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1.	 Introduction

AI systems are increasingly woven into the operational 
and strategic fabric of private organisations, shaping deci-
sions that affect individuals, markets, and public welfare. As 
these systems grow in complexity and influence, their gover-
nance has emerged as a legal and ethical priority. Within this 
evolving regulatory landscape, auditing – the systematic eval-
uation of AI systems for compliance, safety, and fairness – has 
been heralded as a cornerstone of responsible AI governance. 
Yet, despite its centrality, the concept of AI auditing remains 
both underdeveloped and inconsistently applied across in-
dustries. This chapter interrogates the conceptual adequacy 

*  Contributo sottoposto a valutazione.
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of current AI auditing approaches, focusing on two recurring 
failure patterns: the static approach and silent over-delega-
tion. These failures, while often technical in appearance, re-
flect deeper institutional and epistemic shortcomings in how 
private entities conceptualise accountability.

1.1.	Framing the Problem

The rise of mandatory AI auditing obligations marks a par-
adigmatic shift in technology regulation. The EU Artificial In-
telligence Act (EU AI Act) is emblematic, making conformi-
ty assessment and post‑market monitoring preconditions for 
placing high‑risk AI systems on the market or putting them 
into service, so that for private actors in finance, healthcare, 
and human resources, auditing has become a legal obligation 
rather than a voluntary practice 1. This institutionalisation 
rests on a strong assumption: that AI systems are meaning-
fully auditable and that audits as previously conceived can op-
erate as an effective governance solution. Yet AI systems are 
dynamic socio‑technical assemblages, constantly reshaped 
by data updates, retraining, and user interactions, such that 
treating them as static objects of evaluation renders many au-
dits methods conceptually obsolete almost as soon as they are 
performed 2. The central question, therefore, is whether exist-
ing audit methodologies are conceptually adequate for such 
systems: can they capture the temporal, technical and organ-
isational fluidity of AI, and do they distribute responsibility 
appropriately among human and institutional actors 3? In the 
private sector, the issue is compounded by commercial incen-
tives that risk to favour compliance formalism over substan-

1  Regulation (EU) 2024/1689 of the European Parliament and of the 
Council laying down harmonised rules on AI (AI Act) [2024] OJ L277/1.

2  A. Selbst et al., Fairness and Abstraction in Sociotechnical Systems, in 
Proceedings of the Conference on Fairness, Accountability, and Transparen-
cy (FAT), 2019, 82.

3  R. Binns, Algorithmic Accountability and Public Reason, in Philosophy 
& Technology, 2018, 31, p. 543 ss.
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tive accountability 4. Auditing, originally conceived as a mech-
anism of external oversight, risks becoming an exercise in 
symbolic reassurance – what Power famously termed the ‘rit-
uals of verification’ 5.

Within the emerging field of AI auditing, three families of 
methods are widely discussed: algorithmic audits, data au-
dits, and impact assessments. Algorithmic audits assess fair-
ness, accountability, and transparency in model behaviour, 
drawing attention to how opaque decision processes can en-
trench existing inequalities if not scrutinised 6. Data audits 
interrogate training datasets for quality, representativeness 
and the social conditions of data collection, emphasising that 
biased inputs produce biased outputs 7. Impact assessments 
widen the lens to the broader societal implications of AI, in-
cluding risks to privacy, equality and social justice, especial-
ly in sensitive domains such as health 8. However, a series of 
challenges runs through this literature: the absence of stan-
dardised frameworks 9, the opacity of ‘black box’ models 10, the 
persistent knowledge gap between technical experts and au-
ditors or regulators, and uncertainty about accountability 
when AI systems fail 11. These challenges are magnified in the 
case of large language models 12, whose emergent capabilities, 

4  E. Renieris, Beyond Data: Reclaiming Human Rights at the Dawn of the 
Metaverse, 2023.

5  M. Power, The Audit Society: Rituals of Verification, 1997.
6  C. O’Neil, Weapons of Math Destruction: How Big Data Increases In-

equality and Threatens Democracy, 2016; N. Diakopoulos, Accountability in Al-
gorithmic Decision Making, in Communications of the ACM, 2016, 3, p. 56 ss.

7  J. Burrell, How the machine ‘thinks’: Understanding opacity in ma-
chine learning algorithms, in Big Data & Society, 2016, 3, p. 1 ss.

8  J. Morley et al., The ethics of AI in health care: A mapping review, in 
Health Care Management Science, 2020, 25, p. 1 ss.

9  B. Smith, The Need for AI Auditing, in Journal of Business Ethics, 
2021, 12, p. 1 ss.; J. Burrell, How the machine ‘thinks’: Understanding opac-
ity in machine learning algorithms, cit.

10  N. Diakopoulos, Accountability in Algorithmic Decision Making, cit.; F. 
Pasquale, The Black Box Society: The Secret Algorithms That Control Money 
and Information, 2015.

11  J. Morley, op. cit.
12  S. Russell, P. Norvig, AI: A Modern Approach, 20103.
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non‑stationarity, data inaccessibility, and limited third‑par-
ty access undermine traditional audit techniques; here, schol-
ars argue for multi‑layered, ethics‑based and lifecycle‑orient-
ed audits that integrate provider governance, pre‑release test-
ing, and application‑level monitoring 13.

At the same time, the broader academic debate raises 
doubts about whether audits, as actually practised in private 
organisations, fulfil their governance promise 14. Work in AI 
governance and algorithmic accountability shows that audits 
struggle to disentangle technical bias from organisational 
context and can even reproduce structural inequities embed-
ded in training data and institutional practices 15. As Bryson 
(2018) notes, the complexity of AI systems often results in a 
reliance on a small number of technical experts, which can 
create power imbalances in decision-making processes, lim-
iting effective auditing and raising ethical concerns about 
the concentration of knowledge and authority in the hands 
of a few individuals or organizations 16. Risk‑based regulatory 

13  C. Novelli, F. Casolari, A. Rotolo et al., AI Risk Assessment: A Sce-
nario-Based, Proportional Methodology for the AI Act, in Data and Infor-
mation Systems, 2024, 3, p. 13 ss., DOI: 10.1007/s44206-024-00095-1; J. 
Mökander, J. Schuett, H.R. Kirk, L. Floridi, Auditing Large Language Mod-
els: A Three-Layered Approach, 2023, arXiv:2302.08500. [sections 3-4]. J. 
Mökander, J. Morley, M. Taddeo, L. Floridi, Ethics-Based Auditing of Auto-
mated Decision-Making Systems: Nature, Scope, and Limitations, in Science 
and Engineering Ethics, 2021, 27, p. 44 ss [section 4]; J. Mökander, M. Ax-
ente, F. Casolari, L. Floridi, Conformity Assessments and Post-market Mon-
itoring: A Guide to the Role of Auditing in the Proposed European AI Regula-
tion, in Minds and Machines, 2022, 32, p. 241 ss.

14  M. Wieringa, How to Make AI Auditable?, in AI & Society, 2020, 11, p. 
307 ss.; I.D. Raji et al., Closing the AI Accountability Gap: Defining an End-
to-End Framework for Internal Algorithmic Auditing, in Proceedings of FAT, 
2020, p. 33 ss.

15  C. Novelli, M. Taddeo, L. Floridi, Accountability in Artificial Intelli-
gence: What It Is and How It Works, in AI & Society, 2024, 39, p. 1871 ss., 
DOI: 10.1007/s00146-023-01635-y; A. Koshiyana, et al., Towards Algorithm 
Auditing: Managing Legal, Ethical and Technological Risks of AI, ML and As-
sociated Algorithms, in Royal Society Open Science, 2024, 11, DOI: 10.1098/
rsos.230859; J. Mökander, J. Schuett, H.R. Kirk, L. Floridi, op. cit.

16  J.J. Bryson, The Ethical and Social Implications of AI, in AI & Society, 
2018, 10, p. 617 ss.
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models, such as the EU’s tiered approach, seek proportionali-
ty but generate ambiguities around risk classification and as-
sessment criteria, particularly where harms are contested 17. 
Corporate compliance and audit theory, drawing on Power 18 
and Strathern 19, portrays audits as performative practices 
that manufacture organisational legitimacy, a diagnosis now 
being applied to AI auditing to show how checklist‑driven pro-
cedures can prioritise procedural completion over epistemic 
integrity 20. Finally, empirical and critical studies of algorith-
mic audits conducted under public pressure suggest that they 
often produce superficial fixes rather than structural reform, 
sharpening the concern about a gap between auditing as a 
governance ideal and auditing as organisational practice 21. 
Against this backdrop, the paper isolates, conceptualises and 
analyses two challenges that can negatively impact AI audit-
ing: static approach and silent over-delegation.

1.2.	 Contextualising the analysis through a risk-based approach

To dissect how the two analysed challenges arise in AI au-
dits, this chapter uses a risk categorization model, identifying 
sources of vulnerability across four dimensions – technical, 
organisational, legal, and societal- and locating where stat-
ic approaches and silent overdelegation sit within this broad-
er landscape.

Technical risks include bias, opacity, hallucinations, and 
model drift. Machine learning systems evolve as data inputs 

17  M. Veale, F. Zuiderveen Borgius, Demystifying the Draft EU AI Act, in 
Computer Law Review International, 2021, 22, p. 97 ss.; P. Hacker, AI Audit-
ing and Conformity Assessment under the EU AI Act, in European Journal of 
Risk Regulation, 2023.

18  M. Power, op. cit.
19  M. Strathern, Audit Cultures: Anthropological Studies in Accountabil-

ity, Ethics, and the Academy, 2000.
20  K. Yeung, M. Lodge (a cura di), Algorithmic Regulation, 2019.
21  I. Raji, J. Buolamwini, Actionable Auditing: Investigating the Impact of 

Publicly Naming Biased Performance Results of Commercial AI Products, in 
Proceedings of the Conference on AI, Ethics, and Society, 2019.
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change, leading to shifting performance profiles that static 
audits cannot capture. Technical opacity – arising from com-
plex model architectures or proprietary restrictions – further 
constrains auditability.

Organisational risks arise from governance failures, in-
cluding over-reliance on automated evaluation tools or pro-
gressive meaning erosion of human control (silent over-dele-
gation), lack of cross-functional oversight, and insufficient au-
ditor independence. In private firms, auditing is often embed-
ded within risk management functions that prioritise efficien-
cy and reputational protection, reducing incentives for criti-
cal reflection. This institutional positioning may reduce incen-
tives for critical scrutiny and encourage a compliance-orient-
ed mindset, thereby reinforcing static approaches to auditing.

Legal risks emerge from misclassification of systems under 
regulatory regimes, documentation gaps, or inadequate con-
formity assessments. Hacker (2023) warns that private com-
panies may interpret regulatory thresholds strategically to 
avoid burdensome audit requirements, thereby undermining 
the integrity of the risk-based model 22. Such practices may re-
sult in formal compliance without substantive accountability, 
particularly where legal obligations are satisfied through doc-
umentation rather than demonstrable system performance.

Finally, societal risks encompass broader consequences 
such as discrimination, erosion of public trust, and system-
ic inequality. Yeung (2022) argues that superficial auditing 
practices may legitimize harmful AI deployments by granting 
a veneer of compliance, thus amplifying social harm under the 
guise of accountability 23. These risks extend beyond individu-
al systems, reflecting cumulative and structural effects that 
unfold across society, markets and institutions. Silent over-
delegation and static auditing approaches intensify these dy-
namics by weakening transparency and accountability, mak-
ing it harder to detect and remedy harms affecting, among 
others, marginalised groups and thus cutting directly against 

22  P. Hacker, AI Auditing and Conformity Assessment under the EU AI 
Act, cit.

23  K. Yeung, M. Lodge, op. cit.
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the Sustainable Development Goals’ commitment to ‘leave no 
one behind’. In this sense, the societal risks at stake are not 
ancillary, but strike at the core domains the SDGs seek to im-
prove, from equality and decent work to strong institutions 
and reduced inequalities.

The previous four‑part model is used to situate the prob-
lem, but the analysis zooms in on two dimensions. There-
fore, the present chapter concentrates on organisational and 
epistemic risks – specifically, those manifesting as static ap-
proaches and silent over-delegation, as they will be described 
in the following chapters. These represent failures of both in-
stitutional design and cognitive responsibility: organisation-
al risks in how audit and governance structures are designed 
and resourced, and epistemic risks in how auditors under-
stand, interpret, and critically evaluate AI systems.

1.3.	Scope and Assumptions

This chapter focuses explicitly on private companies, which 
face the dual pressure of legal compliance and market com-
petitiveness. While public entities also deploy AI systems sub-
ject to oversight, their accountability mechanisms differ sub-
stantially, often being tied to administrative or constitutional 
mandates. Nonetheless, insights from this study may hold rel-
evance for public-sector auditing insofar as both sectors grap-
ple with similar challenges of transparency and independence.

The analysis proceeds under the assumption that manda-
tory audit obligations – such as those imposed by the EU AI 
Act on high-risk systems – will become the regulatory norm 
across many jurisdictions. Accordingly, voluntary or experi-
mental AI governance initiatives are excluded from this dis-
cussion, as their dynamics are qualitatively different.

By clarifying this scope, the chapter situates itself within 
the intersection of AI law, corporate accountability, and gov-
ernance by audit, contributing to the ongoing debate about 
whether the institutionalisation of AI auditing will enhance 
or merely simulate meaningful accountability.
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1.4.	Methods

This chapter adopts a qualitative, conceptual-analytical 
methodology aimed at elucidating two failure patterns in AI 
auditing: the static approach and silent over-delegation. Rath-
er than conducting an empirical case study or technical au-
dit assessment, the method employed here is interpretive and 
diagnostic, grounded in doctrinal legal analysis, institution-
al theory, and critical audit studies 24. The objective is to clar-
ify how these patterns manifest within private-sector audit-
ing practices and to assess their implications for future gover-
nance regimes, particularly under the EU AI Act.

The decision to focus on the static approach and silent 
over-delegation arises from their systemic significance and 
analytical tractability. These patterns capture two distinct 
yet interrelated modes of audit failure: one temporal and pro-
cedural (the static approach), the other epistemic and organi-
sational (silent over-delegation). Together, they provide a con-
ceptual lens through which to understand why AI auditing, 
even when formally compliant, frequently fails to deliver sub-
stantive accountability.

By isolating these patterns, the chapter contributes to the 
existing body of literature in three ways. First, it extends al-
gorithmic accountability scholarship by framing audit failure 
not as an isolated technical error but as a socio-technical gov-
ernance challenge 25. Second, it bridges compliance theory and 
socio-technical analysis by arguing that internal audit cul-
tures may reproduce systemic complacency  26. Third, it antic-
ipates future challenges for AI auditing as regulatory obliga-
tions harden under the EU AI Act and similar frameworks, 
suggesting that these two problems will become more – not 
less – prominent as audits scale 27.

24  M. Power, op. cit.
25  R. Binns, op. cit.
26  A. Selbst et al., op. cit.
27  P. Hacker, AI Auditing and Conformity Assessment under the EU AI 

Act, cit.
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a)	 The Static Approach: Temporal Inertia and Leadership 
Failure

The static approach refers to the tendency of audit pro-
cesses to treat AI systems as fixed objects of evaluation rath-
er than as dynamic, continuously learning systems 28. Meth-
odologically, this concept is analysed through the lens of tem-
poral governance – that is, how organisations conceptualise 
change and continuity in the systems they oversee. A stat-
ic audit captures a ‘snapshot’ of compliance but cannot fully 
account for the evolving socio-technical contexts in which AI 
systems operate 29.

This analysis situates the static approach as not mere-
ly a procedural deficiency but a leadership failure. In pri-
vate firms, AI governance is often approached through com-
pliance-oriented structures that risk prioritising procedural 
conformity over the protection of human autonomy and dig-
nity 30. This reactive posture contrasts sharply with the proac-
tive attitude necessary for effective AI oversight. A genuine-
ly adaptive audit framework requires executive engagement, 
continuous monitoring, and anticipatory risk management – 
all of which are undermined when leadership adopts a static 
or ‘checklist’ mindset.

Thus, the static approach becomes emblematic of a broad-
er organisational inertia, reflecting a reluctance to integrate 
dynamic auditing into corporate governance cycles 31. By high-
lighting this dynamic, this analysis argues that temporal as-
sumptions shape the efficacy of AI auditing, thereby extend-
ing scholarship on compliance design and institutional ac-
countability 32.

28  K. Yeung, Algorithmic Regulation, cit.
29  A. Selbst et al., op. cit.
30  E. Renieris, op. cit.
31  M. Power, op. cit.
32  K. Yeung, op. cit.
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b)	 Silent Over-Delegation: Hidden Shifts in Epistemic Re-
sponsibility

The second focal pattern, silent over-delegation, is meth-
odologically explored through institutional ethnography and 
critical audit theory, which illuminate how responsibility is 
transferred within complex organisations 33. This phenomenon 
occurs when decision-makers subtly, and often unknowingly, 
shift evaluative authority to automated tools, consultants, 
or procedural artefacts. The ‘silent’ nature of this delegation 
is central – it is unobtrusive, and often invisible to those in-
volved, manifesting as a background assumption rather than 
a deliberate act.

Silent over-delegation can occur at multiple levels: from 
management to compliance officers, from auditors to technical 
teams, or from humans to AI tools used in the auditing pro-
cess itself 34. This last form – AI auditing AI – creates a ‘dou-
ble delegation’ problem, where both the system under review 
and the audit mechanism operate through machine inference. 
Such recursive automation risks producing meta-opacity, 
where neither the original model nor its audit can be mean-
ingfully explained 35.

This methodological focus highlights how epistemic re-
sponsibility is diffused rather than assigned, aligning with 
literature on distributed accountability in complex systems 36. 
The analysis thus contributes to the broader debate on wheth-
er automation in governance processes strengthens or erodes 
accountability 37. In the context of AI auditing, silent over-del-
egation exemplifies how efficiency-seeking and risk-averse or-
ganisational cultures can undermine the very transparency 
that auditing is meant to secure.

33  M. Strathern, op. cit.
34  I.D. Raji et al., op. cit.
35  Ibidem.
36  M.C. Elish, D. Boyd, Situating Methods in the Magic of Big Data 

and AI, in Communication Monographs, 2018, 85, 1, pp. 57 ss., DOI: 
10.1080/03637751.2017.1375130.

37  K. Yeung, op. cit.
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By articulating these two patterns through conceptual and 
institutional analysis, the chapter advances scholarly under-
standing of AI auditing as a socio-technical governance prac-
tice. While prior studies have documented empirical cases of 
algorithmic bias and audit failure, few have provided a coher-
ent theoretical typology linking organisational behaviour to 
regulatory design 38.

This dual-pattern analysis contributes to three ongoing 
scholarly debates. In algorithmic accountability, it reframes 
audit failure as an institutional, not merely technical, phe-
nomenon 39. In audit and compliance theory, it updates clas-
sical notions of ‘ritualistic auditing’ to reflect the dynamics of 
automated governance 40. In technology law, it grounds future 
regulatory discourse in a nuanced understanding of how cor-
porate audit practices translate – or fail to translate – regula-
tory ideals into practice 41.

2.	 The Static Approach to AI Auditing

What we call the ‘static approach’ to AI auditing in this chap-
ter refers to the widespread practice of assessing AI systems as 
if they were stable and finalised artefacts, rather than dynam-
ic and evolving entities. This approach treats compliance as a 
one-time event – often coinciding with system deployment or 
certification – rather than an ongoing governance process. As a 
result, static audits produce a misleading sense of closure, of-
fering regulatory reassurance while failing to capture the con-
tinuous transformation of AI systems in operation 42.

Empirical analyses highlight how traditional governance 
models, reliant on pre-deployment risk assessments and stat-
ic policies, fail to manage continuous transformations such as 

38  I. Raji, J. Buolamwini, op. cit.
39  R. Binns, op. cit.
40  M. Power, op. cit.
41  P. Hacker, op. cit.
42  M. Power, op. cit.
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model drift or silent third-party updates, which can silently 
erode system performance and compliance in high-stakes do-
mains like healthcare and credit underwriting 43. This limita-
tion is further shown by the observation that AI-enabled sys-
tems are inherently dynamic, with data, models, and opera-
tional contexts shifting over time, meaning that governance 
treated as a fixed state becomes ineffective once the system 
evolves beyond its initial certification parameters. Scholars 
argue that this static mindset creates a ‘compliance illusion’, 
where organizations meet formal requirements at a single 
point in time but lack the continuous monitoring mechanisms 
necessary to address emergent risks, ultimately undermining 
trust and accountability 44.

Samigullin and Dooley (2025) argue that traditional gov-
ernance models are insufficient for ensuring responsible AI 
oversight, as they fail to account for the need to continuous-
ly adapt governance structures in response to technological 
and regulatory shifts 45. Similarly, Carvao (2025) highlights 
that as AI evolves from a tool of efficiency to a determinant of 
policy and governance, decision-making shifts from public to 
private hands, necessitating a dynamic governance structure 
that safeguards democracy while encouraging innovation 46. 
Empirical studies further demonstrate that static risk assess-
ments are inadequate for managing emergent risks such as 
model drift or silent third-party updates, which can erode sys-
tem performance and compliance over time 47. Consequently, 
this paper aligns and deepen the position of those scholars 

43  A. Shirkhanloo, Beyond compliance: The case for adaptive AI gover-
nance, IAPP, 2025.

44  On this point, the work published by Yeung: K. Yeung, Algorithmic 
Regulation: A Critical Interrogation, in Regulation & Governance, 2018, 12, 
p. 505 ss.

45  A. Samigullin, P. Dooley, Exploring AI Corporate Governance Through 
the Lens of Dynamic Capabilities, in Communications of the IIMA, 2025, 23, 2.

46  P. Carvao, A Dynamic Governance Model for AI, Harvard Kennedy 
School, 2026.

47  L.F. Luna-Reyes, T.M. Harrison, An Enterprise View for Artificial Intel-
ligence Capability and Governance: A System Dynamics Approach, in System 
Dynamics Review, 2024, 36, p. 1 ss.
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advocating for the adoption of continuous monitoring mecha-
nisms and dynamic capability frameworks to ensure the long-
term safety and reliability of AI systems in operation.

2.1.	AI as a ‘Living System’

AI systems are, by design, living systems – adaptive, itera-
tive, and entangled with their environments 48. Machine learn-
ing models evolve as they are exposed to new data, retrained 
for performance improvement, or updated to align with chang-
ing organisational objectives. The system’s ‘behaviour’ thus 
reflects an ongoing dialogue between algorithms, datasets, 
and the socio-technical contexts in which they operate 49.

Academics increasingly conceptualise AI not as a fixed ar-
tefact or ‘thing’ 50, but as a dynamic socio technical process 
whose properties emerge and change over time through in-
teraction with data, infrastructures, and institutions. Rather 
than treating ‘AI’ as a single, stable technology, they describe 
a shifting ecosystem of models, datasets, practices and organ-
isations, whose behaviour and impacts cannot be understood 
by inspecting code alone. This move away from essentialist ac-
counts of AI (where AI has a fixed, intrinsic ‘essence’) towards 
non essentialist or relational views emphasises that what AI 
is depends on its context of deployment, the tasks it is used 
for, and the social arrangements around it 51.

Within this literature, scholars argue that AI systems 
should be understood as ongoing processes rather than stat-
ic products. For example, work in information systems and 
AI ethics describes AI systems as socio technical assemblages 
whose identity and properties are co constructed through con-

48  A. Selbst et al., op. cit.
49  K. Yeung, op. cit.
50  T. Wheeler et al., The Myth of the Monolith: AI Is Not One Thing, 

Brookings Institution, 2025. 
51  J. Laine et al., Ethics Based AI Auditing, in Information & Organiza-

tion, 2024; L. Furze, AI Metaphors We Live By: The Language of Artificial In-
telligence, 2024.
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tinuous interaction with their environment, including users, 
regulators, data flows, and organisational practices. On this 
view, an AI model deployed for medical diagnostics or hiring 
is not a finished object at the point of release; its performance, 
risks and even purpose evolve as it is retrained, re purposed, 
integrated with other tools and adapted by users. This proces-
sual view is reinforced by the rapid iteration of models and 
the continual updating of training data, which mean that ‘the 
system under audit’ is always in flux 52.

Conceptually, this has important implications for how we 
think about intelligence in AI. Many philosophers and theo-
rists explicitly resist describing current AI as ‘intelligent’ in 
the robust, human like sense, even when its behaviour mim-
ics intelligent action. Luciano Floridi pointed out that stan-
dard definitions of AI refer to systems that behave in ways 
that would be called intelligent if a human behaved that way, 
but that this does not mean the system itself is intelligent 53. 
For Floridi, the crucial point is that artificial agents are engi-
neered artefacts optimised to produce outcomes comparable to 
or better than those a human intelligence could achieve in a 
given task; the definition concerns performance relative to hu-
man benchmarks, not the possession of genuine understand-
ing, consciousness, or intentionality 54.

Floridi’s critique reveals a potential fallacy: inferring from 
task performance to intrinsic intelligence. Focusing on wheth-
er AI is ‘really intelligent’ might distract from more urgent 
questions about how these systems reshape the ‘infosphere’ 
and human self-understanding 55. In his broader philosophy 
of information, Floridi frames humans and digital systems as 
informational entities embedded in a shared infosphere, but 
he resists anthropomorphic metaphors that might picture AI 

52  S. Watson, The Role of Generative AI in Academic and Scientific Au-
thorship, working paper, University of Cambridge, 2025.

53  L. Floridi, A Fallacy that Will Hinder Advances in Artificial Intelli-
gence, 2017 (commentary reproduced in J. Bradford DeLong, Grasping Re-
ality blog).

54  Ibidem.
55  Ibidem.
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as a quasi-human agent with mental states. This position sit-
uates AI as artificial but not intelligent: a sophisticated tool 
that exhibit limited, domain specific agency within pre-de-
fined parameters, without autonomous moral responsibility.

Other critics develop related arguments, sometimes under 
the heading ‘artificial but not intelligent’ or by arguing that 
talk of artificial general intelligence (AGI) is misleading or 
speculative. These critics often reflect on contemporary AI sys-
tems as pattern matching and optimisation engines whose be-
haviour is heavily constrained by their training data and the 
goals set by human designers, rather than open ended gener-
al reasoners. They worry that metaphors of human like intel-
ligence or agency obscure human accountability and overstate 
the stability and coherence of ‘the AI system’ as a unitary ob-
ject. On some accounts, if AGI were ever achieved, it would be 
fundamentally protean and unpredictable, making meaning-
ful control and auditing extremely difficult in principle.

When we combine these critiques with the non-static, pro-
cessual view of AI, a picture emerges in which AI is under-
stood as a moving target that should not be reified into a sin-
gle, stable ‘intelligent agent’. Conceptually, AI becomes a la-
bel for a heterogeneous, evolving class of systems and prac-
tices, ranging from narrow classifiers to generative models, 
deployed across domains such as diagnostics, hiring, content 
moderation, and creative work. This pluralistic view under-
mines any simple, monolithic definition of AI and instead 
treats it as an expanding ecosystem of capabilities and socio 
technical arrangements. The question ‘what is AI?’ is thus re-
framed: not ‘what is its essence?’, but ‘how are particular AI 
systems built, governed and used in specific contexts?’ 56.

These conceptual choices directly affect how AI ought to be 
audited. If AI is dynamic and socio technical, auditing cannot 
be reduced to a one off, purely technical inspection of an algo-
rithm at a single point in time. Instead, scholars and regula-
tors argue for process oriented, ethics-based auditing frame-
works that track AI systems across their lifecycle, from de-

56  J. Laine et al., op. cit.
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sign and data collection through deployment, monitoring and 
retirement. Systematic reviews of ethics-based AI auditing 
highlight that audits must consider not only technical prop-
erties (accuracy, robustness) but also how systems are em-
bedded in organisational processes, how they affect different 
stakeholders, and how ethical principles (fairness, account-
ability, transparency) are operationalised in practice 57.

Regulatory bodies echo this, treating AI auditing as an 
ongoing organisational responsibility rather than a one off 
certification. For instance, detailed guidance on AI auditing 
frameworks in data protection contexts emphasises continu-
ous risk assessment, documentation, monitoring and control 
measures, recognising that AI systems may change as data, 
models and use cases evolve. This approach aligns with the 
non static, processual understanding: AI is audited as a set of 
practices and processes, including governance structures and 
human oversight, not just as code or model weights. Audits 
thus aim to capture both outcomes (e.g. measured harms, dis-
crimination) and processes (e.g. how models are updated, who 
has access, what controls are in place), reflecting the dual fo-
cus on technical and social dimensions of AI.

Floridi’s work on digital ethics and the governance of the 
infosphere supports an anticipatory and preventive approach 
to auditing, one that identifies and mitigates risks early, rath-
er than simply reacting after harms occur. His thesis that AI 
represents a divorce between agency and intelligence under-
pins a normative stance in which AI is not treated as a moral 
agent, but as a powerful socio-technical system requiring con-
tinuous scrutiny, governance, and human responsibility.

This adaptiveness challenges the very notion of audit final-
ity. A static audit, anchored at a single moment, cannot ade-
quately capture the dynamic relationship between the model 
and its environment 58. Unlike traditional financial or environ-
mental audits, where the objects of evaluation remains rela-
tively stable, including the relevant parameters to observe, AI 

57  Ibidem.
58  R. Binns, op. cit.
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systems exist in constant flux – continuously interacting with 
users, data streams, and feedback loops 59.

Moreover, the organisational ecology within which AI op-
erates evolves as well. User behaviour, market conditions, 
and policy constraints influence model outputs in ways that 
are difficult to predict ex ante 60. Conceptualising AI as a ‘liv-
ing system’ therefore demands a parallel rethinking of audit-
ing: one that shifts from event-based evaluation to continu-
ous assurance models grounded in temporal responsiveness 61.

2.2.	Multi-Layered Impact of AI Systems

AI systems exert influence across multiple layers – socie-
tal, organisational, and individual – each of which generates 
distinct audit implications.

a)	 Societal Impact
At the societal level, AI systems can reshape markets, la-

bour practices, and public discourse 62. Predictive analytics 
in employment or finance can reinforce structural discrimi-
nation or exacerbate inequalities through algorithmic bias 63. 
Static audits often fail to register these emergent effects, as 
they focus narrowly on system performance metrics rather 
than distributive consequences.

b)	 Organisational Impact
Within private organisations, AI introduces profound 

changes to governance and accountability structures. Auto-
mated decision-making reconfigures managerial control, re-

59  M.C. Elish, D. Boyd, op. cit.
60  E. Renieris, op. cit.
61  P. Hacker, op. cit.
62  S. Wachter, B. Mittelstadt, A Right to Reasonable Inferences: 

Re-Thinking Data Protection Law in the Age of Big Data and AI, in Columbia 
Business Law Review, 2019, 2, p. 494 ss.

63  I. Raji, J. Buolamwini, op. cit.
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distributes expertise, and alters internal hierarchies 64. A stat-
ic audit, oriented toward compliance documentation, rarely 
engages with these institutional shifts. Yet, the efficacy of AI 
auditing depends not only on the technical properties of mod-
els but also on the organisational capacities that sustain re-
sponsible use 65.

c)	 User Impact
For users and affected individuals, AI systems generate 

both direct and indirect consequences – from eligibility deci-
sions to personalised content delivery 66. Static auditing frame-
works often capture only immediate functional accuracy while 
overlooking cumulative effects, feedback loops, and long-term 
behavioural conditioning 67. Understanding these multi-lay-
ered impacts requires moving beyond static verification to-
ward dynamic, context-aware monitoring frameworks 68.

Tab 1: Multi-Layered Impact of AI Systems

64  M. Strathern, op. cit.
65  M. Veale, F. Zuiderveen Borgius, op. cit.
66  Ibidem.
67  K. Yeung, op. cit.
68  M. Power, op. cit.

Layer Key Features Limitations of Static 
Auditing

Societal Impact
AI reshapes markets, la-
bour, public discourse; 
risk of bias and inequality.

Focus on performance 
metrics ignores broader 
social and distributive 
effects.

Organisational 
Impact

Changes governance, de-
cision-making, expertise, 
internal hierarchies.

Compliance-focused au-
dits overlook institutional 
and structural changes.

User Impact
Affects individuals via de-
cisions and personalised 
outputs

Captures only immediate 
accuracy, not long-term 
or cumulative effects
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2.3.	Existing Auditing Methodologies

Existing AI auditing methodologies illustrate the per-
sistence of static tendencies despite growing recognition of 
systemic risk.

Impact assessments such as Data Protection Impact As-
sessments (DPIAs) under the General Data Protection Reg-
ulation and algorithmic impact assessments (AIAs) repre-
sent early attempts to embed accountability into system de-
sign 69. However, these assessments are typically ex ante in-
struments: they evaluate risks before deployment but rarely 
mandate continuous validation 70. Once filed, they risk to re-
main static documents, updated only in response to major sys-
tem changes rather than ongoing operational learning 71.

a)	 Compliance Documentation and Procedural Audits

Procedural audits under the EU AI Act operate as a struc-
tured compliance workflow rather than a substantive re-
al-time assessment of system behaviour. For high-risk AI sys-
tems, the provider must complete a conformity assessment 
before placing the system on the market or putting it into ser-
vice, using either internal control or, in some cases, third-par-
ty assessment depending on the system category 72. The as-
sessment is tied to the core requirements in Chapter 3, Sec-
tion 2 of the Act, especially risk management, data gover-
nance, technical documentation, record-keeping, transparen-
cy, human oversight, accuracy, robustness, and cybersecuri-
ty 73. In practice, this means auditors verify whether a pro-
vider has documented processes, maintained a technical file, 
and produced supporting evidence that the system complies 
with Articles 9 to 15, rather than continuously testing how 

69  Regulation (EU) 2016/679 of the European Parliament and of the 
Council (General Data Protection Regulation) [2016] OJ L119/1.

70  R. Binns, op. cit.
71  P. Hacker, op. cit.
72  The EU AI Act, cit.
73  The EU AI Act, cit., cap. III, sez. 2.
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the system behaves in changing operational conditions. The 
procedural dimension is further formalised through the tech-
nical documentation obligations established in Article 11 and 
specified in Annex IV, together with the quality management 
system required under Article 17 74. These provisions require 
providers to maintain comprehensive documentation cover-
ing the AI system’s intended purpose, design, development, 
testing, validation, risk management, post-market monitor-
ing, and other compliance processes. Following the success-
ful completion of the applicable conformity assessment proce-
dure, the provider must draw up an EU declaration of confor-
mity and affix the CE marking, demonstrating that the high-
risk AI system complies with the applicable requirements of 
the AI Act before it is placed on the market or put into service. 

All these procedural audits – such as conformity assess-
ments envisaged by the EU AI Act – formalise verification 
processes through documentation, technical file reviews, and 
standardised templates 75. While these mechanisms enhance 
legal certainty, they also risk to reduce compliance as a pre-
dominantly procedural exercise 76. Because of the consider-
able emphasis on documented processes and conformity as-
sessment, the framework may inadvertently encourage pro-
viders, deployers, and other actors within the AI value chain 
to equate successful documentation with effective governance. 
Such an interpretation risks privileging demonstrable com-
pliance over adaptive accountability, reinforcing a relative-
ly static conception of AI auditing 77. To realise the objectives 
of the AI Act more fully, auditing should instead be under-
stood as a continuous governance function that extends be-
yond conformity assessment and supports the ongoing identi-
fication, evaluation, and mitigation of risks throughout the AI 
system’s lifecycle.

74  The EU AI Act, cit, Annex IV and Art 17.
75  The EU AI Act, cit.
76  M. Power, op. cit.
77  M. Strathern, op. cit.
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b)	 Third-Party Audits
Third-party audits, often outsourced to external certifiers 

or consultants, promise independence but frequently replicate 
the same static assumptions. Their periodic nature and reli-
ance on standardised metrics mean they capture a momen-
tary ‘snapshot’ of compliance, overlooking continuous chang-
es in model behaviour or operational context. The result is a 
procedural equilibrium where all actors – developers, audi-
tors, and regulators – derive legitimacy from the audit process 
without guaranteeing substantive oversight 78.

Tab 2: Existing auditing methodologies and main risks of a static ap-
proach

2.4.	Risk Buckets Across the AI Lifecycle

Static, oneoff audits sit at the centre of an active academ-
ic debate about how to govern AI systems that are dynamic, 
adaptive and sociotechnical rather than fixed artefacts. Many 
scholars argue that risks evolve across the AI lifecycle – design, 
deployment, monitoring, and retraining – in ways that funda-
mentally outstrip snapshotbased assurance, while others cau-

78  M. Power, op. cit.

Auditing
Method Description Main risks of static

approach
Impact
Assessments 
(DPIAs, AIAs)

Ex ante risk evaluation 
tools

Become static documents, 
lacking continuous moni-
toring

Procedural / 
Compliance
Audits

Documentation-based 
verification (e.g. EU AI 
Act conformity assess-
ments)

Risk of formalism – focus 
on process, not outcomes

Third-Party
Audits

External, independent 
assessments

Provide snapshot compli-
ance, not ongoing over-
sight
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tion that ‘continuous auditing’ risks replicating the pathologies 
of the wider ‘audit society’ if it becomes another procedural rit-
ual rather than a vehicle for substantive accountability 79.

a)	 Design phase and upstream bias
Static audits typically engage only with the system asde-

ployed, leaving upstream design choices – problem framing, 
data selection, model architecture – largely unscrutinised. 
This aligns with a growing strand of scholarship that treats 
AI risk as ‘baked in’ at the design stage and calls for lifecy-
clewide governance, where audits interrogate how goals were 
defined, who was involved, and which value tradeoffs were 
accepted ex ante. Authors writing from an AIgovernance or 
standards perspective (for example in work surrounding ISO/
IEC 42001) explicitly structure risk management around the 
entire lifecycle, arguing that designphase documentation, im-
pact assessment, and participatory methods should be audit-
able objects in their own right rather than background con-
text to a technical test 80. During system design, biases may be 
encoded through training data selection, model architecture, 
or problem framing 81. Static audits conducted post-deploy-
ment rarely revisit these upstream design decisions, thereby 
missing foundational causes of systemic bias 82.

b)	 Deployment and monitoring as dynamic risk zones
Deployment introduces operational variables such as data 

drift, environmental variability, and user adaptation 83. Stat-

79  M. Minkkinen et al., Towards an Infrastructure for Continuous AI Au-
diting, 2024, arXiv preprint arXiv:2406.14243. I ISO/IEC 42001:2023, Infor-
mation Technology – Artificial Intelligence – Management System, Interna-
tional Organization for Standardization, 2023; AWS Security Blog, ISO/IEC 
42001:2023 for AI Governance, 2025. Censinet, AI Risk Management: Why 
Traditional Frameworks Are Failing with Adaptive AI, 2025.

80  L. Enqvist, Human oversight’ in the EU artificial intelligence act: what, 
when and by whom? in Law, Innovation and Technology, 15(2), 508–535, 
2023. https://doi.org/10.1080/17579961.2023.2245683.

81  A. Selbst et al., op. cit.
82  I.D. Raji et al., op. cit.
83  M.C. Elish, D. Boyd, op. cit.
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ic audits, typically conducted prior to or immediately after de-
ployment, cannot anticipate these evolving interactions, leav-
ing gaps in accountability once systems are in use.

In domains such as healthcare, commentators note that 
traditional risk frameworks assume relative stability of soft-
ware behaviour, whereas AI models change as populations, 
workflows and data streams shift, rendering pointintime cer-
tifications quickly obsolete. Industry and policy literature in-
creasingly responds by advocating continuous monitoring 
of data drift, concept drift, and usage patterns, sometimes 
framed explicitly as a move from episodic audits to ‘contin-
uous assurance’. Academic proposals for infrastructures of 
continuous AI auditing go further, sketching architectures in 
which logging, testing, and risk evaluation are embedded into 
pipelines so that auditing becomes an ongoing process rather 
than a discrete event 84.

At the same time, critical governance scholars warn that 
postdeployment monitoring in practice often depends on com-
plaints, whistleblowing, or media exposure, meaning that 
harms surface only once they are socially visible. On this 
view, static audits reinforce an illusion of control: once a sys-
tem has ‘passed’ an assessment, both organisations and reg-
ulators may feel their responsibilities are discharged, even 
though the most serious risks emerge only through longterm 
interaction with users and institutions 85. In essence, post-de-
ployment monitoring is often underdeveloped or reactive 86. 

c)	 Retraining, updating and the problem of identity
Model retraining – essential for maintaining performance 

– poses distinct risks, including untracked parameter changes 
and unintended drift in decision logic 87. Static audits typically 
do not mandate re-audit after retraining, allowing significant 

84  J. Mökander, AI auditing, in A Companion to Digital Ethics, 2025, p. 
137 ss.; J. Mökander, Auditing of AI: Legal, Ethical and Technical Approach-
es, in Digital Society, 2023, 2, 3.

85  Censinet, op. cit.
86  K. Yeung, op. cit.
87  E. Renieris, op. cit.
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deviations from the originally assessed system to go unexam-
ined. This gap exemplifies how temporal rigidity undermines 
audit reliability throughout the AI lifecycle.

Updating and retraining highlights another contested 
point: what exactly is ‘the system’ that has been audited. Be-
cause models are routinely retrained, finetuned, or integrat-
ed into new workflows, their decision logic may drift signifi-
cantly over time, creating what some practitioners describe as 
‘model versioning gaps’ between the artefact evaluated at audit 
and the artefact actually in use. Lifecycleoriented governance 
frameworks therefore insist that reevaluation, including possi-
ble reaudit, should be triggered by material changes to models, 
data, or usecases, treating retraining as a new risk event rath-
er than a mere maintenance operation. Proponents of continu-
ous auditing argue that automated revalidation, logging of pa-
rameter changes, and traceable audit trails can make such re-
assessments feasible at scale, but they also acknowledge that 
methods and standards for doing so remain underdeveloped.

Tab 3: Static Approach-related Risk Buckets Across the AI Lifecycle

Phase / Issue Key Risk Limit of Static
Auditing

Design Phase Bias embedded in data, 
model, framing.

Does not revisit up-
stream design choices.

Deployment
Data drift, environment 
changes, user interac-
tion.

Cannot anticipate
real-world evolution.

Post-
Deployment

Reactive monitoring, re-
liance on complaints.

Creates false sense of
closure after audit.

Updating /
Retraining

Model drift, untracked 
changes.

No requirement
for re-audit of precedent 
stages after updates.
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2.5.	The Limits of the Static Approach

a)	 Snapshot audits versus continuous evolution

The contrast drawn between snapshotbased assessment 
and the continuous evolution of AI mirrors broader debates 
about the future of assurance. In the auditing literature, con-
tinuous auditing – largely inspired by financial practice – is 
framed as a shift from periodic, samplebased inspection of 
past data to realtime or highfrequency scrutiny of systems 
and transactions. Advocates argue that similar principles 
could underpin AI oversight: automated monitoring of key 
risk indicators, continuous testing against fairness and ro-
bustness metrics, and realtime alerts would better match the 
dynamic character of machinelearning systems than annual 
or predeployment reviews.

However, there is also scepticism. Drawing on Michael 
Power’s diagnosis of the ‘audit society’, some scholars warn 
that expanding continuous auditing into AI may simply deep-
en a culture of ritualised verification, where organisations in-
vest heavily in generating auditfriendly data and documen-
tation without addressing underlying power structures or 
harms. On this view, continuous auditing could reproduce the 
same “temporal blind spots” you identify if it focuses on feed-
ing dashboards rather than empowering stakeholders to con-
test and reshape systems over time 88.

b)	 Formal compliance and substantive accountability

Static auditing privileges formal compliance – the demon-
stration that procedures exist – over substantive accountabil-
ity, which demands evidence that systems behave responsibly 
in practice. This distinction echoes broader critiques in com-
pliance theory, where proceduralism replaces ethical reflec-
tion. As Power warns, the more an audit relies on documenta-
tion, the less it reveals about actual performance 89.

88  M. Power, op. cit.
89  Ibidem.
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The distinction between formal compliance and substan-
tive accountability connects directly to longrunning critiques 
in audit theory. Power argues that as audit practices expand, 
they often become highly documentcentred, privileging the 
existence of policies, procedures and controls over evidence of 
actual effects, and thereby encouraging organisations to man-
age appearances rather than performance. Critical respons-
es to this account suggest that audit need not be empty ritu-
al; if designed with robust methodologies, independence, and 
stakeholder involvement, it can support genuine accountabil-
ity and learning. Transposed into the AI context, this debate 
plays out between a) approaches that treat AI audits primar-
ily as demonstrations of conformity with checklists, gover-
nance processes, and technical benchmarks (accuracy, robust-
ness, documentation); and b) approaches that insist audits 
should investigate lived impacts, distribution of harms and 
benefits, and the social conditions under which AI systems are 
developed and used.

Scholars sympathetic to the latter position argue that a 
purely procedural, static audit is particularly illsuited to AI 
because the most salient questions concern how systems be-
have in practice – how they shape markets, public discourse, 
or access to services – over extended periods.​

c)	 Emergent and systemic risks

Finally, static audits fail to capture emergent risks – those 
that arise from complex, adaptive interactions between mod-
els, users, and institutions 90. Systemic harms such as feed-
back amplification, market distortion, or societal bias mani-
fest over time and across scales, defying punctual inspection. 

Analyses of bias across the AI lifecycle stress that harms 
frequently arise from complex feedback loops – for example, 
recommendation or creditscoring systems that, once deployed, 
reshape the very populations and data on which they oper-
ate, thereby amplifying inequality over time. Such phenome-
na are difficult to anticipate ex ante or detect in oneoff evalu-

90  K. Yeung, op. cit.
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ations, because they depend on interactions between multiple 
systems, institutions, and user behaviours. 

To confront these challenges, auditing must evolve toward 
temporal governance frameworks that institutionalise ongo-
ing learning and adaptive oversight 91.

In response, some researchers call for ‘temporal governance’ 
or ‘adaptive regulation’ of AI: frameworks that institutionalise 
ongoing learning, iterative review, and responsive rulemaking 
as systems evolve. Continuous auditing is sometimes present-
ed as one operational component of these frameworks, but ma-
ny authors stress that it must be coupled with broader mech-
anisms such as participatory oversight, impact assessments, 
and structural interventions if emergent and systemic harms 
are to be addressed rather than merely observed 92.

Tab 4: Main Limitations of the Static Approach

3.	 The Silent Over-Delegation

If the static approach to AI auditing freezes oversight in 
time, the phenomenon of silent over-delegation disperses it 

91  P. Hacker, op. cit.
92  A.D. Selbst, An Institutional View of Algorithmic Impact Assessments, 

in Harvard Journal of Law & Technology, 2021, 35, 1, p. 117 ss.; Ada Love-
lace Institute, Algorithmic Impact Assessment: A Case Study in Healthcare, 
2022; M. Vogel, Beyond Compliance: The Case for Adaptive AI Governance, 
IAPP, 2025.

Core
Limitations Explanation

Snapshot vs
Evolution

Audits are episodic, AI is contin-
uous.

Formal vs
Substantive

Focus on procedures, not re-
al-world outcomes.

Emergent Risks Fails to capture systemic, long-
term harms.
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across opaque socio-technical networks. Whereas static audit-
ing produces temporal blindness, silent over-delegation gen-
erates epistemic blindness, a condition in which responsibility 
migrates unnoticed from humans to automated systems, pro-
cedural routines, or third-party intermediaries 93. This trans-
fer is ‘silent’ not because it is concealed by design, but because 
it occurs as a by-product of efficiency, automation, and compli-
ance rationalisation 94.

The concept of silent delegation builds on Floridi’s account 
of AI as a form of agency without intelligence 95. Floridi argues 
that the growing reliance on AI systems raises fundamental 
questions about who decides and who is accountable, and he 
stresses that any delegation of decision-making power must 
remain subject to human oversight and responsibility. In this 
framework, AI systems can be understood as agents that pro-
duce outcomes, but not as bearers of moral responsibility; re-
sponsibility remains with human actors. Over-delegation, on 
this view, arises when humans rely on AI outputs without suf-
ficient understanding, scrutiny, or control, leading to a grad-

93  M. Power, op. cit.
94  K. Yeung, op. cit.
95  In his monograph The Ethics of Artificial Intelligence: Principles, Chal-

lenges, and Opportunities, Part One develops the thesis of AI as a «divorce 
between agency and intelligence», and Part Two analyses the ethical risks 
of using such nonintelligent agency, focusing among others on responsibili-
ty and critical oversight. He also discusses the need for human to control AI, 
and this builds on his longstanding distinction between moral agency and 
moral responsibility in «On the Morality of Artificial Agents», where he and 
Sanders argue that artificial agents can be treated as moral agents at an ap-
propriate level of abstraction, while the question of moral responsibility re-
mains separate and ultimately human. Read together, these works seem to 
caution against over-delegating consequential decisions to AI systems with-
out clear accountability structures. L. Floridi, The Ethics of Artificial Intel-
ligence: Principles, Challenges, and Opportunities, Oxford, 2023; L. Floridi, 
J.W. Sanders, On the Morality of Artificial Agents, in Minds and Machines, 
2004, 14, 3, p. 349 ss.; L. Floridi, Distant Writing: Creativity, Delegation and 
Plagiarism in the Age of AI, cit. (cited in M Aslam, ‘On Creativity, Delegation, 
and Plagiarism in the Age of AI in International Journal of Social Sciences 
and Humanities Invention, 2025)
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ual erosion of autonomy and accountability 96. This risk is ex-
acerbated by the opacity of many AI systems, which under-
mines explicability – a core ethical requirement encompass-
ing transparency and intelligibility – and renders meaningful 
human oversight increasingly difficult.

Building on this framework, the notion of silent delega-
tion seeks to capture a more subtle and procedural dimension 
of the same phenomenon. It is ‘silent’ because it does not oc-
cur through a single, explicit transfer of authority, but rath-
er through a progressive and incremental delegation of tasks, 
where discrete elements of decision-making are gradually au-
tomated. Over time, this accumulation of small delegations 
can result in a significant shift in control, even in contexts 
where human oversight formally remains in place. Silent del-
egation therefore focuses on the processual nature of the risk, 
highlighting how responsibility may be diluted not through 
conscious abdication, but through routine reliance on auto-
mated systems. It draws attention to the fact that the pres-
ence of a ‘human in the loop’ does not necessarily guarantee 
meaningful control, particularly where human intervention 
becomes superficial or dependent on outputs that are not fully 
understood. In this sense, silent delegation complements Flo-
ridi’s framework by stressing how over delegation can emerge 
quietly and structurally, embedded within everyday practic-
es of automation.

In short, over‑delegation names the extent of authority 
ceded to AI, while silent over‑delegation highlights the man-
ner in which that authority shifts – quietly, incrementally, 
and embedded in everyday procedures.

96  L. Floridi et al., AI4People – An Ethical Framework for a Good AI So-
ciety: Opportunities, Risks, Principles, and Recommendations, in Minds and 
Machines, 2018, 28, p. 689 ss.
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Tab 5: A granular look at Silent over-delegation in relation to over-
delegation 

The result is a dual failure: first, the abdication of human 
judgment in favour of machine or procedural authority; and 
second, the institutionalisation of such abdication as a nor-
mal, even desirable, feature of corporate governance 97.

The literature provides compelling empirical and theoret-
ical evidence that validates the macro-level concerns regard-
ing ‘silent over-delegation’, demonstrating how formal human 
oversight often degrades into mere ritual. This phenomenon 
of ‘silent’ control shift is further elucidated in the financial 
sector, where studies on high-frequency trading argue that 
the cognitive and temporal limits of humans make tactical in-
terventions in AI-driven markets fragile and often illusory, 
leading to a de facto loss of control normalised as routine prac-
tice 98. Furthermore, the ‘illusion of human agency’ is techni-

97  M. Strathern, op. cit.
98  A.T. Wasi, E. Eram, Illusion of Control: Exploring the Limits of Human-

in-the-Loop Oversight in Generative Finance, in NeurIPS Workshop on Gen-

Concept Core idea How it hap-
pens Human role Main risk

Overde lega -
tion (general)

Excessive trans-
fer of decision-
making or re-
sponsibility to 
AI systems in 
domains that 
require human 
judgment.

Often through 
explicit design 
choices or pol-
icies that give 
AI primary de-
cision power.

Humans for-
mally step back 
or rely heavily 
on AI outputs.

Loss of appro-
priate human 
judgment and 
accountability.

Silent
overde lega -
tion

Incremental , 
often unnoticed 
accumulation of 
automated mi-
crotasks that to-
gether shift real 
control to AI.

Through grad-
ual automation 
of discrete steps 
in workflows, 
without a clear 
moment of “han-
dover”.

“Human in the 
loop” remains 
but becomes 
s u p e r f i c i a l , 
rubberstamp-
ing AI outputs.

De facto loss of 
control and di-
luted responsi-
bility, normal-
ised as routine 
practice.
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cally described in public administration research, which high-
lights how end-to-end AI automation reduces step-wise over-
sight opportunities, causing humans to react to AI-set sub-
goals rather than shaping them, thereby diluting responsibil-
ity without a clear moment of hand-over 99. Finally, the foun-
dational risk of automation bias confirms that even when hu-
mans are formally ‘in the loop’, they tend to conform to al-
gorithmic recommendations, validating the thesis that exces-
sive transfer of decision-making power leads to a loss of ap-
propriate human judgment and accountability 100.

3.1.	Conceptualising Silent Over-Delegation

Silent over-delegation shares deep conceptual roots with 
the static auditing mindset. Both rely on cognitive outsourc-
ing – a dependence on procedural or technical proxies for 
judgment 101. In the same way that static auditing treats com-
pliance as a one-off artefact, silent over-delegation treats cog-
nitive evaluation as a transferable task, one that can be auto-
mated or externalised without substantive loss.

This phenomenon can be read through what Floridi terms 
the ‘onlife’ condition: the blurring distinction between online 
and offline, and more broadly between human, machine, and 
informational agency of boundaries between human and in-
formational agency 102. In such hybrid environments, deci-
sion-making authority becomes distributed across systems, 
making accountability increasingly difficult to locate 103. Mor-

erative AI in Finance, 2025.
99  L. Zhu, Designing Meaningful Human Oversight: Enhancing Human 

Agency in AI-Enabled Public Administration, CSIRO Research, 2025.
100  N. Javed, Z. Altaf, Human Oversight in AI-Driven Intelligence: Rhet-

oric, Reality, and the Risks of Automation, in Intelligence and National Secu-
rity, 2026.

101  A. Selbst et al., op. cit.
102  L. Floridi, The Onlife Manifesto: Being Human in a Hyperconnected 

Era, 2015.
103  L. Floridi, Soft Ethics and the Governance of the Digital, in Philosophy 

& Technology, 2018, 1, p. 1 ss.
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ley and Floridi have argued that ethical governance of AI de-
pends on retaining ‘meaningful human control’, which must 
remain substantive rather than merely formal: AI can sup-
port clinical and health-related decision-making, for exam-
ple, but it should not displace human judgment, profession-
al responsibility, or accountability. Their broader argument 
is that responsible innovation requires governance structures 
that preserve human oversight at key stages of design, de-
ployment, and use, so that AI remains a tool for augmenta-
tion rather than an autonomous substitute for moral or pro-
fessional decision-makers. Yet these are precisely the dimen-
sions that risk to be eroded by silent over-delegation 104.

Compliance regimes exacerbate this tendency when they 
equate procedural conformity with ethical adequacy. The ‘tick-
the-box’ mentality, observed in both legal and managerial 
scholarship, converts complex ethical obligations into bureau-
cratic tasks. Auditors and compliance officers, pressed for effi-
ciency and legal defensibility, may thus surrender interpretive 
agency to predefined templates or automated auditing tools.

Silent over-delegation, in this sense, represents the ero-
sion of the epistemic integrity of auditing: a process in which 
verification survives, but understanding does not.

3.2.	Organisational Dynamics of Over-Delegation

In private-sector contexts, over-delegation is deeply em-
bedded in organisational structures and incentive systems. 
Corporate governance frameworks often prioritise risk trans-
fer over risk comprehension, encouraging departments to 
‘pass down’ responsibility to technological systems or exter-
nal contractors 105. This dynamic reshapes accountability in 
two main ways.

104  J. Morley, L. Floridi, Responsible Innovation in the Age of AI: Ethi-
cal Governance of AI for Health, in Nature Machine Intelligence, 2020, 28, p. 
389 ss.

105  P. Hacker, op. cit.
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First, responsibility is shifted from humans to systems. AI 
tools designed to assist auditing – such as anomaly detection, 
pattern recognition, or compliance automation software – are 
granted increasing discretion over evaluative judgments. In 
practice, this delegation is framed as efficiency, yet it consti-
tutes a form of epistemic outsourcing, where humans validate 
outputs rather than engage in substantive review.

Second, accountability becomes diffused within corporate 
hierarchies. As Power and Strathern noted, audit systems 
produce organisational complexity by multiplying roles while 
diluting responsibility 106. Each actor claims procedural com-
pliance while deflecting substantive scrutiny – creating, once 
again, what Yeung describes as ‘accountability without an-
swerability’ 107.

This diffusion is reinforced by the illusion of objectivity 
and technical neutrality 108. The narrative that machines are 
impartial encourages organisations to defer to automated out-
puts, even when such systems embed the biases or limitations 
of their creators. As Floridi cautions, technological neutrality 
is a myth: every system encodes epistemic and moral assump-
tions that must be actively interrogated 109.

Consequently, silent over-delegation is not a single act 
of abdication but a systemic drift – a normalisation of ma-
chine-mediated decision-making within corporate gover-
nance. The paper is going to analyse two main manifestations 
of silent over-delegation: in favour of automation (use of AI to 
audit AI) and with meaning-erosion of human control, that we 
could call ‘human-control washing’.

106  M. Power, op. cit.; M. Strathern, op. cit.
107  K. Yeung, op. cit.
108  L. Floridi, The Onlife Manifesto, cit.
109  L. Floridi, The Logic of Information: A Theory of Philosophy as Con-

ceptual Design, Oxford, 2019.
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3.3.	Technical Manifestations of Over-Delegation in favour of 
automation

Over-delegation manifests technically in several ways, 
each compounding the governance challenge. Some of the 
main examples are analysed below.

a)	 Excessive Discretion Granted to AI Systems
In many organisations, AI systems are deployed with sig-

nificant autonomy in functions such as compliance monitor-
ing, fraud detection, or personnel evaluation. When auditors 
rely on these systems to detect anomalies or generate reports, 
they effectively delegate evaluative authority to models whose 
logic they may not fully understand. The silent dimension lies 
in this epistemic dependency: the delegation is operational-
ly convenient but rarely acknowledged as a loss of judgmen-
tal agency.

b)	 Hallucinations and Reliability Failures
Large language models and generative AI tools used for 

drafting audit reports or summarising documentation can pro-
duce hallucinations – outputs that are plausible but false 110. 
Over-delegation arises when these artefacts are accepted un-
critically as authoritative. Without robust verification, hal-
lucinated audit findings may circulate as fact, undermining 
both internal governance and external accountability 111.

c)	 Failure to Revise Parameters and Update Risk Assessments
Automated compliance tools might rely on static thresholds 

or parameters that are rarely re-evaluated once deployed. This 
creates temporal misalignment between system behaviour and 

110  J. Morley, L. Floridi, op. cit.
111  Floridi contends that information systems have moral architectures 

and that misinformation and false informational artefacts corrupt the info-
sphere. This offers a normative grounding for treating hallucinations as mor-
al-epistemic failures, not neutral technical glitches. L. Floridi, The Logic of 
Information, cit.
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risk environment – a form of delegation inertia. By failing to 
revisit assumptions or update models, auditors inadvertently 
allow outdated parameters to guide oversight.

d)	 Model Drift and Outdated Evaluation Metrics

As AI systems evolve, model drift alters their decision 
boundaries: this might render prior evaluation metrics obso-
lete. When audits continue to rely on legacy benchmarks, the 
result is double obsolescence: the system changes, and the au-
dit framework remains unchanged. The delegation here is si-
lent because the automation of metric generation conceals its 
own decay.

In each of these technical scenarios, silent over-delegation 
manifests as algorithmic complacency – a reliance on the very 
systems that require auditing.

3.4.	Technical Manifestations of silent Over-Delegation with 
meaning-erosion of human control

Silent over‑delegation has distinct technical manifestations 
at each stage of the AI lifecycle, progressively hollowing out 
the meaning of ‘human control’ even where it formally exists.

In the design and development phase, silent over‑delegation 
appears when teams hard‑code thresholds, risk scores, or deci-
sion rules that are rarely revisited and are presented to humans 
as default ‘best choices’. For example, a credit‑scoring model 
might automatically flag applications below a model‑generated 
cut‑off as ‘high risk’, with loan officers only seeing a binary ‘ap-
prove/decline’ recommendation rather than the underlying fea-
tures. Here, human review becomes nominal: the interface and 
workflow are engineered so that deviating from the AI output is 
technically possible but practically discouraged.

During deployment and operation, technical integration 
choices can further erode meaningful oversight. In a hospital 
triage system, an AI tool might pre‑populate priority labels in 
the electronic health record and sort patient queues accord-
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ingly, while clinicians are under time pressure and see little 
more than the model’s recommendation. Logging may capture 
that a doctor ‘confirmed’ the suggestion, but in practice they 
are rubber‑stamping outputs they cannot interrogate or over-
ride without substantial friction (extra clicks, justification 
screens, or delays in the system). Silent over‑delegation thus 
occurs not through a formal transfer of authority, but through 
user‑interface design and workflow coupling that make reli-
ance on the system the path of least resistance.

In the monitoring, updating, and retraining phase, techni-
cal tooling can quietly shift evaluative agency from humans 
to metrics and pipelines. For instance, automated monitoring 
dashboards may track only performance indicators such as ac-
curacy or uptime, flagging alerts for engineers while leaving 
fairness or distributional impacts invisible. Retraining pipe-
lines might be set to update models on a schedule using new 
data, with only automated tests run before redeployment; au-
ditors or domain experts see a ‘validated’ model version num-
ber, but have no opportunity to review how decision boundar-
ies or error patterns have changed. Over time, decisions about 
what counts as acceptable performance are silently delegated 
to the configuration of monitoring tools and test suites, while 
‘human in the loop’ remains a formal requirement that no lon-
ger anchors substantive control.

3.5.	The Feedback Loop Between Static Auditing and Silent 
Over-Delegation

Silent over-delegation and static auditing are mutually re-
inforcing. Each enables the other, producing a feedback loop 
of governance stagnation.

Static audits, by framing compliance as a fixed state, en-
courage organisations to institutionalise delegation habits. 
When audits merely confirm the presence of procedural ar-
tefacts rather than interrogate evolving practices, they legit-
imise the hand-off of responsibility to systems. This creates 
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a risk of ethical fading: as oversight becomes proceduralised, 
the moral salience of the decision may diminish, and compli-
ance can come to be treated as a technical or administrative 
exercise rather than a substantive ethical responsibility 112.

Conversely, over-delegation weakens adaptive oversight, 
making continuous learning and reflexivity harder to achieve. 
When humans are no longer central to interpretive process-
es, the capacity to identify novel or emergent risks diminish-
es. As Yeung notes, AI governance mechanisms risk becoming 
‘self-referential control systems’, validating their own adequa-
cy through automated feedback loops 113.

The compounded effect is a governance deadlock: static au-
dits justify passive oversight, and silent delegation perpetuates 
it. Breaking this loop requires actions discussed among schol-
ars, such as top-down reforms or bottom-up initiatives that 
re-empower human judgment, centre interpretive accountabil-
ity, and embed temporal adaptability into auditing regimes.

4.	 Relevance for Sustainability and Recommendations

The governance of AI is not merely a question of legal com-
pliance or risk management; it is increasingly a question of 
sustainability – namely, ensuring that technological systems 
contribute to long-term social, environmental, and institu-
tional resilience. Within this broader perspective, AI auditing 
can serve a function that extends beyond verifying conformi-
ty with regulatory requirements. Properly designed, auditing 
mechanisms can support responsible innovation, strengthen 
institutional accountability, and contribute to the achieve-
ment of the United Nations Sustainable Development Goals 
(SDGs), particularly SDG 9 on industry, innovation and infra-
structure, SDG 12 on responsible consumption and produc-
tion, and SDG 16 on peace, justice and strong institutions.

112  J. Morley, L. Floridi, An Ethical Framework for AI in Health Care, in 
The Lancet Digital Health, 2020, 2, 2, p. e94 ss.

113  K. Yeung, op. cit.
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From this perspective, AI auditing should be understood as 
a governance mechanism capable of evaluating whether AI sys-
tems remain aligned with broader societal objectives through-
out their lifecycle. This requires moving beyond a narrow focus 
on ex ante certification or documentation towards more adap-
tive approaches (those that have been discussed in this paper, 
for example) that consider evolving risks, changing social con-
texts, and the long-term impacts of AI deployment. Such an 
approach is relevant as AI systems become increasingly com-
plex, interconnected, and capable of producing effects that ex-
tend across organisational and jurisdictional boundaries.

The public governance dimension of AI auditing has been 
highlighted by scholars examining the relationship between 
AI governance and broader legal obligations 114. For instance, 
auditing mechanisms may play an important role in enabling 
states and institutions to address emerging risks associated 
with advanced and potentially agentic AI systems. Manage-
ment system standards, such as ISO/IEC 42001:2023, are es-
sential as foundations for internal governance, supervision, 
and continual improvement. At the same time, voluntary stan-
dards alone cannot replace broader duties of prevention, due 
diligence, and cooperation under public international law 115. 

The sustainability dimension of AI auditing also requires 
attention to whether AI systems generate socially beneficial 
outcomes rather than merely comply with procedural require-
ments. In this respect, algorithmic auditing has been increas-
ingly linked to questions of fairness, accountability, transpar-
ency, environmental impact, and the distribution of techno-
logical benefits. Governance frameworks should encourage AI 
systems to advance sustainable development objectives and 
require mechanisms capable of identifying when technologi-
cal deployment risks undermining those objectives 116.

114  J. Truby, Global Governance of Transboundary Risks from Agentic AI: 
Enhancing International Standards for Auditing AI Management Systems to 
Comply with State Duties, in Oxford Intersections: AI in Society, Oxford, 2025.

115  Ibidem.
116  J. Truby, Governing Artificial Intelligence to Benefit the UN Sustain-

able Development Goals, 2020.
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Accordingly, AI auditing should be conceived as an evolv-
ing governance practice that combines regulatory compliance, 
risk management, human oversight, and sustainability objec-
tives. Rather than functioning solely as a retrospective veri-
fication exercise, effective auditing should provide continuous 
feedback mechanisms capable of guiding responsible innova-
tion and institutional decision-making. 

This section builds on these considerations, outlining how 
adaptive, human-centred auditing methodologies can align AI 
governance with sustainability goals. It proposes some ideas 
that lead toward a framework linking risk categorisation, hu-
man oversight, and iterative governance to incentivise re-
sponsible innovation and institutional accountability. Para-
graphs 4.1 to 4.4 summarise the main recommendations that 
flow coherently from the analysis, and that already present 
in the literature and discussion on AI governance. Paragraph 
4.5 contributes by elaborating the concept of ‘human-control 
washing’, and 4.6 offers a conclusive broader reflection.

4.1.	Mapping Risks to Structured Categories

Sustainability-oriented auditing requires the systematic 
mapping of risks across both operational and ethical dimen-
sions. The earlier risk framework – technical, organisational, 
legal, and societal – can be expanded to include environmen-
tal and intergenerational risks, consistent with the SDGs’ em-
phasis on long-term resilience.

Operationally, risk mapping must reflect how AI systems in-
teract with supply chains, resource allocation, and energy con-
sumption 117. Mazzi’s work on sustainability highlights the need 
for integrated frameworks that connect corporate governance 

117  F. Mazzi, AI Governance and Environmental Sustainability: Evaluat-
ing SDGs’ Impact Assessment With a Case Study on AI Integration in the 
Supply Chain, in Oxford Intersections: AI in Society, a cura di P. Hacker, Ox-
ford, 2025.
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metrics with environmental and social performance 118. By anal-
ogy, AI auditing should align its risk categories with the broad-
er sustainability metrics companies already report, such as 
those developed under the Global Reporting Initiative (GRI) or 
International Sustainability Standards Board (ISSB) 119.

Governance research shows that risk is not an external phe-
nomenon but a construct shaped by institutional practices 120. 
Embedding AI-related risks into existing compliance systems 
encourages coherence between digital governance and sustain-
ability reporting 121. This approach advances, for example, SDG 
12 by ensuring that resource-efficient digital processes do not 
compromise human rights or accountability structures.

4.2.	Embedding Human Oversight

The antidote to static auditing and silent over-delegation 
is, in essence, embedded human oversight – a practice of con-
tinual, informed engagement with AI systems throughout 
their lifecycle.

Periodic audits are ill-suited to dynamic systems. Instead, 
continuous monitoring mechanisms – combining automated 
alerts with human interpretation – can detect and address risks 
in real time. This echoes sustainability principles of adaptive 
management and proactive leadership, where feedback is used 
to recalibrate processes rather than certify them as complete 122.

118  F. Mazzi Evaluating the normative implications of national and interna-
tional AI policies for Sustainable Development Goal 3: good health and well-be-
ing, in Health Affairs Scholar, 2025, 3, 6; F. Mazzi, M. Taddeo, L. Floridi, AI in 
Support of the SDGs: Six Recurring Challenges and Related Opportunities Iden-
tified Through Use Cases, in The Ethics of AI for the Sustainable Development 
Goals, a cura di F. Mazzi, L. Floridi (a cura di), Springer, Cham, 2023.

119  Global Reporting Initiative, GRI Standards 2023.
120  M. Power, op. cit.
121  F. Mazzi, Concerted Actions to Integrate Corporate Social Responsibili-

ty with AI in Business: Two Recommendations on Leadership and Public Pol-
icy, in Responsible AI. CSR, Sustainability, Ethics & Governance, a cura di R. 
Schmidpeter, R. Altenburger (a cura di), Springer, Cham, 2023.

122  F. Thomaz et al., Ethics for AI in Business, 2021.
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Human oversight depends on well-defined responsibility 
chains. In sustainability governance, distributed responsibil-
ity dilutes accountability, leading to ‘greenwashing’ or sym-
bolic compliance 123. Analogously, AI oversight must assign ex-
plicit roles for system owners, auditors, compliance officers, 
and executive leadership, ensuring traceability of decisions. 
This is a rather obvious and long-felt observation and still de-
serves to be reaffirmed. When technology can be obscure, lia-
bility chains should be clearer than ever.

Effective oversight also requires formal mechanisms for 
escalation when anomalies are detected. These should include 
cross-functional committees empowered to suspend or re-eval-
uate AI systems. This procedural responsiveness aligns with 
SDG 16, aiming for accountable institutions and responsive 
decision-making.

4.3.	Organisational Accountability

Sustainability-oriented auditing depends on internal cul-
tures of accountability rather than mere compliance perfor-
mance.

Private organisations must move from compliance-driven 
to purpose-driven governance models. As Mazzi’s research on 
sustainability shows, internal frameworks that integrate eth-
ical and environmental objectives outperform purely proce-
dural models 124. AI auditing should adopt similar principles, 
embedding fairness, transparency, and sustainability goals as 
key audit dimensions.

In sustainability reporting, documentation is not an archi-
val exercise but a living instrument that supports continuous 
improvement 125. Similarly, AI audit documentation should 
evolve alongside system updates, model retraining, and con-
textual changes. Dynamic documentation bridges the gap be-

123  F. Mazzi, AI Governance and Environmental Sustainability, cit.
124  Ibidem.
125  F. Thomaz et al., op. cit.
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tween transparency (SDG 16) and innovation (SDG 9), main-
taining interpretive continuity across system iterations.

Furthermore, accountability can benefit from incentives. 
Firms should reward departments and individuals who iden-
tify, disclose, and mitigate AI-related risks. This principle 
mirrors sustainability best practices, where performance met-
rics increasingly include non-financial indicators linked to en-
vironmental and social impact.

4.4.	Adaptive and Iterative Auditing Methodologies

To operationalise sustainability principles in AI gover-
nance, auditing must become adaptive, iterative, and lifecy-
cle-based.

Each stage of the AI lifecycle – design, deployment, monitor-
ing, and retraining – presents distinct risks requiring contextu-
alised oversight 126. Lifecycle-based auditing ensures that sus-
tainability criteria, such as carbon footprint, energy efficiency, 
and human well-being, are integrated into every phase 127.

Auditing frameworks must incorporate periodic reassess-
ment schedules. Just as sustainability audits re-evaluate en-
vironmental impact annually or seasonally, AI audits should 
revisit risk profiles whenever data sources, algorithms, or use 
contexts change. This prevents governance obsolescence and 
ensures alignment with the SDGs’ principles, aiming for con-
tinuous improvement.

Automated monitoring tools – such as bias-detection soft-
ware, drift trackers, or interpretability dashboards – should 
complement, not replace, human evaluation. Integrating hu-
man review helps preserve contextual sensitivity and moral dis-
cernment, consistent with Floridi’s broader emphasis on ethical 
governance of the digital and on retaining substantive human 
responsibility in AI oversight 128. This hybrid oversight model 
supports SDG 16 by balancing innovation with ethical control.

126  F. Mazzi, AI Governance and Environmental Sustainability, cit.
127  Ibidem.
128  L. Floridi, Soft Ethics and the Governance of the Digital, cit.
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4.5.	Elaborating the concept of ‘human-control washing’

The last contribution of this paper is an attempt to concep-
tualise the ‘Human-control washing’. To start, this term re-
fers to the practice of formally satisfying human oversight ob-
ligations (such as those of the EU AI Act 129) while failing to 
preserve the substantive capacity for meaningful human in-
tervention. Unlike automation bias 130, which describes a cog-
nitive tendency to over-rely on algorithmic outputs, or rub-
ber-stamping 131, which denotes the mechanical approval of AI 
decisions without critical engagement, human-control wash-
ing is a structural and institutional phenomenon: organisa-
tions design oversight mechanisms that appear compliant on 
paper but lack the interpretability, authority, or operational 
conditions necessary for genuine control.

This concept is distinct from the broader notion of over-re-
liance on AI 132, as it focuses specifically on the performative 
alignment with regulatory formalities rather than on the cog-
nitive tendency to defer to algorithmic outputs. Human-con-
trol washing occurs where organisations formally comply with 
human oversight requirements – such as those laid down in 
Article 14 of the EU AI Act – by designating human review-
ers or embedding nominal oversight mechanisms, while fail-
ing to ensure that those reviewers possess the practical ca-
pacity to exercise meaningful control. In such circumstanc-
es, human oversight exists primarily as evidence of regula-
tory compliance rather than as an effective governance safe-
guard. Oversight personnel may lack sufficient understand-
ing of the system’s capabilities and limitations, adequate AI 

129  L. Enqvis, op. cit.
130  K. Goddard, A. Roudsari, J.C. Wyatt, Automation Bias: A Systemat-

ic Review of Frequency, Effect Mediators, and Mitigators, in Journal of the 
American Medical Informatics Association, 2012, 19, 1, p. 121 ss.

131  B. Wagner, Liable, but Not in Control? Ensuring Meaningful Human 
Agency in Automated Decision-Making Systems, in Policy & Internet, 2019, 
11, 1, p. 104 ss.

132  A. Klingbeil, C. Grützner, P. Schreck, Trust and Reliance on AI – An 
Experimental Study on the Extent and Costs of Overreliance on AI, in Com-
puters in Human Behavior, 2024, 160, 108352.



Francesca Mazzi

49

literacy and training, access to meaningful explanatory infor-
mation, or the organisational authority to disregard, override, 
reverse, or interrupt system outputs 133. As a result, the hu-
man role becomes largely symbolic, creating the appearance 
of accountability without providing the substantive conditions 
necessary for independent judgment or effective intervention. 
Such practices undermine the objective of Article 14, which 
seeks not merely the formal presence of a human in the deci-
sion-making process but the exercise of genuine and effective 
human oversight throughout the AI system’s operation.

Similarly, while the erosion of meaningful human control 
describes a gradual decline in the effectiveness of human in-
volvement in AI-assisted decision-making, human-control 
washing captures a more specific governance failure: the de-
liberate or organisationally reinforced construction of symbol-
ic safeguards that create the appearance of human account-
ability while leaving the substantive conditions for human 
agency absent. The distinction is important because the mere 
presence of a human actor within an AI-supported process 
does not necessarily ensure meaningful control. Effective hu-
man oversight requires not only the formal assignment of re-
sponsibility, but also the ability to understand the system’s 
operation, critically assess its outputs, access relevant infor-
mation, and intervene where necessary.

For example, an organisation deploying an AI system for re-
cruitment may comply formally with human oversight require-
ments by requiring a human recruiter to review AI-generat-
ed candidate rankings before decisions are finalised. However, 
if the recruiter receives only a final score without information 
about the factors influencing the recommendation, is discour-
aged from overriding the system due to organisational pressures, 
lacks sufficient training to identify discriminatory patterns, or 
has no practical authority to reject the AI recommendation, the 
human role becomes largely procedural. In such circumstanc-
es, the organisation can demonstrate the existence of a human 

133  See Sterz et al on the conditions for effective human oversight: S. 
Sterz et al., On the Quest for Effectiveness in Human Oversight: Interdisci-
plinary Perspectives, 2024.
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checkpoint while the actual decision-making power remains ef-
fectively delegated to the system 134. The oversight mechanism 
therefore functions as a symbol of compliance rather than as a 
meaningful safeguard against automated error or bias.

Theoretical precision is therefore essential to distinguish 
human-control washing from established concepts such as au-
tomation bias, over-reliance on AI, or the broader erosion of 
meaningful human control. Whereas these concepts primar-
ily describe cognitive tendencies, socio-technical dynamics, or 
the weakening of human involvement over time, human-control 
washing concerns the intentional or structural misrepresenta-
tion of human agency through compliance mechanisms that are 
formally present but operationally ineffective. It is therefore not 
merely a terminological variation, but rather a distinct gover-
nance failure arising from the misalignment between formal ac-
countability structures and actual operational control 135.

To conclude, this paper defines human-control washing as 
a phenomenon in which organisations create, maintain, or 
communicate the appearance of human control through for-
mal oversight structures or procedural safeguards, while the 
practical conditions necessary for meaningful human inter-
vention are absent or significantly weakened. For the purpos-
es of this analysis, human control refers to the substantive 
ability of human actors to exercise informed and effective in-
fluence over AI-assisted decision-making processes, support-
ed by adequate information, competence, authority, and tech-
nical capabilities to evaluate, challenge, override, or modify 
system outputs. Human-control washing therefore describes 
the gap between the formal attribution of human responsibil-
ity and the actual capacity of human actors to exercise mean-
ingful control over AI-driven processes.

134  On this point, see also L. Edwards, M. Veale, Slave to the Algorithm? 
Why a “Right to an Explanation” Is Probably Not the Remedy You Are Looking 
For, in Duke Law & Technology Review, 2017, 16, 1, p. 18 ss.

135  S. Wachter, B. Mittelstadt, L. Floridi, Why a Right to Explanation 
of Automated Decision-Making Does Not Exist in the General Data Protec-
tion Regulation, in International Data Privacy Law, 2017, 7, 2, p. 76 ss.; F. 
Pasquale, The Black Box Society: The Secret Algorithms That Control Money 
and Information, 2015.
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Concept Definition Difference from
human-control washing

Automation 
bias

The tendency of humans to 
favour or over-trust automat-
ed recommendations, even 
when those recommenda-
tions are incorrect or when 
contradictory information is 
available.

Automation bias concerns a 
cognitive error by the human 
operator (over-reliance on 
AI outputs). Human-control 
washing concerns an organ-
isational or governance fail-
ure where human oversight 
is presented as meaningful 
but lacks real capacity to in-
fluence outcomes.

Over-
reliance on 
AI

The tendency of users to de-
pend on AI recommendations 
beyond what is justified by 
the system’s capabilities or 
reliability.

Over-reliance focuses on be-
havioural dependence on AI 
by individuals. Human-con-
trol washing focuses on the 
institutional construction 
of nominal human control 
mechanisms that mask the 
absence of effective interven-
tion.

Rubber-
stamping

The practice of formally ap-
proving AI-generated deci-
sions without meaningful 
scrutiny or independent 
evaluation.

Rubber-stamping describes 
a specific operational be-
haviour of human reviewers. 
Human-control washing is 
broader: it captures the cre-
ation of oversight structures 
designed or presented as 
safeguards even where rub-
ber-stamping is an expected 
outcome.

Erosion of 
meaningful 
human
control

The gradual weakening of 
human ability to under-
stand, supervise, and influ-
ence decisions made with or 
by autonomous systems.

Erosion describes a progres-
sive loss of human agency 
over time. Human-control 
washing focuses on the ap-
pearance of retained control 
despite its practical absence.
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Tab 6: distinguishing the concept of “human-control washing” from 
existing categories

Meaningful
human
oversight

A governance principle re-
quiring humans to have suf-
ficient understanding, com-
petence, authority, and abili-
ty to intervene in AI-support-
ed decisions.

Meaningful human oversight 
is the normative standard 
that human-control washing 
fails to achieve. Human-con-
trol washing describes the 
gap between claiming com-
pliance with this standard 
and actually meeting it.

Account-
ability gap / 
responsibil-
ity gap

The difficulty of assigning 
responsibility when AI sys-
tems influence or produce 
outcomes that no human 
actor fully controls or under-
stands.

Accountability gaps concern 
unclear responsibility alloca-
tion. Human-control washing 
concerns situations where re-
sponsibility appears assigned 
through human oversight 
structures, but those struc-
tures lack genuine operation-
al power.

Ethics 
washing / 
AI ethics 
washing

The practice of adopting ethi-
cal principles, statements, or 
governance initiatives that 
create an appearance of re-
sponsibility without meaning-
ful changes to practices137.

Human-control washing is a 
specific form of governance 
washing focused on the sym-
bolic deployment of human 
oversight as evidence of con-
trol. Ethics washing operates 
more broadly across AI gov-
ernance commitments.

 1 

137  B. Mittelstadt, Principles Alone Cannot Guarantee Ethical AI, in Na-
ture Machine Intelligence, 2019, 376, p. 501 ss.; A. Jobin, M. Ienca, E. Vay-
ena, The Global Landscape of AI Ethics Guidelines, in Nature Machine Intel-
ligence, 2019, 1, p. 389 ss.
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4.6.	A broader reflection

The discussed recommendations sketch only some of the 
ways in which sustainability principles can be translated in-
to AI auditing practice; they should be read as indicative path-
ways rather than a closed blueprint. They sit within a wid-
er and contested landscape of AI governance, where diverging 
regulatory philosophies shape what audits are asked to do, and 
how. In more interventionist jurisdictions, such as the EU, de-
tailed ex ante obligations and lifecycle duties (including under 
the EU AI Act) push auditing towards structured conformity 
assessment and continuous oversight, but also risk reinforc-
ing proceduralism and burdening smaller actors. By contrast, 
more laissez‑faire or market‑driven approaches, prominent in 
some other countries, may incentivise innovation and experi-
mentation in audit methodologies but can equally lead to frag-
mented, voluntary practices with weak enforcement and lim-
ited protection against systemic harms. Whether strong reg-
ulation “hard‑codes” better auditing, or instead encourages 
box‑ticking, remains contested; yet the jurisdictional variation 
itself makes AI auditing not a neutral technical exercise, but 
an institutional practice shaped also by political choices about 
how tightly AI should be governed and how.

At the same time, regulatory fragmentation raises import-
ant questions about the effectiveness of AI auditing as a mech-
anism for promoting sustainable AI development. AI systems 
increasingly operate across borders, relying on internation-
al data flows, global supply chains, and transnational deploy-
ment. Divergent auditing requirements may therefore create 
uneven levels of protection, where the same AI system is sub-
ject to different expectations depending on where it is devel-
oped or used. From a sustainability perspective, this creates 
challenges for ensuring that the benefits and risks of AI are 
distributed fairly and that responsible practices are not lim-
ited to jurisdictions with stronger regulatory infrastructures.

However, variation in auditing approaches should not nec-
essarily be understood only as a limitation. Different regu-
latory experiments may generate valuable knowledge about 
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which auditing methodologies are most effective in practice. A 
sustainable approach to AI governance may therefore require 
a balance between harmonisation and contextual adaptation. 

To conclude, audit fragmentation reveals that AI auditing 
is not only a mechanism for verifying compliance, but a broad-
er governance practice through which societies determine 
what values should be protected, what risks should be miti-
gated, and what outcomes should be considered acceptable, or 
even desirable. At the same time, diverse auditing approaches 
offer valuable opportunities for learning and refinement, gen-
erating insights into governance models capable of respond-
ing to different institutional and societal contexts.

5.	 Conclusions

The central challenge in AI auditing today mirrors that of 
early sustainability governance: the risk of formalistic com-
pliance. Green washing, ethics washing, could it be that hu-
man-control washing is next?

When audits are reduced to checklists, they reproduce the 
very governance deficits they were designed to fix. AI audit-
ing has broad societal implications, and it poses peculiar chal-
lenges, such as the limits described in relation to static ap-
proach and the risk of silent over-delegation. Among the soci-
etal implications of AI auditing, one can include environmen-
tal and social sustainability.

To achieve sustainability in AI governance, auditing must 
evolve from static verification to adaptive governance – an on-
going, reflexive process that integrates ethical learning, tech-
nical recalibration, and transparent accountability. This evolu-
tion supports a sustainable digital ecosystem aligned with the 
SDGs’ vision of innovation that serves both people and planet.

Silent over-delegation can and should be tackled through 
both topdown and bottomup mechanisms. From the top down, 
regulatory instruments such as the EU AI Act already aim to 
limit inappropriate delegation by imposing requirements for 
human oversight, transparency, and robust risk management, 
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creating legal incentives for organisations to design systems 
that preserve meaningful human control. Yet these frameworks 
need bottomup support inside organisations and professions. 
Everyday actors – designers, auditors, managers, and endus-
ers – need awareness of how silent delegation operates, train-
ing to recognise when ‘human in the loop’ risks becoming mere-
ly symbolic, and practical tools to challenge overreliance on au-
tomated outputs. Addressing silent delegation therefore means 
coupling binding rules and standards with a culture of critical 
engagement, in which individuals feel both enabled and obliged 
to question automation rather than reflexively deferring to it. 

The ultimate goal is to retain the ‘human’ aspect at a sub-
stantial level. A comprehensive examination of the concept of 
‘human’ experience, however, lies beyond the scope of this paper. 
Broader philosophical debates concerning the relationship be-
tween human nature and technology are undoubtedly relevant, 
but they remain analytically distinct from the legal question ex-
amined here. The analysis proceeds from the current normative 
framework and focuses on the legislator’s regulatory objective.

By requiring human oversight, the legislator seeks to en-
sure that AI-assisted decision-making remains grounded in 
genuine human cognitive autonomy and that responsibility is 
allocated transparently throughout the AI lifecycle. Human 
oversight therefore serves not merely as a formal procedural 
safeguard. It is a structural condition for accountability and 
auditability.

The purpose of this analysis is not to justify the legisla-
tor’s choice on anthropological or philosophical grounds, nor 
to take a position on the broader societal implications of AI. 
Rather, it is to clarify (and stress) the legal function (and im-
portance) of human oversight within the current regulatory 
framework. The rationale for preserving autonomous human 
judgment is immediate: only a human decision-maker who re-
mains sufficiently independent from the technological system 
can exercise genuine oversight, critically assess the system’s 
outputs, and maintain the degree of epistemic and institution-
al separation necessary for meaningful review. For it is pre-
cisely this autonomy that safeguards human discretion.
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Francesca Mazzi, Leadership in AI Compliance: From Static AI 
Auditing to Identifying the Risk of ‘Human-Control Washing’

This paper reframes some of the obstacles in AI auditing as op-
portunities to strengthen oversight and resilience by examining two 
insidious patterns: the static approach and silent over-delegation. 
Rather than treating AI as fixed tools, the paper proposes viewing 
systems as dynamic, evolving entities whose emergent behaviours 
require continuous, adaptive governance. The paper shows how stat-
ic auditing – which assumes technological stability – can be trans-
formed into iterative methodology that balances regulatory align-
ment with operational effectiveness, reducing the misalignment be-
tween private cost incentives and public interest. The paper also ad-
dresses silent over-delegation, where systems audit their own out-
puts or human oversight is nominal, and discusses remedies that 
restore meaningful accountability. The risk analysis organizes vul-
nerabilities into actionable categories and links concrete mitigation 
strategies grounded in AI governance and organizational compliance 
literature. The paper aims to advance theoretical understanding and 
practical approaches for preserving the substance of ‘human over-
sight’ in AI auditing, and, in turn, mitigating broader consequenc-
es for systems that influence public goods, including the Sustainable 
Development Goals. Moreover, this analysis directly contributes to 
the practical interpretation of the obligations under the EU AI Act, 
such as the requirements for risk management, data governance, 
technical documentation, transparency, and robust human oversight 
for highrisk AI systems. The proposed framework supports compli-
ance with the EU AI Act’s mandate for ongoing monitoring and as-
sessment, helping organizations meet enforceable duties while pre-
venting what can be defined as ‘humancontrol washing’.

Keywords: AI auditing, Static approach, Silent over-delegation, 
Risk analysis, Governance, Compliance, human-control washing.

Francesca Mazzi, Leadership nella compliance dell’Intelligen-
za Artificiale: dall’auditing statico all’individuazione del ri-
schio di ‘Human-Control Washing’

Questo contributo rilegge alcuni degli ostacoli dell’auditing dell’in-
telligenza artificiale come opportunità per rafforzare il controllo e l’ef-
fettiva supervisione dei sistemi, attraverso l’analisi di due dinami-
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che particolarmente insidiose: l’approccio statico all’auditing e la si-
lent over-delegation (la progressiva ed eccessiva delega del controllo 
ai sistemi di IA). Il lavoro propone di interpretare i sistemi di IA come 
entità dinamiche e in continua evoluzione, concentrando l›attenzione 
sui modelli di governance continui e adattivi che tale natura richiede.

L’articolo mostra come l’auditing statico – fondato sull’assunto 
di una sostanziale stabilità tecnologica – possa essere ripensato con 
una metodologia iterativa, capace di coniugare conformità normativa 
ed efficacia operativa, contribuendo a ridurre la tensione tra gli in-
centivi privati alla riduzione dei costi e l’interesse pubblico. Il contri-
buto affronta inoltre il fenomeno della silent over-delegation, in cui i 
sistemi finiscono per verificare i propri output oppure la supervisio-
ne umana si riduce a un adempimento puramente formale, discuten-
do possibili rimedi in grado di ripristinare meccanismi efficaci di re-
sponsabilità e rendicontazione. 

L’analisi organizza i rischi in categorie operative e collega cia-
scuna vulnerabilità a strategie di mitigazione concrete, fondate sulla 
letteratura in materia di governance dell’IA e di compliance organiz-
zativa. L’obiettivo è contribuire sia al dibattito teorico sia allo svilup-
po di strumenti pratici per preservare la sostanza della supervisione 
umana (human oversight) nell’auditing dei sistemi di IA e, di conse-
guenza, rafforzare la capacità di governarne gli impatti su ambiti di 
pubblico interesse, inclusi gli Obiettivi di Sviluppo Sostenibile (Su-
stainable Development Goals).

L’analisi offre inoltre un contributo all’interpretazione operativa 
degli obblighi previsti dall’AI Act dell’Unione europea, con partico-
lare riferimento ai requisiti in materia di gestione del rischio, docu-
mentazione tecnica, trasparenza e supervisione umana per i sistemi 
di IA ad alto rischio. Il quadro metodologico proposto favorisce la con-
formità agli obblighi di monitoraggio e valutazione continua previsti 
dal regolamento, aiutando le organizzazioni ad adempiere ai propri 
doveri giuridici e, al contempo, a prevenire quello che il presente la-
voro definisce come ‘human-control washing’, cioè la formalizzazione 
del controllo umano senza il mantenimento di una capacità decisio-
nale significativa.

Parole chiave: governance dell’intelligenza artificiale, Auditing 
dell’IA, EU AI Act, human oversight, Silent over-delegation, hu-
man-control washing.


