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Abstract: The example of generative Al models (genAl) for the production of images
points to a serious gap in Al auditing. While genAI models deployed on digital platforms
for information and communication (ICTs) have an increasing and particularly per-
suasive influence on users’ representations of social events, groups and dynamics; users
themselves have no effective way of reclaiming power over their shared representations,
governing when and how Al can shape their vision of the world. I argue that auditing
institutions, which assess the alignment of Al systems with a set of previously defined
societal expectations, ave not able to keep up with the challenge of aligning with societal
values and expectations genAl models and recommender systems that are evolving at an
incredible speed and through a non-disclosed frequency of retrainings.

In this paper the author argues that, to fill this gap, the auditing pipeline needs to lever-
age users themselves, in the form of an intermediary structure that will enable a dynamic
feedback loop to keep up with the evolving impact of recommender systems and genAl
models on ICTs, across the individual, the community and the societal level. I propose
the form of this structure by drawing from the social sciences and the concept of citizens
infrastructures. These are an enduring structure to leverage existing citizen engagement
into the socio-technical networks that interact with and are impacted by the deployment
of a given Al system. In this paper two examples of such infrastructures are being dis-
cussed and an argument is made for their potential to govern the power of Al over our
shared representations, before drawing the implications for how the very concept of AI
auditing needs to evolve.
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Introduction

Al-generated images are one of the most glaring failures of auditing insti-
tutions in Al governance. Companies have been cultivating artificial image
synthesis since the development of Generative Adversarial Networks (GAN)
in 2014 (Elgammal et al. 2017), but since OpenAI's image generator DALL-E,
that generates images from text, was opened to the public in 2022 (OpenAl
2022), Al-generated images have flooded all public information and commu-
nication platforms (ICP) (Bond 2024). Presently, any internet image search
displays some kind of Al-generated images, not all of which are immediately
recognizable as such (Gangadharbatla 2022).

Yet, the public response to the large diffusion of AI-generated images is not
a positive one’. Ratings of comfortableness towards and estimated capability
of Al producing artistic images is very low compared to other areas of applica-
tion of Al technology (Schepman et al. 2020), and the appreciation of Al-gen-
erated images is much lower than that of human crafted ones (Bellaiche et al.
2023; Hong et al. 2019; Chamberlain et al. 2017). This points out a misalignment
between the industry and the public, but one that doesn’t currently have a suit-
able reflection upon effective governance, as there is no adapted institution to
assess, support and address this misalignment.

However, what is at stake behind this representation, are our very own
shared representations. Indeed, ICPs where Al-generated images are taking
up more and more space actually convey social and cultural cues that influence
the construction of our shared beliefs and behaviours (Glickman et al. 2025;
Ashkinaze et al. 2024; Pappalardo et al. 2024; Hoang et al. 2023; Sirbu et al.
2019; Bail et al. 2018). Consequently, Al-generated contents themselves are
already becoming a non-neglectable factor in our perception and appreciation

1 A caveat to be introduced here, as most data available on the public’s reaction to
Al-generated images is culturally situated, and, while significant in its proportion for
the purpose of calling out on current auditing processes in Al governance, doesn’t nec-
essarily represent all attitudes around the globe equally. See for example Wu et al.
(2019) about the different perception of Al-generated art among American test sub-
jects as compared to Chinese.



https://doi.org/10.14361%2F9783839478431-039
https://www.inlibra.com/de/agb
https://creativecommons.org/licenses/by-sa/4.0/

Chiara Marcoccia: Citizens Infrastructures

of reality, influencing our opinions (Floridi 2024), our tastes (Wu et al. 2019)
and our values (Brinkmann 2023), on a personal, interpersonal and societal
level, with the potential to shape our perception of the self, our attitude to-
wards others and our shared representations of the future, of democracy and
of social identities (Floridi et al. 2024; Burrell et al. 2023; Ovadya et al. 2023).
For such high stakes and wide-ranging consequences, we have no matching
institutional levers: we lack infrastructures to connect between the big-tech
industry, national and international regulatory instances, and the public. An
issue for which I try to suggest a workable solution in this paper.

In fact, in the first part of my paper I show that the auditing institutions
that have failed to govern the development of AI-generated images in align-
ment with societal values and expectations, have done so because of the lack of
citizen infrastructures. These can take the shape of digital platforms, commu-
nity forums, shared skills, information networks, or lived environments (Ab-
douMaliq 2004) and aim at supporting and enabling citizen-led and enduring
public engagement (Gabrys 2021). Their specificity is that they often originate
from everyday practices and in the very spaces where citizens interact (Living-
stone et al. 2010).

I make the claim that such infrastructures can be particularly well-suited
and effective for the purpose of enabling and supporting citizen engagement in
auditing institutions involved in Al governance, effectively and durably align-
ing those institutions with social values and expectations. Indeed, a successful
infrastructure connecting citizens and auditing institutions must allow gover-
nance issues to be formulated and discussed by citizens contextually, in a way
that is coherent and organic with the live perception of these issues and with
the experience-led evaluation of their consequences.

For this reason, citizens infrastructures appear as an interesting solution:
they emerge from and in turn provide structure to the living environment or
the everyday activities that are the very reason for citizens’ perceptions, valu-
ing and expectations regarding the issue at hand. For Al regulation, this em-
bedding of the infrastructure into the living experience would mean that the
infrastructure is part of the citizens’ consistent interaction with AI-generated
content, which mostly happens through ICPs. This naturally points toward a
kind of digital infrastructure, whose characteristics I outline in the last part of
my paper.

In fact, digital infrastructures have become more and more promising as
technology advances (Barns 2016), but they have an especially interesting po-
tential today to address the issue of aligning social values and expectations
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towards AI with auditing institutions. Indeed, the live context in which citi-
zens encounter Al-generated content are ICPs, and these already host commu-
nity forums, shared skills and information networks, which are the channels
through which citizens infrastructures are commonly organized and main-
tained.

Hence, a digital citizens infrastructure appears to be an interesting option
to govern Al's power to shape shared representations in alignment with social
values and societal expectations. In fact, such a digital infrastructure would
close the gap between consuming and governing Al-generated content, inso-
far as the space where Al-generated content has an impact on citizens’ life and
perception —ICPs—would also be the space where citizens can have an impact
onthe generation and diffusion of artificial content. This brings me to conclude
my paper on the idea thatit is possible to counter the trend that makes out peo-
ple to be more passive as Al becomes more pervasive, and stress on the contrary
how human-Al interaction can be a chance to enhance governance, interaction
and decision-making.

The Misalignment Between Al Deployment, Societal Values
and Expectations

Over-Promising and Under-Delivering

When we look at the expectations surrounding Al, we are faced with a deep
contrast between high hopes and actual user experiences (Kinney et al. 2024).
Indeed, the computing power unlocked by AI technology opens up the poten-
tial for many promising applications in the fields of healthcare (Lamberti et al.
2019; Aung et al. 2021; Nguyen et al. 2023), business (Pathak et al. 2010; Chen
et al. 2004), government (Pi 2021), education (Tlili et al. 2023; Zawacki-Richter
2019), and justice (Westermann et al. 2024).

In fact, the machine learning technology that powers Al systems enables
them to extract patterns from huge amount of data (the so called big data)
and use them to interpret new data (LeCun et al. 2015), potentially offering
a tool to reduce human work-load (Zysman et al. 2024), support decision-
making (Turki et al. 2024; Shin et al. 2024), democratize access to knowledge
(Mehandry et al. 2025; Conryut et al. 2015) and enhance task efficiency (Autor
et al. 2024; Crafts 2021; Ernst et al. 2019).
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As a result, people expect Al technology to take up an important societal
role, improving institutions and enhancing citizens’ quality of life (Kinney et
al. 2024:1). Indeed, a global survey published in the 2025 United Nations’ Hu-
man Development Report indicates that two thirds of people across countries
expect to use Al in education, health and work within one year (UNDP 2025:
4). In fact, in the public sector, Al technology could be an opportunity to fuel
innovative public services improving services to citizen queries and enhanc-
ing predictive capability for decision-making thanks to its capacity to analyze
high-dimensional as well as unstructured data (Eggers et al. 2017).

However, when we look at current AI uses, not only do they not live up to
expectations, but they point to a deeper problem in the overall direction of the
development of this technology. On the one hand, current Al systems don't of-
fer enough transparency in their reasoning (Burrell 2016) and trustworthiness
in their sources (Castelvecchi 2016; Kaur et al. 2022) to support widespread ap-
plications in healthcare, business, government, education, and justice (Bender
et al. 2021). On the other hand, current Al deployment actually causes at least
as many (if not more) harms as benefits for citizens.

First of all, the capacity of AI to reduce human work-load is dependent on
increasing hidden (and sometimes exploitative: see Capraro et al. 2024) human
labor (Muldoon et al. 2024), such as data labelling and annotation (Acemoglu
et al. 2019). Secondly, evidence shows that current use of Al to democratize
knowledge and support decision-making actually also has a negative social im-
pact, especially on marginalized groups (Sartori et al. 2022), insofar as it repro-
duces harmful biases (Mehrabi et al. 2021), spreads misinformation (Allcott et
al. 2019) and leads to unfair decision-taking (Crawford 2021; Angwin et al. 2016;
Dastin 2018).

As a consequence, there is a mismatch between society’s high expectations
for AT’s beneficial applications and the actual possibilities offered by current
Al systems. Crucially, the problem seems to be more than just a question of
technical advancement (UNDP 2025: 48): it seems to be part of a broader mis-
alignment between societal expectations and the current direction of Al devel-
opment.

In fact, while the techno-solutionist narrative would have biased Al out-
puts be just a sign of a still underdeveloped technology to be fixed by future
refinement (Altman 2024), research shows that it’s the very development strat-
egy of Al systems that produces biased outcomes. Indeed, the datasets used
to train Al systems such as Large Language Models (LLMs) are built from data
coming with overwhelming majority from Western countries (Rahman et al.
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2024), and consequently carry a certain culturally situated value system (Atari
etal. 2025).

Moreover, training data are taken from the internet, and subsequently
reflect the over-representation of English speakers (McIntosh et al. 2024),
young people and people from developed countries among internet users
(World Bank 2018), but also the over-representation of men among the writers
of online forums used as training data, like for instance Reddit (Pew 2018) and
Wikipedia (Barera 2020).

For this reason, if we want Al systems to reflect societal values such as
inclusiveness, diversity and fairness, we can't rely on technical advancement
(Winner 2017), but we have to purposefully include such values in the devel-
opment and deployment of Al technology (UNDP 2025: 103—104; 119—121). This
paper suggests a way how. First, I propose to identify the difficulties for the
inclusion of societal values in Al development.

The Alignment Problem

The difficulty to design Al systems to reflect societal values has come to be
known as the alignment problem (Russell 2020). This consists on the one hand
in a normative and on the other hand in a technical difficulty: how to frame the
set of values that Al should be aligned with, and how to successfully incorpo-
rate them in Al systems (Gabriel 2020).

The latter is only partially a task for Al engineers to solve, for it requires we
identify what the goals of Al are, in order to identify how they can meet our own
(Kinney et al. 2024). This is not an anthropomorphization of AI, which would
attribute goals to the Al system and question its intrinsic moral values. On the
contrary, it’s about understanding the technology behind the Al system, what
it was developed for and what it can do (McCoy et al. 2023).

Indeed, the two questions are interconnected, and to successfully incorpo-
rate societal values into Al systems, we have to identify the values that an AI
system should be aligned with, given the tasks that the system has been developed
for (McCoy et al. 2023). For instance, when addressing the alignment problem
in the case of LLMs, if we take into account that the technology on which they
are based is designed to predict the next word given a context (Bender et al.
2021), we can identify what values are concerned by their computing strategies
and how they are mobilized in their behaviors (Milliére 2023), allowing us to
determine the relevant discussions and measures to be undertaken.
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This requires an understanding of Al technology that is often confined to
techno-economical niches that are not accessible to the public and sometimes
not even to regulating institutions (Qi et al. 2024; Wachter et al. 2024), which
concentrates the power over the social transformations associated with Al in
a few hands and away from citizens, fueling the misalignment (UNDP 2025:
137-139).

But solving the alignment problem also requires an assessment of citizens’
attitudes and positioning towards specific societal values and their concrete
applications in AI development (UNDP 2025: 3—4). Indeed, the alignment
problem is also a problem of operationalizing human agency within the
development and deployment of AI technology: the values with which AI is
aligned must emerge by democratic and deliberate expression of values and
expectations in order for Al to reflect societal values (Innerarity 2024).

Hence, to address the misalignment between Al and societal values and ex-
pectations we need infrastructures that are apt to bring together societal au-
diting with technical knowledge about Al development. For this reason we will
now focus on the infrastructures currently available for citizens to participate
in Al governance, to identify the gap between citizens and auditing institutions
and map the way for the development of new infrastructures.

The Problem with Current Auditing Institutions
Defining Al Auditing

Auditing Al means assessing the alignment of given Al systems with a set of
previously defined expectations (Birhane et al. 2024). Who defines these expec-
tations and whether they reflect societal values varies among different Al au-
diting institutions. These include the media, law firms, regulators, consulting
agencies and academia (Bandy 2021). The goals for which each of these stake-
holders assess Al systems differ, and, consequently, so do the standards they
define as expectations for the evaluation of the Al system (Costanza-Chock et
al. 2022).

Indeed, current auditing institutions either look to comply with manda-
tory requirements and minimize corporate liability (internal auditing), or to
identify and minimize the harms impacting users (Birhane et al. 2024). Hence
the auditing process, which could offer a means for actors developing and reg-
ulating Al to align expectations, actually offers no common ground for differ-
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ent stakeholders to exchange assessments, only entertaining the distinction in
their roles.

The implication is that the policy applications of these audits are far from
systematic (Birhane et al. 2024): Al assessments often don't lead to proactive
re-design, products recall, voluntary corporate action or broader governmen-
tal regulation; firstly, because of their heterogeneous nature (ALI 2021), and,
secondly, because of their lack of a structured articulation into the social fab-
ric around Al development (Vecchione et al. 2021).

Indeed, firstly, socio-political repercussions of Al audit are impeded by the
lack of clearly defined auditing standards (Costanza-Chock et al. 2022), for it’s
those standards that drive not only the assessment of Al systems, but also their
development. In fact, standards are ‘consensus-based and agreed-upon ways
of doing things’ (Dignum 2022), that auditing helps to define and that in Al
development translate into the minimum specification on how to carry out
a process in alignment with socially-acknowledged expectations. This means
that the standards that should be defined by auditing institutions are the same
standards that are needed to guide AI development (Raji et al. 2020).

Secondly, transformative actions don’t come out of Al audit because the
auditing process lacks a direct involvement of the stakeholders that are most
likely to be harmed by Al systems (Costanza-Chock et al. 2022). Indeed, insti-
tutions that carry out Al auditing lack a structured articulation into the social
ramifications of Al development and deployment: the channel between tech-
developing companies and users is severed (UNDP 2025: 137-139), preventing
auditing standards to be informed by practical expectations and societal val-
ues, and limiting the active and democratic determination of these standards,
which is an essential requirement for meaningful and impactful auditing (In-
nerarity 2024).

One example of these stalling effects of auditing institutions in their cur-
rent form is the massive deployment of image-generating Al systems (Gangad-
harbatla 2022). Because impacted parties are not directly present in the elab-
oration of the auditing process, auditing institutions lack the focus and the
pervasiveness to identify and address necessary changes in the regulation and
the development of image-generating technology and translate them into au-
diting standards (Luccioni et al. 2023). Indeed, issues regarding privacy, copy-
rights and discrimination are central to a fair and trustworthy development of
image-generating Al technology (Kaur et al. 2022), but auditing institutions
are not sufficiently integrated into the societal adoption of and response to this
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technology to meaningfully and effectively mediate the dialogue between the
different stakeholders (Costanza-Chock et al. 2024).

For this reason, governing Al in alignment with societal values and expec-
tations requires a new kind of auditing institution, apt to build meaningful
and impactful infrastructures between auditing institutions and the different
stakeholders affected by AI development. To define such a structure, we will
first identify the role that it needs to have in Al governance.

Why Add Infrastructures?

The need for Al audit is widely advocated for in the name of Al (or algorith-
mic) accountability (Raji et al. 2020; ALI 2021; Bandy 2021; Costanza-Chock et
al. 2022; Raji et al. 2022; Birhane et al. 2024). Indeed, the goal of Al audit is
to provide an account of the way that a given Al system exercises its power in
society (Bandy 2021: 74:3), meaning to give an account of the Al system’s per-
formance as well as of its social impact.

For this reason Wieringa (2020) talks about a ‘networked account’ for what
is essentially a ‘socio-technical system’ (Wieringa 2020): Al systems are de-
ployed within social networks, as for instance social media (Knott et al. 2021)
and online retail platforms (Lee et al. 2014), and have network effects, like the
spreading of information and the success of products (Pappalardo et al. 2024);
therefore, the identification of the network effects of Al deployment and the
understanding of their relation to specific technical features of the given Al
system (Fabbri et al. 2022; Donnelly et al. 2021) is essential for the design of
action-informative Al audit (Birhane 2024).

Thisisan added requirement to those successfully covered by already devel-
oped benchmarking systems (Liu et al. 2024) because it takes into account the
unprecedented characteristic of Al systems: namely the fact that they evolve
through their deployment (Martinez et al. 2023). Indeed, Al systems update
their behaviors in response to their interaction with users: thus recommenders
(Isinkaye et al. 2015) update their recommendations to align with users’ prefer-
ences (Piao et al. 2023; Mansoury et al. 2020; Jiang et al. 2019), and Large Lan-
guage Models (LLMs) integrate the new data generated by the interaction with
users into their following outputs (Hataya et al. 2023). It’s the process com-
monly known as feedback loop (Jiang et al. 2019; Sun et al. 2019; Pedreschi et al
2024).

Furthermore, this process is augmented by the fact that Al systems are
re-trained over time, to integrate new sets of data (Shumailov et al. 2024; Pe-
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dreschietal. 2024). As a consequence, benchmarks that are defined on the data
fed into the AI system at time t; won't necessarily match the characteristics of
the data added at time t,.

For instance, let’s look at the benchmarks defined to account for the trust-
worthiness of a LLM system (Liu et al. 2024; Huang et al. 2024), namely relia-
bility (the information is accurate and the system does not hallucinate), safety
(the outputs are not violent, guarantee privacy and do not cause danger for
the user), fairness (the reasoning is not biased towards certain communities
and the outputs are not discriminatory), resistance to misuse (the system can-
not be used to cause harm and protects minors), explainability (the reasoning
is transparent and the outputs interpretable), alignment with social norms (it
does not go against universally acknowledged social values) and robustness (ty-
pos, grammatical errors and repetitions in the prompts do not cause inaccu-
rate outputs).

The specific data that need to be labeled as problematic in accordance with
these benchmarks are defined from the dataset on which the LLM was buil,
and they will change with the usage that users make of the LLM. Bender et
al. (2021) already noted that the list of words related to sex that was chosen
to filter out offensive, violent and pornographic data from the training data
of ChatGPT-2 actually reduced the influence of many forums built by or for
the LGBTQ+ community, because it contained slurs reclaimed by certain
marginalized groups (Bender et al. 2021).

This is where infrastructures come into play to align auditing institutions
with societal values and expectations. If benchmarks, and especially the con-
crete application of benchmarks, evolve with use, then users need to be inte-
grated in the process of continually keeping those benchmarks up-to-date. To
be more specific, it’s the very structure of the auditing system that has to be up-
dated to match its role in ensuring accountability, given the specificities of Al
technology (Pasquale 2019). Indeed, AI technology itself makes traditional au-
diting difficult: technology advances with considerable speed (Wu et al. 2025),
models are retrained on new data (Zhu et al. 2024) and each system evolves with
usage, by learning from the feedback of its users (Glickman et al. 2025; Man-
soury et al. 2020), but also by tracking and analysing their behaviors (Boeker
et al. 2022). For these reasons, audits can no longer be confined to their role of
evaluating the compliance with previously established standards and bench-
marks, as they did with softwares that didn't learn from interaction (Vecchione
et al. 2021; Birhane et al. 2024). On the contrary, they need to take on an active
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role ininforming standardization and benchmarking institutions as well as the
mitigation practices from system developers (Birhane et al. 2024).

It's to meet this new requirement that infrastructures are needed to bridge
the gap between auditing institutions and expectations arising through actual
Al usage. In the next part of this paper, I will present the characteristics of
these infrastructures, and argue in favor of developing citizen infrastructures
to support Al auditing.

Proposing a Solution: Citizens Infrastructures to Support Al Audit
A Proposition for Governance

The aim of this paper is to propose a workable proposition to build the missing
link between citizens and auditing infrastructures that is essential to leverage
the potential of Al audits to fuel policy, research and industry initiatives. The
idea is to leverage existing citizen engagement (Gabrys 2021) into the socio-
technical networks (Wieringa 2020) that interact with and are impacted by the
deployment of a given Al system (Pedreschi et al. 2024, Pappalardo et al. 2024).

It is not about distributing data-collection tasks (Gabrys 2021: 88) and ex-
ploiting consumers for technology development, but rather about leveraging
what is currently the most viable and transformative way of incorporating, on
the one hand, democratic engagement into the auditing processes, and, on the
other, auditing institutions into the social networks impacted by Al (Gabrys
2021: 89).

In fact, citizens infrastructures are citizen-led network practices that take
place in everyday spaces and activities (AbdouMaliq 2004), such as interaction
with AI powered systems on Very Large Platforms (VLOPs), but that have a
rare enduring quality among traditional participatory infrastructures (Gabrys
2021: 88). For this reason, they make a particularly good candidate for bridging
the divide between auditing institutions and the socially impacting and time-
transformative nature of the AI systems they aim at assessing.

The concept of citizens infrastructures comes from data collection prac-
tices in climate studies (Gabrys 2021). It describes when communities that are
impacted by and have animpacton a climate-related phenomenon, rather than
passively providing data to institutions in the form of surveys for instance, take
an active and network-organised role in the data collection, organising feed-
back, participating in the measurements, monitoring the territory.
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Examples of these sustainable practices and of their role in making Al au-
dits actually impactful for the industry and informative for regulation prac-
tices can be found in the Open Data Science Initiative (Lawrence 2014), which
consists in a users-organized space for open-access development of new anal-
ysis methodologies available ‘as widely and rapidly as possible with as few con-
ditions on their use as possible’ (Lawrence 2014), addressed to the data science
community, as well as to commercial, scientific and medical institutions, with
the aim of achieving ‘a balance between data sharing for societal benefit and
the right of an individual to own their data (Lawrence 2014).

This initiative leverages spaces that are already invested by its users:
GitHub, Jupyter Notebook and Reddit; and directs initiatives towards defining
AT accountability in the domain of data usage. If relayed by auditing institu-
tions, such a space could become not only an informative but also a directive
structure for the design of audits that are fit to support policy and industry
action (Capraro et al. 2024). Auditing Al is about assessing the alignment of
Al systems with a set of previously defined expectations, however, to serve
their purpose, these need to be defined, firstly, relatively to what Al is used for
(which means through consultation of the public), and, secondly, relatively to
what AI has been developed for (which means with some technical knowledge
of how Al is designed and how it works), which indicatives like Open Data
Science allow.

Notably, this prevents the characteristic weaknesses of traditional at-
tempts to involve citizens in Al governance, which often don't encounter
sufficient participation or continuous engagement (Lahdili et al. 2024; Sieber
et al. 2024). Indeed, citizen infrastructures emerge from already rooted prac-
tices (Livingstone et al. 2010), which gives them a unique strength within the
landscape of available means of citizen engagement with Al development to
support the alignment with societal values and expectations (Wilson 2022).

This rootedness in existing practices gives citizen infrastructures a conti-
nuity and legitimacy that top-down participatory initiatives often lack. Rather
than requiring the creation of new frameworks for engagement, these infras-
tructures build on collective habits of knowledge production, discussion, and
critique that are already active within technical communities and user net-
works. As such, they are not only more likely to sustain participation over time,
but also better positioned to translate between technical discourse and social
concerns. This embedded quality can enable them to support the development
of auditing standards that are both technically informed and socially respon-
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sive, reinforcing the role of auditing as a site of alignment between Al systems
and evolving public expectations.

Moreover, a citizen infrastructure modelled after the Open Data Science
Initiative could ensure continuity between mitigation actions and technology
developments, effectively tackling the challenge of keeping up with the evolu-
tion of Al systems, not only following industry developments (Shin et al. 2023),
but also as a consequence of the feedback loop between users and AI (Pedreschi
et al. 2024), and following possible re-trainings of already available generative
Al and recommender systems (Shumailov et al. 2024).

As such, structures of this kind could act as successful infrastructures
bridging between citizens and auditing institutions, however, there is one
more reason why citizens infrastructures are an attractive solution to the
problem of aligning auditing institutions with societal values and expecta-
tions. By guaranteeing accountability, Al audits support our governance over
AT’s power in society (Bandy 2021: 74:3), and integrating citizens infrastruc-
tures to the process can elevate this governance.

A Way to Claim Agency over the Power of Al to Shape Our Shared
Representations, Values and Behaviors

AT auditing assesses the power of Al technology and of its deployment over
society (UNDP 2025: 136-147), which governance strives to align with values
and expectations that citizens actively decide upon (UNDP 1997). This is what
powers the idea of creating an infrastructure through which Al auditing can be
leveraged for governance. On the one hand, citizens infrastructures can poten-
tially support the integration of auditing institutions into the circular evolu-
tion of Al with users, but, on the other, they can also add to auditing processes
the space for active deliberation that is necessary to make auditing a means of
exercising governance (Kuziemski et al. 2020).

Indeed, interaction with Al systems has an impact on the evolution over
time of human behaviors (Pappalardo et al. 2024), as can be seen in the way
that recommender systems influence the tone of social interactions on digital
platforms (Ovadya et al. 2023), and chatbots can improve cooperation within a
human team (Shirado and Christakis 2020). But, in the longer term, interac-
tion with Al also has an influence on the evolution of cultural products (Fogarty
et al. 2023) and values (Brinkmann 2023) as well as on the evolution of social
norms (UNDP 2025: 61), ultimately contributing to defining human values, be-
haviors and representations.
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For these reasons, it is essential that we, as citizens, are able to exercise
governance over the power of Al to shape our very own behaviors, represen-
tations and values. And, in fact, the integration of citizens infrastructures to
institutions auditing Al accountability can successfully be a step in the direc-
tion of such a governance (Stilgoe 2024), by providing a space for citizens to
contribute to the assessment of A, the mitigation of its risks and the fostering
of its potential, but also by bridging the gap between regulating institutions
and Al users (Dave 2019; McQuillan 2018).

Crucially, citizens infrastructures could bridge the gap between usage and
development of Al without going through the established lobbies to reach the
Alindustry (Livingstone et al. 2010). Indeed, if auditing institutions can incor-
porate citizen-led governance initiatives such as the Open Data Science Initia-
tive, then the auditing process can become a channel through which citizens,
by informing the standards set and assessed by auditing institutions, can have
areal space in the Al industry, and develop an alternative kind of Al auditing,
in contrast with profit-driven certifications (Kuziemski et al. 2020).

Indeed, the Open Data Science initiative is a kind of citizens infrastructure
that emerges from the spaces and activities that are characteristic of digital
platforms in general: however, one other option is to incorporate as citizens
institutions, spaces and activities that emerge from the integration of Al itself
into digital platforms, leveraging not only user networks but also user inter-
action with Al and the way it resonates within these networks. An example of
this is something that has recently started to be explored in the literature (see
Hayashi et al. 2024 for discussion of the potentials of decentralized platforms;
but also Dotan et al. 2023 for discussion of their weaknesses) under the name of
decentralized platforms. In this type of platform, each Al system evolves within
the community of interest that it interacts with, and, if this structure had to be
leveraged for auditing, the Al system could be audited within that same com-
munity, for the purpose that it was built for and for the usage that it evolves
with. Because of this, auditing standards would be closely tailored and con-
stantly evolving, matching the pace of user-system feedback loops. Moreover,
on such a platform, Al systems could also be audited across different commu-
nities, insofar as, on decentralized platforms, whenever a user from one com-
munity wants to connect with something in another community (item, person,
opinion, information) and it is up to the Al system to find a so-called bridge for
that connection (Ovadya et al. 2023; Stray et al. 2023). This way, both the expec-
tations of the users and the actual evolution of the network become variables
that can be taken into account, enriching the auditing process with standards
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for the network effects of user-Al interaction (Fabbri et al. 2022; Donnelly et
al. 2021), rather than remaining limited to the individual effects of a given AI
system on a given user.

This is particularly important because the power of Al over our shared rep-
resentations comes mostly from network effects (Alcott et al. 2019). Indeed,
although our individual interaction with AI-generated content or with a rec-
ommender system may transmit ideas, knowledge or bias to us (Ashery et al.
2025; Colther et al. 2024; Peralta et al. 2021; Mansoury et al. 2020; Sirbu et al.
2019; Sun et al. 2019; Zhao et al. 2019), what makes Al so increasingly power-
ful is the fact that that interaction and its effects have so to say ripple effects
onto all of the networks that we are a part of (Pansanella et al. 2022a; 2022b).
First, because of the network and sharing based nature of the digital platforms
where human-AlI interactions take place (Wang et al. 2019). Second, because
of what Coté et al. (2025) call the recursive nature of Al technology, in which
every interaction is always compared to and reinvested in another one. Some-
times explicitly, like in the case of comparative filtering (Sun et al. 2019), but
more largely because of the traceability of human-AI interaction (Pedreschi et
al. 2024), which allows Al to keep track of all interactions and to turn them into
data, but also to perform the next interaction as a kind of projection (LeCun
2019). Indeed, an Al assistant makes an estimation of what the reaction of the
user will be to its suggestions or notifications, that it generates accordingly,
and it registers the actual reaction of the user as a confirmation or a contradic-
tion of its estimation. It then uses this information to generate the next estima-
tion, making it act as a kind of prediction (Coté et al. 2025). As a consequence,
what individual interaction with Al tends to do, is to isolate the user into an
autoreferential bubble (confer the literature on filter bubbles, echo chambers,
etc. See: Del Yang et al. 2023; Srba et al. 2023; Tomlein et al. 2021; Cinus et al.
2022; Aridor et al. 2020; Del Vicario et al. 2016; Pariser 2011), where every inter-
action appears self-referential and as closely matched as possible to the respec-
tive user. While, in fact, the effects of that bubble are always network effects,
as shows a very interesting study on music streaming with Al-powered rec-
ommenders (Porcaro et al. 2024): each individual is listening to more diverse
music thanks to Al recommendations, but the overall audience is all listening
to the same tracks, which shows that even whenit’'s all about an individual user,
it is always about everyone else too (see also Doshi et al. 2024). For this reason,
it is so important to operationalize networks as an intentional infrastructure
to govern the power of Al, countering this isolating trend.

53


https://doi.org/10.14361%2F9783839478431-039
https://www.inlibra.com/de/agb
https://creativecommons.org/licenses/by-sa/4.0/

54

Standardization of Al Ethics

In fact, what I propose is to update the auditing system to keep up with the
originality of Al technology. To do so, I argue that we should leverage exper-
tise from the social sciences, to identify and integrate into the auditing pro-
cess networks that could work as citizens infrastructures, solving the problem
of the speed and complexity of Al evolution, to make sure auditing institutions
are aligned with societal expectations. Indeed, the development of citizens in-
frastructures to support auditing institutions would not only transform citi-
zen engagement in Al governance, but could also transform the structure of the
auditing systems around Al and reinforce auditing institutions themselves, re-
defining their role and curating the channel that connects them to other stake-
holders in society, industry and in regulation.

Citizens infrastructures, by embedding deliberation into the very process
of AI auditing, would make it possible for societal values to emerge through
continual collective reflection. Rather than auditing Al against static stan-
dards, this model allows values to be negotiated and redefined over time,
in response to technological developments and shifting social contexts. Au-
diting, then, becomes a recursive and situated process—one that not only
aims to hold AI accountable, but also enables the articulation and iterative
reconfiguration of normative frameworks in dialogue with the systems that
affect them. We may look back here on the case of Al-generated images, and
of the necessity to govern their influence over socially shared representations.
An active and iterative confrontation between the stakeholders impacted by
this issue is the key here to achieve governance over the power of Al to shape
shared representations.

Indeed, by grounding oversight in use and experience, citizens infrastruc-
tures respond to the fragmentation between Al development, deployment, and
evaluation. For this reason, it would be a strong framework to support further
research about how such infrastructures could contribute to establishing a cir-
cular model of accountability in which the feedback of users informs the cri-
teria that auditing institutions apply, and in turn shapes how systems are de-
signed and governed. Achieving this continuous flow is of crucial importance,
foritwould reduce the dependency on intermediaries such as industry lobbies,
and instead support the institutionalization of citizen input within audit bod-
ies themselves. In doing so, citizens infrastructures would not merely comple-
ment existing mechanisms, but strengthen them, transforming auditing insti-
tutions into agents of governance embedded in the social environments they
are meant to serve.
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Conclusion

In this paper I relayed the criticism that current Al auditing institutions do
not or do not often produce an impact on Al industry and regulators, and sug-
gested a solution to leverage Al audit for algorithmic governance: the integra-
tion of citizens infrastructures.

I argued in favor of this solution firstly by describing the misalignment be-
tween the current Al deployment system and societal values and expectations.
I then proceeded to point out how the current auditing system is unable to re-
spond to this misalignment, and what the reasons are for this impasse. Finally,
I argued in favor of a solution, advocating for citizen infrastructures as action-
oriented, enduring and democratic structures, with the potential to transform
the role of auditing institutions and their integration into the social ecosys-
tems affected by Al development and deployment.

To conclude, the integration of citizens infrastructures into Al auditing not
only offers a response to the limitations of current institutions, but also rede-
fines the epistemic and political conditions under which algorithmic gover-
nance takes place. By anchoring auditing processes within the communities
affected by algorithmic systems, this model grounds accountability in situated
knowledge and collective deliberation. It enables a redistribution of authority,
bringing into the governance process a broader range of actors—public inter-
est organizations, local collectives, and individual users—whose perspectives
are often marginalized in existing audit frameworks.

Further research is needed to operationalize this model into Al governance:
among the foreseeable future steps, there is a need to define the scalability
of citizens infrastructures, and to identify and address limitations and failure
modes.

What is at stake here is not simply the improvement of technical proce-
dures, but the reconfiguration of auditing as a democratic practice. The pro-
posal to embed citizens infrastructures into audit institutions entails a shift
away from compliance-driven, external assessments, towards forms of over-
sight that are participatory, reflexive and entangled with the lived realities of
Aldeployment. It opens the possibility for a mode of governance in which stan-
dards are co-produced by those whom they actually affect —one in which the
evaluation of Al systems evolves with the values, concerns and expectations of
the societies they shape and inhabit.
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