems may one day be looked upon to increasingly support the delivery 
of sepsis care(17).  With this in mind, we apply our framework to make explicit how Agentic sepsis 
management systems may look like across the 5 levels of automation (noting more advanced 
levels outline a hypothetical state) (Table 2). 

Level Descriptor Clinical Task Domain (task execution 

& monitoring) 
Fallback mechanism Operational Setting 

0 No 

automation 
Clinician assesses the septic patient, 

decides on and titrates all fluids and 

vasopressors, and monitors 

response; no AI involvement. 

N/A: no AI involvement N/A: no AI involvement 

1 Clinical 

assistance 
At each timestep the AI recommends 

a fluid volume and vasopressor dose; 

the clinician reviews every 

recommendation, then prescribes 

and administers. 

N/A: AI advisory only Advice only; adult ICU. No 

execution authority. 

2 Partial 

automation 
AI directly titrates one component 

within pre-set bounds (e.g. 

vasopressor infusion to a mean-

arterial-pressure target); the clinician 

sets fluid strategy and can override 

instantly. Clinician is actively 

supervising and must be readily 

available (e.g. bedside nurse). 

When operating out of scope, (e.g. 

sensor dropout, or an out-of-range 

physiological state) AI halts 

titration, holds the last infusion 

rate, and immediately hands 

control to the Clinician 

Defined adult ICU septic-shock 

cohort (e.g. Sepsis-3 definition); 

documented exclusions (e.g. no 

paediatric, no pre-specified 

comorbidity exclusions). 

3 Conditional 

automation 
AI manages the full resuscitation 

bundle (fluids, antibiotics and 

titrating vasopressors) to 

physiological targets  

 

Clinician must remain reachable but 

not immediately present (e.g. 

elsewhere the ICU) 

On detecting out-of-scope 

condition, AI downgrades to a 

simpler, protocolised mode (e.g. a 

guideline-based bundle with safe 

vasopressor dose range) and 

continues management until a 

clinician is notified and take over.  

  

Defined adult Sepsis-3 cohort; 

constrained deployment: single 

ICU or site. 

4 High 

automation 
AI manages the full resuscitation 

bundle, continuously monitors 

patient trajectory, and its 

operational boundaries. The 

responsible clinician is not involved 

in operation. 

AI reverts to protocolised care, self-
diagnoses the failure mode, and 
noƟĮes the responsible clinician. 
ResumpƟon of autonomous 
management requires clinician 
acknowledgment before the AI exits 
the safe state. The clinician need not 
be present or intervene directly. 

Defined adult Sepsis-3 cohort; 

constrained deployment: single 

ICU or site. 

5 Full 

automation 

(theoretical) 

AI manages full sepsis resuscitation 

as per level 4, however can be done 

in any patient and setting  

AI executes safe-state and 

troubleshooting, and resume 

autonomous management, without 

human notification. 

No patient-population, acuity, 

or setting restriction  

Table 2. The framework applied to an autonomous sepsis-resuscitaƟon agent. Green reŇects full autonomaƟon of that 
domain. 



 

 

Discussion 

Our framework addresses a critical gap in how we describe autonomous systems in healthcare, 
and supports a shared understanding of the operational boundaries of this system when 
deployed in a real-world environment. This impacts how we evaluate, manage and autonomise 
AI systems for real-world deployments, as two systems with identical performance metrics 
(such as accuracy) may have signiƱcantly diƯerent governance and requirements if their  
speciƱcations and fallback mechanisms diƯer. 

A key contribution of our framework is providing a language to delineate the diƯerence between 
what an agentic system is authorised to do within governance boundaries, as compared to what 
it is capable of. This distinction prevents autonomy creep, which we deƱne as the incremental 
expansion of a system's operational scope without corresponding governance oversight. This 
occurs when a system is deployed for one purpose but is then used for adjacent purposes. Our 
framework guards against this risk by ensuring that autonomy levels are an explicit documented 
decision. If a health service wishes to increase an AI deployment from level 2 to level 3, the 
framework identiƱes what additional considerations need to be addressed. 

Our framework also draws attention to the speciƱc risks that are introduced by AI-driven 
autonomous systems. AI agent frameworks are generally structured as observe-decide-act 
loops(18). As a result, agentic designs will over emphasise speciƱcation of the action by the AI 
agent; the operating envelope or fallback mechanisms are not Ʊrst-class concerns during 
development and need to be retrospectively Ʊtted onto the agentic system. An overemphasis on 
the action domains can contribute to risk and undermine safety, as illustrated by the Uber 
Advanced technologies group fatality(19), where the self-driving vehicle system was not 
constrained to exclude unreliable conditions, and had poorly deƱned fallback mechanisms, 
which was only speciƱed as “human intervention”. 

The framework also implies a shift in workforce competency requirements associated with each 
level. At Level 3 and above, the human's role shifts from active operator to passive supervisor - a 
fundamentally diƯerent cognitive task that has been demonstrated to have an unanticipated 
impact on humans performance (11,20). Bainbridge's analysis of automation ironies(20) 
identiƱed that this transition paradoxically degrades the very human performance it is designed 
to augment: reduced task engagement erodes procedural skill and situational awareness, such 
that the clinician who must intervene in a system failure is least prepared to do so at precisely 
the moment intervention is most consequential. This eƯect is already observed in AI clinical 
decision support systems, where clinicians assisted by AI to identify abnormalities on 
colonoscopy experienced a degree of de-skilling(21).  

However, the competency frameworks required to support human supervision of autonomous 
AI systems does not yet exist in any mature form. Existing frameworks - whether procedural skill 
assessments, or supervised practice models - were designed to assess a clinician's ability to 
perform clinical tasks. They do not assess the distinct cognitive capabilities required for 
eƯective AI supervision: sustained vigilance under low-event-rate conditions, accurate mental 
model maintenance of a system whose internal state is not directly observable, and rapid 
mode-switching from supervisory to operational control under time pressure( 21). The 
development of AI supervisory competency frameworks is a necessary complement to the 



 

 

governance framework proposed here, and their absence represents a workforce readiness gap 
that health services should address before authorising deployment at Level 3 or above. 

Our proposed taxonomy is intended to complement existing regulatory frameworks rather than 
replace them. Existing software as a medical device (SaMD) frameworks from regulating bodies 
globally , broadly govern systems that inform clinical decisions - systems that, in our taxonomy, 
operate at Level 2 and below, where a human clinician retains decision and action authority. 
These frameworks were not designed for systems that autonomously execute clinical tasks, 
monitor their own operating conditions, or manage their own failure responses. Systems where 
AI assumes primary operational responsibility (particularly at level 3 and above) - are more 
appropriately governed under higher-risk regulatory provisions, with the explicit speciƱcation of 
ODD constraints and fallback requirements providing the additional governance layer that 
existing SaMD instruments do not currently require. 

Future Directions 

Patient Agency 

Patient values, preferences, and consent are not currently integrated into the proposed 
framework. This is a signiƱcant limitation for any deployment at Level 3 or above, where the AI 
takes operational responsibility for decisions may directly aƯect patients. Additional research is 
needed to explore the role of patient agency and how patient preferences should constrain or 
modify the AI's authorised operating scope - including the right of a patient to request human 
decision-making regardless of the system's technical capabilities. 

Non-Determinism and Regulation 

Unlike mechanical automation systems, AI agents incorporating large language model 
components are non-deterministic: the same input may produce diƯerent outputs, and 
performance may shift with model updates, infrastructure changes, or prompt modiƱcations. 
This creates a fundamental challenge for the certiƱcation model inherited from SaMD regulation, 
which assumes a static, deterministic software package that can be tested once and deployed. 
The proposed framework does not resolve this challenge but makes it visible: any system 
operating at Level 3 or above must have continuous monitoring and drift detection capabilities to 
detecting performance degradation and must have pre-speciƱed triggers for automatic reduction 
to a lower autonomy level. The development of standards for this continuous validation 
infrastructure is an urgent research and regulatory priority. 

Validation and Generalisability 

The framework is presented here as a conceptual proposal, illustrated through case studies 
constructed by the authors. It requires prospective validation across diverse health systems, 
clinical contexts, and AI system types. In particular, the level descriptors should be subject to 
inter-rater reliability testing: if the framework is to serve as governance infrastructure, 
independent reviewers should be able to assign consistent level ratings to a given system. The 
development of empirically validated rubrics for each level transition across common clinical AI 
use cases is a priority for future work. 



 

 

Conclusion 

Autonomous agentic AI systems are already being operationalised across industries and will 
reach health care soon. The speed of adoption is likely to outstrip the governance frameworks 
and institutional capability to manage them. The absence of a framework for describing 
autonomous systems, and specifying clear operating boundaries and fallback mechanisms, 
creates the conditions for patient harm. 

Our proposed framework, adapted from the SAE autonomous driving framework, gives health 
services the means to make explicit, auditable, and comparable decisions about what 
autonomous systems are both able to do, as well as authorised to do. It shifts the lens from 
accuracy of a particular model to questions that determine real-world safety, including clarity 
around the operating conditions of autonomous systems and what happens when they reach 
their limit. 

Further work is needed to understand generalisability of this framework, monitoring and 
regulation of autonomous systems, and to incorporate patient agency into decisions. However, 
these are not reasons to wait – the choice before healthcare leaders is whether the technology 
arrives into a governance vacuum, or a structure that can address, in some part, the unique risks 
of these systems. Our framework provides a conceptual foundation for the latter -  introducing a 
shared language for deciding how to manage autonomous systems that may potentially 
transform healthcare delivery. 
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