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Abstract. This paper introduces the Override Hierarchy: a four-tier framework (Defer,
Confirm, Reject, Reverse) for designing human authority over Al in safety-critical systems. Drawing
on FDA 2025 guidance and human-Al interaction research, it argues that not all overrides are equal:
interface design must encode authority gradients explicitly. The framework gives UX teams a
vocabulary for override flows in clinical Al products.
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The rise of Al in safety-critical settings has made human override a regulatory and
clinical imperative, but rarely a design priority [1-4]. The FDA’s January 2025 draft
guidance on Al-enabled device software [5] and the EU Al Act both require human
oversight, yet the design vocabulary remains scattered. Many Al products treat override as
a binary, when clinicians, operators, and regulators need graded authority patterns. The
Override Hierarchy distinguishes four tiers, each with different interface requirements, audit
consequences, and downstream signal (rable 1).

Table 1 — The Override Hierarchy

Tier What the user is doing Example interface

Defer Accepting Al output but signaling reduced “Accept and route for review” action;
confidence; flagging case for review. case enters a peer-review queue.

Confirm | Explicitly endorsing Al output and taking Two-stage confirmation; signed
authorial responsibility. timestamp; audit log entry.

Reject | Declining Al output without correcting it; One-click rejection with optional reason;
case proceeds without Al input. output marked as rejected.

Reverse | Actively contradicting Al output and Counter-decision Ul with rationale
substituting a different decision. capture; surfaces to feedback loop.

Defer is the most under-implemented tier. The clinician neither endorses nor
rejects the AI’s output but routes it for additional review: “I’m uncertain, escalate.” [6]
confidence-calibration framework formalizes the pattern. Low-confidence outputs
trigger secondary review, and high-confidence predictions are overridden at only 1.7%.
The closest real-world parallel is independent double reading in radiology. Absent a
Defer tier, products force false confidence by giving clinicians no middle ground.

Confirm carries weight Dbeyond endorsement. It transfers authorial
responsibility from model to human. Ambient Al scribe products like Abridge and
Nuance DAX [7] require explicit clinician sign-off on each draft note; the timestamp
and audit log entry anchor liability under the FDA’s lifecycle-management framework.
Two-stage confirmation, where the clinician sees what was edited and explicitly attests,
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Is the load-bearing pattern. Without a clear attestation surface, the chain of authorial
responsibility breaks regardless of model output quality.

Reject is a clean refusal. The AI’s output does not flow into the clinical record.
Reject differs from Defer because no further review is requested; it differs from
Reverse because no alternative is substituted. Epic’s Best Practice Advisories illustrate
the alert-fatigue cost of rationale-on-every-reject: clinicians dismiss in bulk without
engaging with the model’s reasoning. The right default is rationale-optional with
structured-reason categories (“model wrong,” “context inappropriate,” “false alarm”),
so the platform can distinguish model error from contextual change.

Reverse is the most information-rich tier. The clinician actively contradicts the
Al and substitutes a different decision. This is the teaching signal the model can learn
from. Pathology Al platforms such as PathAl and Paige illustrate continuous-learning
workflows where pathologist feedback flows back into ongoing model refinement.
Amershi et al.’s [8] error-and-recovery guidelines (G7-G11) frame override around
recovery; the Override Hierarchy names the authority gradient recovery alone cannot
capture.

Translating the hierarchy into a specific product requires three choices: which
tiers the system supports, what friction each tier carries, and where the signal flows
back. Different surfaces need different subsets: what works for ambient scribes will
not work for sepsis alerts. Adding tiers adds complexity, and busy clinicians prefer fast
paths. The hierarchy is a vocabulary, not a checkilist.

Future work should examine how the FDA’s Total Product Lifecycle and the EU
Al Act risk classifications map to the hierarchy. Cross-organization studies of override
telemetry would illuminate which patterns sustain trust over months of deployment [9].
For product teams designing Al in safety-critical contexts, naming the tiers makes them
designable, auditable, and discussable: the foundation of trustworthy Al deployments.
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