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Abstract

Participatory AI calls for the involvement of stakeholders in
AI design, development, evaluation, and deployment to at-
tain more inclusive, transparent, and accountable AI. How-
ever, actual implementations of participatory AI remain lit-
tle incentivized by governments, despite appeals issued by
academia and also industry. In this work, we investigate
the role of ‘participation’ in the obligations of AI system
providers and deployers set out by the EU AI Act. First, we
analyze the gaps between the participation explicitly stated in
the non-binding recitals of the AI Act and the provisions of
the Act itself, showing that the legal demand for participa-
tion is limited. For example, neither Article 9 on risk man-
agement systems nor Article 27 on the fundamental rights
impact assessment mention any form of participation. Arti-
cle 95 on the voluntary codes of conduct is the only enacting
term that explicitly suggests stakeholder participation. Sec-
ond, based on these results, we analyze opportunities for par-
ticipation emerging from the obligations of high-risk AI sys-
tem providers and deployers (AI Act, Chapter III, Sections 2
and 3). We identify five clusters of obligations with partic-
ipatory opportunities: risk management, data and data gov-
ernance, information provision, resilience testing, and impact
assessment. Third, we provide examples of use cases for each
of the identified opportunities for participation. This work
contributes to a better understanding of regulatory demands
and practical opportunities regarding participatory AI in the
context of the AI Act.

1 Introduction
Artificial intelligence (AI) systems are implemented across
diverse domains such as hiring, healthcare, education, and
content moderation, and their impact increasingly affects so-
cieties at large, with partially consequential outcomes. As a
result, there has been a growing demand from various fields
to involve stakeholders in the design, development, evalua-
tion, and deployment of AI systems (Amershi et al. 2019;
Birhane et al. 2022; Kulynych et al. 2020; Wolf et al. 2018).
This call for participation has made way for a “participatory
turn” in AI (Delgado et al. 2023), with respective activities
being referred to as Participatory AI or Participatory ML
(Delgado et al. 2023; Feffer et al. 2023; Birhane et al. 2022).
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Fraisl et al. (2025) argue that the integration of citi-
zen science into AI, as one specific participatory approach,
could tackle significant AI-related challenges like social
bias. Other scholars researching participatory AI and ML
highlight that these approaches can achieve better alignment
of the AI system with users’ and affected parties’ values,
preferences, and needs, thereby transforming the traditional
designer-user dynamic into collaborative co-design and co-
creation relationships where stakeholders are empowered
(Delgado et al. 2023; Feffer et al. 2023; Birhane et al. 2022;
Amershi et al. 2019; Bondi et al. 2021; Denton et al. 2020).

The implementation of participatory AI, however, faces
challenges from meaningless participation to high costs and
issues of scale (Young et al. 2024; Groves et al. 2023; Sloane
et al. 2022). Recently, regulatory efforts have tried to legally
demand or motivate voluntary participatory approaches such
as consultations for community input, but have remained
largely ineffective (Young et al. 2024; The White House
2023; Wilson 2022).

With the aim of promoting trustworthy AI by safeguard-
ing EU citizens against threats to their health, safety, and
fundamental rights, the EU’s Artificial Intelligence Act (AI
Act) by the European Parliament and The Council (2024)
generally aligns with the principles of participatory AI. It
represents a shift in AI governance from voluntary codes of
conduct to legally binding regulation. Given the complexity
and societal impact of AI systems, which necessitate gov-
ernance mechanisms that go beyond traditional regulatory
compliance to include meaningful stakeholder engagement,
the question arises as to whether the AI Act serves as a lever
to incentivize participation in the design, development, eval-
uation, and deployment of AI systems.

To study this question, (1) we analyze the participation-
oriented language in the recitals of the AI Act and compare
identified proposals for participation with requirements in
the legal text (gap analysis). Finding no legally binding re-
quirements for participation beyond informing, (2) we ana-
lyze the potential for participatory AI in the AI Act’s obli-
gations of high-risk AI system providers and deployers (op-
portunity analysis). We identify five clusters of obligations
with participatory opportunities: risk management, data and
data governance, resilience testing, information provision,
and impact assessment. (3) We map these to examples of
participatory AI implementations.

Proceedings of the Eighth AAAI/ACM Conference on AI, Ethics, and Society (AIES 2025)

2550



We contribute to the field by documenting a lack of in-
centives in the AI Act for high-risk AI system providers
and deployers to foster participation beyond informing. We
show the breadth of participatory opportunities along the AI
Act’s high-risk AI system obligations and provide examples
on how participatory AI can be applied to fulfill require-
ments imposed by the AI Act. This research advances the
AI ethics community by providing the first systematic anal-
ysis of participatory requirements and opportunities within
the AI Act, highlighting concrete participatory opportunities
for practitioners navigating the intersection of participatory
design principles and legal compliance requirements.

The paper proceeds as follows: Section 2 describes that
participation in the design of technologies is not a new phe-
nomenon, but that, although much conceptual work has been
done on participation, there are still obstacles that have hin-
dered its implementation despite initial regulatory efforts.
Section 3 outlines the research design, followed by methods
and results for the gap analysis in Section 4, and the op-
portunity analysis in Section 5. Section 6 presents use cases
for identified participatory opportunities. Section 7 contex-
tualizes the results concerning participation mode and incen-
tives for participation, and addresses limitations and future
research. Section 8 offers concluding remarks.

2 Background
2.1 Participation in Technology Design
In technology design, participation is most closely associ-
ated with the Collective Resource Approach or Scandina-
vian approach, today also known as Participatory Design
(Asaro 2000; Basballe, Halskov, and Hansen 2016; Dear-
den and Rizvi 2008). This approach emerged from the labor
movement of the 1970s, first, through increased activities of
trade unions (collective) and their engagement with workers
(resource) in the context of workplace decision-making, and
later also through the development of technology according
to workers’ skills and interests (Asaro 2000). The approach
gained prominence through the first participatory design de-
velopment project UTOPIA in 1981, laying strong grounds
for a tradition of cooperation between users and researchers
in technology development and decision-making for the im-
provement of work situations (Asaro 2000; Sundblad 2010).

The methodology, rooted in social democratic values,
involves joint workshops, consensus building, or building
long-term relationships, among others, to reduce the power
imbalance between experts and users. The approach aimed
to ensure that technology serves people’s (i.e., initially
workers’) needs while strengthening democratic legitimacy
through inclusive processes (Asaro 2000; Sundblad 2010). It
has significantly influenced global practices of participatory
design (Basballe, Halskov, and Hansen 2016; Asaro 2000).

With the transition of Participatory Design out of Scan-
dinavia to North America in the 1990s, participatory ap-
proaches have not only adapted but also spread more broadly
into society (Basballe, Halskov, and Hansen 2016). For ex-
ample, one adaptation was a shift in focus from workers
to other parts of society (non-workers), such as patients or
school children (Basballe, Halskov, and Hansen 2016).

2.2 Taxonomies of Participation
Beyond technology design, the concept of participation has
also roots in different scholarly communities, such as in-
ternational development (Dearden and Rizvi 2008; Pretty
1995), or public policy (Arnstein 1969), which have pro-
duced early but influential taxonomies of participation.

In the United States, the late 1960s and early 1970s wit-
nessed a heated controversy around citizen participation
in public policy (Arnstein 1969). The discussion centered
around reasonableness and feasibility of the participation
of those who are not in power (i.e., the have-nots). This is
when Arnstein (1969, p.216) published her influential arti-
cle A Ladder of Citizen Participation, and defined citizen
participation as “the redistribution of power that enables
the have-not citizens [...] [to] induce significant social re-
form which enables them to share in the benefits of the af-
fluent society.” Taking the perspective of the receivers of
projects or programs (Cornwall 2008), Arnstein (1969) sug-
gests a distinction of eight rungs across three levels of partic-
ipation, including non-participation (manipulation, therapy),
tokenism (information, consultation, placation), and citizen
power (partnership, delegated power, citizen control). Arn-
stein (1969) highlights that “participation is ultimately about
power and control” (Cornwall 2008, p.271).

Pretty (1995) presents a typology of participation from
the perspective of users of participation, categorizing it
into manipulative, passive, consultative, material incentive-
based, functional, interactive, and self-mobilization; the lat-
ter largely remaining an unattainable goal (Cornwall 2008).
This model emphasizes that the motivations behind partici-
pation are key to shaping interventions. White (1996) offers
a typology of interests, differentiating forms of participa-
tion (nominal, instrumental, representative, transformative)
by their meaning for the implementing agencies (legitima-
tion, efficiency, sustainability, empowerment) and those on
the receiving end (inclusion, costs, leverage, empowerment).

Keeping the distinction of implementing agencies (i.e.,
public participation goal) and receivers (i.e., promise to the
public), the International Association for Public Participa-
tion (IAP2 1999) designed a widely adopted spectrum of
participation with the levels inform, consult, involve, collab-
orate, empower. Importantly, the spectrum demonstrates that
varying degrees of participation can be appropriate based on
factors such as objectives, available time frames, resource
constraints, and the significance of stakeholder concerns
within specific decision-making contexts (IAP2 2025).

Taken together, these taxonomies provide frameworks for
analyzing and conceptualizing participatory interventions,
considering who is initiating participation, what the goal is,
who is receiving participation, and what the promise is. In
particular, the latter spectrum of the IAP2 (2025) presents
the perspective that all forms of participation may be legiti-
mate depending on the specific context.

2.3 Participatory AI Frameworks
Scholars in the AI realm have adapted, among others, the
above-mentioned taxonomies and contributed to the field
with conceptual frameworks for classifying differences in
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participatory practices in the AI context. For example, the
Ada Lovelace Institute (2021) uses the same levels and the
same logic of describing promises to the public as the IAP2
(2025) in their spectrum of participation in data steward-
ship. Berditchevskaia, Malliaraki, and Peach (2021) define
the levels consultation, contribution, collaboration, and co-
creation in their framework for operationalizing participa-
tory AI for humanitarian innovation. Adopting a different
viewpoint on participation (i.e., the why), Birhane et al.
(2022) outline three goals of participatory AI: enhancing al-
gorithmic performance, improving processes, and facilitat-
ing collective exploration. Sloane et al. (2022) differentiate
between participation as work, participation as consultation,
and participation as justice, and caution against potentially
extractive and exploitative formats of participation.

Delgado et al. (2023) build upon this and prior work on
participatory traditions from other disciplines and design a
conceptual framework that maps each mode of participation
(consult, include, collaborate, and own) to the dimensions
participation goal (why), participation scope (what, who),
and form of participation (how). Although participatory AI
frameworks from within the AI community become more
elaborate, there is still a lack of consensus on participatory
standards, and many obstacles associated with the imple-
mentation of participatory AI remain (Birhane et al. 2022;
Delgado et al. 2023; Sloane et al. 2022; Young et al. 2024).

2.4 Obstacles to Participatory AI
Challenges to implementing participation have also been
reported early on. For example, Kraft and Bansler (1992)
pointed out that the Collective Resource Approach had not
been sufficiently accepted by workers and unions, and had
little impact on practices at workplaces, prompting discus-
sions on the need to reconsider important aspects of partici-
patory design (Bødker 1994).

With the globalized operation and overall scale of com-
mercial AI systems, there is a renewed need for changes
in participatory approaches (Young et al. 2024). This also
means understanding how the value of stakeholder input for
AI developers with few resources (such as start-ups or non-
governmental organizations) can be increased. Further insti-
tutional barriers include high costs and resource demands,
organizational ‘atomization’, or absence of transparency in-
centives during implementation (Groves et al. 2023). Other
challenges concern navigating disagreements or conflicting
agendas (Kallina and Singh 2024; Ullstein et al. 2024).

There is agreement that participation should not just be
an empty ritual (Arnstein 1969). Further, the criticism of
participation washing is not unjustified as forms of partic-
ipation can also have an exploitative effect (Sloane et al.
2022; Groves et al. 2023). This may stem not only from the
form participation takes, but also from who is included or
excluded – potentially reinforcing, rather than redistributing,
existing power imbalances.

2.5 Participation In and Around AI Governance
The need for appropriate involvement of affected commu-
nities or their representatives in the design, development,

evaluation, and deployment of AI systems has also been ac-
knowledged in the regulatory realm (Young et al. 2024).
In a review of national AI strategies from 2020, Wilson
(2022, p.8) finds that references to participation and pub-
lic engagement in AI governance exist in most strategies,
but “were usually abstract and consistently overshadowed
by other roles, values and policy concerns”.

In the United States, there have been legislative efforts,
such as the Algorithmic Accountability Act (introduced into
Congress in June 2025, revised since 2019 (Mökander et al.
2022)), that would require developers to “meaningfully con-
sult [...] including through participatory design” with rele-
vant stakeholders for algorithmic impact assessments (U.S.
Congress 2022). In the revoked 2023 AI Executive Order
(The White House 2023, 2025), federal agencies were man-
dated to engage with affected communities to prevent dis-
crimination. Other initiatives, such as the AI risk manage-
ment framework by the National Institute of Standards and
Technology (2023), still represent a larger push for stake-
holder engagement, but do not provide legally binding in-
centives.

In the EU, for example, the Digital Services Act assigns
“trusted flagger” organizations (awarded by the Digital Ser-
vices Coordinator of the Member State) the responsibility
to detect potentially illegal content and alert online plat-
forms (Article 22, European Parliament and The Council
2022).1 The EU General Data Protection Regulation stip-
ulates that “[w]here appropriate, the controller shall seek
the views of data subjects or their representatives on the in-
tended processing” as part of the data protection impact as-
sessment (Article 35, European Parliament and The Council
2016). Referring to the context of audits, Hartmann et al.
(2025) identify a regulatory gap where the AI Act does not
grant data access to researchers and civil society organiza-
tions, preventing effective academic or civil society over-
sight through independent audits of AI systems. However,
beyond this study, the need to better understand the role of
participation in the AI Act remains.

Overall, this brief overview indicates that so far, legally
binding AI and data governance approaches mandating com-
panies and other impactful organizations to implement par-
ticipation exist, but are rare and not comprehensive.

3 Research Design
Analysis Scope. To explore the role of participation in the
design, development, evaluation, and deployment of AI sys-
tems under the AI Act, in this study, we focus on partici-
pation that occurs between providers or deployers and end
users. We define end users as individuals or groups that use
or work with the AI system or are subject to or affected by it.
We do not consider forms of participation that take place at
an (inter-)institutional level aimed at improving the design
or enforcement of the AI Act itself, such as the development

1In the past, data cleaning work through external contractors
has also proven to be implemented as an exploitative practice rather
than a truly participatory mechanism (Sloane et al. 2022; Hao and
Seetharaman 2023).
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Step I - Gap Analysis:
 Participation in AI Act recitals and 

related articles

Step II - Opportunity Analysis:
Analysis of AI Act obligations for 

high-risk AI systems

Step III - Mapping 
of use cases to identified 

opportunities for participation

1. Recital key word search

2. Coding of identified text 

segments

3. Comparison to articles

AI Act text When How ...

Joint discussion of obligations set by 

the AI Act for high-risk AI systems and 

identification of opportunities for 

participation.

Participatory opportunities Why

9(2)(a)

10(2)(c)

...

Participatory 

opportunities

Description of 

use cases

1

2

Presentation of the use cases based on 

who, what, with whom, how, when, why. 

When ...

 

Figure 1: Research Design Procedure.

of the General-Purpose AI (GPAI) code of practice.2

Overview of Research Design. Our research design in-
cludes three steps, illustrated in Figure 1. First, we ana-
lyze the gaps between participation explicitly set out by the
recitals of the AI Act and the enacting terms. We consider
the approach suitable given that recitals in EU legislation
have the function of “set[ting] out the reasons for the con-
tents of the enacting terms (i.e. the articles) of an act” (Pub-
lications Office of the European Union 2022, p.35) and are
printed before the articles. They can sometimes be consid-
ered a legally non-binding compromise if consensus is lack-
ing (Krommendijk and Borgesius 2023). Hence, they may
provide insights into extant intentions. Based on the results
of this first analysis, which shows limited requirements for
participation by the AI Act, we analyze opportunities for
participation emerging from the requirements and obliga-
tions for high-risk AI system providers and deployers (AI
Act, Chapter III, Section 2 and 3).3 Finally, we provide ex-
amples of use cases for each of the identified opportunities
for participation.

Methodologically Related Prior Work. Wilson (2022)
studies the public’s role and public engagement mechanisms
in 16 national AI strategies through content analysis of these
national strategy documents. For this analysis, he identifies
relevant text portions through text search queries (drawn
from literature discussed in the background section of his
work). The text portions were then hand-coded in three
rounds, focusing on the different research questions.

2These procedural participatory mechanisms in the AI Act are
out of the scope of this paper, as, at the time of our analysis, some
of these mechanisms were ongoing (e.g., GPAI code of practice) or
had not yet commenced (e.g., public consultations on high-risk AI
systems), limiting the analysis of their implementation.

3We focus on all obligations for high-risk AI systems, as they
have only been partially covered in the identified recitals/articles in
the gap analysis, and participation may have a great impact on their
development. We exclude the obligations of GPAI providers (Arti-
cles 53-55) from the opportunity analysis because the GPAI code
of practice (Article 56), a voluntary tool that helps comply with the
obligations, had not yet been published at the time of our analysis.
Nevertheless, the results from the opportunity analysis may remain
relevant, as the obligations of providers of GPAI (with systemic
risk) also align with the identified five clusters of participatory AI
opportunities.

Rebrean and Malgieri (2025) study the concept of vul-
nerability in the EU AI Act, offering a comprehensive in-
terpretation of vulnerability references in the AI Act. They
investigate explicit references of, e.g., “vulnerabilities” and
“vulnerable” in the recitals and articles to formulate a defi-
nition of the concept of vulnerability as used in the AI Act.
Rebrean and Malgieri (2025) emphasize that understanding
the examples that the AI Act associates with each of the ref-
erences is an important step in formulating their definition.

We are not aware of other research taking a comparable
analysis approach. In the following, we outline our research
design for the gap analysis (Step I) and opportunity analysis
(Step II) and present our findings for each of the analyses.

4 Step I: Gap Analysis of Participation in AI
Act Recitals and Related Articles

4.1 Methods: Gap Analysis
Data Collection: AI Act Recital Keyword Search. To
identify text portions of the AI Act relevant to participa-
tion, we performed a keyword search within the recitals of
the AI Act. We selected keywords pertaining to participa-
tion and stakeholders drawn from the literature discussed
in the Background Section and iteratively refined the se-
lection: stakeholder, civil society, affected, vulnerable, pub-
lic interest, expert, human, discriminat, inclusive, partici-
pat, involvement, input, engagement, consult, inform. The
keyword search resulted in the identification of 101 recitals,
whereby one recital could contain multiple keywords. We
defined the following inclusion and exclusion criteria for
consideration of a recital for further analysis (see Table 1
for examples): We included a recital if it (1) referred to
participation between provider/deployer and end user (vs.
participation between provider and deployer), and described
(2) actionable participation mechanisms, or (3) specified di-
verse stakeholders. We excluded a recital if it described (1)
abstract principles without mechanism, (2) the applicability
of regulation, (3) inter-institutional arrangements or proce-
dural mechanisms, or (4) technical specifications of the sys-
tem’s functioning, or used (5) passive protection language
or described harm. Multiple criteria could be assigned to a
recital. We only analyzed those sentences of a recital that
fell into the inclusion criteria. Twelve recitals met the in-
clusion criteria, referring to participation in design, develop-
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Criteria Recital Quote
In

cl
us

io
n

(1) Recital 96 deployers of high-risk AI system [...]
could involve relevant stakeholders

(2) Recital 96 involve [...] in conducting such impact as-
sessments and designing measures

(3) Recital 96;
Recital 171

independent experts, and civil society or-
ganisations; affected persons

E
xc

lu
si

on

(1) Recital 1 human centric [...] AI
(2) Recital 21 rules [...] should apply [...] in a non-

discriminatory manner
(3) Recital 149 The Board should also cooperate [...]

with [...] experts
(4) Recital 12 AI systems [...] have some degree of in-

dependence of actions from human in-
volvement

(5) Recital 32 entail discriminatory effects

Table 1: Examples for Inclusion and Exclusion Criteria

ment, evaluation or deployment of AI systems: Recitals 20,
27, 65, 92, 93, 96, 131, 132, 134, 141, 165, 171.4 To address
the limitation that keyword searches may miss relevant lan-
guage, we manually reviewed all remaining 79 recitals and
found no additional recitals meeting our inclusion criteria.

Data Analysis. First, a researcher applied the inclusion
and exclusion criteria. This analysis was validated by a sec-
ond researcher, where two differences in coding were dis-
cussed; both recitals were excluded. Then, two researchers
independently coded the data set regarding the categories
who should initiate participation about what, with whom,
how, and when in the AI lifecycle, and why participation
could be beneficial. The categories why, what, with whom,
and how were derived from the framework by Delgado et al.
(2023). By also including the who as implementing agency,
our analysis captures the distinction between implementing
agencies that pursue certain goals and the receivers of par-
ticipation (White 1996; IAP2 2025).

Based on the taxonomies and frameworks for participa-
tion presented in the Background Section, for the category
how, we distinguished between “inform” and “consult and
involve” (IAP2 2025). Although we originally intended to
further differentiate the forms of participation mentioned in
the AI Act, we soon realized that there was a lack of detailed
specification of the forms of participation, with references to
collaboration or empowerment being completely absent.

We coded all categories (who, what, with whom, how,
when, why) inductively to avoid losing information from the
recitals. After individual coding (first coding wave), we dis-
cussed the identified codes for each recital and category, and
re-coded the data based on the discussed codes (second wave
of coding). The result of this coding procedure was jointly
discussed again. We then jointly compared the results with
the legal text of the related articles5 of the AI Act.

4Note that some sentences of Recitals 20 and 165 also relate to
the exclusion criteria (3) inter-institutional arrangements/ procedu-
ral mechanisms.

5We refer to the related articles as referenced by the Future of
Life Institute (2025) for each of the recitals, if mentioned.

4.2 Results: Gap Analysis
Topics of Identified Recitals. We identified twelve recitals
that addressed some form of participation between the
provider or deployer of AI systems and the end user (or their
representatives). These recitals consider AI literacy promo-
tion (Recital 20), ethical principles for AI (Recital 27), risk
management system requirements (Recital 65), information
of workers and persons (Recitals 92 and 93), fundamental
rights impact assessments (Recital 96), EU database (Recital
131), AI system transparency requirements and deepfakes
(Recital 132 for provider perspective and Recital 134 for de-
ployer perspective), testing in real world conditions (Recital
141), voluntary codes of conduct (Recital 165), and the right
to obtain an explanation (Recital 171). Figure 2 maps these
recitals based on who, with whom, and how.

Provider

Deployer

End User
Consult / Involve

Ethical AI Principles - Transparency, 

Diversity (R-27; Art 10,13,50)

Risk management (R-65; Art.9)

Real-world testing (R-141, Art.60,61)

Voluntary codes of conduct (R-165; 

Art.95)

n
o

t 
c
o

n
s
id

e
re

d
 

in
 t

h
is

 a
n
a
ly

s
is

Inform

AI literacy (R-20; Art.4)

Transparency (R-132; 

Art.50)

EU database (R-131; 

Art. 49,71)

Inform

AI literacy (R-20; Art.4)

Information of workers (R-92; Art.26)

Information of persons (R-93; Art.26,27)

Transparency (R-134, Art.50)

Right to obtain explanation (R-171; Art.86)

Consult / Involve

Fund. rights impact assessm. (R-96; Art.27)

Voluntary codes of conduct (R-165; Art.95)

R. = Recital

 

Figure 2: Classification of Identified Recitals by Who
(Provider/ Deployer), with Whom (End User), and How (In-
form or Consult/ Involve).

Mode of Participation Suggested in Recitals. Eight of
the twelve identified recitals suggest informing as participa-
tion mode (Recitals 20, 27, 92, 93, 132, 131, 134, 171). They
highlight that “affected persons” (Recitals 20, 27, 171), “hu-
mans” (Recital 27), “relevant” (Recital 20) or “diverse ac-
tors” (Recital 27), “workers” (Recital 92), “natural persons”
(Recitals 93, 132), or “vulnerable groups” (Recital 132)
should be made “aware” (Recital 27), “be notified” (Recital
132) or “inform[ed]” (Recital 93), “obtain an explanation”
(Recital 171), “find relevant information” (Recital 131), or
be “equipped [...] with the necessary notions to make in-
formed decisions” (Recital 20). The time point is often not
specified; mostly, it refers to the deployment phase.

Five of the twelve identified recitals suggest participa-
tion that goes beyond informing, i.e., consulting and involv-
ing (Recitals 27 (also informing), 65, 96, 141, 165). How-
ever, these recitals remain vague on the form of participa-
tion. Recital 27, referring to ethical principles for AI, sug-
gests “that AI systems are developed and used in a way
that includes diverse actors” contributing to diversity, non-
discrimination, and fairness. Recital 65, referring to risk
management system requirements, suggests that “[w]hen
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identifying the most appropriate risk-management mea-
sures, the provider should [...], when relevant, involve ex-
perts and external stakeholders.” Recital 96, referring to fun-
damental rights impact assessments, suggests that “to collect
relevant information necessary to perform the impact assess-
ment, deployers of high-risk AI system [...] could involve
relevant stakeholders [...].” Recital 141, referring to testing
in real world conditions, suggests that “natural persons [...]
participate in testing in real world conditions [...].” Most ex-
plicitly, Recital 165, referring to codes of conduct, suggests
“stakeholders’ participation with the involvement, as appro-
priate, of relevant stakeholders [...].”

Comparison of Participation Suggested in Recitals
and Enacting Terms. Most enacting terms that refer to any
of the abovementioned recitals reflect the participation mode
of informing. In particular, the transparency obligations of
Article 50, which require providers and deployers to inform
the concerned natural persons “that they are interacting with
an AI system”, reflect the inform mechanisms referenced to
in Recitals 27, 93, 132, and 134. Similarly, the information
requirements of Article 26 (Recital 92) necessitate deploy-
ers to inform workers “that they will be subject to the use of
the high-risk AI system.” In contrast, Article 86 on the right
to explanation of individual decision-making reflects Recital
171 but does not explicitly mention that “deployer[s] should
also inform the natural persons about their right to an ex-
planation” (Recital 93). Neither does Article 4 on AI liter-
acy explicitly mention that “relevant actors in the AI value
chain” (Recital 20) should be informed or equipped with
knowledge. While Recital 131 specifies one purpose of the
EU database as “allowing the general public to find relevant
information,” Articles 49 and 71 focus on the details of the
EU database for high-risk AI systems as a framework.

Referring to the participation mode of consulting and
involving, neither Article 9 on risk management systems
(Recital 65) nor Article 27 on the fundamental rights im-
pact assessment (Recital 96) mention any form of participa-
tion. Article 9 highlights the necessity to consider whether
the “high-risk AI system is likely to have an adverse impact
on persons under the age of 18 and, as appropriate, other
vulnerable groups” and Article 27 requires an assessment of
“the specific risks of harm likely to have an impact on [...]
natural persons or groups of persons.” Neither does Article
60 on testing of high-risk AI systems in real world condi-
tions outside AI regulatory sandboxes specify participation,
but it addresses safeguards for data protection and informed
consent, e.g., “the subjects of the testing in real world con-
ditions who are persons belonging to vulnerable groups due
to their age or disability, are appropriately protected” (Arti-
cle 60(4)(g)). The suggestion of including diverse actors in
the development of AI systems (Recital 27) may refer to Ar-
ticle 10 on data and data governance, which requires data
to be “sufficiently representative” (Article 10(3)) and take
into account the “characteristics or elements that are partic-
ular to the specific geographical [...] setting within which the
high-risk AI system is intended to be used” (Article 10(4)).
However, again, participation is not explicitly addressed.

The only article that explicitly puts forward stakeholder
participation as set out by the related recital is Article 95

on the codes of conduct (Recital 165). The article addresses
participation as a means of AI design: “facilitating an inclu-
sive and diverse design of AI systems, including through the
establishment of inclusive and diverse development teams
and the promotion of stakeholders’ participation in that pro-
cess” (Article 95(2)(d); as well as for the process of drawing
up the codes of conduct (Article 95(3)).

Summary of Gap Analysis. We identified twelve recitals
that propose participation between providers or deployers
and end users through informing or consulting and involv-
ing. Most recitals (Recitals 27, 93, 132, 134), suggesting
participation through informing, referred to Article 50 on
the transparency obligations, which explicitly requests this
level of participation. Instead, recitals suggesting participa-
tion through consulting and involving (Recitals 27, 65, 96,
141, 165) were not accordingly reflected in the associated
enacting terms. For example, neither Article 9 on risk man-
agement systems nor Article 27 on the fundamental rights
impact assessment mention any form of participation. Based
on our analysis resulting from Step I of our research de-
sign, Article 95 on the voluntary codes of conduct is the
only enacting term that explicitly suggests stakeholder par-
ticipation. However, this article describes voluntary activi-
ties and is not part of the obligations for high-risk AI system
providers and deployers. For this reason, in Step II of our
research design, we review all obligations of providers and
deployers of high-risk AI systems for implicit indications of
and opportunities for participation.

5 Step II: Participatory AI Opportunity
Analysis in High-Risk AI System

Obligations
5.1 Methods: Participatory AI Opportunity

Analysis
Data Collection: AI Act Ch. III, Sec. 2 & 3 Legal Text.
AI Act Chapter III, Section 3 describes all obligations of
providers and deployers of high-risk AI systems and other
parties. It specifies the obligations of providers of high-risk
AI systems in Article 16 and the obligations of deployers
of high-risk AI systems in Article 26. Article 16(a) requests
compliance “with the requirements [for high-risk AI sys-
tems] set out in Section 2.” Hence, for Step II of the research
design, two researchers individually reviewed AI Act Chap-
ter III, Section 2 and Section 3 for implicit indications of and
opportunities for participation. We defined an article to con-
tain an opportunity for participation (i.e., Why?) if it can be
argued that stakeholder involvement can contribute knowl-
edge or artifacts that the AI provider or AI deployer team
lacks. The same two researchers compared their individually
identified legal text elements and discussed three disagree-
ments, of which two were dropped and one was kept. This
led to a data set of 29 snippets containing legal text from
Articles 4, 9, 10, 13 - 17, 26, 27, and 72.

Analysis. The two researchers discussed each of the
29 snippets, grouped them into clusters of opportunities,
and formulated the participatory opportunities. Then, they
jointly coded the snippets to identify who initiates participa-
tion with whom (participants) on what and when (approxi-
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mate AI lifecycle step). The results of this analysis are pre-
sented in Table 2, in which the clusters are ordered accord-
ing to their prototypical occurrence along the AI lifecycle.
We acknowledge the limitation that multiple cluster topics
do not only occur at one point in time of the AI lifecycle, but
are recurring or of relevance to multiple AI lifecycle steps.
We mark these instances with footnotes.

5.2 Results: Participatory AI Opportunity
Analysis

Summary of Obligations Granting Opportunities for
Participation. We identified five clusters of high-risk AI
system obligations that contain opportunities for participa-
tion. The clusters are illustrated in Table 2 with five different
colors: risk management (Article 9), referencing accessibil-
ity requirements (Article 16(l)) and post-market monitoring
(Article 72); data and data governance (Article 10); infor-
matory obligations including human oversight (Article 14),
transparency and instructions for use (Article 13), quality
management system (Article 17), AI literacy (Article 4) and
certain deployer obligations (Article 26); resilience testing
(Article 15); and impact assessment (Article 26 and 27). The
majority of obligations refer to AI system providers, except
for the obligations to perform a fundamental rights impact
assessment, to inform when subject to high-risk AI systems,
to collect relevant data as part of the post-market monitoring
system, and to provide AI literacy, which refer to high-risk
AI system deployers.

Risk Management. For each part of the risk management
system, participation can be considered relevant. While par-
ticipation at the stage of problem formulation refers more
to understanding, defining, or speculating about concepts,
such as what constitutes “foreseeable risks” or forms of
“misuse”, participation at later stages, such as testing and
evaluation, allows for performing risk assessments with af-
fected individuals, their representatives, or domain experts.
The risk management system also plays an important role
during deployment and monitoring, where participation can
contribute to collecting data and monitoring or evaluating
newly arising risks.

Data and Data Governance. The participation of stake-
holders constitutes an important foundation for effective
data management frameworks, in particular, concerning data
collection and examination of data. Stakeholders, such as af-
fected individuals or people with subject matter expertise,
can help determine whether the data are, e.g., representative
regarding the intended purpose, the AI subjects, or geogra-
phy, context, behavior, and function. In the context of pre-
processing the data, stakeholders can help identify data gaps
and biases and enhance the definition of concepts for pre-
processing or the procedures for renewed data collection.

Resilience Testing. The cluster of resilience testing
grants, in particular, the potential for red teaming. Participa-
tion of stakeholders, e.g., in the form of red teaming, can fa-
cilitate assessing robustness or cybersecurity. Furthermore,
appropriate levels of robustness and cybersecurity can be de-
termined collaboratively.

Information Provision. The participation of relevant
stakeholders can improve the information provided as part of

the documentation and transparency requirements. Deploy-
ers, customers, or workers can provide feedback on, e.g.,
whether the information provided is sufficient and clear or
whether the human-machine interface is an effective tool for
overseeing the AI system. The latter opportunity can be re-
lated to user testing. Furthermore, deployers are required to
inform people if they are subject to high-risk AI systems.

Impact Assessment. Finally, the cluster of impact as-
sessments grants the opportunity to collaboratively perform
assessments of the impact on fundamental rights or data
protection, if applicable. Also, governance measures and
complaint mechanisms for risk scenarios can be developed
jointly with affected individuals, their representatives, or do-
main experts.

6 Step III: Mapping of Use Cases to
Identified Participatory Opportunities

Through a gap analysis (Step I), this paper has shown that,
according to the AI Act, there is no legal obligation for
participation beyond that of ‘informing’ relevant people,
although some recitals advocate ‘consulting or involving’
stakeholders. Based on this analysis, through an opportunity
analysis (Step II), we identified five clusters of high-risk AI
obligations granting opportunities for participation along the
AI lifecycle. In the following, we map examples of participa-
tory AI use cases to each of the five identified opportunities
for participation (Step III). Similarly to the approach by Cor-
bett, Denton, and Erete (2023) to presenting use cases, our
aim was to identify examples of participatory AI realizations
to illustrate how participation could take place for different
AI Act requirements. We describe each use case based on
the analysis criteria who, what, with whom, how, when, why
and briefly reflect on each effort.

Data and Data Governance. To demonstrate the collec-
tion of relevant and representative data that takes into ac-
count geographical and contextual nuances (Art. 10(3/4)),
we refer to the machine translation project by the researchers
Nekoto et al. (2020) (who). Motivated by the low-resource
language problem in machine translation, which is not solv-
able by researchers alone, they involved all the neces-
sary agents required in the machine translation develop-
ment process (why). The project produced new translation
datasets and machine translation benchmarks for more than
30 African languages, with human assessments performed
for approximately one third of these languages (what). More
than 400 participants from at least 20 countries without
formal training (contacted through multiple communication
channels) contributed to the project (with whom). For ex-
ample, to collect data (when), participants self-organized to
translate writings in collaborative sessions (how).

6also: Problem Formulation / Testing and Evaluation
7also: Testing and Evaluation
8also: Testing and Evaluation
9also: Problem Formulation

10also: Problem Formulation
11also: Training and Validating
12Most of the referenced articles in this lifecycle step relate more

to testing and evaluation than to design and training.
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Lifecycle Referenced Topic Article What? Why? Who?. With Whom?
Risk Management6 9(9) Consideration of adverse

impacts
Understanding potential adverse
impacts on vulnerable groups

P Persons < 18, vul-
nerable groups, rep-
resentatives, experts

G
en

er
al

↪→ Obligations of
Providers7

16(l) Compliance with other
accessibility requirem.

Determining appropriate
accessibility measures

P Affected, representa-
tives, domain experts

Risk Management 9(2)(a) Risk identification &
analysis (intended use)

Determining what “foreseeable”
risks means, and how to identify
and analyze

P Affected, representa-
tives, domain experts

Pr
ob

le
m

Fo
rm

ul
at

io
n

R
is

k
M

an
ag

em
en

t

Risk Management8 9(2)(b) Risk estimation & eval-
uation ((un)intended use)

Determining what “misuse”
means, how to estimate/evaluate

P Affected, representa-
tives, domain experts

Data & Data Governance 10(3) Relevant, representative,
complete data

Ensuring data representative-
ness and collection of such data

P Target user groups,
data providers

D
at

a
C

ol
le

ct
io

n

Data & Data Governance 10(4) Geographical, contextu-
al, behavioral, functional
representativeness

Understanding specific nuances
of settings

P Affected, represen-
tatives, domain ex-
perts, data providers

Data & Data Governance 10(2)(h) Identification of relevant
data gaps & limitations

Identifying data gaps & limita-
tions, and mitigation strategies

P Affected, representa-
tives, domain experts

Data & Data Governance 10(2)(f) Examination of biases Examining potential biases P Affected, representa-
tives, domain experts

↪→ Data & Data
Governance

10(2)(g) Bias detection, preven-
tion & mitigation

Identifying measures to detect,
prevent, and mitigate biases

P Affected, representa-
tives, domain experts

D
at

a
Pr

ep
ro

ce
ss

in
g

D
at

a
an

d
D

at
a

G
ov

er
na

nc
e

Data & Data Governance 10(2)(c) Data-preparation
processing operations

Defining pre-processing con-
cepts (e.g., labeling, updating)

P Affected, representa-
tives, domain experts

Risk Management9 9(2)(d) Risk management
measures

Determining appropriate risk
management measures

P Affected, representa-
tives, domain experts

↪→ Risk Management10 9(5) Evaluation of accept-
able residual risk

Determining what residual risk
can be judged acceptable

P Affected, representa-
tives, domain experts

↪→ Risk Management 9(6) Identification of risk
management measures

Testing of AI systems to identi-
fy best risk mgmt. measures

P Affected, representa-
tives, domain experts

R
is

k
M

an
ag

em
en

t

↪→ Accuracy, Robust-
ness, Cybersecurity11

15(1) Identification of appro-
priate accuracy levels

Testing AI and determining
“appropriate” accuracy level

P Affected, representa-
tives, domain experts

Robustness 15(4) Resilience testing
(system robustness)

Testing of AI system, e.g.,
through red teaming

P Domain experts

Cybersecurity 15(5) Resilience testing
(cybersecurity)

Testing of AI system, e.g.,
through red teaming

P Domain experts

R
es

ili
en

ce
Te

st
.

Accuracy, Robustness
and Cybersecurity

15(1) Appropriate robustness
& cybersecurity levels

Determining “appropriate”
levels

P Affected, representa-
tives, domain experts

D
es

ig
n,

Tr
ai

ni
ng

,T
es

tin
g

an
d

E
va

lu
at

io
n12

Human Oversight 14(1) Design of interfaces for
oversight

Obtaining feedback on effec-
tiveness of oversight tool

P Operative deployers
overseeing AI system

Transparency 13(1) Sufficiently transparent
operation

Obtaining feedback on trans-
parency for interpretability

P Operative deployers
using AI system

Instructions for Use 13(2) Provision of instructions Obtaining feedback on compre-
hensibility of instructions

P Operative deployers
using AI system

QMS 17(1)(j) Communication
channels

Establishing stakeholder
communication

P Customers, other in-
terested parties

AI Literacy 4 Measures for AI literacy Understanding needs of AI
system operators and users

P,
D

Persons operating or
using the system

Obligations of Deployers 26(7) Information about being
subject to high-risk AI

Informing workers and repre-
sentatives about high-risk AI

D Workers and repre-
sentatives

In
fo

rm
at

io
n

Pr
ov

is
io

n

Obligations of Deployers 26(11) Information about being
subject to high-risk AI

Informing natural persons about
subject to high-risk AI

D Persons subject to
high-risk AI

Fundamental Rights Im-
pact Assessment

27(1) /
27(1)(c,d)

Assessment of impact on
fundamental rights

Assessing affected groups and
impacts

D Affected, representa-
tives, domain experts

Fundamental Rights Im-
pact Assessment

27(1)(f) Identification of
mitigation measures

Developing governance and
complaint mechanisms for risk

D Affected, representa-
tives, domain experts

Pr
e-

pr
ep

ar
at

io
n

fo
r D

ep
lo

ym
en

t

Im
pa

ct
A

ss
es

s.

Obligations of Deployers 26(9) Data protection impact
assessment, if applicable

Assessing data protection
operations

D Affected, representa-
tives, domain experts

Risk Management 9(2)(c) Risk evaluation during
deployment

Determining what “other risks”
means, how to estimate/evaluate

P Affected, representa-
tives, domain experts

D
ep

lo
y.

&
M

on
ito

r.

R
is

k
M

.

↪→ Post-market
Monitoring

72(2) Collection, document.,
and analysis of data

Conducting continuous AI
performance monitoring

D Affected, representa-
tives, domain experts

Table 2: AI Act obligations along the AI lifecycle granting opportunities for participation. P: provider; D: deployer.
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Birhane et al. (2022) emphasize the project’s grassroots
participatory nature with genuine empowerment through re-
ciprocal, bi-directional processes where participants shape
core decisions around the data and the benchmarks. In a con-
text of open sourcing the created data, Birhane et al. (2022)
highlight the risk of co-optation by commercial actors who
may exploit the participatory data and tools for profit with-
out supporting the broader community effort.

Resilience Testing. Participation in AI system testing and
evaluation (Art. 15(4); when) can be realized through struc-
tured public challenges, as demonstrated by Anthropic’s
Constitutional Classifiers initiative ((use case); Sharma et al.
2025). This initiative engaged 405 participants, including
“academic researchers, university professors, experienced
LLM red-teaming contractors, and motivated newcomer[s]”
(Sharma et al. 2025, p.7) recruited through HackerOne (with
whom). The task was to break the model under experimental
conditions to test its robustness, more specifically, to identify
universal jailbreaks in AI systems, where outputs achieving
at least half the score of helpful-only responses were con-
sidered compromised (what). The human red teaming ex-
ercise operated as a bug-bounty system, compensating par-
ticipants up to $15,000 for a successful universal jailbreak
(how). This initiative showcases how Antrophic, as an AI
system provider and participation implementing actor (who),
systematically involved external stakeholders in testing and
evaluation phases, leveraging diverse expertise and perspec-
tives to identify vulnerabilities.

Considering red teaming as a participatory measure must
also be viewed with a critical eye. Feffer et al. (2024) iden-
tified the purposes of red teaming practices to be often
vague. In the above-described example, the reason for the
red teaming activity (why), e.g., in comparison to an internal
evaluation, is not explicitly described (Sharma et al. 2025).
From the participant’s perspective, compensation for partic-
ipation in commercial red teaming activities might be the
main motivation to participate. Thereby, compensation must
align with the requested resources, such as time investment
(Akgul et al. 2023). The participatory notion of red team-
ing becomes questionable if the intervention resembles mere
outsourcing of technical labor, which may also be the case in
the above-described example, where participants were paid
up to $15,000 for finding vulnerabilities. Another factor to
consider is the emerging trend of red teaming automation,
prioritizing efficiency and cost savings; a trend that has also
been observed in content moderation. Researchers are cau-
tioning against this practice given the importance of human
expertise in red teaming (Zhang et al. 2025).

Information Provision. The researchers Lee et al. (2019)
in collaboration with the non-profit 412 Food Rescue (who)
developed an algorithmic donation allocation system. One
component was the development of an explanation and de-
cision support interface (what) to support human decision-
makers who match recipients with donations. We use this
case as an example for developing a human-machine in-
terface for human oversight (Art. 14(1)), even if it does
not meet all specified requirements. The researchers con-
ducted one-hour studies that included walkthroughs and
semi-structured interviews (how) to evaluate (when) how the

information and explanations provided by the interface were
perceived by different stakeholders, including representa-
tives from the non-profit organization, from the recipient
organizations, from the donor organizations, and volunteers
(with whom). Stakeholder participation was deemed essen-
tial to collectively address the equity-efficiency trade-off in
matching algorithms, as involving all parties in finding solu-
tions increases their motivation to continue using the service
by ensuring that their needs are respected (why).

Feffer et al. (2023) positively evaluate this use case, rank-
ing high on most of their ten axes for assessing participa-
tory AI. They highlight that participants were meaningfully
and iteratively engaged throughout the algorithm develop-
ment project via paid, face-to-face sessions with appropriate
context and control over development processes, though this
approach was resource-intensive (Feffer et al. 2023).

Risk Management and Impact Assessment. Given that
risk assessment is often considered a step in impact as-
sessments (Mantelero 2024; Bogucka et al. 2024), we pro-
vide qualitative and quantitative participatory examples that
could be applied to both opportunity clusters, e.g., to under-
stand adverse impacts of the AI system in general (Art. 9(9)),
or also in preparation for deployment or for monitoring
purposes (Art. 72(2); when). For example, the researchers
Hohendanner et al. (2025) and Ullstein, Hohendanner, and
Grossklags (2025) (who) initiated a dialogue series with cit-
izen across Nigeria, Japan, India, Bolivia, Mexico and Ger-
many (with whom) to explore the (non-)application of genAI
and facial processing technologies in a desirable future from
the local perspective of citizen (why). Part of the dialogues
(how) was the mapping of potential consequences, the selec-
tion of the positive and negative consequences most worthy
of discussion, and the evaluation of their impacts (what).

Researchers from The Collective Intelligence Project
(2023) in collaboration with OpenAI (who) provide an al-
ternative, rather quantitative approach to identifying and pri-
oritizing risks from large language models (what). They in-
volved 1000 demographically representative US-Americans
(with whom) in a survey study (how), with six participants
attending a follow-up round table with OpenAI. The aim was
to explore public values and viewpoints on the most signifi-
cant risks and harms associated with AI (why).

Concerning the participants, these two examples also
show the challenges of achieving adequate representation
of populations when studying risks associated with globally
deployed AI technologies, as also noted by the authors. One
key to participatory approaches, in general, is adequate rep-
resentation of relevant stakeholder groups, which has been
observed to be lacking in participatory AI projects (Feffer
et al. 2023). Hence, participatory efforts initiated by compa-
nies should always start with the identification of all stake-
holders and define and communicate the purpose of partici-
pation to address the needs of stakeholders (Pretty 1995).

7 Discussion
7.1 Contextualization of Findings
About the Value of Informing as Participation Mode.
Our gap analysis showed a strong focus on the participa-
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tion mode inform. In the past, some scholars have perceived
higher levels of participation to be more valuable. In Arn-
stein’s (1969) taxonomy, the provision of information to the
public (third lowest rung) maps to the participation level to-
kenism. Cornwall (2008, p.272) highlights the normativity
of taxonomies of participation and points out that depending
on the context lower levels of participation can also have
positive impacts: “Participation through information shar-
ing, for example, might limit more active engagement. But
it could be argued that transparency over certain kinds of
information opens up the possibility of collective action in
monitoring the consistency of rhetoric with practice.”

In fact, a cornerstone of compliance with the AI Act is to
create a technical documentation, in which required prac-
tices are documented in writing, “containing information
which is necessary to assess the compliance of the AI sys-
tem with the relevant requirements and facilitate post mar-
ket monitoring” (Recital 71). Our opportunity analysis also
identified the provision of information and monitoring as
two of the five clusters that grant opportunities for partici-
pation. The documentation and informational requirements
are aimed at providing institutions that have access to the in-
formation with a better information basis for the evaluation
and appropriate use of the AI systems. However, as analyzed
by Hartmann et al. (2025), academia and civil society have
no access to the information and, therefore, no external and
independent audit can be performed. This limits the possi-
bilities of collective action (Cornwall 2008) in monitoring
the AI system to observable information or to the details
about which companies choose to inform the public. Prior
research on audits has highlighted a lack of transparency as
a major barrier to external audits, revealing imbalances in
power (Radiya-Dixit and Neff 2023).

Missed Opportunity for Incentivizing Stakeholder En-
gagement. Our findings are in line with prior research on
public engagement in national AI strategies, where “engage-
ment rhetoric is common, references to specific engagement
mechanisms and activities are rare” (Wilson 2022, p.1). Also
in the recitals of the AI Act, there are references to participa-
tion in AI design, development, evaluation, and deployment
through informing and involving; however, there are no spe-
cific requirements in the legally binding enacting terms of
the AI Act that go beyond informing. Thus, the AI Act rep-
resents a missed opportunity to provide a legal infrastructure
that demands social infrastructures (Young et al. 2024) for
stakeholder engagement. As technology companies have not
yet managed to successfully establish lasting mechanisms
for local stakeholder input and governance across interna-
tional markets, frequently leading to negative consequences
(Young et al. 2024), the AI Act could have provided the in-
centives for investing in such infrastructure.

7.2 Limitations and Future Research
This research was focused on the participation that occurs
between providers or deployers and end users in the context
of AI system design, development, evaluation, and deploy-
ment. The primary aim of taking this perspective was to link
the participatory AI discourse to the requirements set out by
the EU AI Act. However, it leaves out areas for participation

that are not central to the legal text, such as problem for-
mulation (Martin Jr. et al. 2020), or procedurally mandated
participatory mechanisms.

While multiple researchers were involved in the analysis,
the presented analysis is subject to the researchers’ reading
of the AI Act. Further, while the keyword search for the gap
analysis is based on participation literature and has been it-
eratively refined and manually validated, some participatory
intentions in the recitals might have been overlooked. Still,
identifying additional participatory intentions in the recitals
would not change the finding that a gap exists between the
participation-oriented language in the recitals and the legally
binding requirements.

Future research could extend the opportunity analysis
to the voluntary codes of conduct (Article 95), the trans-
parency obligations (Article 50), and the obligations of
GPAI providers in combination with the GPAI code of prac-
tice (Articles 53-56). Future work could also map participa-
tory (inter-)institutional arrangements and procedural mech-
anisms related to the development and enforcement of the
AI Act to analyze the nature and effectiveness of their imple-
mentation, e.g., the multi-stakeholder process for developing
the GPAI code of practice (Article 56; European Commis-
sion 2024) or the voluntary codes of conduct (Article 95).

The AI Act is, at the time of writing this article, the
only regulation specifically targeting AI systems placed on
or put into service in the European market. However, there
are other frameworks influencing AI governance within
companies, such as standards, for example, the ISO/IEC
42001:2023 (Information Technology – Artificial Intelli-
gence – Management System) (ISO/IEC 2023). Future re-
search could analyze the conceptualization of participation
in these frameworks that specifically intend to set standards
for certain practices.

8 Concluding Remarks
In this paper, we showed that some participation-oriented
language in the recitals of the AI Act exists; however, there
are no legally binding requirements for participation beyond
informing specified (groups of) people and beyond sugges-
tions for stakeholder participation in the voluntary codes of
conduct. While informing constitutes the most frequently
referenced mode of participation, the information provided
through these requirements is generally not available to the
public, granting little benefit for external collective monitor-
ing action. We argue that the AI Act represents a missed op-
portunity to incentivize stakeholder participation in AI de-
sign, development, evaluation, and deployment. In view of
companies’ efforts to align their procedures for compliance
with the AI Act, we identify five clusters of obligations with
participatory potential (risk management, data and data gov-
ernance, resilience testing, information provision, and im-
pact assessment) along the AI Act’s high-risk AI system
requirements. We further provide examples for realizations
of participatory AI for each of the clusters. We recommend
that regulatory stakeholders include more structural incen-
tives for participation in frameworks currently under devel-
opment, such as the European harmonized standards, which
will support compliance with the AI Act.
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Positionality Statement
Our research team brings diverse perspectives to this study
through its multi-gender and cross-disciplinary composi-
tion, spanning computer sciences, political sciences, de-
sign, and privacy economics. This collaborative group, com-
prising both graduate researchers and faculty members, en-
abled us to analyze and interpret data through complemen-
tary disciplinary lenses particularly relevant to AI regula-
tory frameworks. The team has expertise in conducting par-
ticipatory research on technology design and governance
(Bridges, Appel, and Grossklags 2012; Engelmann, Herzog,
and Grossklags 2020; Hohendanner et al. 2024a,b, 2025;
Ullstein et al. 2024, 2025), in analyzing AI systems and
their data (Andrews et al. 2023; Hirota et al. 2024; Papakyri-
akopoulos and Mboya 2023; Zhao et al. 2024), and in teach-
ing on AI and the EU AI Act.
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