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Abstract

Al systems do more than operate within our epistemic en-
vironments. They actively reshape them by modifying what
users treat as relevant evidence, how they come to know
things, and even the standards by which they judge whether a
system can be trusted. We argue that this reshaping is largely
hidden from view, and we call the resulting condition ‘me-
diational opacity’. It arises when an Al system whose in-
ner behaviour resists inspection stops being a tool we con-
sciously pick up and use, and instead becomes an environ-
ment we inhabit. This type of opacity is different from the two
problems most current work addresses, namely the ‘black-
box problem’ that explainable Al tries to ‘open up’ and the
question of whether individual outputs are fair or accurate,
which responsible-Al frameworks track. It is something prior
to both, and related precisely to the fact that a deployed sys-
tem quietly restructures the way its users think and what
they count as good judgement. Four reinforcing features (phe-
nomenological silence, dynamic self-reinforcement, societal
scale, and contextual promiscuity) make this condition espe-
cially hard to detect. Because making Al systems more ex-
plainable is not enough to address these features, we pro-
pose mediation audits as a complementary approach, focused
on the relationship between system, user, and environment,
structured along five dimensions, and grounded in a capabil-
ity approach extended to treat Al as an environmental fac-
tor. Finally, we show that agentic Al radicalises the problem
since by delegating the ‘thinking’ itself, it produces chains of
intermediate epistemic operations that no human can directly
observe.

1 Introduction

Al systems do more than process information.! They struc-
ture the epistemic environments in which humans think, and
the practices through which they act. Different authors have
recognised this from different perspectives. On the one hand,
it has been argued that Al is epistemically distinctive (Al-
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'In this paper, by Al system we mean a machine learning sys-
tem, broadly conceived as “any computational artefact capable of
learning information from data and adapt its behaviour accord-
ingly” (Termine, Ratti, and Facchini 2026, p.7). This includes pre-
dictive systems such as recommenders and diagnostic tools, as well
as LLM-based conversational systems.
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varado 2023), that it mediates rather than transmits neu-
trally (Verbeek 2005, 2011), and that the ‘human-Al hy-
brid’ it enables can achieve genuine epistemic authority only
under specific conditions (Ferrario, Facchini, and Termine
2024). On the other hand, a growing body of work has anal-
ysed Al’s opacity, producing both taxonomies (Burrell 2016;
Creel 2020; Facchini and Termine 2022) and sociotechni-
cal accounts of opacity in deployment contexts (Mittelstadt
et al. 2016; Selbst et al. 2019). These literatures have devel-
oped in relative isolation, but taken together, we argue, they
point to a shared predicament, which we name mediational
opacity: Al structures the conditions of human knowing in
ways that resist inspection. The condition is, as we will
show, structurally different from both the algorithmic opac-
ity that explainable AI addresses and the output-level effects
that frameworks for responsible Al deployment track. It con-
cerns indeed how a deployed Al system reshapes the epis-
temic environment of its users, including what they treat as
relevant evidence and the standards by which they evaluate
the system.

In this work we make three contributions. First, we de-
velop the concept of mediational opacity, distinguishing it
from prior accounts of algorithmic opacity and showing how
it arises from the combination of opacity intrinsic to AI’s
epistemic operations, and of environmental mediation. Sec-
ond, we propose mediation audits as a practical framework
for assessing how a deployed Al system reshapes its users’
epistemic environment. The audits are structured along five
dimensions and grounded in the capability approach to Al
ethics. Third, we extend the analysis to agentic Al, show-
ing that delegating the mediation to the system produces a
new condition we call epistemic delegation, which erodes
the conditions for responsible human-AlI coupling.

2 Al as Epistemic Mediator

Verbeek’s mediation theory, developed out of Thde’s post-
phenomenology (Ihde 1990) and Latour’s actor-network the-
ory (Latour 1993, 2005), holds that technologies actively co-
constitute the relation between human and world, and are
therefore never neutral instruments. They mediate percep-
tion by shaping how reality is disclosed to us, and action
by organising how we engage with that reality, thereby co-
shaping what can be perceived and known, as well as the de-
cisions and practices through which we act (Verbeek 2005,



2011). Aydin, Gonzilez Woge, and Verbeek (2019) extend
this framework to address the fact that contemporary in-
formation and communication technologies are increasingly
fading from explicit view, embedded in smart environments
and ubiquitous computing infrastructures, so that they no
longer operate as discrete, object-like tools standing oppo-
site a user, but instead become an intrinsic part of the mate-
rial environment in which we live. Crucially, such systems
are not encountered as discrete instruments that one picks up
and sets down, what we refer to as ‘focal tools’, but as con-
tinuously running infrastructures woven into the interfaces
of everyday devices and the rhythms of daily life, such that
users do not so much use the algorithm as inhabit an envi-
ronment already pre-structured by it. The locus of mediation
shifts accordingly from individual tools to the surrounding
environment,” a so called ‘mediating milieu’.

Mediation theory tells us how technologies shape human
engagement with the world, but it does not tell us yet what
kind of engagement Al specifically shapes. This is where
Alvarado’s (2023) analysis is useful. He identifies three di-
mensions along which a technology can be epistemic: con-
text (designed for inquiry), content (operating on data as
evidence), and operations (performing prediction, classifica-
tion, or inference). A microscope satisfies context and con-
tent, but its operations are not epistemic in the relevant sense,
magnification being an optical transformation, not a judge-
ment. The microscope makes phenomena visible, whereas
the human does the epistemic work. Al, by contrast, satisfies
all three dimensions simultaneously and intrinsically. Its op-
erations are epistemic, in that prediction, classification, and
inference are knowledge-producing acts whose substantive
content emerges from training instead of human specifica-
tion, and epistemic agency resides in the technology. This is
why the ethical concerns generated by algorithmic systems
are, as Mittelstadt et al. (2016) observe, epistemological at
their core.

Applied to Al, mediation analysis reveals a recurring
structure. Al systems amplify the speed, consistency, and
scale of decision-making while inhibiting practices on which
good judgement depends, including deliberation, sensitivity
to context, and skill development (Grote and Berens 2020;
Selbst et al. 2019; Vallor 2015; Natali et al. 2025). Prima fa-
cie, this amplify/inhibit structure is unremarkable. A speed
bump amplifies caution and inhibits velocity in much the
same formal sense. What makes Al distinctive as a mediat-
ing technology is the conjunction of two features that, e.g.,
a speed bump or a microscope, each exhibit only in part.

The first is Al’s epistemic character. A speed bump me-
diates but it does so pragmatically, not epistemically, as it

’Recommender systems exemplify this mode, shaping the
user’s epistemic environment by determining what is made visible
and what remains hidden.

3The focal-environmental distinction adapts a contrast familiar
from postphenomenology and philosophy of technology. At one
end, focal tools, in a sense adapted from Borgmann (1984), are
discrete objects that users pick up and put down. At the other end,
mediating milieux (Aydin, Gonzalez Woge, and Verbeek 2019) are
environments users live in, not tools they use. We treat this contrast
as a spectrum along which Al deployments can be situated.
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shapes action without producing knowledge claims. A mi-
croscope mediates epistemically, but only in a weak sense,
since its operations remain human epistemic operations per-
formed through an optical aid. In Al systems, by contrast,
the mediating function is itself the performance of epis-
temic operations (prediction, classification, inference). We
call a technology with this property an epistemic mediator.
Its opacity is therefore qualitatively different from that of
other artefacts, as we develop in Section 3.

The second is AI’s environmental character. Al systems
increasingly function as mediating milieux rather than as fo-
cal tools, with the consequence that their opacity is no longer
contained within episodic acts of use but diffuses across the
infrastructures that users inhabit. Where the opacity of a fo-
cal tool can in principle be ‘bracketed’ (isolated), since one
can consult another source or check by hand, the opacity of
a mediating milieu resists comparable circumvention. The
environment cannot, in fact, be set aside, and any position
from which one might audit it is partly constituted by the
milieu. We refer to mediation that operates through such a
milieu as environmental mediation.*

In the rest of the paper, we examine the challenge arising
from the conjunction of these two threads.

3 Opacity in Epistemic Mediators

Existing taxonomies of algorithmic opacity have advanced
our understanding of Al systems largely by focusing on
the model’s internal workings and its representational rela-
tion to the target phenomenon. Burrell (2016) distinguishes
three sources of opacity, the first two social (intentional se-
crecy, technical illiteracy), and the third computational (in-
trinsic complexity). Creel (2020) proposes three dimensions
of computational transparency (algorithmic, structural, run).
Most relevant to the present analysis, Facchini and Ter-
mine (2022) distinguish between three forms: ‘access opac-
ity’ (limited epistemic access to the system’s structure and
functioning, whether due to secrecy, technical illiteracy, or
system complexity), ‘link opacity’ (the inability to estab-
lish whether the model genuinely represents the target phe-
nomenon, something closely related to Sullivan’s (2022)
‘link uncertainty’), and ‘semantic opacity’ (the inability to
interpret the model’s learned representations in humanly
meaningful terms). This latter taxonomy is the most epis-
temologically fine-grained of the three, since it categorises
the epistemic relation between model and user that fails,
hence tracking directly the kinds of understanding at stake.
Moreover, as it takes into account the relation between the
model and the target phenomenon, with link opacity, the tax-
onomy moves beyond a system-internal analysis. Neverthe-
less, even this relational step does not reach the question that
organises our complementary distinction. Facchini and Ter-
mine’s taxonomy concerns the epistemic assessability of the
model, whether we can access, verify, and interpret its work-
ings and representations. Ours concerns the epistemic trans-
formation of the user, the inspectability of the model’s me-

*See Appendix D of (Facchini 2026), the extended version of
this work, for a consolidated overview of the paper’s conceptual
framework, including a glossary of key terms.



diation of its users’ epistemic environment, including their
practices. From this latter perspective, three types emerge:
Accidental opacity. Consider a microscope. Most users
cannot explain Abbe diffraction limits. But the mediation
structure (what the microscope amplifies and reduces) is
fully derivable from the design. A physicist can explain ex-
actly what it shows and hides. The opacity is therefore elim-
inable in principle, since someone in the epistemic chain has
full understanding of the mediation structure.
Epistemically irrelevant opacity. Consider a general-
purpose computer. Nearly no one understands what hap-
pens between keystroke and screen. But the computer exe-
cutes a human-specified computational strategy. Every epis-
temic decision (e.g, which variables to include, or what
functional form to assume) was made by the human before
the computation began. The system’s contribution is speed
and accuracy in carrying out that strategy, not judgement
about what matters or what to infer. Even when the com-
putation involves information transformation, the transfor-
mation follows from instructions that encode human epis-
temic choices. Opacity here does not threaten knowledge,
in the sense that the opaque process is computational exe-
cution, not epistemic judgement.’ This corresponds roughly
to Burrell’s ‘technical illiteracy’, but our point is that such
illiteracy is epistemically benign because the opaque pro-
cess is not an epistemic operation. An Al system, by con-
trast, does not execute a pre-determined epistemic strategy.
Through automated optimisation, the training process dis-
covers which features carry predictive weight, constructs its
own representations, and determines decision boundaries,
operations that in traditional modelling require domain ex-
pertise and theoretical understanding. The epistemic judge-
ments embedded in the learned model emerged from train-
ing rather than from human specification, and it is this mi-
gration of epistemic agency from the human to the system
that makes AI’s opacity epistemically constitutive.
Constitutive epistemic opacity. This is the type of opac-
ity that differentiates Al from other technologies. It arises
from the convergence of two insights. First, following Al-
varado (2023), the opaque process in Al is an epistemic op-
eration, namely a prediction or classification that functions
as a knowledge claim. The opacity is constitutive of how
the Al system learns its epistemic judgements and how it
produces its epistemic outputs. The term ‘epistemic’ here
characterises both the direction of the opacity (opaque to hu-
man knowers) and the nature of the opaque process (an epis-
temic operation). Second, following Facchini and Termine
(2022), what is blocked goes beyond cognitive intractabil-
ity. The model-world relationship resists verification (link
opacity), and the learned representations resist interpreta-
tion in humanly meaningful terms (semantic opacity). When
the opaque process is epistemic and both link and semantic
opacity are present, the three blockages reinforce each other

SThis is not to deny that computer opacity can frustrate knowl-
edge in other senses, for example when a malfunction resists di-
agnosis. But such cases concern opacity as an obstacle to inquiry
about the technology, not opacity as a feature of epistemic opera-
tions the technology performs. Our concern is with the latter.
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in a way that has no analogue in other computational tech-
nologies.

One might object that even if the system’s internal epis-
temic operations are opaque, the effects of its mediation on
users could be studied empirically through behavioural ob-
servation, outcome analysis, or controlled comparison with
unmediated baselines. The objection has force when each
component of constitutive epistemic opacity is taken alone,
since external validation can compensate for cognitive in-
tractability alone (as in physics simulations), human tracing
can compensate for link opacity alone (as in simple regres-
sions), and redesign can compensate for semantic opacity
alone (as in manually constructed coding schemes). When
the opaque process is epistemic and both link and semantic
opacity hold, however, the convergence closes these canon-
ical compensatory routes, because each strategy depends on
resources that the other blockages may have made unavail-
able. Combined with the compounding features developed in
Section 4, this convergence can render the mediation prac-
tically uninspectable. The predicament is further aggravated
by the fact that AI’s epistemic outputs typically lack the ex-
ternal checkpoint available to non-epistemic technologies.
They concern judgements for which no independent ground
truth is accessible, or for which the system’s own deploy-
ment reshapes the conditions under which verification could
occur.®

Partial detection of mediation effects remains possible
and practically essential, as we argue in Section 6. What em-
pirical observation cannot do is to reconstruct the full char-
acteristic pattern of amplifications, reductions, invitations,
and inhibitions that a deployed system produces in a given
use context, together with how that pattern evolves over time
and varies across population subgroups. We call this pattern
the system’s mediation profile, and the five dimensions of
the audit framework address each of its components.

4 Compounding Features

Mediational opacity is produced by the combination of the
constitutive epistemic opacity of an epistemic mediator and
environmental mediation. The four features developed in
this section describe environmental mediation from different
analytical angles. Each feature is a dimension along which
environmental mediation manifests, and each independently
blocks a route by which a focal tool could be isolated and its
mediation thereby made visible.

Phenomenological silence. At the level of user aware-
ness, users do not perceive themselves as inhabiting a mi-
lieu, and the first condition for critical engagement, be-
ing aware that mediation is occurring at all, is systemat-
ically undermined. A speed bump announces itself, and
an ultrasound is an explicit clinical procedure. Al, how-
ever, often mediates without announcing that it is mediat-

®An example of the first case is an automated essay score: no
independent fact-of-the-matter exists about what the essay ‘really’
deserves, since judgement varies by evaluator and criteria. An ex-
ample of the second is a recommender system that reveals certain
content: the user’s subsequent engagement cannot then be disen-
tangled from the prediction that led to showing it.



ing.” Even where outputs are not presented as definitive,
the framing through which they are produced, what is in-
cluded, excluded, foregrounded, or backgrounded, typically
remains invisible. Users cannot critically evaluate a media-
tion whose structuring they cannot perceive.® Unlike famil-
iar tools, whose mediating effects can be identified by com-
paring aided and unaided observation, AI’s phenomenologi-
cal silence operates at two distinct levels. In embedded sys-
tems such as recommender algorithms or diagnostic tools,
users may not realise that mediation is occurring at all. In
conversational systems, by contrast, users know they are in-
teracting with an Al yet the specific character of the medi-
ation, what it amplifies, omits, or frames, remains invisible.
The first level is absent in some applications, whereas the
second is pervasive across all of them.

Dynamic self-reinforcement. At the level of temporal
evolution, the milieu reshapes itself through the behaviour
it produces. Al systems undergo continuous modification,
including retraining and parameter adjustment, and in do-
ing so the mediation profile shifts without user knowledge.
Worse, Al may learn from the behaviour it has already pro-
duced. Consider a recommendation system. It shows con-
tent, users click it (partly because it was shown), and the
system treats the click as evidence of relevance. The media-
tion thus reshapes itself through its own effects, as the out-
puts it has produced become the inputs (data and behaviours)
on which its subsequent mediation is built. Unlike a focal
tool whose mediation profile remains stable between dis-
crete acts of use, the milieu is continuously updated by the
very behaviour it conditions. This dynamic has no analogue
in classical mediation examples.

Societal scale. At the level of aggregation, Al can mediate
millions of epistemic environments simultaneously. A mi-
croscope mediates one researcher’s perception. Al, instead,
produces filter bubbles, homogenisation, and systematic bias
that are invisible at the individual level and visible only sta-
tistically. Because the mediation operates at societal scale,
Al systems raise problems of collective epistemology that
individual-level analysis cannot resolve, and governance re-
sponses must therefore operate at the population level.

Contextual promiscuity. At the level of domain bound-
aries, the same milieu pervades multiple domains simultane-
ously. Classical mediating technologies are domain-specific:
a microscope mediates microscopy, an ultrasound mediates
obstetric imaging, and the boundaries of their mediation co-
incide with the boundaries of their use. Al, by contrast, can
mediate across multiple epistemic domains through the same
underlying architecture, producing a milieu whose reach ex-
tends beyond any single task or setting. Consider a large lan-
guage model deployed simultaneously for clinical documen-
tation, patient communication, and literature review within
a hospital. Its mediation of literature search (which studies

"Recent evidence in clinical context illustrates this point
(Budzy1 et al. 2025; Yu et al. 2024).

8Phenomenological silence is common across technologies
(Inde 1990; Latour 2005). What distinguishes Al’s case is that the
recession of an Al system from awareness reshapes what counts as
evidence, salience, or relevance, because its mediation is epistemic.
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it brought to light, which it omits) shapes the clinician’s un-
derstanding of treatment options, which in turn shapes how
clinical notes are written, which feeds back into the train-
ing data for future iterations. The mediation profile in one
domain cannot be understood independently of its media-
tion of the others. This means that the mediation cannot
be localised, studied, or audited one domain at a time, be-
cause effects in one domain interact with effects in others.
The empirical alternative to inspecting the mediation, that
is studying its effects from the outside, presupposes that the
mediation can be isolated within a delimited epistemic task.
Contextual promiscuity undermines this presupposition by
dissolving the very boundaries on which such isolation de-
pends.

With the compounding features now specified, what me-
diational opacity is can be stated in full:

Mediational opacity is the inability to inspect how

a deployed Al system reshapes its users’ epistemic
environment. It is a property of the system-user-
environment relation, arising from the convergence of
constitutive epistemic opacity and environmental me-
diation, and persisting because features such as phe-
nomenological silence, dynamic self-reinforcement,
societal scale, and contextual promiscuity block al-
ternative routes to inspection.

As already announced, this distinction has methodolog-
ical consequences for how the opacity can and cannot be
inspected, which we develop in Section 6.

S Consequences for the Hybrid Agent

Ferrario, Facchini, and Termine (2024) argued that Al, as
it lacks understanding and intellectual virtues, cannot be an
epistemic authority or an expert alone, but that a human-Al
hybrid can achieve genuine authority or expertise through
appropriate ‘appropriation’. However our analysis reveals
a deep tension within this framework. The hybrid requires
the human component to critically evaluate the AI’s epis-
temic contribution, to understand what it amplifies and re-
duces, what it invites and inhibits. But if AI’s mediation is
constitutively opaque, phenomenologically silent, and self-
reinforcing, the conditions for successful appropriation are
very difficult to satisfy. The burden is aggravated by what
Freiman (2024) identifies as the ‘testimonial gap’. Since Al
outputs lack the intentional and normative structure of gen-
uine assertion, the human in the hybrid receives not testi-
mony but information, which must be independently eval-
uated. However, constitutive epistemic opacity makes such
independent evaluation highly problematic.

Mediational opacity has consequences for the hybrid
agent at two levels. At the first level, it relocates several
established problems, such as responsibility gaps (Matthias
2004), epistemic injustice (Symons and Alvarado 2022),
professional autonomy erosion (Grote and Berens 2020),
and unaccountable authority (Hauswald 2025; Wolkenstein
2024), from the level of individual outputs to the level of the
restructuring of the epistemic environment. In each case, the
problem is not that a decision is wrong or unexplainable,
but that the evaluative framework within which decisions



are made has been reshaped without detection. What Fricker
(2007) calls ‘hermeneutical injustice’ takes on a new tech-
nological form when the interpretative resources needed to
challenge a decision are systematically restructured by the
decision system. At the second level, mediational opacity
produces two consequences specific to the hybrid agent.

The first is loss of counterfactual imagination. Appro-
priation requires the human to conceive how they would rea-
son without the system, in order to critically evaluate its con-
tribution. But prolonged exposure to an opaquely mediating
technology gradually eliminates this counterfactual base-
line, not through forgetting a procedure but through the re-
structuring of what competent reasoning feels like. A teacher
who has used an automated scoring system for years may no
longer be able to articulate what evaluating writing looked
like before the system, because the system has redefined
which qualities of writing appear salient. This goes beyond
deskilling, which concerns the loss of a capacity one knows
one had (Vallor 2015; Messeri and Crockett 2024). Loss
of counterfactual imagination concerns something different,
namely the disappearance of the baseline against which such
loss would be recognised. Ferdman (2026) introduces the
concept of ‘capacity-hostile environments’ to describe how
Al structurally impedes capacity cultivation, but do not iden-
tify the specific invisibility of the loss that mediational opac-
ity produces. Mediational opacity produces a loss that is in-
visible to the person experiencing it. Clinical evidence also
supports this claim. Budzyn et al. (2025) found that endo-
scopists’ unassisted adenoma detection rates declined sig-
nificantly after routine Al exposure. The practitioners did
not lose a procedure they could name. They lost a percep-
tual capacity they had no reason to believe had changed,
precisely because the Al had redefined what adequate de-
tection felt like. The mediation operated at two levels. At
the surface, it restructured what the endoscopists perceived,
whereas at a deeper level, it restructured their capacity to
perceive independently. Both restructurings were invisible
to those undergoing them (see Natali et al. (2025) for ev-
idence of analogous dynamics across medical specialities).
Without a counterfactual baseline, then, the human compo-
nent of the hybrid cannot perform the evaluative function
that appropriation demands.

The second distinctive consequence is evaluative circu-
larity. The criteria by which the human would assess the
AT’s epistemic contribution are themselves shaped by the
system’s mediation. If a scoring system has gradually re-
structured what teachers treat as good writing, then teacher
agreement with the system’s scores reflects the system’s own
epistemic framing, and therefore cannot serve as indepen-
dent validation.® The hybrid’s internal check, the human
evaluating the Al, becomes circular when the human’s eval-
uative standards have been mediated by the very system un-
der evaluation. Evaluative circularity is thus a structural fea-
ture of evaluation conducted from within a mediating mi-
lieu that already supplies the criteria by which it would be
judged. What it blocks is not evaluation as such, but inde-

°A related dynamic has been observed empirically in credit
scoring by Millo, Spence, and Xu (2024).
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pendent validation of those criteria. Prolonged exposure in-
tensifies it without producing it, since the milieu constitutes
the evaluative standpoint from the first act of evaluation.

6 Mediation Audits
The Limits of Explainable Al

The compounding features developed in Section 4 raise the
question of whether XAI methods (Barredo Arrieta et al.
2020; Guidotti et al. 2019), including post-hoc approaches
or more sophisticated ones like mechanistic interpretability
(Olah et al. 2020; Bereska and Gavves 2024), causal ab-
straction (Beckers 2022; Geiger et al. 2024), or concept-
based methods (Poeta et al. 2023), can be used to address
mediational opacity on their own. We argue that they can-
not, because mediation is a property of the system—user—
environment relation and not of the system as such, and be-
cause the compounding features do not operate at the level
of the system’s internal structure. We return to this point
once the five dimensions are specified, where the limitations
can be stated dimension by dimension. Mediation audits and
XAI are therefore complementary, and the framework we in-
troduce below builds on XAI methods without substituting
for them.

Mediation Audits: A Complementary Framework

To complement existing algorithmic auditing and impact as-
sessment frameworks, we propose the adoption of media-
tion audits. Conceived as the systematic analyses of what
a deployed Al system amplifies, reduces, invites, and in-
hibits, they extend Verbeek’s mediation analysis methodol-
ogy (2005, 2011) and the principles of ethical constructive
technology assessment (eCTA) developed by Kiran, Oud-
shoorn, and Verbeek (2015), so as to address the compound-
ing features identified in Section 4. Where Kiran et al. ar-
gue for going ‘beyond checklists’ to engage with the norma-
tive implications of technological mediation from ‘within’
human-technology relations, we argue that this engagement
must be explicitly adapted for epistemic technologies whose
mediation is constitutively opaque.

A mediation audit differs from a standard algorithmic au-
dit (Sandvig et al. 2014; Raji et al. 2020) or impact assess-
ment (Metcalf et al. 2021; Selbst 2021) in several respects.
Three are worth mentioning. Mediation audits operate on a
different unit of analysis than standard algorithmic audits.
Where standard audits ask whether the system made a fair
or accurate decision, mediation audits ask how the system
reshapes what its users perceive, believe, and do. They are
also explicitly temporal, tracking how the mediation profile
drifts over time, including feedback-loop dynamics. More-
over, they address population-level epistemic effects, exam-
ining how the system shapes collective knowledge across its
user base, beyond the individual decisions that standard au-
dits assess.

The shift from system-level to mediation-level analysis
carries a broader design implication. If mediational opac-
ity is a property of the relation between the technology,
its users, and the epistemic environment, then responsible



deployment cannot be achieved by designing the technol-
ogy in isolation. What must be designed, monitored, and
governed is the epistemic ecosystem in which the technol-
ogy operates, that is the ensemble of human practices, in-
stitutional contexts, interface choices, feedback pathways,
and evaluative norms through which the technology’s me-
diation takes concrete form.'? Before specifying what the
audit should examine, we must specify what it should pro-
tect within the ecosystem. Without such an anchor, the audit
would have no basis for deciding which mediation effects
matter, and would become unworkable. To this end, we draw
on two complementary accounts. Elgin (2017; 2025) pro-
vides the normative content, arguing that epistemic progress
depends on autonomy, responsible disagreement, and revis-
ability of understanding, precisely the conditions that the
consequences identified in Section 5 systematically disrupt.
Ratti and Graves (2025) provide the operational framework
through the capability approach, on which Al ethics is oper-
ationalised by identifying the human capabilities at stake in a
given deployment, determining the conversion factors (per-
sonal, social, environmental, and digital) that sustain those
capabilities, and assessing how the Al system affects those
factors. Our adaptation of this framework extends the stan-
dard capability-theoretic usage in one respect. Whereas the
capability approach typically treats a technology as a re-
source whose conversion into a functioning depends on per-
sonal, social, environmental, and digital factors, we treat an
Al system that functions as a mediating milieu as itself an
environmental factor, upstream of the conversion process.
With this adaptation in place, a mediation effect raises con-
cern when it undermines the conversion factors on which
a relevant epistemic capability depends. In the educational
case, the relevant capabilities include independent evaluative
judgement, particularly the capacity to recognise unconven-
tional merit, and a pedagogical responsiveness that tracks in-
dividual student development. In healthcare, they include in-
dependent diagnostic reasoning that draws on narrative and
embodied clinical evidence, and the capacity to hold the sys-
tem’s recommendation open to revision.

The five dimensions we now propose operationalise this
framework by identifying which amplifications/reductions
or invitations/inhibitions affect the conversion factors on
which relevant epistemic capabilities depend. For each di-
mension, we specify its theoretical grounding, the guiding
questions it generates, the methods it requires, and the way
it goes beyond what existing audit approaches capture. Con-
textual promiscuity, although it figures as a structural reason
in the argument above, does not generate a sixth dimension
but poses a cross-cutting challenge for audit scoping that we
note at relevant points below.

(1) Epistemic amplification and reduction. This dimen-
sion derives directly from Verbeek’s perceptual mediation
categories. Its guiding question is: what kinds of evidence

10Floridi (2023) argues convergently that AI functions by re-
structuring the environment in which it operates (’enveloping’); our
framework operationalises this insight for the epistemic domain.
Auditors are themselves mediated; mediation audits are accord-
ingly reflexive practice rather than view from nowhere. Safeguards
are developed in (Facchini 2026, Appendix C).
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or reasoning does the system make more salient, and what
does it suppress or downrank? Unlike a standard bias au-
dit, which asks e.g. whether the system’s outputs are fair
across demographic groups, an amplification/reduction anal-
ysis asks how the system reshapes the epistemic field within
which decisions are made before any particular output is
generated. Concretely, the analysis proceeds in three steps
along the capability-approach structure. It begins by identi-
fying the epistemic capabilities most relevant to the domain.
It then determines the conversion factors that have histori-
cally sustained each capability, that is the personal, social,
environmental, and digital conditions under which practi-
tioners have been able to exercise the capability indepen-
dently. It concludes by assessing whether the Al system,
treated as an environmental factor, preserves, erodes, or re-
structures those conversion factors.

Consider an automated essay scoring system. A standard
audit might test whether the system scores essays equitably
across student populations. An amplification/reduction anal-
ysis would ask different questions. It would for instance
ask whether the system amplifies structural and grammatical
features while reducing the salience of originality, and crit-
ical depth, or whether it privileges well-represented writing
conventions while making unconventional but intellectually
ambitious work harder to recognise.

Methodologically, each step in this analysis draws on dis-
tinct methods. Capability identification requires domain ex-
pertise combined with normative analysis of what the do-
main treats as competent practice. Conversion factor map-
ping requires collaboration with sociologists, ethnographers,
and domain practitioners who can identify the personal, so-
cial, environmental, and digital conditions that historically
sustained the capability, and which the Al system may be
reshaping. Impact assessment requires comparative analysis
of decisions before and after the system’s introduction, sup-
plemented by sensitivity analysis (‘counterfactual probing”)
to determine which types of evidence the system treats as
probative and which it ignores or discounts.

(2) Epistemic invitation and inhibition. This dimen-
sion derives from Verbeek’s action-mediation categories. Its
guiding question is: what epistemic activities does the sys-
tem encourage, facilitate, or make effortless, and what does
it discourage, make costly, or foreclose entirely? Where
amplification/reduction concerns what users perceive, invi-
tation/inhibition concerns what users do, how the system
shapes epistemic practice.

To illustrate this point, consider the Obermeyer et al.
(2019) case. The healthcare algorithm they studied predicted
future costs rather than future illness. Because Black pa-
tients had historically received less care, they generated
lower costs despite being sicker, and were systematically de-
prioritised. From a standard fairness perspective, the prob-
lem is racial bias. From a mediation perspective, this proxy
choice has a direct invitation/inhibition structure: the sys-
tem invited a particular way of thinking about health need
(as a function of cost) and inhibited the question of whether
cost-generating patterns reflect historical inequities in ac-
cess. The problem hence lies in how the epistemic field was
structured before any output was produced. At the invita-



tion/inhibition level, this structural epistemic redirection is
visible from what the system was built to predict, indepen-
dent of any disparate-impact analysis. It remains visible even
where no disparity results. Read through the capability ap-
proach, invitation and inhibition shape more than behaviour.
They restructure the conversion factors through which epis-
temic capabilities are exercised. Here, the resulting invita-
tion to allocate resources by predicted cost eroded a conver-
sion factor for the capability of equitable clinical reasoning,
namely attention to whether low utilisation reflects unmet
need rather than absence of need. A capability-grounded au-
dit registers this erosion as the structural problem, whether
or not the disparate impact on Black patients has been mea-
sured.

Methods for this dimension include ethnographic obser-
vation of how practitioners interact with the system in prac-
tice, addressing questions such as: ‘Do they explore alter-
native hypotheses or accept the system’s suggestions?’ ‘Do
they seek additional evidence or treat the system’s output as
sufficient?’ Interaction analysis can reveal which epistemic
activities the interface facilitates (one-click acceptance, au-
tomated workflow integration) and which it makes costly
(manual override, justification requirements for deviation).
Notice that Selbst et al.’s (2019) warning about ‘abstraction
traps’ (that is the tendency to frame algorithmic problems in
isolation from their sociotechnical context) applies directly
here, since invitation and inhibition emerge from the deploy-
ment of the system, not from the algorithm taken alone.

(3) Phenomenological visibility. This dimension ad-
dresses the environmental character of Al mediation most
directly. The environmental thesis developed in Section 2
holds that AI systems increasingly function as mediating
milieux that users inhabit. Phenomenological visibility asks
whether users perceive themselves as operating within such
a milieu at all. Its guiding question is: fo what extent are
users aware that epistemic mediation is occurring, and does
the system present its outputs as 'the answer,’ as a neutral
summary, or as one mediated perspective among others? A
bias audit can assess whether outputs are fair across groups
without ever asking whether users perceive the outputs as
mediated. Dimension 3 asks precisely this question. The an-
swer indicates how far along the focal-environmental spec-
trum a given deployment has progressed.

This dimension is absent from virtually all existing au-
dit frameworks. Algorithmic audits examine system perfor-
mance, whereas impact assessments examine downstream
effects. Neither asks whether users are phenomenologically
aware that mediation is taking place. Nevertheless, aware-
ness is the prerequisite for all critical engagement. A physi-
cian who does not realise that the ranked list of diagnoses
on her screen has been shaped by a model trained primarily
on data from large urban hospitals cannot discount appro-
priately for a rural patient population, just as a researcher
unaware that an Al literature review over-represents recent
publications cannot compensate by seeking older founda-
tional work.

Verbeek (2011) proposes what he calls “technology ac-
companiment”, that is making the mediating role of tech-
nology visible and discussable rather than allowing it to re-
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cede into the background. Translated into audit methodol-
ogy, this requires interface analysis (‘does the system sig-
nal its own mediation?’), user perception studies (‘do users
understand they are interacting with a mediated epistemic
environment?’), and comparison with unmediated baselines
(‘how would the epistemic task proceed without the sys-
tem?’).

(4) Temporal stability and feedback dynamics. This
dimension addresses the compounding feature of dynamic
self-reinforcement. Its guiding question is: how has the sys-
tem’s mediation profile changed over time, and are there
feedback loops in which the system’s outputs shape the data
or user behaviour that in turn reshapes its future mediation?

This is perhaps the most technically demanding dimen-
sion, and the one most clearly absent from existing ap-
proaches. As they examine the system at a point in time,
standard algorithmic audits are typically snapshot assess-
ments. But as Hatherley (2025) argues, ongoing model up-
dates create update opacity, namely explanations generated
for version N of a model may not hold for version N +1.
Our framework extends this insight beyond individual model
updates to the broader phenomenon of self-reinforcing me-
diation drift. A recommendation system that shows certain
content, observes engagement with that content, and treats
the engagement as evidence of preference creates a self-
reinforcing loop in which the mediation structure becomes a
moving target.

Methods for this dimension include longitudinal monitor-
ing of system outputs across successive model versions and
data updates, controlled deployment comparisons that exam-
ine how different mediation profiles shaped user behaviour,
and drift detection protocols that identify when the relation-
ship between inputs, outputs, and real-world outcomes has
shifted significantly. Importantly, temporal audits should ex-
tend beyond standard performance metrics (accuracy, fair-
ness over time) to include mediation metrics that opera-
tionalise the dimensions as quantifiable trajectories.

(5) Population-level epistemic effects. This dimension
addresses the compounding feature of societal scale. Its
guiding question is: what are the aggregate effects of the
system’s mediation across its entire user base, and does it
systematically advantage some epistemic communities over
others?

Individual-level analysis, including individual explana-
tions, cannot capture population-level epistemic effects. Fil-
ter bubbles and epistemic monocultures, along with a sys-
tematic homogenisation of inquiry, are emergent properties
that arise only when a system mediates millions of epistemic
environments simultaneously. Consider a news recommen-
dation algorithm deployed across a national media platform.
At the individual level, each user’s feed appears to present
‘relevant news’. The mediating selection (which sources are
revealed, which are suppressed, which framings of events
are amplified) is invisible to any single user. Only an analy-
sis across the full user base reveals the population-level epis-
temic effect. Different demographic or geographic groups
are systematically shown different content, and the resulting
epistemic communities inhabit substantially different infor-
mational environments.



Methods for this dimension include distributional analysis
(‘how do the system’s outputs differ across population sub-
groups in terms of the epistemic resources they make avail-
able, alongside differences in accuracy?’), ecological stud-
ies (‘how does the system’s deployment affect the knowl-
edge landscape of a professional community or region?’),
and comparative analysis across deployment contexts (‘does
the same system produce different mediation profiles when
deployed in different institutional, cultural, or demographic
settings?’). This dimension connects the mediation audit
to the broader concerns of social epistemology by asking
not just whether the system works fairly for individuals but
whether it supports or undermines the conditions for healthy
collective knowledge production.

With the five dimensions now specified, we can
sharpen the claim introduced at the beginning of this
section. Each dimension targets a property of the sys-
tem—user—environment relation that lies beyond the analyti-
cal scope of existing XAI methods. The limitation concerns
what XAl is designed to address, not its technical soundness.
Indeed, XAI methods deliver essential system-level insights,
which mediation audits then situate within the broader epis-
temic ecology of the system as deployed. Causal XAI can
identify which factors drove a particular output, but can-
not reveal that the system has systematically restructured
what counts as evidence across a domain (dimension 1).!!
Concept-based XAI can show which human-meaningful
concepts the model uses, but cannot show which concepts
the model has rendered invisible by not using them (dimen-
sion 2).'> No XAI method addresses whether users perceive
the system as mediating at all (dimension 3), how the medi-
ation profile evolves through feedback loops (dimension 4),
or whether epistemic monocultures are forming at the popu-
lation level (dimension 5).

Minimum Viable Mediation Audit

Because it tracks the environmental character of Al media-
tion directly, dimension 3 also carries the greatest theoreti-
cal weight of the five dimensions. A deployment that scores
well on dimension 1 (users can articulate what is amplified
and reduced) but poorly on dimension 3 (users do not per-
ceive the mediation as mediation) indicates that the system
has progressed along the focal-environmental spectrum in a
way that makes external evaluation structurally difficult. Di-
mension 1 without dimension 3 is diagnostically incomplete,
because it describes what the system does without detecting
whether users are in a position to recognise that it is doing
it. Read through the adapted capability approach, the two
dimensions together track whether the Al system, as an en-
vironmental factor, is preserving or eroding the conversion

A causal account of why a particular essay received its score
does not reveal that, across a domain, the system has gradually
shifted teacher attention from originality and critical depth toward
structural and grammatical features.

"’In the Obermeyer et al. (2019) case, concept-based XAl could
reveal ‘prior costs’ as a concept the algorithm uses, but not the
fact that this reliance invited thinking about health need as cost-
dependent and inhibited thinking about it as independent of utilisa-
tion history.
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factors sustaining the domain’s relevant epistemic capabili-
ties. Dimension 1 identifies whether those factors have been
restructured. Dimension 3 identifies whether practitioners
can still perceive the restructuring and adjust to it. Temporal
drift (dimension 4) cannot be tracked without a baseline am-
plification/reduction profile (dimension 1). Population-level
effects (dimension 5) cannot be identified without knowing
what the system makes salient and whether users perceive
it as mediated (dimensions 1 and 3). Invitation and inhibi-
tion (dimension 2) can be partially inferred from amplifi-
cation/reduction analysis, though a full assessment requires
independent methods.

The minimum protocol'® covers dimensions 1 and 3. For
dimension 1, identify the system’s most heavily weighted
features from documentation or XAl tools, then have practi-
tioners rank evidence types by importance, comparing rank-
ings before and after deployment. For dimension 3, three
survey items are needed, testing respectively whether the
output can still be framed as mediated, whether the conver-
sion factors sustaining prior practice have been preserved,
and whether the practitioner can still describe how the task
would proceed without the system. A full audit is war-
ranted when practitioners’ rankings shift significantly, or
when most of them treat the output as an unmediated mea-
sure of quality.'* The absence of these triggers shows only
that the most detectable symptoms have not yet appeared.

Dimensions 1 and 4 both presuppose a baseline of prac-
titioner judgement prior to deployment. For systems already
in use, such a baseline is typically unavailable, and recon-
structing it retrospectively is subject to the loss of counter-
factual imagination discussed in Section 5. Partial substi-
tutes may be obtained as follows. On the one hand, com-
parison with institutions that have not yet adopted a system
might provide a synchronic baseline when a diachronic one
is absent. On the other hand, cross-institutional variation in
mediation profiles could indicate the direction of the shift,
even when its starting point cannot be recovered. Clearly,
neither is equivalent to a pre-deployment measurement, and
in both cases the fact of dealing with approximations should
be reported.

Organisations that are unable to carry out even this min-
imal protocol should explicitly state that no mediation as-
sessment has been performed, and treat this absence as a
known epistemic limitation of the deployment. Such a state-
ment makes clear that the organisation is unable to deter-
mine whether the system is influencing how users perceive,
reason, or act within the relevant domain, and indicates that
users and oversight bodies should take this limitation into
account when assessing the system and its use.

3The protocol is provided in (Facchini 2026, Appendix B).

4Facchini (2026, Appendix A) outlines the application of the
five dimensions to an automated essay scoring system, specifying,
for each dimension, the capability at stake, the methods required,
and the indicators that would raise concern. Other domains such as
healthcare, criminal justice, scientific research, and news recom-
mendation would each require domain-appropriate instruments but
follow the same five-dimension structure.



Positioning and Criteria for Adequacy

Mediation audits supplement existing frameworks without
replacing them, since they assess a different object. Standard
audits, in fact, examine what a system produces, whereas
mediation audits ask how what it produces reshapes practi-
tioners’ standards for evidence and inference. The difference
matters, because a system can pass standard accuracy and
fairness checks while having nonetheless restructured what
practitioners treat as evidence, and no inspection of outputs
will detect this.

What counts as an adequate mediation audit, given that
mediational opacity cannot be eliminated? We propose four
success criteria. The first criterion is contestability. The au-
dit should produce findings that enable affected parties to
challenge not only specific outputs but the epistemic fram-
ing the system imposes, what it treats as evidence, what it
renders invisible, and what practices it invites. The second
criterion is drift detection. The audit should establish base-
line mediation profiles against which later shifts can be iden-
tified while they are still reversible. The third criterion is vis-
ibility thresholds. The audit should determine whether users’
awareness of mediation falls below the level required for the
critical engagement that responsible coupling demands, and
flag deployments where it does. The fourth criterion is ca-
pability preservation. The audit should assess whether the
conversion factors sustaining the epistemic capabilities rel-
evant to the domain remain intact under the system’s me-
diation, and flag deployments in which those factors have
been eroded below the threshold required for independent
exercise of the capability. Together, these criteria constitute
the minimum conditions under which mediation audits can
meaningfully support epistemic responsibility in the absence
of full transparency.!

7 Agentic Al and Epistemic Delegation

The analysis so far has focused on Al systems where the hu-
man remains in the epistemic loop, even if their perception
is shaped. The rapid emergence of agentic Al systems (au-
tonomous agents that plan, use tools, and execute multi-step
tasks without continuous human oversight (Chan et al. 2024;
Gabriel et al. 2024)) introduces a structural transformation
that our framework is positioned to illuminate. In standard
Al, the human experiences the world as filtered through the
system’s amplifications and reductions. In agentic Al, the
human does not experience a mediated perception at all for
large portions of the task. The agent autonomously searches,
evaluates sources, decides what is relevant, formulates sub-
goals, selects tools, acts on its decisions, observes results,
and adjusts.'® The human receives the output of an entire

SFacchini (2026, Appendix C) situates mediation audits with
respect to existing algorithmic auditing work, develops specific in-
tegrations with eCTA (Kiran, Oudshoorn, and Verbeek 2015), al-
gorithmic impact assessments (Metcalf et al. 2021; Selbst 2021),
and Value Sensitive Design (Friedman and Hendry 2019), and ad-
dresses institutional conditions for implementation and the reflex-
ive challenge posed by auditors’ own mediated positions.

16We describe the agent’s operations in functional terms, with-
out imputing subject-like intentionality. These are computational
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chain of epistemic operations from which they were absent.
This is not a departure from mediation. All technologies me-
diate, and the human still stands in a mediated relation to the
world through the agent’s output.!” But the structure of that
mediation has changed categorically. In standard Al, the hu-
man experiences a single mediating layer whose amplifica-
tions and reductions, while opaque, are at least undergone.
In agentic Al the human receives the endpoint of a chain of
mediations none of which were experienced by anyone. The
intermediate epistemic operations (e.g., searching, evaluat-
ing, selecting, interpreting) were performed autonomously,
each shaping the epistemic environment for the next. We call
this phenomenon epistemic delegation, a condition in which
the mediating process itself is delegated. Mediation contin-
ues, though the human can no longer inspect, evaluate, or
even perceive the intermediate mediations that shaped the
output they receive.

Situating agentic Al on the focal-environmental spectrum
introduced in Section 2 clarifies the transformation at issue.
Standard Al systems already extend beyond the focal end of
this spectrum. Even a chatbot, while formally a discrete tool,
operates environmentally through its integration into work-
flows and interfaces, and through patterns of habitual use
that induce phenomenological silence. Agentic Al intensi-
fies this trajectory. As intermediate epistemic operations are
delegated to the agent, users no longer inhabit the epistemic
milieu throughout the task. This withdrawal from the chain
of epistemic operations marks the extreme point of a con-
tinuum along which Al systems have progressively redis-
tributed epistemic activity.

One might object that reasoning traces (intermediate rea-
soning steps) restore inspectability, but the trace is itself a
mediated summary, presents only the path taken and not
the paths rejected, and would require full epistemic evalu-
ation of every intermediate step to serve its purpose, which
negates the efficiency that motivated delegation. The conse-
quence for Ferrario, Facchini, and Termine’s (2024) hybrid
agent is severe. The hybrid requires in fact the human to
critically evaluate the AI’s epistemic contribution. But when
the human has not witnessed the chain of intermediate me-
diations that produced the output, the conditions for appro-
priation are structurally undermined for the delegated por-
tions of the chain. Moreover, each step’s mediation shapes
the epistemic environment for the next, producing a chain-
level opacity that no explanation of the final output can re-
cover.

Phenomenological silence in a sense reaches its limit here.
The user is not merely unaware that mediation is occurring;
they are not present during the epistemic operations at all.
The agent’s central appeal, freeing the user from epistemic
labour, is precisely what makes responsible epistemic cou-
pling hardest to sustain. As more epistemic work is del-
egated to the agent, the human correspondingly exercises

processes that perform the epistemic functions that in non-agentic
Al are performed by the human user.

"We use ‘delegation’ instead of ‘replacement’ deliberately.
Agentic Al does not eliminate mediation but delegates the mediat-
ing process itself, the chain of epistemic operations through which
the final output is produced.



those evaluative capacities less often. Over time, this ero-
sion of practice makes it increasingly difficult for the hu-
man to assess the agent’s outputs (cf. Messeri and Crock-
ett (2024) on ‘illusions of understanding’), generating a
self-reinforcing dynamic in which the human’s contribution
to the hybrid progressively weakens.

Agentic systems hence require mediation audits that go
beyond the five dimensions, addressing chain-level opac-
ity, delegation boundaries, and specific deskilling trajecto-
ries. Epistemic delegation denotes a structural transforma-
tion that alignment and control framings cannot capture.
This paper specifies that transformation and the audit di-
mensions it entails, whereas governance instruments remain
beyond its current scope.

8 Related Work

Some relevant antecedents were addressed throughout.
Friedrich, Mason, and Malone (2022) offer the closest
antecedent, applying postphenomenology to clinical Al
We extend their analysis by developing the constitutive
epistemic opacity concept, generalising beyond the clini-
cal context, and proposing the mediation audit framework.
Susser (2019) focuses on autonomy over epistemology. Our
framework reinterprets his ’invisible influence’, and Aydin,
Gonzélez Woge, and Verbeek’s 2019 account of Al’s ten-
dency to fade into an ambient "technological environmental-
ity as instances of phenomenological silence. That media-
tion is environmental is a claim with a long tradition in me-
dia studies and media ecology (McLuhan 1964). In a sim-
ilar move, Pasquale (2015) located opacity in the ‘socio-
institutional arrangement’ around the model, rather than in
the model as such. Hatherley (2025) has identified a prob-
lem related to dynamic self-reinforcement, ‘update opac-
ity’, whereby ongoing model updates create a moving target
that undermines even those forms of understanding that XAl
methods have achieved. Ratti and Graves (2025) propose a
capability approach to Al ethics that identifies the human ca-
pabilities at stake in a given deployment and the conversion
factors that sustain them, an approach then operationalised
by Graves and Ratti (2025) for internal auditing of the design
and development process. Our mediation audit framework
adopts this approach as its operational anchor and extends
it both conceptually, by repositioning the Al from resource
to environmental factor in light of its character as a mediat-
ing milieu, and methodologically, by specifying through the
five dimensions how the Al so positioned affects conversion
factors at the level of perception, practice, and epistemic en-
vironment. Empirical work on human-Al decision-making
supplies evidence for specific mediational dynamics without
framing them in mediation-theoretic terms (Skitka, Mosier,
and Burdick 1999; Buccinca, Malaya, and Gajos 2021; Kaur
et al. 2020; Rezazade Mehrizi et al. 2023; Dratsch et al.
2023), and supports the claim that mediational opacity op-
erates at a level not addressed by providing explanations
or cultivating critical attitudes. On agentic Al, Chan et al.
(2024) and Gabriel et al. (2024) identify accountability gaps
but frame them in terms of alignment and safety, instead of
epistemic delegation.
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9 Conclusion

Mediational opacity undermines the conditions for responsi-
ble human-Al coupling. We cannot use our epistemic capac-
ities to evaluate the system shaping them, because no stand-
point from which to evaluate it stands independent of the
milieu. Given that the opaque process is an epistemic oper-
ation, and link and semantic opacity prevent compensatory
understanding, this is a different kind of opacity from the
one found in microscopes or computers. The compounding
features describe this environmental condition in multiple
ways. The practical implications concern the creation of re-
sponsibility gaps and epistemic injustice, which XAI alone
cannot resolve. We have therefore proposed mediation au-
dits structured along five dimensions.

Agentic Al further transforms the predicament. When the
mediating process is delegated, the human encounters only
the endpoint of an epistemic chain whose intermediate op-
erations went unwitnessed, rendering the conditions of ap-
propriation structurally unmeetable for the delegated por-
tions. This is a problem of epistemic delegation, extending
beyond alignment and control to the conditions under which
epistemic understanding and responsibility can be meaning-
fully exercised. Addressing it requires dimensions beyond
the five specified here. Nor do mediation audits eliminate
mediational opacity in the non-agentic case. Epistemic opac-
ity persists as long as link and semantic opacity remain, and
environmental mediation endures wherever Al functions as
an epistemic milieu rather than a focal tool. Mediation audits
reframe the question from whether individual outputs can be
explained to whether the mediating process can be made vis-
ible and contestable, thereby enabling the sustained critical
engagement responsible human—AI coupling requires.

Several questions remain open. One concerns the possi-
bility that users may be unable to perceive the mediation
they are subject to, thereby structurally undermining the
conditions for meaningful consent, and raising challenges
for frameworks such as the EU Al Act that rely on consent
and transparency as legitimating mechanisms. Another issue
is the potential homogenisation produced when millions of
epistemic environments are mediated through shared archi-
tectures, which may reduce the epistemic diversity on which
collective knowledge depends (Fazelpour and Steel 2022).
A further priority is empirical validation through replica-
ble protocols that preserve qualitative depth while enabling
cross-site comparability, particularly for dimensions 1 and 3.
The framework also generates testable predictions amenable
to experimental design, such as the hypothesis that XAI ex-
planations do not significantly reduce the shift in evidence-
type reliance a system produces. Mediation metrics require
systematic development, such as the ratio of unmodified ac-
ceptances to overrides, or the convergence of top-ranked out-
comes across retraining cycles, validated against indepen-
dent evidence of capability erosion. Finally, the governance
of agentic Al under epistemic delegation remains underde-
veloped.

As Al systems become more autonomous and more
deeply embedded in the epistemic infrastructure of society,
the need for tools that make not just outputs but mediation
visible and contestable will only grow.
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