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Abstract
This paper argues that the mature quality-engineering disciplines developed for regulated
manufacturing, namely deviation management, root-cause analysis (RCA), corrective and preventive
action (CAPA), and change control, provide a rigorous, ethically motivated method for governing AI
automation, and that an AI system’s own operational telemetry can serve as the deviation record those
disciplines require. We demonstrate the approach through a single in-depth case study of a live
document-automation system in a regulated UK immigration-law practice, drawing on an operational log
of 42,866 automated actions across 597 cases and 73,846 documents from a relaunch and migration
period. Treating the log as a quality record, we construct a seven-class deviation taxonomy and rank it by
Pareto analysis, finding that three classes (duplication, verification failure, and misclassification)
account for 71.8% of 17,080 remediation events, while showing the ranking should be read at the
incident level (2,717 incidents), where it re-orders. An Ishikawa analysis and three worked five-whys
chains trace surface deviations to systemic factors that implicate knowledge transfer more than model
capability. We reconstruct the corrective actions, preventive changes, and versioned deployments taken,
showing that the deployment ran the CAPA cycle up to, but not including, formal effectiveness
verification, which we identify as the key requirement for closing the loop. We discuss the ethics of
treating AI failures as quality deviations, human deferral as designed oversight, and deploy-then-
remediate practice. The contribution is a transferable governance method that operationalises
accountability and meaningful human oversight for organisational AI, together with the evidence it needs
to become fully closed-loop.

1. Introduction
Organisations increasingly delegate consequential clerical and decision-support work to AI systems, and
the discourse on when these systems succeed or fail is dominated by two framings: a technical one
(accuracy, calibration, benchmark performance) and a principled one (fairness, transparency,
accountability), the latter articulated in trustworthy-AI frameworks and management standards [1–3].
Both are necessary, but neither tells an operational manager how to diagnose and remediate a system
that is quietly producing the wrong outcome in production: how to distinguish a symptom from its cause,
or how to know whether a fix worked.

A century of quality engineering exists to answer exactly these questions. In regulated industries,
departures from expected behaviour are logged as deviations, investigated through root-cause analysis
(RCA), remediated through corrective and preventive action (CAPA), and any resulting modification is
governed through change control, with effectiveness verified before closure [4, 5, 6]. There is an active
and useful body of practice on using AI within quality management. This paper concerns the less-
developed inverse, which we call CAPA for AI, in which the deployed automation is itself the object under
quality management, and its failures are the deviations under investigation.
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We argue that this transfer is both possible and valuable, and we demonstrate it on a live deployment
while being precise about the evidence it rests on. Modern AI deployments can be instrumented at fine
granularity: each automated action, its confidence, its operator, and its outcome can be logged, and that
log is a ready-made deviation record. The question we pursue is how well these disciplines transfer in
practice: how far an AI system’s telemetry can carry the cycle of deviation, prioritisation, RCA, CAPA,
change control, and effectiveness verification, and what additional evidence is needed to complete it.

We answer through a single, in-depth case study of a live document-automation system in a regulated
UK immigration-law practice, using its operational database as the quality record. We are explicit about
the data’s character, because it bounds the claims: it captures a relaunch and migration period rather
than a long steady state, a large share of it is a single remediation campaign, and it is one organisation in
one domain. The contribution is a transferable, cross-disciplinary governance method that treats AI-
automation failures as quality deviations, demonstrated end to end on real operational data, together
with a specification of the additional evidence, beyond telemetry alone, that a fully closed-loop quality
system for AI requires. This stance is consistent with critiques of RCA and five-whys methods that
caution against overstating causal certainty in complex systems [16, 17].

Section 2 positions the work against AI-governance, operational-ML, human-deferral, and systems-safety
literatures, and motivates the choice of CAPA over alternatives. Section 3 describes the case system, the
unit-of-analysis hierarchy, the deviation taxonomy, and the ethical guardrails on the data. Section 4
presents the findings, organised as an evidence hierarchy from what telemetry reliably observes to what
it cannot establish. Section 5 discusses implications, including deferral as an active-learning signal and
risk-weighted rather than count-weighted prioritisation. Sections 6 and 7 give limitations and
conclusions. An appendix documents the deviation-class definitions for reproducibility.

2. Background and related work

2.1 Failure in operational AI is socio-technical
Production AI systems fail for reasons that lie largely outside the model. Sculley et al.’s account of
hidden technical debt in machine-learning systems shows that the model is a small part of a large,
fragile socio-technical apparatus of data pipelines, configuration, and glue code [9]; work on AI safety
catalogues operational hazards such as distribution shift and unsafe exploration [29, 30]; and empirical
studies of dataset shift show how silently such conditions degrade deployed models [28]. Sociotechnical
critiques of purely technical framings reinforce the point that governance must attend to the system
around the model [8]. Accountability instruments such as internal algorithmic auditing [11] and
documentation practices such as model cards [12] provide important lifecycle accountability
mechanisms, but do not by themselves supply the incident-to-investigation-to-corrective-action-to-
effectiveness-verification chain examined here. Production machine-learning practice has meanwhile
matured its deployment and monitoring methods [36] and begun cataloguing real-world failures in public
incident databases modelled on aviation safety reporting [35]; what remains comparatively under-
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developed is a disciplined, repeatable operational method that links deviation detection through
investigation and corrective action to verified effectiveness once a system is live: the accountability gap
this paper probes.

2.2 Deviation management, RCA, CAPA, and change
control
In regulated quality systems a deviation is any departure from an approved procedure, specification, or
expected outcome, classified by risk (commonly critical, major, minor) and investigated to distinguish
symptom, proximate cause, and root cause [13, 14]; the human-error tradition further warns that systemic
failures usually reflect latent organisational conditions rather than individual mistakes [20]. RCA tools
such as the Ishikawa (fishbone) diagram, five-whys, Pareto analysis, and failure-mode-and-effects
analysis structure the search [14, 19]. The confirmed root cause drives a corrective action (fixing the
instance) and a preventive action (eliminating the systemic cause), whose effectiveness is verified before
closure [5, 6]; where remediation alters the system, change control governs the modification. These
practices are anchored in ISO 13485 [13], the FDA’s device-quality regulation (historically the Quality
System Regulation, now harmonised with ISO 13485 under the Quality Management System Regulation)
[6], and ICH pharmaceutical-quality frameworks [4, 5], with a generic form in ISO 9001 [15]. The literature
is candid about RCA’s limits, which matters here: “root cause” language can imply a single linear cause
where complex systems have interacting ones; investigations are often truncated; and five-whys can
terminate prematurely [16, 17]. We treat our causal statements accordingly.

2.3 Why CAPA, and not only FMEA, STAMP/STPA, or
Safety-II
CAPA is one of several operational safety families, and reviewers rightly ask why it in particular. Failure-
mode-and-effects analysis is prospective and risk-ranking rather than incident-driven; systems-theoretic
accident models such as STAMP/STPA reject linear root-cause reasoning in favour of control-structure
analysis [31]; and resilience engineering (Safety-II) argues that safety cannot be understood through
failure analysis alone but must study how work usually succeeds [32]. We do not claim CAPA is superior.
We select it because it offers an unusually tight, auditable linkage from an observed deviation through
investigation and action to a controlled change and a verified effect: the very linkage that AI-governance
frameworks demand but leave abstract. We also adopt the systems-safety critique directly: our analysis
treats causes as contributing factors within a control structure rather than as single roots, and Section 5
returns to what STAMP/STPA and Safety-II would add.

2.4 Deferral, selective prediction, and human oversight
A central design feature of the case system, automating when confident and deferring to a human
otherwise, is the applied face of a substantial technical literature on selective prediction and learning to
defer [25, 26, 27]. This work formalises the accept-or-defer decision and its cost trade-offs, and is
directly relevant to how deferral telemetry should be interpreted. It connects, in turn, to accounts of
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appropriate reliance and automation bias [21, 22], to guidelines for human-AI interaction that treat
calibrated hand-offs as a design concern [10], and to accounts of meaningful human control [18]. We
engage this literature both to interpret our deferral findings correctly and to identify a technical, not
merely governance-level, contribution the data suggests (Section 5.2).

2.5 Positioning relative to AI-governance frameworks
The method proposed here is best read as an operational implementation pattern beneath existing
frameworks rather than a replacement for them. The NIST AI Risk Management Framework 1.0’s
Measure and Manage functions call for ongoing measurement of and action on AI risk [2], with its
subsequent Generative AI Profile giving more specific lifecycle risk-management guidance for generative
systems [34]; ISO/IEC 42001 requires an auditable AI management system [3]; and ISO/IEC 23894 gives
AI risk-management guidance [23]. Comparative analyses situate these instruments within a wider
landscape of international AI-governance policy frames [24]. Most directly, for high-risk systems within
its scope, Article 72 of the EU AI Act requires a documented post-market monitoring system that actively
and systematically collects and analyses performance data throughout the system lifecycle [33]; the
telemetry-to-CAPA pattern examined here can be read as one possible operational mechanism for
generating part of that monitoring evidence, without implying that telemetry alone establishes
compliance or that this particular system falls into any specific statutory risk category. Internal
algorithmic auditing [11] provides an accountability framing; our emphasis differs in being incident-
driven and recurrence-oriented. Model cards [12] are complementary, documenting the model, whereas
most failures here arose outside it. The approach also instantiates the later stages of the AI Technology
Transfer Framework (AITTF), namely validation, reproducibility, oversight, and continuous verification [7],
while, as Section 4 shows, exposing the evidence those stages presuppose but that the deployment
lacked.

3. The case system and method

3.1 The deployment
The case system is a live, locally hosted document-automation platform used by a regulated UK
immigration-law practice to manage casework end to end. Documents enter through several channels
and pass through a single pipeline: a security scan; case identification; optical character recognition;
classification of each document by a large-language-model classifier; slotting, in which a document is
auto-filed into a case’s document slot if the classifier’s confidence clears a threshold and is otherwise
routed to a tiered human-review queue; an independent verification step assigning a red/amber/green
verdict (green ≥ 0.85, amber ≥ 0.55, else red); human review; and finally filing, drafting, and submission.
Of 42,866 logged actions, 40,700 (95%) were performed by automated pipelines and scripts. To convey
scope without disclosing anything client-identifying, the deployment covered 597 cases and 596 clients
across 12 destination countries and 18 visa categories, encompassing 73,846 catalogued documents
spanning 191 document types in 11 categories, across 50,172 slots.
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3.2 Data character: a compressed migration snapshot
Honesty about the timeline is essential because it bounds every downstream claim. Although the log’s
timestamps span 10 June to 18 August 2026, 41,929 of 42,866 actions (97.8%) fall in June, and the
corrective sweeps each executed on a single day (coverage-gap deferrals on 14 June, re-slotting on 16
June, de-duplication on 17 June), with negligible activity thereafter. This is therefore a relaunch-and-
migration snapshot, not a longitudinal record of steady-state operation. It is well suited to a retrospective
deviation analysis and entirely unsuited to a before/after effectiveness study, a constraint we make
analytic use of rather than paper over.

3.3 A unit-of-analysis hierarchy
A logged event is not a failure. One defect can generate many events; one event can affect many objects;
batch jobs and retries multiply records; and some actions (e.g., a deferral) may be intended behaviour.
We therefore define four levels explicitly and report counts at each where the data permits: log event
(e.g., a re-slot operation), affected item (the document or slot moved), incident (a distinct case-level
occurrence, operationalised as a unique case × deviation-type × day), and root-cause episode (a single
underlying mechanism, e.g., a migration that omitted canonical slot codes). We do not equate events
with deviations; Section 4.2 reports the sensitivity of prioritisation to this choice.

3.4 The deviation taxonomy
We mapped the log’s action vocabulary onto seven deviation classes by inspecting the system’s
documentation and code to establish each action’s operational meaning, grouping actions that represent
detection and remediation of a defect: duplication, verification failure, misclassification/re-slot, coverage-
gap deferral, data-integrity fix, mis-routing, and case-identity error. Normal automated placement, routine
logins, and one-off historical backfill (approximately 27% of the log, dominated by a single large-client
migration) were excluded, as were by-design behaviours (Section 3.5). The class-to-action mapping and
the incident de-duplication rule are given in the Appendix so the counts are reproducible.

One class requires careful definition. A deferral (the filing agent declining to auto-place and escalating to
a human) is, per the system specification, correct behaviour, not a departure from it. It is therefore not
itself a deviation. What the deferral telemetry surfaces is a coverage deficiency: a document type the
automation cannot place. We accordingly define the class as “coverage deficiency surfaced via deferral
telemetry”, and treat the deferral count as a signal of that deficiency, not as a count of erroneous system
behaviour. This resolves an inconsistency that a naive “deferral = deviation” definition would introduce.

3.5 Analytical methods and ethical guardrails
We applied Pareto analysis for prioritisation, an Ishikawa diagram to organise candidate causes, and
five-whys to trace representative deviations to candidate causal mechanisms, and we reconstructed the
change history from the engineering record. Four honesty constraints shape the analysis. First, by-design
behaviour is excluded: outbound email carried a “fallback” status in 613 of 619 messages, but the
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documentation confirms this is the intended behaviour when the mail transport is unconfigured, so it is
not a deviation. Second, we report no failure rate without a denominator: only failing verifier verdicts are
logged, not the total verified, so we report red-verdict counts, not a “verification failure rate”. Third, the
data is a migration snapshot (Section 3.2). Fourth, causes are interpretive: consistent with the RCA
critiques [16, 17] and systems-safety view [31], our root-cause statements are evidence-grounded
hypotheses with stated alternatives and confidence, not proven causes.

The data-handling ethics are strict. The underlying records contain confidential personal data; nothing at
the level of an individual, case, or document is reported. All figures are aggregate counts and
distributions; the organisation is described only generically; and the single large remediation campaign is
referred to without any identifier. The analysis is an operational audit of a live production system by
investigators with operator access; no third-party human-subjects research was involved. This access
affords depth but is a source of potential hindsight bias, which we flag where it bears on interpretation.

4. Findings
We present the findings as an evidence hierarchy: what the telemetry reliably observes (4.1), how events
become prioritised incidents and how fragile that prioritisation is (4.2–4.3), what causal weight the RCA
can bear (4.4–4.5), and what the data cannot establish about thresholds and effectiveness (4.6–4.7).

4.1 What telemetry reliably observes
The log records 42,866 actions over the snapshot, 95% by automated components, confirming that the
system is a genuine automation making and executing large numbers of filing and classification
decisions with limited per-item human involvement, and that it is instrumented finely enough to observe
those decisions and their corrections. Detection, the first CAPA stage, is therefore well supported:
recurring, machine-readable failure patterns are present and countable.

4.2 Prioritisation is not robust to the unit of analysis
Consolidating the log into the seven classes yields 17,080 remediation events. Figure 1 presents these
as a Pareto chart; by events, the three largest classes account for 71.8%: duplication (4,692; 27.5%),
verification failure (4,206; 24.6%), and misclassification/re-slot (3,364; 19.7%). But this ranking is an
artefact of counting events. Table 1 recomputes counts at the incident and case levels. The 17,080
events collapse to 2,717 case-level incidents (4.6 per case; 36.8 per 1,000 documents), and the leading
classes re-order: by incidents the top three become misclassification (661), data-integrity (654), and
duplication (611), while verification failure falls from second by events to fifth by incidents: its 4,206
events reduce to 169 incidents across 168 cases, i.e., many repeated flags on few cases. The
prioritisation a manager would draw depends heavily on the unit chosen. This instability, rather than any
single ranking, is the finding: frequency of logged events is a poor and manipulable basis for prioritising
high-stakes AI deviations, and incident-level denominators are a prerequisite for defensible prioritisation.
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Table 1
Deviation taxonomy with definitions and unit-of-analysis sensitivity. Incidents are unique case ×

deviation-type × day; rates use 73,846 documents.
Deviation class Definition (remediation

logged)
Events Incidents Cases Events/1k

docs

Duplication Duplicate
document/slot
collapsed

4,692 611 401 63.5

Verification failure Failing (red) verifier
verdict

4,206 169 168 57.0

Misclassification / re-
slot

Document moved to
corrected slot

3,364 661 262 45.6

Coverage deficiency (via
deferral)

Auto-placement
declined; escalated

2,349 169 169 31.8

Data-integrity fix Stale pointer / orphan /
placeholder

1,532 654 304 20.7

Mis-routing Document routed to
wrong annex

846 399 199 11.5

Case-identity error Duplicate / mis-keyed
case merged

91 54 54 1.2

Total   17,080 2,717    

4.3 Frequency prioritisation diverges from risk
prioritisation
Frequency is in any case the wrong sole criterion for a high-stakes setting that invokes quality-risk
thinking [4]. Table 2 sets the classes in an ordinal risk view combining an investigator-assigned severity,
detectability, and reversibility (these ratings are judgments, not measurements, and are offered to
illustrate the divergence, not to fix priorities). The 91 case-identity errors, the rarest class by every count,
plausibly carry the highest severity and lowest reversibility, since a merged or mis-keyed case can attach
one person’s documents to another’s matter in an immigration context. A count-weighted Pareto would
rank this class last; a risk-weighted view would elevate it. Any serious “CAPA for AI” must prioritise on
risk, not frequency, and must therefore acquire severity information the raw telemetry does not carry.
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Table 2
Investigator-assigned ordinal risk view (illustrative; severity/detectability/reversibility are judgments, not

measured).
Deviation class Frequency Severity Detectability Reversibility Indicative

priority

Case-identity error Low High Low Low High

Verification failure High Med–High High Medium High

Misclassification / re-
slot

High Medium Medium High Med–High

Duplication High Low–Med High High Medium

Data-integrity fix Medium Low–Med Medium High Medium

Mis-routing Low–Med Medium Medium Medium Medium

Coverage deficiency
(deferral)

Medium Low (by
design)

High High Low–Med
(monitor)

4.4 Candidate contributing factors (Ishikawa)
Figure 2 organises candidate causes into six branches adapted from manufacturing to an AI-automation
context. We label it, deliberately, as a retrospective, investigator-generated hypothesis map, not a diagram
of established causes: it was produced by a single investigator with operational knowledge of the
system, from the engineering record, after the fact, and is therefore exposed to hindsight bias. Its value
is not proof but structure: specifically, that candidate causes distribute across all six branches rather
than concentrating in Model and Method, and that several of the most consequential sit in Data and
Inputs and Process and Workflow (image-only scans yielding blank text; imported slots lacking
classification codes; template placeholders masking real files; inheritance gaps failing to map
documents to the correct route). In AITTF terms these are failures to capture and transfer the workflow
and its exceptions [7]; in STAMP terms they are inadequate constraints in the control structure [31]. Both
readings are compatible; neither is established by the diagram alone.

4.5 Causal hypotheses, with alternatives and confidence
Table 3 replaces the language of “confirmed root cause” with explicit hypotheses, the evidence for each,
competing explanations, and a confidence rating. The five-whys chains behind these entries are plausible
narratives grounded in code inspection, database state, and the named-backup record, but they are
under-determined: the same duplication mechanism that we read as a knowledge-transfer failure could
as reasonably be labelled migration-schema incompatibility, inadequate ETL validation, or missing
database constraints. We flag this explicitly to avoid the trap, noted by critics of RCA [16, 17], of a
framework that explains everything and is therefore falsified by nothing. Establishing these causes
would require triangulation the retrospective telemetry does not provide: commit history, controlled
reproduction, and, critically, before/after recurrence.
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Table 3
Causal hypotheses with evidence, alternatives, and confidence (author-assessed).

Deviation Leading causal
hypothesis

Supporting
evidence

Alternative
explanations

Confidence

Duplication
/ verification

Migration
omitted
canonical slot
mapping and
hashes

Code inspection;
import logs;
named pre-fix
backups

Retry/batch
artefacts; missing
DB constraints;
incomplete ETL
validation

Moderate–High
(mechanism)

Coverage
deficiency

Slot taxonomy
under-covers real
document variety

Route/slot
comparison; on-
demand slot
creation later
added

Model uncertainty;
expected by-design
deferral

Moderate

Over-
deferral at
launch

0.92 gate
mismatched to a
bimodal
confidence
distribution

Confidence
distribution;
configuration-
change record

Classifier
miscalibration;
distribution shift

Moderate
(mechanism);
Low that 0.70 is
safe

4.6 The confidence threshold cannot be validated from
telemetry
The classifier’s logged confidence (recorded on placement and verification actions) is markedly bimodal:
of 6,685 scored actions, 2,453 sit at or above 0.98 and 4,206 below 0.70, with only 26 in the entire 0.70–
0.98 band. The system launched with the auto-file threshold at 0.92 and it was later lowered to 0.70. It is
tempting to read the bimodality as justifying the change, but the telemetry cannot support that inference,
for two decisive reasons. First, there is no ground truth: the log does not record whether an auto-file was
correct. Second, corrective actions do not carry the document or slot identifier, so an auto-file cannot be
linked to any later correction, so the natural error proxy is unavailable (a linkage query returns zero
matched slots). We therefore cannot compute accuracy conditional on confidence, a reliability curve, or
a selective-risk/coverage curve, and cannot claim that 0.70 is a safe boundary. What we can say is
conceptual and still useful: the threshold is a risk-acceptance decision (it fixes the residual automated
error tolerated without human review), and it was changed without the evidence that would make that
acceptance defensible. That gap, not the specific value, is the finding; supplying the missing calibration
and risk-coverage evidence is a defined requirement for a future study.

4.7 The CAPA loop ran up to, but not including,
effectiveness verification
The deployment ran an informal loop that our method makes explicit: detected deviations were
contained, investigated, and addressed with corrective actions (de-duplication, re-slotting, re-filing, stale-
pointer clearing) and preventive design changes (lowering the threshold; adding a slot-code inference
step and a semantic document-to-slot index; a placeholder-detection guard; vision-based OCR with
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hashed caching; tighter drafting prompts), each delivered as a versioned, dated deployment increment.
Figure 3 renders this loop but marks its seventh stage (verify effectiveness) as required yet not
implemented. This is the largest gap between the observed practice and genuine CAPA, and, as Section
3.2 established, it cannot be repaired retrospectively: because each corrective sweep ran on a single day
with no subsequent operational window, there is no post-intervention period in which recurrence could
be measured against a pre-defined criterion. The evidence thus demonstrates RCA plus corrective
intervention plus change logging far more convincingly than closed-loop CAPA. Recognising precisely
where the loop breaks is what lets us specify how to close it prospectively (Section 5).

5. Discussion

5.1 The contribution restated: an evidence specification for
CAPA for AI
Read together, the findings convert a governance analogy into an evidence specification. Operational
telemetry can support deviation detection, taxonomy construction, and, with care about the unit of
analysis, prioritisation, and it can seed candidate causal hypotheses and document the corrective
actions taken. It cannot, by itself, validate a decision threshold or demonstrate corrective-action
effectiveness, and frequency counts can actively mislead prioritisation. A genuine “CAPA for AI”
therefore requires four additions that the retrospective case lacked: incident-level denominators (Section
4.2); risk-weighted rather than count-weighted prioritisation (Section 4.3); causal-evidence provenance
with triangulation (Section 4.5); and pre-registered effectiveness criteria evaluated over a real post-
intervention window (Section 4.7). This makes the method both usable now and improvable: it tells the
next deployment exactly what to instrument and pre-register so that the loop can actually close.

5.2 Deferral as designed oversight, and as an active-
learning signal
The coverage-deficiency class illustrates a subtlety in meaningful human oversight [18] and connects to
the selective-prediction literature [25, 26, 27]. A deferral is the safety mechanism working as intended; in
aggregate, the same events map the boundary of the automation’s competence. The strongest forward
direction the data suggests is to treat that boundary constructively: repeated deferrals on a document
type are a machine-readable request for knowledge acquisition, which could drive taxonomy expansion,
new slots, and additions to training and evaluation sets: an uncertainty-to-deferral-to-human-resolution-
to-validated-change loop that is specific to AI rather than imported wholesale from manufacturing.
Making that loop a learning-to-defer mechanism with consistent estimators and calibrated deferral rules
[27, 37], rather than only a governance observation, would be a genuinely technical contribution beyond
the CAPA framing.

5.3 The ethics of deploy-then-remediate in high-stakes
settings
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Honestly reported, the case is a story of deploying a system and remediating substantial defects
afterwards. The pattern is common and not inherently unethical, but its obligations intensify with stakes,
and immigration casework affects people’s ability to live, work, and remain with their families. Deploy-
then-remediate is defensible only when human oversight genuinely catches consequential errors before
they reach the client, when remediation is disciplined rather than ad hoc, and when the residual risk
accepted at each automation boundary is explicit and owned. The threshold decision in Section 4.6 is
precisely such a risk-acceptance choice that was made without adequate evidence: not a claim that
harm occurred, but an identification of where the governance was thinnest and where the discipline
advocated here would bind.

5.4 What systems-safety would add
Our adoption of CAPA should not obscure the force of the systems-safety critique. STAMP/STPA would
model the deployment as a control structure and ask which control actions and feedback loops were
inadequate, resisting the search for a single root [31]; Safety-II would study how the automation usually
succeeds, not only how it failed [32]. Both are complementary to, and in tension with, CAPA’s more linear
investigate-and-correct cadence. A mature governance practice for high-stakes AI would likely combine
CAPA’s auditable action-and-verification linkage with STPA’s control-structure analysis and Safety-II’s
attention to normal operation. We present CAPA-for-AI as one operational pattern within that larger
space, not as its resolution.

6. Limitations
This is a single-organisation, single-domain, retrospective case study, and its findings are analytic rather
than statistically generalisable. The data is a compressed migration snapshot in which a single large
backfill and single-day corrective sweeps dominate, precluding any longitudinal or before/after analysis.
Deviation counts are counts of remediated deviations detected by the system’s own logic and cannot
capture failures the system did not detect; the true denominator of failures is unknown. Incident
construction uses a case × type × day proxy in the absence of a stable per-document identifier across
corrective actions; a document-level identifier would refine it. Causal statements are interpretive
hypotheses subject to well-documented RCA limitations [16, 17] and to hindsight bias arising from the
investigators’ dual role as operators and analysts. The severity ratings in Table 2 are investigator
judgments, not measurements, and the taxonomy has not been validated against a manually reviewed
sample with inter-rater agreement, an obvious and important next step. Finally, the transferability of the
pattern to other deployment classes (generative, conversational, recommender, or latent-outcome
systems) is untested and should be evaluated rather than assumed.

7. Conclusion
We set out to test whether the quality-engineering disciplines of deviation management, RCA, CAPA, and
change control provide a workable, cross-disciplinary method for governing AI automation, and whether
an AI system’s own telemetry can serve as the deviation record they require. The case study shows that
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they can: on real operational data, the disciplines detect recurring failures, structure them into an
auditable taxonomy, prioritise them, investigate them, and organise corrective and preventive action
under change control. They also make the failures legible as an ethical matter, treating them as
deviations for which an organisation is accountable rather than as background noise. The one stage the
case could not complete from telemetry alone is formal effectiveness verification, and specifying
precisely what that stage requires (incident-level denominators, risk-weighted prioritisation, causal-
evidence provenance, and pre-registered effectiveness criteria evaluated prospectively) is itself part of
the contribution: it turns an appealing analogy into a method a deployment can adopt and complete.
Taking responsibility for what our systems do after we switch them on begins here, with the discipline to
treat their failures as quality deviations and to close the loop on them.
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Figure 1

Pareto of logged remediation events by deviation class. Bars are logged events, not independent failures;
the ranking is not robust to the unit of analysis (Table 1).
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Figure 2

Candidate contributing factors identified in retrospective, investigator-generated RCA. The diagram
structures hypotheses; it does not establish causation.
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Figure 3

A CAPA and change-control loop for AI automation. Solid stages were observed in the case; the dashed
stage (verify effectiveness) is required but was not implemented and is not reconstructable from the
data.
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