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Abstract

Background. UK central government has built a substantial body of pre-deployment Al assurance
practice, anchored in departmental assurance questionnaires, the Artificial Intelligence Playbook for
the UK Government (Government Digital Service, 2025), the Algorithmic Transparency Recording
Standard (ATRS), and instruments such as Data Protection and Equality Impact Assessments. These
instruments establish a strong foundation for assessing whether an Al system is fit to enter live
service. The next step, building on this strength, is to extend the same structured rigour across the
rest of the system lifecycle. Aim. This paper proposes and theoretically grounds a four-pillar
reference model for responsible AI (RAI) assurance designed to augment existing UK government
instruments across the full lifecycle: Pre-Deployment, Model Activation, Operational Response, and
Closed-Loop Learning. The distinctive moves are the treatment of Model Activation as a discrete
baseline-setting phase and the specification of Closed-Loop Learning as a cross-government or cross-
deployer institutional function, both of which are thinly addressed in existing reference frameworks.
Approach. The model is developed using a design science research approach. It is derived through
structured comparative document analysis of the four reference frameworks UK departments most
directly encounter (the NIST Al Risk Management Framework, the OECD Al Principles, the EU Al
Act, and the UK AI Playbook) using the Al system lifecycle as the analytical organising frame. It is
theoretically anchored in Value Sensitive Design (Friedman, Kahn and Borning, 2006; Friedman and
Hendry, 2019; Umbrello and van de Poel, 2021) and refined through expert-informed practitioner
engagement at the Department for Science, Innovation and Technology (DSIT) and a second UK
central government department in early 2026. Findings. The comparative analysis shows that the
four reference frameworks converge densely at pre-deployment, address operational response with
varying degrees of prescriptiveness, are thin on activation as a distinct lifecycle phase across three of
the four frameworks, and consistently underspecify closed-loop learning. The four-pillar model
addresses the cells where the leading frameworks are weakest, in a form compatible with each.
Contribution. The paper contributes a lifecycle reference model for public sector Al assurance, a cell-
level mapping of four leading frameworks against that lifecycle, and an institutional fit analysis for
UK government adoption. Its distinctive contribution lies in specifying activation as calibration and
closed-loop learning as institutional memory. The paper is offered as a basis for cross-government
conversation and as the design phase of a research programme whose evaluation phase is described
in Section 8.

Keywords: Al governance; continuous assurance; public sector Al; lifecycle assurance; post-market
monitoring; design science research; responsible Al; UK government; Value Sensitive Design

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202606.0177.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 June 2026 d0i:10.20944/preprints202606.0177.v1

1. Introduction

UK central government is increasingly exploring and deploying Al systems across operational,
analytical and citizen-facing contexts. Public bodies including the Home Office, HMRC, DWP, the
DVSA and NHS organisations have publicly reported, trialled, procured or deployed Al-enabled
systems for decision support, document triage, fraud detection, customer interaction and operational
analytics. The aggregate footprint is sufficient that the governance of UK government Al is a problem
of public administration, not solely of digital policy (Margetts and Dorobantu, 2019; Veale and Brass,
2019; Misuraca and van Noordt, 2020).

The assurance instruments that have accompanied that growth reflect a mature tradition of
structured pre-deployment review: departmental Al assurance questionnaires addressing data
quality, model documentation, known risks, mitigation strategies, and ethical review; the Al
Playbook for Government (Government Digital Service, 2025) with its ten principles and six-stage
pathway, mostly concentrated in stages 0 to 3; the Algorithmic Transparency Recording Standard
(ATRS); departmental DPIAs and EIAs; and the DSIT Introduction to Al Assurance (Department for
Science, Innovation and Technology, 2024) as the central reference for the wider assurance ecosystem.
Together these instruments establish a strong foundation for assessing whether a system is fit to enter
live service.

The natural next step is to extend the same rigour across the rest of the lifecycle. Al systems are
dynamic in service: input distributions shift, model versions change, and usage patterns evolve in
ways pre-deployment review cannot fully anticipate (Mokander et al., 2021; Schuett, 2023). The
opportunity is to match structured pre-deployment effort with equally structured activity at
activation, in live service, and in institutional learning. The risk of leaving this gap unaddressed has
been articulated in the UK policy discourse on algorithmic accountability (Ada Lovelace Institute and
DataKind UK, 2020; Ada Lovelace Institute, 2023) and in the broader scholarly critique of static, one-
shot Al ethics review (Mittelstadt, 2019; Raji et al., 2020; Cobbe, Veale and Singh, 2023).

This paper proposes a four-pillar reference model that addresses the opportunity. The model is
developed within doctoral research at the RAID Lab, University of Portsmouth, where continuous
lifecycle assurance for public-interest Al is the central object of study. It is derived through structured
comparative document analysis of the four reference frameworks UK departments most directly
encounter (NIST AI RMF, OECD Al Principles, EU Al Act, and UK Al Playbook), and was refined
through expert-informed practitioner engagement at DSIT and a second UK central government
department in early 2026. The four pillars (Pre-Deployment, Model Activation, Operational
Response, and Closed-Loop Learning) correspond to four phases of the Al system lifecycle, each with
distinct assurance activities. The model is intended as an augmentation of existing UK government
instruments, not a replacement.

The novelty of the contribution lies not in identifying lifecycle assurance as a general need, the
case for which is well established, but in specifying two functions that existing reference frameworks
leave thinly addressed: Model Activation as a discrete baseline-setting handover between pre-
deployment review and live monitoring, and Closed-Loop Learning as a cross-government or cross-
deployer institutional mechanism for converting operational experience into shared knowledge. The
cell-level framework mapping at Section 6 shows where existing frameworks are thin on these two
functions and provides the analytical basis for treating them as distinct pillars.

The paper is organised around a single overarching research question and three subsidiary
questions.

How can existing Al assurance practice be extended into a lifecycle-complete reference model that
augments current pre-deployment instruments without duplicating them?

*  SQ1. What does each of the four leading reference frameworks specify at each phase of the Al

system lifecycle, and where do they converge, diverge, or leave gaps? (Section 6.)
*  SQ2. What set of pillars, theoretically grounded and operationally specified, adequately covers
the lifecycle and addresses the identified gaps? (Sections 3 and 5.)
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* SQ3. How does the resulting model align with existing UK institutional anchors, and what

would be required to test that alignment in practice? (Section 7.)

The overarching RQ is answered cumulatively across all three. Section 2 reviews the relevant
academic literature. Section 3 sets out the conceptual framework. Section 4 describes the research
approach. Section 5 presents the model. Section 6 provides the framework mapping. Section 7 sets
out the institutional fit analysis. Section 8 discusses implications, limitations, and conflict-of-interest
disclosures. Section 9 concludes.

2. Related Work

The contribution of this paper sits at the intersection of five lines of scholarship: responsible Al
principles and their operationalisation; Al auditing and assurance; lifecycle approaches to
algorithmic accountability and post-market monitoring; MLOps, model monitoring, drift and
incident reporting; and public sector Al adoption and governance. This section locates the four-pillar
reference model in each.

2.1. Responsible Al Principles and Their Operationalisation

The last decade has produced a proliferation of high-level Al ethics principles, with comparative
reviews identifying substantial convergence on values such as transparency, fairness, accountability,
privacy, and human oversight (Jobin, lenca and Vayena, 2019; Floridi et al., 2018; Fjeld et al., 2020). A
now well-established critique argues that principles alone do not translate into the technical,
procedural and institutional practices required to make AI systems trustworthy in deployment
(Mittelstadt, 2019; Whittlestone et al., 2019; Greene, Hoffmann and Stark, 2019; Morley et al., 2020).
Empirical work on practitioners reinforces this operationalisation gap, identifying a shortage of
usable methods, checklists, and organisational scaffolds (Holstein et al., 2019; Madaio et al., 2020;
Rakova et al., 2021). The technical Al ethics literature has responded with concrete artefacts including
model cards (Mitchell et al., 2019), dataset documentation (Gebru et al., 2021), and structured fairness
auditing methods (Raji and Buolamwini, 2019; Raji et al., 2020). The reference model proposed here
extends that tradition from technical artefact to institutional scaffold: it specifies, at the level of
organisational activity, what assurance work needs to happen at each phase of the Al system lifecycle.

2.2. Al Auditing and Assurance

A parallel literature has developed on Al auditing as a discipline. Sandvig et al. (2014) provided
an early framing of algorithm auditing techniques; subsequent work has extended audit
methodology to ML systems, distinguishing internal, external, third-party and regulatory audits
(Brown, Davidovic and Hasan, 2021; Mokander et al., 2021; Costanza-Chock, Raji and Buolamwini,
2022). Ethics-based auditing has been proposed for ongoing assessment of automated decision-
making systems (Mokander et al., 2021), and the broader literature increasingly recognises audit as a
continuing activity rather than a single event (Raji et al., 2020; Cobbe, Veale and Singh, 2023). In the
UK context, the DSIT Introduction to Al Assurance (Department for Science, Innovation and
Technology, 2024) is the current operational reference for the wider assurance ecosystem. The
literature has been strong on actor mapping and technique cataloguing but less developed on the
temporal architecture of assurance: when in the lifecycle each activity belongs, and how findings from
one phase inform the next. The four-pillar reference model is positioned in this gap.

2.3. Lifecycle, Post-Market Monitoring and Continuous Accountability

A third strand addresses lifecycle and post-market obligations on Al systems. Schuett (2023)
analyses the risk-management obligations in Article 9 of the Al Act, and Schuett (2024) extends the
argument to a three-lines-of-defence organisational design. Mokander, Sheth, Watson and Floridi
(2023) examine how the Act's auditing and conformity assessment provisions translate into
operational practice. Cobbe, Veale and Singh (2023) argue that accountability in algorithmic systems
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requires attention to the full supply chain and the full life of the system. The post-market monitoring
concept itself is borrowed from medical-device and product-safety law, where lifecycle obligations
on manufacturers are well established (Black and Murray, 2019; Kop, 2021). ISO/IEC 42001 on Al
management systems (International Organization for Standardization, 2023a) and ISO/IEC 23894 on
Al risk management (International Organization for Standardization, 2023b) explicitly treat Al
assurance as a continuing organisational activity through a Plan-Do-Check-Act cycle. The lifecycle
framing is therefore not novel to this paper; what is offered here is its structured application to the
institutional machinery of UK government Al assurance, and the identification, at cell level, of where
leading reference frameworks are weakest.

2.4. MLOps, Model Monitoring, Drift and Incident Reporting

A fourth strand, originating in the ML systems and software engineering communities,
addresses the operational realities of running ML systems in production. Sculley et al. (2015) gave
the early account of 'hidden technical debt' that accumulates in production ML systems beyond what
routine software engineering addresses. Paleyes, Urma and Lawrence (2022) surveyed deployment
case studies and catalogued the challenges practitioners encounter at each stage of the ML
deployment workflow. Kreuzberger, Kiihl and Hirschl (2023) consolidated MLOps as a definition,
architecture, and set of practices; Breck et al. (2017) proposed a rubric for production readiness
specifically. On distribution shift and concept drift, Gama et al. (2014) provide the foundational
survey, and Klaise et al. (2020) translate monitoring concerns into operational architectures for
models in production. The Al Incident Database (McGregor, 2021) is among the more developed
cross-organisational mechanisms for cataloguing Al failures and a natural reference point for the
Closed-Loop Learning function described at Pillar 4. The four-pillar reference model does not
duplicate this technical literature; it provides the institutional scaffold within which MLOps
techniques can be located, governed, and reported on for public sector accountability. Pillars 2 and 3
in particular formalise, at institutional level, activities the MLOps community has already developed
at engineering level: baseline-setting, monitoring, drift detection, and operational incident handling.

2.5. Public Sector Al: Adoption, Accountability and Administrative Law

A fifth strand, originating in public administration and administrative law, addresses the
specific challenges of Alin government. Veale and Brass (2019) argue that public sector ML sits within
a tradition of public management that imposes distinct legitimacy and accountability requirements
not reducible to private sector Al ethics. Margetts and Dorobantu (2019) call for an Al-aware public
administration. Bullock (2019) and Vogl et al. (2020) examine the discretion and bureaucratic
implications of algorithmic decision support in government. Misuraca and van Noordt (2020)
catalogue Al in European public services. Engin and Treleaven (2019) describe algorithmic
government as a research agenda. Yeung (2018) and Cobbe (2019) frame the legal and constitutional
dimensions. UK-specific work has examined departmental experience with automated decision-
making (Cobbe and Singh, 2021) and the role of procurement as a governance lever (Madan and
Ashok, 2023); the Ada Lovelace Institute and DataKind UK (2020) and Ada Lovelace Institute (2023)
have shaped the UK policy debate specifically. The reference model draws on all five strands and is
positioned to advance the public sector Al literature by providing a lifecycle-complete institutional
scaffold against which UK departments can locate their existing instruments and identify extension
opportunities.

3. Conceptual Framework
3.1. Lifecycle Thinking for Al Assurance

The intellectual move of this paper is to treat an Al system as something that has a lifecycle with
distinct phases, each with distinct assurance requirements, rather than as an artefact that is certified
once at deployment. The lifecycle framing is not new; it underpins ISO/IEC 42001 on Al management
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systems (International Organization for Standardization, 2023a), the NIST AI Risk Management

Framework (NIST, 2023), and the EU Al Act's post-market monitoring provisions (European Union,

2024). What is new is the structured application of lifecycle thinking to the specific institutional

machinery of UK government Al assurance, and the foregrounding of two phases that existing

frameworks leave thinly specified.
The paper distinguishes four phases.

* Pre-Deployment. The period before a system enters live service. Assurance activity here is
anticipatory: what might go wrong, and what is being done to prevent it.

* Model Activation. The transition into live service. Assurance activity here is baseline-setting:
what does 'normal' look like for this system in production conditions, such that future divergence
can be detected. Without activation, monitoring becomes observation without calibration.

* Operational Response. The period in live service. Assurance activity here is detective and
reactive: noticing divergence from the activation baseline, escalating when required, and
intervening.

* Closed-Loop Learning. The mechanism by which operational findings feed back into design,
procurement, and governance. Assurance activity here is institutional: making sure lessons are
captured, shared, and acted on across departments.

Each phase has a different temporal character. Pre-Deployment is discrete and time-bounded.

Model Activation is a handover event. Operational Response is continuous and open-ended. Closed-
Loop Learning is periodic and reflective.

3.2. Theoretical Anchor: Value Sensitive Design

The reference model is theoretically anchored in Value Sensitive Design (VSD), which treats
human values as principled design inputs alongside functional and performance requirements
(Friedman, 1996; Friedman, Kahn and Borning, 2006; Friedman and Hendry, 2019). VSD's tripartite
methodology (conceptual, technical, empirical) maps directly onto the four pillars. Pillar 1
corresponds to VSD's conceptual investigation: explicit articulation of values, risks and impacts.
Pillar 2 corresponds to the moment conceptual specification meets technical implementation, at
which baselines are set. Pillar 3 corresponds to empirical observation of the system in its
sociotechnical context. Pillar 4 corresponds to the iterative loop VSD requires between empirical
observation and revised conceptual and technical specification. Umbrello and van de Poel (2021)
extend VSD specifically to Al and argue that its iterative, multi-method commitment is well suited to
the operationalisation gap in Al ethics.

The model is also informed by sociotechnical systems theory, which insists that any account of
a technology in deployment must include the people, procedures and institutions through which it
is operated (Selbst et al., 2019; Sambasivan et al, 2021). The pillars are stakeholder-specified
throughout: each pillar identifies who owns the activity, not just what the activity is.

3.3. An Illustrative Example: Al-Assisted Document Triage

To make the four pillars concrete, consider an Al-assisted document triage system used by a
generic public sector department to route incoming case correspondence to appropriate handlers. At
Pillar 1, the department conducts pre-deployment review: completes the departmental Al assurance
questionnaire, a DPIA, and an EIA; documents the model in line with current departmental practice;
commissions adversarial testing for known failure modes (misrouting of safeguarding-relevant
correspondence, demographic disparities in routing speed); and submits an ATRS record. At Pillar
2, on go-live, the department records the input distribution observed in the first weeks of live
operation, captures baseline metrics (routing accuracy, time-to-handler, demographic parity in
routing), sets operating bands and alert thresholds, documents expected edge cases, and signs off the
handover from project team to operational service team. At Pillar 3, the live service is continuously
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monitored against the activation baseline: drift detection on input vocabulary and case type
distribution; output-side monitoring of routing decisions; alerts when fairness proxies excursion
beyond thresholds; SRO-level escalation paths defined. At Pillar 4, when an incident occurs (for
example, systematic misrouting of a previously rare correspondence category following a policy
change), structured post-incident analysis is conducted, root cause is documented, risk taxonomy
and procurement specification are updated as appropriate, and the lesson is shared with comparable
departments through a cross-government channel. The same system passes through all four pillars;
the pillars are concurrent rather than sequential once the system is in service.

3.4. What the Model Is Not

To avoid confusion, the four-pillar model is not a replacement for existing departmental
instruments (questionnaires, the Al Playbook, ethics reviews, and ATRS continue to do useful work;
the model is a scaffolding within which these can be located), not a single tool (each pillar involves
different stakeholders, evidence, and cadences, and adoption involves assembling a combination of
existing and new instruments), and not a maturity model (all four pillars must operate concurrently
for any system in service, not in sequence).

4. Research Approach and Methodology
4.1. Design Science Research

This paper adopts a design science research (DSR) approach, concerned with the construction
and evaluation of artefacts intended to address identified problems in their domain (Simon, 1996;
Hevner et al., 2004; Peffers et al., 2007; Cross, 2001). The artefact may be a method, a model, a system,
or an institutional design (March and Smith, 1995). DSR has been applied to public administration
and policy design (Barzelay, 2007; Lewis, 2021) and to Al governance specifically (Mokander et al.,
2021). The four-pillar reference model is a DSR artefact of the 'model’ class: an abstraction of the
activities and stakeholders required to make continuous Al assurance operationally tractable. The
paper presents the construction of the artefact and its derivation against a reference framework set.
Following the DSR convention of distinguishing artefact construction from artefact evaluation
(Hevner et al., 2004; Sonnenberg and vom Brocke, 2012), outcome evaluation in live deployment is
the proper subject of subsequent empirical work, designed in outline at Section 8.

4.2. Stage One: Comparative Document Analysis

The analytical foundation of the model is a structured comparative document analysis of the
four Al assurance frameworks UK central government departments most directly encounter: the
NIST AI Risk Management Framework (NIST, 2023), the OECD Al Principles (OECD, 2024), the EU
Al Act (European Union, 2024), and the UK Al Playbook for Government (Government Digital
Service, 2025). The selection rationale is at Section 6.1. ISO/IEC 42001 and ISO/IEC 23894 are
referenced in Sections 2.3 and 6.1 but are not included in the comparative matrix, for the reasons set
out at Section 6.1.

The procedure followed established conventions for qualitative document analysis (Bowen,
2009; Cardno, 2018), adapted to the requirements of DSR where the coding output is itself a designed
artefact. Each framework was retrieved from its primary publisher (NIST, OECD, the Official Journal
of the European Union, and gov.uk) in the version current at May 2026. The unit of analysis was the
framework text; sections, articles, principles, or functions were the granular units at which coding
decisions were made. The four-phase Al system lifecycle (Section 3.1) was applied as a deductive
coding frame: each granular unit was assessed for relevance to each of the four phases (Pre-
Deployment, Model Activation, Operational Response, Closed-Loop Learning), with multi-phase
coding allowed where appropriate. For each cell of the resulting four-by-four matrix, a coverage code
was applied using the four-category schema set out in Table 1. The schema was developed iteratively:
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an initial three-category schema (specified, implicit, absent) proved insufficient to discriminate
between partial and prescriptive specification, so the four-category schema was adopted.

Table 1. Coverage coding schema for the framework mapping.
Code Definition

Dense The framework specifies activity at this phase explicitly and prescriptively, with
identifiable articles, principles, or functions; operational form is articulated;

stakeholders or responsibilities are indicated.

Partial The framework addresses the phase but with limited prescriptiveness; activity
is named but operational form is not specified, or only a subset of the relevant

activity is addressed.

Implicit The framework does not address the phase as a distinct activity but coverage

can be inferred from broader provisions or lifecycle framing.

Absent The framework does not address the phase, even implicitly; no provision is

reasonably available at the lifecycle phase concerned.

Cell-level content was synthesised into the comparative matrix at Table 3 (Section 6.2), with each
cell summarising substantive content, citing the applicable article, principle or function, and
appending the coverage code. Four structural observations were derived and are set out at Section
6.3. The complete coding audit trail, with framework source extracts and rationale per cell, is
provided at Appendix A.

Analytical Safeguards

The coding was performed by the author as a single coder, which is a limitation acknowledged
at Section 4.5. Three safeguards were applied to reduce confirmation bias and to make the interpretive
basis of the mapping transparent and reproducible. First, all framework claims were anchored to
specific article, principle, function or stage references, so that any reader can verify each cell against
the cited primary source. Second, multi-phase coding was permitted where a provision plausibly
addressed more than one lifecycle phase, avoiding forced allocation to a single cell. Third, the
distinction between Dense, Partial, Implicit and Absent was applied conservatively: a cell was coded
Dense only where the framework specified both the activity and some operational form; Partial where
activity was named but operational form was not specified; Implicit where coverage could be inferred
but was not addressed as a distinct activity; and Absent only where no provision was reasonably
available at the phase concerned. These safeguards do not remove the limitation of single-coder
analysis but they make the analytical basis of each cell open to inspection.

4.3. Stage Two: Doctoral Research Development

The model was developed within ongoing doctoral research at the RAID Lab, University of
Portsmouth, in which continuous lifecycle assurance for public-interest Al is the central object of
study. The doctoral work grounds the model theoretically in Value Sensitive Design (Friedman, 1996;
Friedman and Hendry, 2019; Umbrello and van de Poel, 2021) and in the public administration
literature reviewed at Section 2, and articulates the operational specification of activity at each pillar.

The model presented in this paper is a version of the design developed in the doctoral research.
The doctoral work covers additional material not in scope for this paper, including a detailed
theoretical derivation of the pillar structure, comparative analysis against international frameworks
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beyond the four examined here, and extended specification of metrics under each pillar. The
presentation here is restricted to the components necessary for the reference model to be understood
and considered as an institutional design.

4.4. Stage Three: Expert-Informed Artefact Refinement

The reference model was discussed with senior practitioners responsible for Al assurance at the
Department for Science, Innovation and Technology (DSIT) and a second UK central government
department during a series of structured engagements in early 2026. The engagements took the form
of approximately six bilateral and small-group discussions of between sixty and ninety minutes each,
conducted between January and April 2026. Participants held senior practitioner-level roles in Al
assurance, Al policy, and Al delivery in their respective organisations; precise role titles and the
number of individual participants are withheld to protect attribution.

Each discussion was organised around a working version of the four-pillar model and a draft of
the four-by-four framework mapping. Topics covered included: the coherence of the pillar structure
with current departmental practice; the operational definition of the boundary between Pillar 1 (Pre-
Deployment) and Pillar 2 (Model Activation); the realism of the Pillar 3 (Operational Response)
specification given current departmental tooling and team structures; the institutional location of
Pillar 4 (Closed-Loop Learning) responsibilities; and the appropriateness of the DSIT Responsible Al
Unit, departmental service assurance functions, and the Crown Commercial Service as institutional
anchors for adoption.

Insights from each engagement were captured through contemporaneous notes by the author,
supplemented by written follow-up where a specific refinement had been discussed. Notes were used
to revise the working version of the model and the draft mapping; no attributable quotation, no
organisational confidential information, and no system-specific detail is reported in this paper. Where
a refinement is reported (notably the operational specification of Pillars 2 and 3, and the four areas
for augmentation set out at Section 5.1), it is the refinement itself that is reported, not its attribution.

These discussions are best understood as expert-informed artefact refinement consistent with
the DSR tradition of expert review of artefacts under construction (Peffers et al., 2007; Sonnenberg
and vom Brocke, 2012). They helped test whether the pillar structure was intelligible to senior
practitioners familiar with public sector Al assurance, and they shaped the operational specification
of the pillars. They do not constitute interview-based qualitative research with formal sampling,
transcription, and thematic analysis, and they do not demonstrate institutional acceptance,
implementation feasibility, or outcome improvement. They should not be read as endorsement by
either department named or any of its officials.

4.5. Methodological Limitations

The methodology has three acknowledged limitations.

First, DSR produces designs; it does not, in its construction phase, produce outcome evidence.
This paper does not report whether the reference model improves Al assurance outcomes in
operational practice. A separate pilot and evaluation is required for that. The conditions for such an
evaluation are set out at Section 8.4, with a proposed design and candidate metrics at Section 8.5.

Second, the coding was performed by a single coder. The analytical safeguards described at
Section 4.2 mitigate but do not eliminate this limitation. A subsequent coding pass by an independent
researcher, with documented inter-coder agreement on a sample, would strengthen the comparative
analysis; the audit trail at Appendix A is structured to support such a pass.

Third, the practitioner engagement drew on DSIT and a second department. A broader cross-
government consultation would strengthen external validity and is part of the institutional fit work
set out at Section 7.

5. The Four-Pillar Reference Model
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This section describes each pillar in turn, setting out what assurance activity belongs to it, what
evidence it produces, who its stakeholders are, what existing UK instruments already sit there, and
the consequences of its omission.

5.1. Four Areas for Augmentation

The expert-informed refinement reported at Section 4.4 identified four areas where Al-specific
augmentation to existing practice would add most value: continuity of assurance activity through
live service; feedback between production and assurance through an explicit mechanism for
operational findings to inform future cycles; consistent coverage across transactional services, shared
platforms, and B2B systems; and Al-specific capability in runtime monitoring alongside conventional
IT service management. Each is addressed directly by one of the four pillars.

5.2. Pillar 1: Pre-Deployment

Purpose. Establish that an Al system is fit to enter live service, with known risks identified and
mitigation strategies in place.

Activity and evidence. Structured review of training data quality and provenance, model
documentation (Mitchell et al., 2019; Gebru et al., 2021), risk identification against a recognised
taxonomy, mitigation strategy design and review, ethics and equalities impact assessment, DPIA,
adversarial testing and red-teaming (Brundage et al., 2020), and, where required by ATRS, the
transparency record. The evidence is a set of structured documents: completed questionnaires,
impact assessments, red-team reports, and the transparency record.

Stakeholders and existing UK instruments. Project teams, ethics reviewers, data protection
officers, information assurance functions, and the SRO who authorises go-live. Existing instruments
include departmental Al assurance questionnaires, the Al Playbook principles and stages 0 to 3 of its
implementation pathway, DPIAs and EIAs, ATRS submissions, and departmental ethics review
boards.

Value added. Pillar 1 provides the structured anticipation that allows go-live with confidence
and produces the documented specification on which every subsequent pillar depends. Without it,
the system enters service without a clear specification of what it is expected to do.

5.3. Pillar 2: Model Activation

Purpose. Establish the operational baseline against which future divergence will be measured.

Activity and evidence. Recording the pre-live input distribution; capturing baseline
performance metrics on live-like data; setting operating bands and alerting thresholds; documenting
expected behaviour and edge cases; agreeing the cadence and ownership of continuous monitoring;
and completing the handover from project team to operational service team. The evidence is a set of
operational baselines and runbooks: recorded input distributions, initial metric values, threshold
specifications, edge case inventories, and the signed handover.

Stakeholders and existing UK instruments. Project teams handing over; operational service
teams receiving; data scientists confirming baselines; the assurance function signing off. Existing
instruments include service transition processes (ITIL-aligned in most departments), operational
runbooks, and departmental pre-production sign-off.

Value added. Pillar 2 is the bridge between anticipation and observation. It establishes the
calibrated reference against which live behaviour can be compared. Without it, operational
monitoring has nothing to compare against and divergence cannot be detected systematically. This
is one of the two pillars where the comparative framework analysis at Section 6 finds the most
consistent thinness, and it is one of the two pillars where the contribution of this paper is most
distinctive.

5.4. Pillar 3: Operational Response
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Purpose. Detect and respond to divergence from baseline in service.

Activity and evidence. Continuous monitoring of input distributions and output behaviour;
drift detection against the activation baselines; monitoring of fairness proxies and other Al-specific
signals; alerting on threshold breaches; escalation to the SRO; and intervention (retraining, restriction
of use, or temporary withdrawal). The evidence is continuous: monitoring telemetry, alert logs,
incident records, intervention decisions, and the operational service review record.

Stakeholders and existing UK instruments. Operational service teams; Al-specialist engineers
or a central Al assurance function providing specialist cover; the SRO for escalations; model owners
for interventions. General IT service management provides strong coverage of conventional
operational signals; a growing number of departments are adding Al-specific observability capability
alongside this foundation.

Value added. Pillar 3 provides continuous visibility that matches the continuity of service itself,
complementing general service management with Al-specific signals (drift, output anomalies,
fairness proxies). Without it, operational evidence is not systematically collected, which limits the
material available to Pillar 4 and to the next system's Pillar 1 cycle.

5.5. Pillar 4: Closed-Loop Learning

Purpose. Feed operational findings back into assurance, design, procurement and governance,
across departments as well as within them.

Activity and evidence. Structured post-incident analysis; root cause analysis linking operational
events to pre-deployment assumptions; update of risk taxonomies where new failure classes emerge;
update of procurement specifications where supplier-level causes are identified; model retraining
decisions informed by operational evidence; publication of lessons across departments; and update
to the ATRS record where appropriate. The evidence is a set of learning artefacts: incident reviews,
updated risk registers, refreshed procurement specifications, retraining decisions, and cross-
departmental learning publications.

Stakeholders and existing UK instruments. Model owners, procurement leads, risk functions,
departmental assurance functions, and the DSIT Responsible AI Unit as a cross-government
publication channel. Internal incident review processes operate in most departments and provide a
foundation that can be extended with Al-specific learning; cross-departmental publications and CCS
engagement on Al contract updates are emerging areas.

Value added. Pillar 4 converts operational experience into institutional learning. It is the
mechanism by which what is observed in one department's production system informs the next
department's pre-deployment review, the next procurement specification, and the next iteration of
the reference model. The cross-government or cross-deployer dimension is the distinguishing
element: existing frameworks address organisational learning, but none specifies a mechanism by
which lessons travel from one public sector deployer to another. Without that mechanism, learning
stays local rather than becoming shared knowledge across the system.

5.6. The Pillars as a Structure, Summarised

Table 2 presents the pillars side by side with their purpose, evidence, primary stakeholders, and
the distinct value each adds to the lifecycle.

Table 2. The four pillars in summary.

Pillar Purpose Primary Primary Value Added
Evidence Stakeholders

1. Pre- Fitness for Questionnaires, Project teams, Structured

Deployment service impact ethics, DPO, SRO  anticipation;
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Pillar Purpose Primary Primary Value Added
Evidence Stakeholders
assessments, red- documented
team reports specification for
live service
2. Model Baseline for live Baselines, Project and Calibrated
Activation service thresholds, service teams, reference for
runbooks data scientists recognising

normal behaviour

in service
3. Operational Detection and Telemetry, alerts, Service teams, AI Continuous Al-
Response response in incidents specialists, SRO specific visibility
service alongside general
service
management
4. Closed-Loop Cross- Reviews, Model owners, Conversion of
Learning government updated risk, operational
institutional registers, cross- procurement, experience  into
learning departmental DSIT RAI Unit Cross-
publications government
knowledge

6. Mapping the Four Pillars Against Four Reference Frameworks

This section places the four-pillar reference model alongside the four frameworks that UK
government policy most directly references: the NIST Al Risk Management Framework, the OECD
Al Principles, the EU Al Act, and the UK Al Playbook for Government. The purpose is to show what
each framework specifies at each phase of the Al system lifecycle, and where the lifecycle structure
of those frameworks is dense, thin, or absent.

6.1. Why These Four Frameworks

The four frameworks are chosen because they are the reference points that UK central
government departments encounter most directly in current practice. Together they cover the
technical-practitioner reference (NIST), the international-policy reference (OECD), the regulatory
reference (EU Al Act), and the UK government's own operational guidance (the Playbook). A test of
a lifecycle reference model proposed for UK government adoption is most informatively conducted
against this set.

Other significant frameworks (notably ISO/IEC 42001 on Al management systems, ISO/IEC
23894 on Al risk management, and the Singapore Model Al Governance Framework for Generative
Al) are referenced where relevant but are not included in the comparative matrix. ISO/IEC 42001 and
ISO/IEC 23894 are general-purpose Al management standards rather than direct departmental
references; their Plan-Do-Check-Act lifecycle structure is consistent with the four-pillar model, but
they do not function as the primary operational reference for UK central government departments.
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A test of a UK-government-facing reference model is most informatively conducted against the
frameworks departments actually encounter in current practice. A subsequent paper could extend
the mapping to ISO and Singapore frameworks where useful for international comparability.

* The NIST AI Risk Management Framework (NIST, 2023) is the most widely cited cross-sectoral
framework for trustworthy AI in technical and assurance discourse. It defines seven
characteristics of trustworthy Al (valid and reliable; safe; secure and resilient; accountable and
transparent; explainable and interpretable; privacy-enhanced; fair with harmful biases managed)
and four functions (Govern, Map, Measure, Manage) that organise the actions required to
address those characteristics. UK departmental practice does not formally adopt NIST AI RMF,
but several of its constructs appear in departmental governance materials.

* The OECD Al Principles (OECD, 2024) are the first intergovernmental standard for trustworthy
Al and are now adhered to by 47 jurisdictions, including the European Union. They set out five
values-based principles: inclusive growth, sustainable development and well-being; respect for
the rule of law, human rights and democratic values; transparency and explainability; robustness,
security and safety; and accountability. The 2024 update relocated the provisions on traceability
and systematic, ongoing-lifecycle risk management to the accountability principle, which
strengthens the principles' lifecycle relevance for the present argument.

* The EU AI Act (European Union, 2024) is, of the four, the only one with regulatory force.
Although the United Kingdom is not bound by the Act, UK suppliers placing Al systems on the
EU market are, and the Act's structure (notably the Chapter III obligations on high-risk systems
and the Chapter IX provisions on post-market monitoring and market surveillance) is becoming
an important reference for what comprehensive lifecycle assurance looks like in the regulated
case. Article 72 is among the more explicit and prescriptive provisions across the four frameworks
for continuous post-deployment activity (Schuett, 2023; Mokander et al.,, 2023), although a
definitive comparative ranking depends on how 'requirement' is operationalised across
frameworks of different legal force.

* The UK AI Playbook for Government (Government Digital Service, 2025) is the central
operational guidance for Al use within UK central government. It sets out ten principles covering
knowledge of Al capabilities and limitations, lawful and ethical use, secure deployment,
meaningful human control, lifecycle management, fitness of tool to task, openness, commercial
engagement, skills, and assurance, and a six-stage implementation pathway from problem
definition through to decommissioning. Of the four frameworks, the Playbook is the one

departments are most directly accountable to in practice.

6.2. The Mapping

Table 3 sets out, for each pillar, the coverage code assigned to each of the four frameworks at
that phase of the lifecycle, with the substantive coding rationale provided immediately below the
table and the full coding audit trail at Appendix A. The mapping concerns what each framework
requires or recommends at each phase. It does not claim equivalence between frameworks of different

types.

Table 3. The four pillars mapped against four reference frameworks, with coverage codes per Table 1. Coding

rationale per cell follows below; full coding audit trail at Appendix A.
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Pillar NIST AI RMF OECD Al EU AI Act UK Al
Principles Playbook
1. Pre-Deployment Dense Partial Dense Dense
2. Model Activation Implicit Implicit Partial Implicit
3. Operational Partial Partial Dense Dense
Response
4. Closed-Loop Implicit Implicit Partial Partial
Learning

Coding Rationale per Cell

Pillar 1 (Pre-Deployment). NIST Al RMF: Map function (context, risks, benefits, impacts),
supported by Govern (cross-cutting policy and accountability) and Measure (initial metric
specification). Densely articulated. OECD: Principles 1.4 (robustness, security, safety) and 1.5
(accountability, traceability) require risk assessment, documentation and impact analysis before
deployment, but with limited operational specification. EU Al Act: Chapter III, Section 2, Articles 8
to 15 (risk management system, data governance, technical documentation, transparency to
deployers, human oversight, accuracy and robustness); Article 27 (Fundamental Rights Impact
Assessment for high-risk public-sector deployments); Article 43 (conformity assessment). UK
Playbook: Principles 1, 2, 3, 5 and 6 (knowing Al's limitations, lawful use, secure use, lifecycle
management, fitness of tool); stages 0 to 3 of the implementation pathway, from problem definition
through development and testing; ATRS submission at deployment.

Pillar 2 (Model Activation). NIST Al RMF: the Measure function applies at activation but the
framework does not separate baseline-setting from continuous measurement. OECD: within the call
for risk management at each phase of the lifecycle on an ongoing basis (principle 1.5); no distinct
activation specification. EU Al Act: Article 72(3) requires the post-market monitoring plan to form
part of the technical documentation specified in Annex IV, which arguably requires baseline
specification to occur at activation rather than later; Article 19 (automatically generated logs) and
Article 26 (deployer obligations) supply supporting structure. UK Playbook: Stage 4 (deployment
with monitoring and incident plans) covers activation but does not separate baseline-setting from
continuous monitoring; Principle 4 (meaningful human control at the right stage).

Pillar 3 (Operational Response). NIST Al RMF: Manage function (treat risks, respond to
incidents, allocate resources); Measure function applied continuously; the framework directs that the
Map function be re-applied as context, capabilities, risks and impacts evolve over time. OECD:
Principle 1.5 calls for Al actors to apply a systematic risk management approach to each phase of the
Al system lifecycle on an ongoing basis, but does not specify operational form. EU AI Act: Article 72
post-market monitoring by providers, which is among the more prescriptive provisions across the
four frameworks for continuous post-deployment activity; Article 73 reporting of serious incidents;
Chapter IX, Section 4 market surveillance and corrective action. UK Playbook: continuous monitoring
guidance (dashboards, drift detection, logging for reproducibility, periodic re-validation, triggered
re-assessment); stage 4 of the implementation pathway; Principles 4 and 5.

Pillar 4 (Closed-Loop Learning). NIST Al RMF: the Manage function gestures at incident
response and organisational learning but does not specify cross-organisational coordination. OECD:
principle 1.5 (accountability) implies feedback through 'ongoing' risk management, but no cross-
organisational learning mechanism is specified. EU Al Act: Article 73 serious-incident reporting to
authorities; Article 72(2) requirement to evaluate continuous compliance with Chapter III, Section 2;
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the European Al Office (Chapter VII) is a potential cross-deployer learning channel but is not yet
operationalised in this role. UK Playbook: Principle 7 (open and collaborative); Stage 5
(decommissioning and knowledge capture); central collation of lessons learned is referenced but the
mechanism is not mandated.

6.3. Reading the Mapping

Four observations follow from Table 3.

First, Pillar 1 (Pre-Deployment) is densely populated across the framework set. NIST's Map
function is a pre-deployment construct, supported by Govern and Measure; the OECD principles 1.4
and 1.5 call for risk and impact assessment before deployment; the EU Al Act's Chapter IlI, Section 2
is almost entirely concerned with pre-market obligations on high-risk systems, supplemented by
Article 27 on FRIAs; and the Playbook's principles 1, 2, 3, 5 and 6 and stages 0 to 3 sit squarely in pre-
deployment. This convergence reflects the maturity of pre-deployment thinking and confirms that
this is the phase departments will already recognise.

Second, Pillar 2 (Model Activation) is thinly populated in three of the four frameworks. Neither
NIST AI RMF nor the OECD principles speaks explicitly to activation as a distinct phase, treating the
transition as implicit within broader lifecycle framing. The Playbook addresses activation through
stage 4 but does not separate baseline-setting from continuous monitoring. Only the EU AI Act gives
Pillar 2 some explicit textual presence, through the requirement at Article 72(3) that the post-market
monitoring plan form part of the technical documentation in Annex IV. The relative thinness of Pillar
2 across the rest of the framework set is the principal motivation for treating activation as a distinct
pillar.

Third, Pillar 3 (Operational Response) is the most prescriptively addressed pillar in the EU Al
Act (Article 72 and Chapter IX) and is also relatively prescriptive in the UK Al Playbook. NIST's
Manage and Measure functions speak to the same activity but in less prescriptive terms; the OECD
principles refer to systematic ongoing risk management under principle 1.5 but do not specify
operational form. The distinguishing feature is therefore not coverage but prescriptiveness.

Fourth, Pillar 4 (Closed-Loop Learning) is universally underspecified. The EU Al Act addresses
incident reporting (Article 73) and continuous compliance evaluation (Article 72(2)) but does not
establish a structured cross-organisational learning mechanism. NIST's Manage function gestures at
organisational learning without specifying cross-organisational coordination. The OECD principles
are silent on the mechanism by which lessons travel. The UK Playbook calls for openness and
collaboration under principle 7 but does not mandate a feedback architecture. This consistent gap is
the second principal motivation for the four-pillar structure.

The four frameworks therefore converge strongly at pre-deployment, are thin on activation,
address operational response with varying prescriptiveness, and consistently underspecify closed-
loop learning. The novelty of the four-pillar reference model is concentrated in Pillars 2 and 4: the
framework set is mature on Pillars 1 and 3 already, and the contribution of this paper is to give Pillars
2 and 4 the textual and institutional presence they currently lack. This matters because monitoring
without an activation baseline risks becoming retrospective observation rather than calibrated
assurance. The model is offered as compatible with the frameworks rather than competing with them.

6.4. What the Mapping Is for

The mapping has three intended uses. For departmental adoption, it allows a department to read
across the row for each pillar and see which framework's requirements or recommendations apply at
that phase: a department subject to the EU Al Act for an EU-market system can locate Article 72
obligations cleanly at Pillar 3, with the linked baseline requirement at Pillar 2. For procurement, the
mapping is a specification tool: suppliers can be asked, against each cell of Table 3, which obligations
or capabilities they support and which they leave to the buying department, with a supplier claiming
post-market monitoring under Article 72 required to evidence the activation baselines at Pillar 2 that
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make that monitoring meaningful. For policy and governance, the mapping is a diagnostic: the cells
the table leaves thin (Pillar 2 across most of the framework set, Pillar 4 across all of it) are natural
targets for cross-government coordination through the DSIT Responsible Al Unit, since these gaps
are not unique to any one department or supplier and would benefit from shared infrastructure rather
than departmental duplication. The mapping is not a compliance instrument; it is an institutional
design tool that locates existing instruments and frameworks in a common lifecycle structure.

7. Institutional Fit Analysis

This section examines how the four-pillar reference model could plausibly align with existing
UK institutional anchors, and what would be required to test that alignment in practice. The analysis
is offered as institutional fit, not policy prescription; the policy decisions, including whether to take
any of the observations below forward, belong to the institutions concerned. Three anchors are
considered: the DSIT Responsible Al Unit, departmental service assurance functions, and the Crown
Commercial Service.

7.1. DSIT Responsible AI Unit

The DSIT Responsible Al Unit is a plausible location for the cross-government functions of the
reference model, subject to its remit and capacity at the time of any adoption. Activities that would
fit the Unit's existing role include publishing the reference model as guidance complementary to the
Al Playbook rather than duplicating it; hosting a cross-departmental Closed-Loop Learning function
with anonymised lessons published at a regular cadence; maintaining a measurability register for
each cell of the Table 3 mapping that tracks what is currently feasible under typical provider practice;
and convening a standing cross-departmental working group to iterate the reference model as
practice matures. Whether any of these would be appropriate is a matter for the Unit; the observation
here is structural fit, not endorsement.

7.2. Departmental Service Assurance Functions

Departmental service assurance functions sit in a position that maps reasonably well to the
practical ownership of Pillars 2, 3 and 4 in many departments, where Pillar 1 typically sits with project
teams and ethics reviewers. Activities that would fit such functions include extending scope to
include Al-specific instrumentation at Pillar 2 (baseline capture) and Pillar 3 (continuous monitoring),
with either embedded Al expertise or access to a shared central function; integrating Al incident
management into standard incident processes, with Al-specific escalation paths to the SRO; operating
a structured post-incident review process that feeds findings to a cross-government Closed-Loop
Learning function; and coordinating with the DSIT Responsible Al Unit on common tooling where
department-level implementation would be inefficient. The fit between Al-specific assurance and
general service management would need to be tested department by department, since departmental
service assurance maturity and Al maturity vary.

7.3. Crown Commercial Service and Procurement

The Crown Commercial Service and departmental commercial functions could provide a useful
lever for advancing the measurability frontier at Pillar 3 (Madan and Ashok, 2023). Procurement
standards for foundation model services and Al systems could plausibly include, as conditions of
contract for risk-tiered deployments: disclosure of training-data provenance sufficient for
jurisdictional Legal and Regulatory Compliance assessment; model versioning and change-log
discipline sufficient to detect silent updates; contractual access to raw logs and evaluation telemetry
for the department's own audit, subject to data protection safeguards; and standardised post-market
monitoring reporting, ideally aligned with the EU Al Act Article 72(3) post-market monitoring plan
template once the Commission's implementing act is in force. None of these disclosures is novel; they
are inconsistently negotiated at present, and a standardised CCS specification could both raise the
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floor and reduce the negotiation cost for individual departments. Whether such standardisation is
the right CCS instrument is a question for CCS and the departments it serves.

7.4. What Would Be Required to Test Institutional Fit

Institutional fit, as described above, is structural plausibility, not implementation evidence.
Testing the fit in practice would require coordinated pilots across two to three departments using
existing institutional anchors, with explicit attention to which pillars current functions already cover,
which they could reasonably extend to cover, and which would require either capability
development or shared infrastructure. The conditions for such an evaluation are set out in detail at
Section 8.4.

8. Discussion
8.1. Contribution to Scholarship

The paper provides a lifecycle-complete institutional reference model for public sector Al
assurance that is theoretically grounded in Value Sensitive Design, derived through structured
comparative analysis of the four leading reference frameworks, and institutionally located against
existing UK government structures. It contributes to three strands of scholarship: the
operationalisation-of-principles debate (Mittelstadt, 2019; Whittlestone et al., 2019; Morley et al.,
2020), by providing a concrete institutional scaffold against which abstract principles can be
instantiated at specific phases with specific stakeholders and evidence artefacts; the Al auditing
literature (Raji et al., 2020; Mdkander et al., 2021; Cobbe, Veale and Singh, 2023), by extending the
temporal architecture of audit from a one-shot pre-deployment activity to a continuing lifecycle
activity with explicit baseline-setting and closed-loop learning components; and the public sector Al
literature (Veale and Brass, 2019; Margetts and Dorobantu, 2019; Misuraca and van Noordt, 2020), by
demonstrating that the institutional machinery of UK government Al assurance already contains
anchors that could support lifecycle-complete assurance. The distinctive contribution is the
specification of Model Activation as a discrete baseline-setting phase and Closed-Loop Learning as a
cross-government or cross-deployer institutional mechanism, both of which are thinly addressed in
the existing framework set and neither of which is reducible to a renaming of pre-existing constructs.
The model therefore contributes less by adding another assurance principle and more by specifying
the institutional work required to make existing principles observable, actionable and revisable in
service.

8.2. Platform Independence

The reference model is deliberately platform-agnostic. Each cell of Table 3 identifies an assurance
activity, not a tool choice. Departments may implement the activities using a combination of existing
tools (service management platforms extended with Al capability), open-source libraries, bespoke
internal systems, or commercial RAI observability platforms. The paper makes no claim that any one
implementation is superior; what matters is that the activity is in place and its output is usable by the
stakeholders the pillar specifies.

8.3. Conditions for Empirical Evaluation

The reference model has not yet been evaluated against outcome measures in live service. A
rigorous evaluation would require a longitudinal study across multiple departments, measuring
whether departments adopting the model detect Al-specific incidents earlier, respond to them more
effectively, and avoid repetition of similar incidents over time. Following the DSR convention of
distinguishing artefact construction from artefact evaluation (Hevner et al., 2004; Sonnenberg and
vom Brocke, 2012), such an evaluation could be designed and coordinated across three to five
departmental pilots, with anonymisation protocols agreed in advance. Some conditions for
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evaluation appear to be in place, but a formal pilot would still require coordination, capability
assessment, departmental sponsorship, and agreed anonymisation protocols.

8.4. Future Empirical Evaluation Design

A future empirical evaluation should be designed to test the reference model against outcomes
the model itself is intended to improve. The sketch that follows is offered as a starting point.

Design. A controlled longitudinal study across three to five UK central government
departments, each operating at least one production Al system, with a baseline measurement period
of six to twelve months prior to adoption and a measurement period of at least eighteen months
following adoption. Where possible, comparator departments not adopting the model in the same
period would provide a contemporaneous comparison cohort. Pilot departments would adopt the
four-pillar structure as a working scaffold for existing assurance instruments, with extension activity
concentrated on the cells of Table 3 that are thin or absent in current practice (typically Pillars 2 and
4).

Candidate outcome metrics.

* Time to detection. The interval between onset of an Al-specific issue (drift breaching a threshold,
an output anomaly cluster, a fairness proxy excursion) and the first recorded internal flag.
Explicit baseline-setting at Pillar 2 and Al-specific monitoring at Pillar 3 should shorten this
interval relative to general service management alone.

* Time to escalation. The interval between detection and SRO-level awareness or formal incident
declaration. The stakeholder specification at Pillars 2 and 3 should shorten this interval through
explicit escalation paths.

* Number of repeated incidents. The frequency, within and across departments, with which an
incident class observed in one system recurs in a subsequent system. Pillar 4 should reduce this
frequency over time.

* Quality of assurance artefacts. Completeness, traceability, and downstream usability of
documents produced at each pillar, assessed against a structured rubric agreed in advance with
participating departments, drawing on existing rubrics for ML production readiness (Breck et al.,
2017).

* Procurement changes triggered by operational evidence. The number and significance of
changes to procurement specifications, contract terms, or supplier requirements traceable to
evidence collected under Pillar 3 and processed under Pillar 4. This metric most directly tests
whether the closed loop is closing.

Anonymisation protocols would need to be agreed in advance; comparator selection is non-
trivial given variation in departmental risk profile and Al maturity, and matched-pairs design is more
practical than randomised allocation. Measurement of time-to-detection requires a working
definition of issue onset, which itself depends on the activation baselines the model establishes. The
design is a sketch, not a protocol; developing it into a formal evaluation protocol is itself future work,
and would benefit from input from a cross-departmental working group of the kind described at
Section 7.1.

8.5. Limitations

Beyond the methodological limitations at Section 4.5, three artefact-level limitations are worth
acknowledging. First, the model is a design proposal: its acceptance by departments and its
behaviour under implementation conditions are empirical questions this paper does not answer.
Second, the model assumes a functioning DSIT Responsible Al Unit and an engaged CCS; both exist
but neither is fully scaled at the time of writing, and the institutional fit analysis is sensitive to the
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pace at which those anchors develop. Third, the four-framework mapping at Table 3 reflects
frameworks as published at the time of writing; the EU Al Act is being supplemented by Commission
implementing acts, including those specifying the post-market monitoring plan template referenced
at Pillar 2. The structure of the mapping is more durable than its specific cell content: a department
choosing to test the model against a different framework set (for example, ISO/IEC 42001 alongside
or in place of NIST AI RMF) can reproduce the same diagnostic exercise.

8.6. Positioning, Supervisory Review and Conflict of Interest

This paper is sole-authored. The author is a doctoral researcher at the RAID Lab, University of
Portsmouth, where continuous lifecycle assurance for public-interest Al is the subject of an ongoing
doctoral research programme, and is also the founder and CEO of Responsible Systems Ltd, a
company building tooling relevant to Pillars 2 and 3 of the reference model. This is a material conflict
of interest. The four-pillar reference model is a product of the doctoral research, derived through the
comparative framework analysis presented in Section 6 and developed under doctoral supervision.
The academic lineage of the model predates the commercial work.

A sole-author paper from someone with a commercial stake has no internal editorial
counterweight. Four structural mitigations apply. First, the reference model is platform-agnostic
(Section 8.2): it specifies activities, not tool choices, and the paper makes no claim that any particular
product, including any built by Responsible Systems Ltd, is required to implement it. Second, the
analytical heart of the paper, the framework mapping at Section 6, is built entirely on public-domain
reference frameworks, with all factual claims verifiable against publisher sources, and the argument
does not depend on any proprietary taxonomy, dataset, or product feature. Third, the model has been
developed under doctoral supervision by Professor Mark Xu, Dr Muhammad Awais Shakir Goraya,
and Dr Salem Chakhar; Drs Goraya and Chakhar reviewed the manuscript prior to submission and
are independent of any commercial activity associated with the author. Fourth, the practitioner
engagement at Section 4.4 was expert-informed artefact refinement, not institutional endorsement by
any department, and should not be read as such.

What cannot be mitigated is the absence of a formal peer-review process at the point of first
publication or independent co-authorship. Readers should weigh the paper's claims with that
absence in view. The framework comparison and the analytical observations at Section 6.3 are the
parts of the argument best able to stand on independent verification; the institutional fit observations
at Section 7 are presented as options rather than recommendations, subject to the policy judgement
of the institutions named.

9. Conclusion

UK central government has built a substantial foundation of pre-deployment Al assurance,
anchored in departmental questionnaires, the Al Playbook, ATRS, and the departmental review
processes that accompany them. The four-pillar reference model proposed here augments that
foundation by extending structured assurance activity across the full Al system lifecycle. Pillar 1 (Pre-
Deployment) establishes fitness for service and documents the specification against which future
behaviour can be compared. Pillar 2 (Model Activation) establishes the calibrated baseline that makes
in-service observation meaningful. Pillar 3 (Operational Response) provides continuous Al-specific
visibility alongside general service management. Pillar 4 (Closed-Loop Learning) converts
operational experience into cross-government knowledge.

The model was developed within doctoral research at the RAID Lab, University of Portsmouth,
derived from structured comparative analysis of the four reference frameworks UK departments
most directly encounter, and refined through expert-informed engagement with senior practitioners
at DSIT and a second UK central government department in early 2026. The four-framework
mapping (Table 3) shows where each framework is dense, thin, or silent across the lifecycle. The two
structural findings (that Pillar 2 is thinly addressed in three of the four frameworks, and that Pillar 4
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is universally underspecified) support treating the lifecycle as a four-pillar structure rather than
relying on the implicit lifecycle framing of any single existing framework. The contribution is
concentrated in Pillars 2 and 4: the framework set already addresses Pillars 1 and 3 with reasonable
density and prescriptiveness, and the value of the model lies in giving Pillars 2 and 4 the textual and
institutional presence they currently lack.

Three institutional anchors fit the lifecycle structure reasonably well: the DSIT Responsible Al
Unit as a potential cross-government convener, departmental service assurance functions as practical
owners of Pillars 2 through 4, and the Crown Commercial Service as a potential lever for standardised
procurement terms. The reference model is offered as a proposal and an invitation to cross-
departmental conversation. Its evaluation in operational conditions is the proper subject of future
work, and the design and metrics for such an evaluation are set out at Section 8.4. The claim made
here is that the model extends existing UK government practice in a coherent and theoretically
grounded way, with cell-level mappings against the four leading reference frameworks that
departments can verify independently.
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particular, the input of Dr Nayyab Naqvi (DSIT), in a personal capacity, on the framing of the model as a public
administration instrument and on the institutional anchors set out in Section 7. Practitioner contributions are
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acknowledges the RAID Lab at the University of Portsmouth, where the doctoral research underlying this paper
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Appendix A. Coding Audit Trail

This appendix provides the cell-level coding audit trail referenced at Section 4.2. For each of the
sixteen cells of the four-by-four matrix (four pillars x four frameworks), the table below records: the
framework source reference (article, principle, function or stage), a summary of the relevant
framework text, the assigned coverage code, and the rationale for the coding decision. The audit trail
is intended to make the analytical basis of each cell open to inspection and to support any subsequent
independent coding pass.

Table A1. Cell-level coding audit trail for the four-by-four framework mapping at Section 6.2 (Table 3).

Pillar Framework Source reference Summary of relevant text Code Rationale

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202606.0177.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 June 2026

1. Pre-  NIST AI RMF Map function (1.1 to 5.1);
Deployment Govern function (1.1 to
6.2); Measure function
(1.1t0 4.3)
1. Pre- OECD Al Principles 14, 1.5;
Deployment Principles Accountability principle
(post-2024 amendment)
1. Pre- EU AI Act Chapter III, Section 2,
Deployment Articles 8 to 15; Article
27 (FRIA); Article 43
(conformity assessment)
1. Pre- UK Al  Principles 1, 2, 3, 5, 6;
Deployment Playbook Stages 0 to 3 of the
implementation
pathway; ATRS
submission

Map establishes context,
identifies and analyses

risks and impacts before

deployment. Govern
provides cross-cutting
accountability policy.

Measure 1 to 2 covers initial

metric specification.

Calls for risk assessment,

documentation and impact

analysis before
deployment.
Comprehensive pre-
market  obligations on
high-risk  systems: risk
management, data
governance, technical
documentation,
transparency, human
oversight, accuracy and
robustness. Fundamental

Rights Impact Assessment
for public-sector high-risk

deployments.

Knowing Al's limitations,
lawful use, secure use,
lifecycle management,
fitness of tool. Pathway
from problem definition

through development and

testing.
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Dense

Partial

Dense

Dense

20

Activity is
explicitly named,
operational form
is articulated
through sub-
categories  and
outcomes, and
responsibilities

are specified
across the four

functions.

Activity is named
but operational
form is  not
specified; the
principles are

values-based

rather than
procedural.
Activity is
explicitly
required,

operational form
is prescribed at
article level, and
the  conformity
assessment

process specifies

responsibilities.

Activity is
named,

operational form
is articulated
through the
staged pathway,

and ATRS
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2. Model

Activation

2. Model

Activation

2. Model

Activation

2. Model

Activation

NIST AI RMF

OECD

Principles

EU AT Act

UK

Playbook

Al

Al

Measure function (1.1 to

43)

Principle 1.5 (lifecycle
phases, on an ongoing

basis)

Article  72(3)  (post-
market monitoring plan
as part of Annex IV
technical

documentation); Article
19 (logs); Article 26

(deployer obligations)

Stage 4 (deployment
with monitoring and
incident plans);
Principle 4 (meaningful

human control)

Measure applies at
activation but the
framework  does  not
separate  baseline-setting
from continuous
measurement.

Risk management at each
phase of the AI system
lifecycle on an ongoing
basis. No distinct activation

specification.

Requires the post-market
monitoring plan to be part
of technical
documentation, which
arguably requires baseline
specification at activation.
Supporting structure via
and

logs deployer

obligations.

Stage 4 covers deployment

but does not separate

baseline-setting from

continuous monitoring.
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Implicit

Implicit

Partial

Implicit

21

provides an

evidence anchor.

Coverage can be

inferred from the

Measure
function's
application
across the
lifecycle, but

activation is not
addressed as a
distinct ~ phase

with operational

form.

Activation is
implicit ~ within
‘each phase of the
lifecycle' but not

addressed as a

distinct activity.

Activity is named
through the post-
market
monitoring plan
requirement but
operational form
for the activation
phase specifically
is not prescribed;
the plan s
required but its
activation

content is not.

Coverage can be
inferred from
stage 4  but
baseline-setting is

not addressed as
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3. Operational

Response

3. Operational

Response

3. Operational

Response

3. Operational

Response

NIST AIRMF
OECD Al
Principles

EU AT Act

UK Al
Playbook

Manage function (1.1 to
4.4); Measure function
applied  continuously;

Map function re-applied

as context evolves

Principle 1.5 (systematic
risk management
approach on an ongoing

basis)

Article 72 (post-market
monitoring by
providers); Article 73
(reporting of serious
incidents); Chapter IX,
Section 4  (market
surveillance and

corrective action)

Continuous monitoring
guidance (dashboards,
drift detection, logging,
periodic  re-validation,
triggered re-
assessment);

Stage 4;

Principles 4 and 5

Treat risks, respond to

incidents, allocate
resources. Continuous
measurement. Re-mapping
as context, capabilities,

risks and impacts evolve.

Systematic risk
management approach to
each phase of the Al system

lifecycle on an ongoing

basis.

Among the most

prescriptive provisions
across the framework set
for  continuous  post-
deployment activity.
Serious incident reporting

and market surveillance.

Continuous ~ monitoring
with explicit guidance on
dashboards, drift detection,

logging, re-validation.
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Partial

Partial

Dense

Dense

22

a distinct activity
with operational

form.

Activity is named
across functions
and operational
form is partially
articulated, but
prescriptiveness

is lower than EU

Act Article 72.

Activity is named
but operational
form is  not
specified; values-

based rather than

procedural.

Activity is
explicitly
required,
operational form
is prescribed at
article level,
responsibilities

are specified for

providers  and
surveillance
authorities.
Activity is

explicitly named
and operational
form is
articulated

through stage 4

guidance.


https://doi.org/10.20944/preprints202606.0177.v1
http://creativecommons.org/licenses/by/4.0/

4. Closed-  NIST AI RMF
Loop Learning

4. Closed- OECD

Loop Learning  Principles

4. Closed- EU AI Act

Loop Learning

4, Closed- UK

Loop Learning  Playbook

Manage function

(incident response,

organisational learning)

Principle 15
(accountability,

ongoing)

Article 73 (serious

incident reporting);
Article 72(2) (evaluate
continuous compliance
with Chapter III, Section
2); Chapter VII

(European Al Office)

Principle 7 (openness
and collaboration);
Stage 5
(decommissioning and

knowledge capture)

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 June 2026

Gestures  at  incident
response and

organisational learning.

'Ongoing' risk
management implies
feedback. = No  cross-
organisational learning

mechanism specified.

Serious incident reporting
to authorities; continuous
compliance evaluation;

Office as potential cross-

deployer channel.

Central collation of lessons
learned is referenced;
mechanism is not

mandated.
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Implicit

Implicit

Partial

Partial

23

Coverage can be
inferred from
Manage function
but Cross-
organisational

coordination  is

not specified, and

a learning loop

architecture is not
articulated.
Feedback is

implied through
the ongoing
requirement but
the mechanism
by which lessons
travel is not

specified.

Activity is named
through incident
reporting  and
compliance
evaluation, but a
structured cross-
organisational
learning
mechanism is not
established; the
Al Office's role in
this is not yet

operationalised.

Activity is named
through principle
7 and stage 5 but
the mechanism is
not  mandated

and operational
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form is not

specified.
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