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ABSTRACT

The rapid institutionalisation of artificial intelligence across financial services, healthcare, technology, and the public
sector has generated a parallel proliferation of governance frameworks, ethical principles, and regulatory instruments
that collectively demand organisations translate abstract values into operational practice. The gap between stated
principle and enacted governance—what we term the responsible AI implementation gap—is now recognised as one
of the central practical challenges in AI deployment, yet its magnitude, distribution across sectors, and organisational
determinants remain poorly characterised in the empirical literature. This paper addresses that gap through a
three-phase mixed-methods programme combining systematic analysis of publicly available governance frameworks,
a cross-sector practitioner survey, and a governance maturity scoring exercise. Significant variation is documented
across sectors on all five governance dimensions examined, with the technology sector leading on accountability
and transparency, healthcare on privacy and human oversight, and the public sector on regulatory compliance
readiness. Across all sectors, however, a persistent and pronounced gap exists between the governance principles that
organisations formally endorse and the operational processes through which those principles are enacted: the average
policy-to-practice gap across all eight governance principles assessed is consistent and substantial. Regression
analysis identifies the presence of a dedicated responsible AI team as the single strongest organisational predictor of
maturity, followed by staff training investment and senior executive sponsorship. The paper contributes a validated
governance maturity framework, a framework coverage taxonomy for twenty-four public AI governance instruments,
and six evidence-based implementation guidelines for organisations seeking to move from principle adoption to
genuine operational accountability.

Keywords: Responsible AI AI governance AI ethics Algorithmic accountability Fairness Explainability
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1. INTRODUCTION

Few developments in the recent history of technology gover-
nance have generated as much documentation and as little ac-
countability as the global proliferation of artificial intelligence
ethics guidelines. Since Jobin, Ienca, and Vayena’s landmark
analysis [1] identified convergence around a small set of high-
level principles—transparency, justice, non-maleficence, re-

sponsibility, and privacy—across 84 documents from 23 coun-
tries, the corpus has expanded dramatically. By 2024, public
AI governance documents number in the hundreds, span-
ning intergovernmental bodies, national regulators, industry
associations, and individual organisations [2, 3]. The Euro-
pean Commission’s AI Act proposal, published in April 2021,
represents one of the most consequential regulatory develop-
ments in this space, setting out obligations around high-risk
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AI systems that would require organisations to demonstrate—
not merely declare—responsible AI practices [3, 4].

The governance literature has, for some time, anticipated and
diagnosed the gap between principle and practice. Hagen-
dorff [5] observed that AI ethics codes function primarily
as a form of reputational risk management rather than as
operational constraints on system design or deployment. Mit-
telstadt [6] argued, more directly, that principles alone cannot
guarantee ethical AI: without organisational structures, tech-
nical tools, and institutional accountability mechanisms to
translate values into decisions, even well-crafted principles
remain aspirational rather than operative. Morley et al. [7]
systematically reviewed publicly available AI ethics tools and
methods, finding that the tooling available to practitioners
was substantially less developed than the normative literature
recommending their use. Munn [8] went further, character-
ising the dominant mode of AI ethics work as structurally
incapable of constraining the systems it claims to govern.

Against this backdrop, the question of what operationalising
responsible AI actually looks like inside organisations—and
how readiness varies across sectors with different risk profiles,
regulatory exposures, and organisational cultures—is an em-
pirical question that the largely normative AI ethics literature
has not fully addressed. The present paper brings empirical
evidence to bear on three specific research questions. First,
how comprehensively do existing AI governance frameworks
address the operational dimensions of responsible AI prac-
tice, and where do systematic coverage gaps remain? Second,
how does governance maturity vary across four organisational
sectors—financial services, healthcare, technology, and the
public sector—on five governance dimensions? Third, what
organisational conditions most strongly predict governance
maturity, and what does the structure of the implementation
gap suggest for organisations seeking to close it?

The questions are important in themselves, and they are also
important for what they reveal about the relationship between
governance frameworks and organisational behaviour. The
proliferation of governance frameworks since 2019 could
in principle reflect genuine learning and capability building,
with each new framework building on its predecessors and
adding operational specificity. Alternatively, it could reflect a
form of symbolic compliance in which organisations adopt
governance frameworks as signals to regulators and the public
without materially changing the systems they deploy or the
processes through which those systems are evaluated. Distin-
guishing between these two interpretations requires empirical
evidence—precisely what the present study aims to provide.

We address these questions through a three-phase programme:
a systematic analysis of twenty-four AI governance frame-
works; a practitioner survey of governance professionals; and
a multi-dimensional maturity scoring exercise. The result-
ing evidence base is, to our knowledge, the first to integrate
framework-level analysis with sector-level maturity data in
a single study designed to characterise both the normative
landscape and the organisational reality of responsible AI
governance in 2024.

The study’s scope is deliberately comparative across sectors
and governance dimensions rather than deep within a sin-
gle domain. This breadth is the most direct response to the
fragmentation of the existing literature, which has tended to

produce sector-specific or principle-specific accounts at the
cost of cross-cutting comparative evidence. The contribution
of the present paper lies in the comparative architecture that
connects specialised literatures on explainability [9, 10], fair-
ness [11, 12], and accountability [13, 14] to a shared empiri-
cal benchmark. Section 2 reviews the governance landscape;
Section 3 presents the research design; Sections 4 and 5
report framework analysis and practitioner survey findings;
Section 6 provides maturity profiles and regression results;
Section 7 interprets the implementation gap; and Section 8
concludes with policy implications.

2. THE RESPONSIBLE AI GOVERNANCE LAND-
SCAPE

2.1 From Principles to Governance Instruments

The evolution from abstract ethical principles to concrete
governance instruments has proceeded in distinct waves. The
first wave, roughly 2016–2019, was characterised by the ar-
ticulation of high-level principles in documents produced by
government agencies, research institutes, and large technol-
ogy companies [15, 1]. The AI High-Level Expert Group’s
Ethics Guidelines for Trustworthy AI [15] and the OECD AI
Principles, both published in 2019, exemplify this wave: they
articulate what AI governance should achieve but leave the
how substantially unspecified. Floridi et al.’s [16] AI4People
framework and the analysis of Whittlestone et al. [17] both
identified the convergence-but-divergence problem: wide
agreement on principles, deep disagreement on their opera-
tional meaning.

The second wave, 2020–2023, began filling this gap with
more operational instruments. Leslie’s [18] Turing Insti-
tute guidance on understanding AI ethics and safety offered
practical process guidance. The NIST AI Risk Management
Framework [4], finalisend in January 2023, provides perhaps
the most operationally detailed governance instrument yet
produced, mapping risk management functions across gov-
ernance, mapping, measuring, and managing phases that or-
ganisations can implement as structured processes. ISO/IEC
42001:2023 [19] brought AI management systems within the
internationally standardised management system family for
the first time, creating an auditable framework analogous to
ISO 9001 for quality management. The third wave, signalled
by the European Commission’s AI Act proposal [3], moves
toward legal enforceability: organisations deploying high-risk
AI systems in the European market would face conformity
assessments, transparency obligations, and human oversight
requirements backed by regulatory sanctions. The gover-
nance question has, in short, shifted from what organisations
should do to what they must do.

2.2 Governance by Design Versus Governance by Audit

A persistent fault line in the responsible AI governance liter-
ature runs between two competing implementation philoso-
phies. The first—governance by design—holds that ethical
constraints should be embedded into AI systems during de-
velopment, through techniques such as privacy-by-design
data architecture, fairness-constrained optimisation, and in-
herently interpretable model selection. Dignum [20] provided
the foundational theoretical treatment of responsible AI as
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a design discipline, arguing that ethical principles must be
translated into system requirements at the design stage rather
than applied as post-hoc constraints. Kearns and Roth [21]
give this position its clearest theoretical articulation: if so-
cietal constraints can be formalised as mathematical objec-
tives, they can be treated as optimisation targets rather than
post-hoc evaluations. Rudin’s [10] argument for inherently
interpretable models makes a related claim at the system
level—that accountability cannot be bolted onto opaque sys-
tems after the fact.

The second philosophy—governance by audit—holds that AI
systems should be evaluated against governance standards
after deployment, through processes analogous to financial
auditing, product certification, or environmental impact as-
sessment. Raji et al.’s [13] internal algorithmic auditing
framework and Metcalf et al.’s [22] algorithmic impact assess-
ment model both operate within this philosophy, providing
structured processes for retrospective accountability. The
European Commission’s AI Act proposal [3] similarly spec-
ifies audit-oriented obligations for high-risk AI systems as
conditions of market access.

In practice, the most mature governance programmes in the
survey sample combine both approaches: using design-time
constraints where technically feasible (particularly for fair-
ness and privacy) and audit-time evaluation where the sys-
tem’s operational context cannot be fully anticipated at design
time (particularly for safety and human oversight). The or-
ganisations that score highest on overall governance maturity
in Section 5 are those that have institutionalised both the
design-time and the audit-time components of this combined
approach.

2.3 The Implementation Gap in the Literature

Despite the richness of the normative and policy landscape,
evidence on organisational implementation remains limited.
Raji et al. [13] identified the AI accountability gap as the
space between what AI systems do and what accountabil-
ity mechanisms are capable of detecting or addressing; their
framework of internal audit structures, impact assessments,
and red-teaming represents a concrete attempt to close this
space. Morley et al. [7] found that AI ethics tools were
predominantly process-oriented checklists rather than sub-
stantive evaluation methods, and that their use was largely
voluntary and self-reported.

The fairness and bias literature provides the most technically
mature subset of responsible AI practice. Binns [12] traced
the philosophical foundations of fairness metrics in political
philosophy; Buolamwini and Gebru’s [23] Gender Shades
study demonstrated the real-world consequences of training
data bias for commercially deployed facial recognition sys-
tems; and Barocas, Hardt, and Narayanan’s [11] textbook
codified the mathematical formalisms of algorithmic fairness
in a form accessible to practitioners. The critical literature
has been no less productive: O’Neil’s [24] Weapons of Math
Destruction and Pasquale’s [25] The Black Box Society each
documented the social harms of algorithmic systems oper-
ating without accountability. Crawford’s [26] Atlas of AI
extended this critique to the material and political economy
of AI infrastructure. Birhane et al. [27] showed empirically
that dominant values in machine learning research skew to-

ward performance optimisation and commercial utility, with
fairness and justice remaining peripheral concerns in the re-
search community itself.

2.4 Explainability and Oversight

The explainability and interpretability literature provides the
technical substrate for the accountability and transparency
governance dimensions examined in this study. Rudin [10]
made the case that complex black-box models should be
replaced by inherently interpretable models in high-stakes
domains, arguing that the post-hoc explainability approach
(applying explanation methods to opaque models after train-
ing) provides inadequate accountability because it cannot
guarantee faithful description of the model’s actual decision
logic. Arrieta et al. [9] provided the most comprehensive
taxonomy of explainability methods, distinguishing ante-hoc
(transparent by design) and post-hoc methods and mapping
them to application domains. Doshi-Velez and Kim [28] es-
tablished the framework for evaluating explanation quality
through proxy and human-ground-truth evaluation, provid-
ing the epistemological basis for accountability claims about
explainable AI systems.

The right to explanation—the question of whether individuals
affected by automated decisions have a legal or moral right to
an explanation of those decisions—has generated substantial
legal and philosophical analysis since Wachter, Mittelstadt,
and Russell’s [29] influential analysis of whether such a right
exists under GDPR. Diakopoulos [14] examined algorithmic
accountability as a professional journalistic practice, iden-
tifying the technical, contractual, and institutional barriers
that obstruct accountability even when it is formally required.
Kearns and Roth [21] proposed the concept of the ethical
algorithm—computational methods that treat societal con-
straints as formal optimisation objectives—as an alternative
to post-hoc ethical review of systems designed without ethical
constraints.

2.5 Algorithmic Impact and Sector-Specific Governance

Governance requirements vary substantially across sectors.
In financial services, model risk management frameworks
have required explainability and human oversight of credit
models since well before the AI governance discourse; the AI
Act proposal categorises credit scoring as high-risk, strength-
ening these requirements. In healthcare, algorithmic impact
on diagnosis and treatment decisions raises patient safety
concerns that sit within existing clinical governance frame-
works; Metcalf, Moss, and boyd [22] examined algorithmic
impact assessments as a governance tool analogous to privacy
impact assessments in data protection law. The technology
sector faces governance obligations primarily through plat-
form regulation and voluntary commitments, though the AI
Act proposal extends mandatory oversight to AI providers
deploying into European markets regardless of their domicile.
The public sector faces the additional obligation of demo-
cratic accountability: algorithmic decisions affecting citizens’
access to benefits, justice, or services raise questions of proce-
dural legitimacy that purely technical governance frameworks
do not resolve.

Cath [30] situated AI governance within the longer tradition
of technology governance, identifying the tension between
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innovation facilitation and harm prevention that characterises
regulatory approaches to general-purpose technologies. Ge-
bru et al.’s [31] datasheets for datasets initiative illustrates
one sector-specific response to this tension: a documenta-
tion standard that makes visible the provenance, intended
use, and known limitations of training datasets, creating the
evidentiary basis for downstream accountability.

3. RESEARCH DESIGN

The study proceeded in three phases. Phase 1 conducted a sys-
tematic document analysis of twenty-four publicly available
AI governance frameworks. Phase 2 deployed a cross-sector
practitioner survey. Phase 3 used survey data to compute
sector-level governance maturity profiles and identify organi-
sational predictors.

3.1 Phase 1: Framework Analysis

Twenty-four frameworks were selected through a structured
identification process combining database search, reference
harvesting, and expert nomination. Inclusion criteria required
that frameworks be publicly available, produced by a national
government, intergovernmental body, major industry associa-
tion, or technology company with significant AI deployment,
and address at least three of the eight governance principles
coded in the analysis. Table 1 presents the framework sample.

Each framework was coded on eight governance princi-
ples (Transparency, Accountability, Fairness, Privacy, Safety,
Beneficence, Human Control, Sustainability) by two inde-
pendent coders using a binary adequate-coverage scheme.
Intercoder agreement was κ = .82; disagreements were re-
solved through discussion with a third coder.

3.2 Phase 2: Practitioner Survey

The survey instrument comprised three components: a gover-
nance maturity rating scale (45 items, five dimensions, 1–5
Likert scale); an implementation practice inventory (24 binary
items on governance processes); and a barriers and enablers
scale (18 items, 1–7 Likert). The instrument was piloted
with twenty-two practitioners from non-participating organ-
isations, achieving Cronbach’s α = .83–.91 across the five
dimension scales. Table 2 presents the full reliability statis-
tics.

Three hundred and twelve practitioners participated, recruited
through AI governance professional networks, conference at-
tendee lists, and institutional research partnerships in the
United Kingdom, Germany, the Netherlands, the United
States, Canada, and Australia (October–December 2024).
Respondents held roles in AI ethics, governance, compliance,
legal, risk, or senior technology leadership. Table 3 presents
the sample characteristics.

3.3 Phase 3: Maturity Scoring and Regression Analysis

Governance maturity scores were computed from the Phase 2
survey data as dimension-level means across the nine items
per dimension. Overall maturity was computed as the un-
weighted mean of the five dimension scores. Sector-level
profiles were constructed by aggregating individual scores
within each sector group. The regression model predicting
overall maturity used six organisational predictor variables
derived from the implementation practice inventory: presence

Table 1. Sample of twenty-four AI governance frameworks included
in the document analysis, by type and year of publication.

Framework Type Year

AI Act Proposal Regulatory 2021
NIST AI RMF 1.0 Standard 2023
ISO/IEC 42001 Standard 2023
EU Ethics Guidelines (HLEG) Principles 2019
OECD AI Principles Principles 2019
IEEE Ethically Aligned Design Principles 2019
UNESCO Recommendation on
AI

Principles 2021

UK CDEI Principles Principles 2021
Singapore AI Governance Framework 2020
Canada AIDA Framework Regulatory 2022
Brazil AI Law Regulatory 2023
China AI Governance Principles 2023
Microsoft RAI Standard Corporate 2022
Google PAIR Guidebook Corporate 2019
IBM AI Ethics Board Principles Corporate 2019
Meta AI Responsibility Corporate 2023
Anthropic Acceptable Use Corporate 2023
G7 AI Code of Conduct Intergov. 2023
G20 AI Principles Intergov. 2019
WHO AI Ethics Guidelines Principles 2021
AI Now Report Civil Soci-

ety
2023

Ada Lovelace Inst. Guidelines Civil Soci-
ety

2022

Future of Life AI Principles Civil Soci-
ety

2023

Fjeld et al. Principled AI Academic 2020

Table 2. Survey instrument reliability for five governance maturity
dimensions (N = 312).

fpaTableHeader
Dimension

Cronbach’s α Mean inter-item r

Accountability &
Transparency

.89 .61

Fairness & Bias Miti-
gation

.87 .58

Privacy & Data Gov-
ernance

.91 .64

Human Oversight &
Control

.88 .60

Regulatory Compli-
ance

.90 .63

Overall scale .95 .61

of a dedicated responsible AI team (binary), senior executive
sponsor (binary), provision of regular staff training on AI
governance (binary), engagement of external audit or red-
teaming services (binary), presence of an ethics board or
advisory committee (binary), and participation in a regulatory
sandbox programme (binary). Logistic regression was used
to confirm robustness of the binary predictors; continuous al-
ternatives (training days per year, audit frequency) produced
equivalent results. The six-predictor model was selected on
the basis of theoretical interpretability and the absence of
multicollinearity (all variance inflation factors below 2.4).
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Table 3. Survey participant demographics (N = 312).

Characteristic Value

Sector distribution Fin. svcs 25%, Healthcare
21%,
Technology 29%, Public
sector 25%

Gender 49% women, 48% men, 3%
non-binary

Mean age (years) 38.8±9.2 (range 24–67)
Role: Senior leader-
ship

28%

Role: Governance /
ethics

34%

Role: Technical / engi-
neering

22%

Role: Legal / compli-
ance

16%

Mean AI governance
experience

4.2±2.8 years

Org. with formal RAI
policy

71%

3.4 Sampling and Representativeness

The study’s recruitment strategy combined purposive and
snowball sampling, targeting practitioners with direct AI gov-
ernance responsibilities rather than seeking a representative
sample of all employees in AI-deploying organisations. This
design decision prioritises depth of governance experience
over statistical representativeness, accepting the limitation
that the sample likely over-represents organisations with for-
malised governance functions. The 71% formal AI policy rate
in the sample almost certainly exceeds the population rate
for AI-deploying organisations as a whole, implying that the
sector-level maturity scores reported here are upper-bound
estimates for their respective sectors rather than population
averages. This design choice is appropriate for a study fo-
cused on identifying the determinants of governance maturity
rather than estimating its prevalence, but it should be noted
when interpreting the absolute maturity values.

4. RESULTS: FRAMEWORK COVERAGE ANALYSIS

4.1 Principle Coverage Patterns

Figure 1 presents the principle coverage matrix for all twenty-
four frameworks. The visual pattern confirms the conver-
gence Jobin et al. [1] identified in 2019 across the core prin-
ciples of transparency, accountability, fairness, privacy, and
safety, while revealing systematic gaps in beneficence and
sustainability coverage.

Table 4 summarises coverage rates by principle type and
framework category. Regulatory and standards frameworks
(AI Act Proposal, NIST, ISO 42001) achieve the most com-
prehensive coverage, with all eight principles addressed in
at least two of the three. Corporate frameworks show the
most selective coverage, with sustainability and beneficence
most frequently omitted—a finding consistent with Birhane
et al.’s [27] analysis that commercially produced AI systems
encode commercial rather than societal values.

Sustainability is the most systematically underserved prin-
ciple at 58% overall coverage, followed by beneficence at

Figure 1. Principle coverage heatmap for twenty-four AI gover-
nance frameworks. Filled circles indicate adequate coverage; crosses
indicate absence. Regulatory and standards frameworks achieve the
most comprehensive coverage; sustainability and beneficence are
the most frequently absent principles.

78%—the positive-impact obligation that requires organisa-
tions to demonstrate not merely harm avoidance but active
benefit creation. The regulatory category shows a sustain-
ability gap (67%) that the AI Act proposal begins to address
through environmental-impact documentation expectations
for high-risk AI systems, though implementation guidance
on this point remains provisional.

4.2 Operational Versus Aspirational Coverage

Beyond binary coverage, the analysis examined the depth
of treatment each framework afforded each principle, distin-
guishing aspirational statements (principle mentioned without
operational guidance) from operational coverage (principle
accompanied by specific requirements, processes, or mea-
surable standards). Table 5 presents this operational depth
analysis for the eight principles across the full framework
sample.

Privacy again shows the strongest operational profile: 62%
of frameworks that address privacy provide operational guid-
ance (data minimisation procedures, consent mechanisms,
data subject rights processes), compared with only 36% for
fairness and 35% for human control. The beneficence and sus-
tainability deficits are most acute in their operational depth:
where they are mentioned, they are almost exclusively aspira-
tional, reflecting the absence of agreed measurement frame-
works for positive impact and environmental footprint that
would enable operational standards to be specified. This
finding has direct implications for organisations seeking to
operationalise comprehensive responsible AI governance: the
normative toolkit is substantially less developed for benef-
icence and sustainability than for the technical governance
dimensions, and organisations will need to develop internal
measurement frameworks rather than adopting ready-made
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Table 4. Principle coverage rates (%) by framework category.

Principle Reg. Std. Gov. Corp. Civil All

Transparency 100 100 91 89 92 94
Accountability 100 100 88 82 88 91
Fairness 100 100 84 74 96 88
Privacy 100 100 88 82 88 91
Safety 100 100 80 68 84 84
Beneficence 100 67 76 62 88 78
Human Con-
trol

100 67 84 72 84 82

Sustainability 67 67 60 42 72 58

Reg. = Regulatory; Std. = Standards; Gov. = Governmental; Corp. = Corporate; Civil = Civil society.

Table 5. Operational depth analysis: proportion of frameworks pro-
viding aspirational versus operational coverage for each principle.

Principle Aspirational only (%) Operational (%)

Transparency 38 56
Accountability 44 47
Fairness 52 36
Privacy 29 62
Safety 41 43
Beneficence 68 10
Human Control 47 35
Sustainability 72 14

Totals < 100% reflect frameworks providing no coverage.

standards.

5. RESULTS: PRACTITIONER SURVEY

5.1 Governance Maturity by Sector

Table 6 presents mean governance maturity scores by sector
and dimension. Figure 2 displays the radar profiles; Figure 3
presents the grouped bar comparison.

Figure 2. Responsible AI governance maturity radar by sector. Each
line traces one sector across five dimensions. Technology descends
sharply toward regulatory compliance; the public sector rises steeply
from a low fairness baseline to compliance leadership.

5.2 Variance Analysis

Table 7 reports one-way ANOVA results for all five dimen-
sions and overall maturity. All six effects are significant at
p < .001. Regulatory compliance shows the largest between-
sector variance (η2

p = .362), driven by the inverse pattern
in which the technology sector—the primary producer of
AI systems—shows substantially lower compliance matu-
rity than the public sector—a result that reflects the histori-
cal absence of binding AI-specific regulatory obligations for
technology companies before recent European regulatory ini-
tiatives. Accountability and transparency shows the second-
largest effect (η2

p = .289), consistent with the technology
sector’s systematic investment in explainability tooling and
transparency documentation (model cards [31], datasheets)
compared with other sectors.

5.3 The Implementation Gap

Figure 4 reveals the most practically significant finding in the
study: across all eight governance principles, the proportion
of organisations that formally state the principle in a gover-
nance policy document substantially exceeds the proportion
that have operationalised it into active processes. The largest
gap is for human oversight (policy 78%, practice 42%, gap 36
percentage points), followed by accountability (policy 74%,
practice 28%, gap 46 pp) and fairness (policy 71%, practice
34%, gap 37 pp).

These figures give empirical specificity to the diagnosis of-
fered by Hagendorff [5], Mittelstadt [6], and Munn [8]: re-
sponsible AI commitments are, in the majority of organisa-
tions surveyed, statements of intent rather than descriptions of
practice. The smallest gap—for privacy (policy 82%, practice
54%, gap 28 pp)—is interpretable as the effect of the General
Data Protection Regulation, which has been operational since
2018 and has created enforceable obligations that accelerated
privacy practice beyond what purely voluntary governance
commitments had achieved. The AI Act proposal is expected
to produce a comparable effect for the transparency, account-
ability, and human oversight dimensions once its enforcement
provisions become operative.

Figure 5 disaggregates principle adoption by sector. Health-
care consistently shows higher operational practice rates than
other sectors across four of eight principles, plausibly be-
cause clinical governance frameworks, ethics committee re-
quirements, and patient safety regulations pre-existing the
AI governance discourse have already established the insti-
tutional architecture within which AI governance processes
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Table 6. Responsible AI governance maturity scores by sector and dimension (mean ± SD; 1–5 scale; N = 312).

Dimension Fin. Svc. Health Technology Public Leader

Account. &
Transp.

3.42±0.63 3.18±0.62 4.08±0.64 2.84±0.63 Technology

Fairness & Bias 3.08±0.63 3.44±0.64 3.72±0.63 2.62±0.62 Technology
Privacy & Data 3.88±0.64 4.12±0.63 3.44±0.63 3.12±0.62 Healthcare
Human Oversight 3.14±0.62 3.82±0.63 3.28±0.64 3.44±0.63 Healthcare
Regulatory Com-
pliance

3.94±0.63 3.68±0.63 2.88±0.63 4.28±0.62 Public Sector

Overall 3.47±0.49 3.71±0.44 3.52±0.50 3.27±0.49 Healthcare

Figure 3. Cleveland dot plot of governance maturity. Each symbol marks one sector; horizontal lines span the within-dimension range. The
dashed reference line marks the basic-capability threshold (score = 3.0); the public sector falls below on fairness and accountability.

Table 7. One-way ANOVA results: governance maturity by sector (d f = 3,308; all p < .001).

Dimension F η2
p Rank pattern

Regulatory Com-
pliance

58.3 .362 Public > Health > Fin. ≫ Tech.

Account. &
Transp.

41.6 .289 Tech. ≫ Fin. > Health > Pub.

Fairness & Bias 40.4 .282 Tech. > Health > Fin. ≫ Pub.
Privacy & Data 35.8 .259 Health > Fin. > Tech. > Pub.
Human Oversight 13.3 .115 Health ≈ Pub. > Tech. > Fin.
Overall 10.2 .090 Health ≈ Tech. > Fin. > Public

can be embedded. The public sector shows high regulatory
compliance practice (driven by constitutional and administra-
tive law obligations) but particularly low fairness practice—a
finding that Diakopoulos [14] anticipated in his analysis of
algorithmic accountability in public decision-making.

5.4 Barriers to Implementation

Figure 6 presents the proportion of respondents rating each
barrier as significant or very significant. Resource constraints
are the most frequently cited barrier (72.1%), followed by
lack of technical expertise (68.2%) and absence of clear im-
plementation metrics (61.4%). Regulatory uncertainty is
cited by 54.8% of respondents—a figure likely to decline as
European AI regulatory implementation guidance matures.

Leadership buy-in, the only structural organisational factor in
the barrier list, is cited by 48.6%, suggesting that governance
professionals in nearly half the organisations surveyed face
an institutional authority deficit that technical resources alone
cannot resolve.

5.5 Sector-Specific Barrier Profiles

The barrier data in Figure 6 vary significantly across sectors
when disaggregated. Resource constraints, while the most
common barrier overall, are reported most acutely by public
sector organisations (81%), consistent with the broader public
sector technology investment context. Technical expertise
deficits are most acute in healthcare (74%) and the public
sector (71%), where the pipeline of AI governance specialists
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Figure 4. The responsible AI implementation gap: proportion of
organisations stating each principle in governance policy versus
proportion with active operational processes. For each principle,
the right dot indicates the policy adoption rate and the left dot the
operational practice rate; the gap is the horizontal distance. Privacy
shows the smallest gap; accountability the largest at 46 percentage
points.

is thinnest relative to the scale of AI deployment. Regulatory
uncertainty is highest in the technology sector (68%), where
organisations face overlapping obligations across the AI Act
proposal, the Digital Services Act, and national AI liability
frameworks that are in various stages of development. Ex-
plainability complexity is most frequently cited in financial
services (64%), where model risk management requirements
create explicit obligations for explainability that technical
practitioners report as challenging to satisfy under regulatory
interpretation of existing guidance.

The leadership buy-in barrier is worth examining carefully.
Its overall rate of 48.6% means that nearly half of governance
professionals surveyed face an institutional authority deficit
in which their governance recommendations are not consis-
tently backed by executive decision-making power. This is
not primarily a knowledge or persuasion problem—83% of
senior leaders in the sample describe responsible AI as a
priority—but an institutional design problem in which gover-
nance authority is not commensurate with governance respon-
sibility. The regression finding that senior executive sponsor-
ship (β = 0.42) is the second strongest predictor of maturity
provides the quantitative counterpart to this qualitative obser-
vation: organisations with executive-level sponsorship that
translates into institutional authority—not merely symbolic
endorsement—achieve substantially higher governance matu-
rity outcomes.

6. RESULTS: GOVERNANCE MATURITY PROFILES
AND PREDICTORS

6.1 Maturity Distributions

Figure 7 presents the overall governance maturity distribu-
tions by sector. Healthcare shows the highest median maturity
and the most consistent distribution; the public sector shows

the lowest median and the widest variance, reflecting the
highly heterogeneous digital governance capabilities of pub-
lic sector organisations that range from highly digital central
government departments to minimally digital local authori-
ties.

6.2 Organisational Predictors

Table 8 and Figure 8 present the regression model predict-
ing overall governance maturity (R2 = .58, F(6,305) = 71.4,
p < .001). The presence of a dedicated responsible AI team
is the strongest independent predictor (β = 0.48, p < .001),
confirming that governance maturity is not primarily an arte-
fact of organisational size or sector membership but of de-
liberate structural investment. Staff training (β = 0.38) and
senior executive sponsorship (β = 0.42) are the second and
third strongest predictors. External audit is significant but
smaller (β = 0.31), consistent with the literature suggesting
that external scrutiny improves governance quality but does
not substitute for internal capability.

Table 8. Multiple regression: predictors of overall responsible
AI governance maturity (R2 = .58, F(6,305) = 71.4, p < .001;
N = 312).

Predictor β t Sig.

Dedicated RAI team 0.48 10.84 ***
Senior executive sponsor 0.42 9.48 ***
Staff training investment 0.38 8.58 ***
External audit 0.31 6.99 ***
Ethics board or committee 0.29 6.54 ***
Regulatory sandbox participation 0.24 5.42 ***

*** p < .001.

6.3 Cross-Sector Comparison and Literature Alignment

Table 9 positions the present study’s sector findings against
comparable studies in the literature. The public sector’s reg-
ulatory compliance advantage is consistent with Morley et
al.’s [7] finding that public sector organisations are further
advanced than private sector peers in process-based gover-
nance, having longer-standing experience with environmen-
tal impact assessments, equality impact assessments, and
public sector equality duty requirements that provide organ-
isational templates for algorithmic impact assessment. The
technology sector’s accountability and transparency leader-
ship is consistent with Birhane et al.’s [27] observation that
the research community is increasingly embedding trans-
parency practices—model cards, datasheets, reproducibility
checklists—into publication and release norms. The technol-
ogy sector’s compliance deficit reinforces Cath’s [30] histori-
cal analysis that technology sectors have typically operated
in regulatory vacuums during their formative periods and
accumulate compliance debt that regulatory intervention sub-
sequently requires them to service.

6.4 Practitioner Perspectives on the Implementation Chal-
lenge

In addition to the quantitative scales, 148 respondents (47.4%)
provided open-text commentary on their primary governance
implementation challenges. Thematic analysis of these re-
sponses identified four recurrent patterns. The first and most
frequent was competing accountability structures: the ob-
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Figure 5. Stated principle adoption rates by sector (%). Healthcare shows the most consistent policy adoption across principles; the public
sector shows high regulatory compliance but notably low fairness adoption, Healthcare achieves the most complete adoption profile; the
public sector is notably low on fairness and beneficence despite its regulatory compliance strength.

Table 9. Comparison of present cross-sector findings with related empirical studies in the responsible AI governance literature.

Study Scope Key finding Alignment

Jobin et al. [1] 84 frame-
works

Princ. converge Confirmed

Hagendorff [5] 22 guidelines Ethics as PR Confirmed
Morley et al. [7] 84 tools Tooling lags

norms
Confirmed

Raji et al. [13] Audit gap Accountability
absent

Confirmed

Birhane et al. [27] ML papers Perf.≫fairness Confirmed
Fjeld et al. [2] 36 docs 8 principle clus-

ters
Confirmed

servation that AI governance obligations now overlap with
data protection, product safety, financial conduct, and sector-
specific regulatory requirements in ways that create jurisdic-
tional ambiguity about which governance framework takes
precedence and which team is responsible. The second was
measurement vacuum: the difficulty of demonstrating gov-
ernance maturity to external auditors, boards, or regulators
when the metrics for fairness, transparency, and beneficence
remain contested and unstandardised. The third was devel-
oper resistance: the friction between governance function
demands for documentation, review, and constraint and engi-
neering teams optimising for velocity. The fourth was regula-
tory anticipation anxiety: a distinctive challenge of the 2024
context in which organisations are attempting to implement
European AI regulatory requirements before the technical
standards and implementation guidance have been finalised.
These qualitative themes provide interpretive context for the
quantitative barrier data in Figure 6 and suggest that the im-

plementation challenge is as much institutional and political
as it is technical.

7. THE GOVERNANCE GAP: ANALYSIS AND IMPLI-
CATIONS

7.1 What the Gaps Reveal

The study’s central empirical contribution—the documenta-
tion of a large and consistent policy-to-practice gap across
all eight governance principles— calls for structural expla-
nation rather than organisational blame. In what follows, we
offer three complementary explanations: an organisational-
structural account, a technical-capacity account, and an
institutional-legitimacy account. Taken together, these ac-
counts suggest that the implementation gap is not a transi-
tional phenomenon that will close automatically as responsi-
ble AI matures, but a structural feature of how organisations
process ethical demands that requires specific countermea-
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Figure 6. Barriers to responsible AI implementation as rated by
survey respondents (N = 312, proportion citing as significant or very
significant). Ordered by reported frequency, resource constraints
lead. Leadership buy-in is less frequently cited but structurally the
most consequential for governance authority.

Figure 7. Overall responsible AI governance maturity distributions
by sector. Violin plots with overlaid individual data points. Health-
care shows the highest median and tightest distribution; the public
sector shows the widest spread, reflecting highly heterogeneous dig-
ital governance capability within that institutional category.

sures.

The implementation gap data in Figure 4 tell a story that is
familiar from the broader literature on organisational ethics.
When governance scholars observe that organisations readily
adopt ethical principles but struggle to operationalise them,
they are identifying a structural feature of how organisations
process normative demands rather than a failure of individ-
ual or collective intention. Principles are costless to adopt:
they require no infrastructure, create no accountability mech-
anism, and generate reputational benefit without operational
commitment. Practice is expensive: it requires processes,
tooling, expertise, audit functions, and the institutional au-
thority to refuse or modify AI system designs that fail to meet
governance standards.

Figure 8. Standardised regression coefficients for predictors of
overall responsible AI governance maturity. Forest plot showing
standardised β coefficients with 95% confidence intervals. A dedi-
cated RAI team is the single strongest predictor; all six predictors
are positive and significant, confirming that governance maturity is
driven by structural investment.

The accountability gap identified by Raji et al. [13] is a spe-
cific instance of this structural asymmetry: it is much easier
to state that an organisation is committed to algorithmic ac-
countability than to build the internal audit infrastructure,
red-teaming capacity, and escalation pathways that account-
ability in practice requires. The bias mitigation gap is sim-
ilarly structural: fairness requires sustained measurement,
documentation, and intervention across the full model devel-
opment lifecycle, from data collection through deployment
monitoring, and this requires both technical capacity and or-
ganisational processes that most organisations have not yet
institutionalised.

The technical capacity account holds that governance gaps
persist because the technical tools needed to operationalise
principles are insufficiently mature or accessible. Arrieta et
al. [9] documented the proliferation of explainability methods,
but also their uneven maturity, fragmented tooling ecosys-
tems, and the significant expertise required to deploy them
appropriately. Doshi-Velez and Kim [28] identified the evalu-
ation challenge: it is genuinely difficult to determine whether
a given explanation faithfully represents a model’s decision
logic rather than providing a post-hoc rationalisation that
satisfies a human evaluator without accurately describing
the model. Barocas et al. [11] showed that fairness metrics
are mathematically incompatible in certain circumstances,
meaning that organisations face genuine technical trade-offs,
not merely implementation challenges, when attempting to
simultaneously satisfy multiple fairness definitions. These
technical difficulties are real constraints, but they do not fully
explain the gap: privacy, where technical tools (differential
privacy, encryption, access controls) are comparatively ma-
ture, shows a gap (28 pp) comparable in absolute terms to
less technically developed principles.

The institutional legitimacy account holds that governance
practices are adopted and maintained not because they are be-
lieved to be effective but because they confer legitimacy on or-
ganisations facing regulatory and reputational scrutiny. Under
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this account, the policy-to-practice gap is not a failure to op-
erationalise principles but a rational organisational response
to an environment in which principle adoption is rewarded by
regulators and the public but operational practice is not yet
independently verified or enforced. European AI conformity
assessment requirements are designed precisely to change
this incentive structure by making operational practice— not
principle adoption—the basis of regulatory compliance. If
institutional legitimacy theory is correct, mandatory confor-
mity assessment will close the gap more effectively than any
amount of voluntary guidance.

7.2 Sector-Specific Interpretations

The public sector’s high regulatory compliance maturity com-
bined with low fairness maturity is arguably the most norma-
tively troubling finding in the study. Public sector organisa-
tions are deploying AI systems in contexts— welfare benefit
decisions, criminal risk assessment, immigration processing—
where fairness is not merely a reputational concern but a
constitutional and democratic obligation. The finding that
fewer public sector organisations have operationalised fair-
ness practices than financial services or healthcare organisa-
tions suggests that the democratic accountability structures
that theoretically govern public sector AI are not, in practice,
being translated into technical governance processes.

The technology sector’s regulatory compliance deficit (M =
2.88, the lowest among the four sectors) reflects a structural
feature of the sector’s development trajectory. Technology
companies have historically operated in a regulatory space
that was either absent or permissive, developing governance
practices primarily in response to reputational pressure and
internal values commitments rather than binding legal obliga-
tions. The EU AI Act changes this fundamentally: technology
companies deploying high-risk AI systems in European mar-
kets face mandatory conformity assessments, transparency
obligations, and human oversight requirements that will close
the gap between the sector’s accountability strength and its
compliance weakness. The acceleration of regulatory com-
pliance maturity in the technology sector is, on this analysis,
more a matter of when than whether.

Healthcare’s privacy and human oversight leadership is in-
terpretable as the dividend of decades of clinical governance
infrastructure. Hospital ethics committees, institutional re-
view boards, clinical audit processes, and patient safety re-
porting systems all provide the organisational architecture
within which AI governance can be embedded with relatively
lower marginal investment than in sectors that must build
this architecture from scratch. This is an important practical
lesson for other sectors: AI governance does not need to be
designed in isolation but can be integrated into existing gov-
ernance and risk management frameworks where they exist
and are operational.

7.3 Implementation Guidelines

Six evidence-based guidelines emerge from the convergent
findings of all three phases.

G1 — Establish a dedicated responsible AI function. The
regression coefficient for a dedicated RAI team (β = 0.48) is
the single strongest predictor in the model. Governance ma-
turity cannot be achieved as a side activity of existing teams;

it requires dedicated roles with the authority, expertise, and
institutional mandate to enforce governance standards. The
minimum viable RAI function—a team with representation
from technical, legal, and domain expertise— is what sepa-
rates organisations in the upper maturity quartile from those
in the lower two.

G2 — Prioritise operationalisation over principle adop-
tion. The implementation gap data confirm that adopting
governance principles adds no measurable maturity unless
accompanied by process, tooling, and accountability mech-
anisms. Organisations should audit the gap between their
stated principles and their operational practices before adopt-
ing additional principles, and should treat the closure of ex-
isting gaps as a higher priority than the adoption of new
frameworks.

G3 — Build bias monitoring into production, not just
development. Fairness shows one of the largest policy-to-
practice gaps (37 pp). This reflects a common pattern in
which bias evaluation is treated as a pre-deployment activ-
ity rather than a continuous production monitoring obliga-
tion. Fairness metrics degrade over time as data distribu-
tions shift and population characteristics change; governance
frameworks that do not include post-deployment monitor-
ing are providing point-in-time rather than ongoing assur-
ance [11, 12].

G4 — Use GDPR enforcement as a model for AI Act im-
plementation. The privacy dimension shows the smallest
policy-to-practice gap (28 pp) across all principles, and this
gap pre-dates the AI governance discourse. The mechanism
is GDPR enforcement: binding legal obligation backed by
financial penalties and supervisory authority created the in-
stitutional pressure to operationalise privacy commitments.
Organisations should treat proposed European AI conformity
assessment requirements as an emerging enforcement mech-
anism for accountability and human oversight, and begin
implementing the documentation and process requirements
before regulatory obligations are operationalised [3, 4].

G5 — Invest in governance metrics before governance
tooling. The most frequently cited barrier after resource
constraints is the absence of clear implementation metrics
(61.4%). Organisations cannot improve what they cannot
measure; before investing in governance tooling such as
explainability platforms or bias dashboards, organisations
should define the metrics against which those tools will be
evaluated. The NIST AI RMF [4] and ISO/IEC 42001 [19]
both provide measurement frameworks that can be adapted
to organisational context.

G6 — Embed AI governance in existing risk management
frameworks. Healthcare’s governance leadership across four
of five dimensions reflects the dividend of existing clinical
governance infrastructure. Organisations in other sectors
should map AI governance requirements onto their existing
risk management, audit, and compliance frameworks rather
than building parallel governance structures, which add insti-
tutional complexity without adding accountability.

7.4 Limitations and Future Work

Several limitations qualify the study’s conclusions. The prac-
titioner survey draws on a self-selected sample with above-
average governance engagement (71% formal AI policy),
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meaning that the sector-level maturity scores are likely to
over-represent governance-mature organisations and under-
estimate the implementation gap in the full population of
AI-deploying organisations. Future work should develop
sampling frames that include organisations without formal
AI governance structures, to characterise the full distribution
rather than the upper tail. The framework analysis applied a
binary adequate-coverage coding scheme that conceals im-
portant variation in the depth, precision, and enforceability
of principle coverage within frameworks; a more granular
coding of operational depth would provide a richer basis for
comparing framework quality. The study was conducted dur-
ing a period of rapid European AI regulatory development,
before full technical standards and enforcement mechanisms
were operational; follow-up research will be needed to assess
whether mandatory compliance requirements produce the
governance dividend that the institutional legitimacy account
predicts.

The cross-sectional design cannot establish causal direction
between the regression predictors and governance maturity: it
is plausible that higher-maturity organisations are more likely
to establish dedicated RAI teams and ethics boards rather
than that team establishment drives maturity. Longitudinal
and quasi-experimental designs—natural experiments exploit-
ing the staggered implementation of European AI obligations
across risk tiers—are needed to establish causal mechanisms.
Finally, the study covers four sectors in six Western coun-
tries; the governance maturity landscape in lower-income
countries, in which AI deployment is expanding rapidly and
regulatory frameworks are less developed [32], remains to be
systematically characterised.

8. CONCLUSION

This paper set out to characterise the magnitude and distribu-
tion of the responsible AI implementation gap, and to identify
the organisational conditions that predict governance matu-
rity. The findings confirm and extend the diagnosis offered
by the critical AI governance literature: the gap between
stated principle and operational practice is large, consistent
across sectors, and structured by the same organisational
conditions—dedicated capability, senior sponsorship, train-
ing investment—that predict successful implementation in
other governance domains.

What distinguishes the AI governance challenge from an-
tecedent governance challenges is its urgency. The European
Commission’s AI Act proposal marks a transition in the com-
pliance dimension of responsible AI from voluntary com-
mitment toward binding legal obligation for organisations
deploying high-risk AI systems in European markets [3]. The
NIST AI RMF [4] and ISO/IEC 42001 [19] provide the op-
erational frameworks through which organisations can begin
closing the implementation gap in a structured and auditable
way. The twenty-four-framework coverage analysis confirms
that the normative architecture is largely in place; what re-
mains is the sustained organisational investment—in teams,
training, processes, and metrics—to make that architecture
operational.

The sector-specific findings carry distinct practical impli-
cations. The public sector’s fairness deficit, in particular,
demands urgent attention from both organisational leaders

and policymakers: democratic accountability obligations are
not satisfied by governance principle adoption, and the de-
ployment of AI systems in public sector decision-making
contexts without operationalised fairness monitoring repre-
sents a risk to the procedural legitimacy of those decisions
that legal frameworks have yet to fully address. The technol-
ogy sector’s compliance gap will close through regulatory
obligation; the public sector’s fairness gap may require more
deliberate intervention.

The practical toolkit that emerges from this study—the ma-
turity model, the framework coverage taxonomy, and the six
implementation guidelines— is designed to be deployable
by governance practitioners independently of the academic
literature. An organisation that locates itself at Stage 2 of
the maturity model can use the regression findings to identify
the structural investments (team, sponsorship, training) that
produce the largest maturity gain; can use the framework
coverage analysis to identify which of the twenty-four gov-
ernance instruments best maps to its sector and risk profile;
and can use the implementation guidelines to sequence its
governance investments in the order most likely to produce
durable capability rather than symbolic compliance.

Future research should examine the longitudinal trajectory
of the implementation gap as AI Act proposal enforcement
provisions take effect, and should investigate whether the
governance dividend observed for healthcare organisations—
the compounding effect of existing clinical governance
infrastructure—can be replicated in other sectors through de-
liberate integration of AI governance into established risk and
compliance frameworks. The survey instrument and maturity
framework developed in this study provide the methodologi-
cal baseline for such longitudinal tracking.

8.1 Towards an Integrated Responsible AI Maturity Model

The study’s findings converge on a maturity model that is, in
structure, familiar from adjacent governance disciplines but
distinctive in its emphasis on the principle-to-practice gap
as the primary diagnostic dimension. Table 10 presents the
five-stage maturity model that emerges from the qualitative
and quantitative evidence.

Table 10. Responsible AI governance maturity model: stage de-
scriptions and observable indicators.

Stage Label Observable indicators

1 Nascent No formal AI policy; ethics not
discussed

2 Aware Principles adopted; no gover-
nance processes

3 Developing Some processes; limited exper-
tise; ad hoc

4 Managed Dedicated RAI team; systematic
monitoring

5 Optimised Measurable outcomes; external
audit; board-level reporting

The modal sector in the present study sits between Stage 2
and Stage 3: principles formally adopted (the policy adoption
rates in Figure 5 average 77%), but operational processes
inconsistently established (practice adoption rates average
37%). Moving organisations from Stage 2 to Stage 3 re-
quires precisely the structural investments that the regression
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analysis identifies as the strongest predictors: a dedicated
RAI team, senior sponsorship, and training investment. Mov-
ing from Stage 3 to Stage 4—from ad hoc processes to sys-
tematic governance—requires the addition of measurement
frameworks (Guideline G5) and external audit (significant at
β = 0.31). Stage 5 optimisation, reached by fewer than 8%
of organisations in the present sample, involves the integra-
tion of governance outcomes into board-level reporting and
public transparency disclosures that close the accountability
loop between internal governance and external stakeholder
assurance.

The European Commission’s AI Act proposal [3] would ef-
fectively require Stage 3 or above for organisations deploying
high-risk AI systems in European markets; the NIST AI
RMF [4] and ISO/IEC 42001 [19] provide the operational
frameworks through which Stage 3 and Stage 4 can be system-
atically implemented. The evidence from this study suggests
that the regulatory pressure associated with European AI
regulation, applied to an organisational population currently
averaging Stage 2 to Stage 3, requires a substantial escalation
of governance investment that most organisations have not
yet fully resourced.

8.2 Policy Implications

The findings carry distinct implications for the regulatory and
policy actors who shape the governance landscape as well as
for the organisations that must navigate it. For the European
Commission and national supervisory authorities developing
European AI regulatory implementation, the low operational
practice rates for fairness (34%) and human oversight (42%)
suggest that conformity assessment requirements for these
dimensions may need to be accompanied by more detailed
technical standards and implementation guidance than cur-
rently available, or the assessments will lack the consistency
needed for effective enforcement. For standardisation bodies
developing AI management system standards, the sustainabil-
ity gap—lowest coverage and near-zero operational depth—
represents the most significant unaddressed dimension in the
current standard landscape.

For organisations navigating the transition from principle to
practice, the healthcare sector’s governance profile offers a
model worth studying: not because healthcare has solved the
responsible AI governance challenge, but because it demon-
strates that integrating AI governance into pre-existing clin-
ical governance infrastructure produces better governance
maturity outcomes than designing AI governance in isolation.
The principle of institutional integration —adding AI gov-
ernance to existing risk, compliance, and ethics committee
frameworks rather than creating parallel structures—is the
most transferable lesson from healthcare to other sectors.
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