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Abstract: Participatory design (PD) and co-creation (Co-C) approaches to building Artificial Intelli-
gence (AI) systems have become increasingly popular exercises for ensuring greater social inclusion
and fairness in technological transformation by accounting for the experiences of vulnerable or
disadvantaged social groups; however, such design work is challenging in practice, partly because of
the inaccessible domain of technical expertise inherent to AI design. This paper evaluates a method-
ological approach to make addressing AI bias more accessible by incorporating a training component
on AI bias in a Co-C process with vulnerable and marginalized participant groups. This was applied
by socio-technical researchers involved in creating an AI bias mitigation developer toolkit. This
paper’s analysis emphasizes that critical reflection on how to use training in Co-C appropriately and
how such training should be designed and implemented is necessary to ensure training allows for a
genuinely more inclusive approach to AI systems design when those most at risk of being adversely
affected by AI technologies are often not the intended end-users of said technologies. This is acutely
relevant as Co-C exercises are increasingly used to demonstrate regulatory compliance and ethical
practice by powerful institutions and actors developing AI systems, particularly in the ethical and
regulatory environment coalescing around the European Union’s recent AI Act.

Keywords: participatory design; co-creation; AI bias; AI fairness; social inclusion; AI ethics;
AI regulation; training

1. Introduction

The rapid innovation and permeation of AI technology require a range of socio-
technical approaches to ensure its safe, responsible, and socially equitable deployment.
One key aspect of this is the design and deployment of fair AI that avoids reproducing
existing social biases and forms of discrimination against vulnerable or marginalized social
groups. The objective of creating fair AI also aligns with emerging legal and regulatory
requirements such as the EU AI Act [1] and codified ethical imperatives such as those
encapsulated in UNESCO’s Recommendation on the Ethics of Artificial Intelligence [2], the
European Commission’s (EC) High-level Expert Group’s (HLEG) 2019 Ethical Guidelines
for Trustworthy Artificial Intelligence [3], and the OECD’s Principles for Responsible
Stewardship of Trustworthy AI [4].

However, fair AI design presents particular challenges due to the profound societal,
political, and economic implications of its ever-increasing proliferation and the rapid
pace, complexity, and scale at which AI technology is developing. Participatory design
(PD) and co-creation (Co-C) approach, if performed well, can give voice to stakeholders’
perspectives—particularly less privileged ones, in the design processes of AI to enable
fairer AI solutions. On the other hand, how to include stakeholders, especially the ones
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who are not knowledgeable about AI and how it works remains a challenging task. This
paper focuses on one approach to tackle these challenges by incorporating training on
defining AI and how its use can impact participants from identified vulnerable groups
in the co-creation process as a way to engage them with the socio-technical complexity
inherent to the problem of AI fairness.

Work to develop and implement AI fairness starts at the design phase of AI applica-
tions. This requires adapting existing PD and Co-C approaches that are frequently used in
Human–Computer Interaction (HCI) and technology design. PD can be seen as a precursor
to Co-C, whereby PD obtains input from end users to test and modify a prototype design
that has been formulated by the design team, whereas Co-C is a process that works to
incorporate users’ requirements iteratively through cyclical consultation throughout the
design process since its early phase [5]. This paper primarily draws from Co-C, although
the term PD is also used throughout, particularly in relation to discussions of the existing
literature, and there is significant overlap between the concerns and findings for both PD
and Co-C.

This paper investigates the benefits and challenges of incorporating training compo-
nents in the AI co-creation process through Co-C workshops conducted with vulnerable and
marginalized stakeholder groups as part of the design process for an AI bias identification
and mitigation tool of the Horizon Europe MAMMOth project. Bias in AI systems can be
defined as “the inclination or prejudice of a decision made by an AI system which is for or
against one person or group” [6], often leading to unfair treatment and discrimination [3,7],
and has been recognized as a major ethical concern for AI systems [8–10]. Conversely,
fairness in the context of AI systems is established by preventing bias, discrimination, and
stigmatization [3].

The primary causes of AI biases are socio-technical in nature and often result from the
inputting and processing of data that reproduce existing societal biases and inequalities to
train AI models, which then reproduce and amplify these inequalities when deployed [6,11].
It is, therefore, important to recognize that AI bias can involve a feedback loop between
data used to train and test AI systems, their design, application, results, and their possible
social impacts [7]. This necessitates a comprehensive approach to mitigation, addressing
the issue through the combined interdisciplinary efforts of sociology, computer science,
and law.

MAMMOth tackles AI bias through an approach that is multi-modal—meaning it
accounts for bias in a range of digital file types and formats, e.g., text, datasets, images, and
audio files—and multi-attribute—which means it accounts for intersecting forms of bias
that AI data processing can exacerbate based on multiple characteristics of vulnerability or
marginalization, e.g., gender, age, ethnic origin, and sexual orientation. In the Co-C process
for MAMMOth, training on AI definitions, terminology, and the project’s socio-technical
implications was carried out to empower non-technical stakeholders to articulate their
insights on AI fairness clearly in evidence-gathering activities. In the Co-C workshops, data
collection was carried out based on participants’ evaluation of three use cases in which AI
bias can have a significant impact—financial decisions, e.g., loan applications; biometric
identity verification, e.g., automated passport control gates based on facial recognition; and
bias in academic citation searches.

The next section will present a literature review that examines several aspects of PD
with vulnerable groups and AI relevant to this paper. This is followed by a discussion of
the legal and ethical aspects relevant to AI bias and the role of Co-C, and incorporating
training in it. The remainder of the article will provide an empirical description of the role
of training in the MAMMOth Co-C process and a reflective discussion of the benefits of
incorporating training in AI, as well as its limitations and lessons learned.
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2. Literature Review
2.1. Participatory Design with Marginalised Groups

PD proposes that the people who will be influenced by a new design or technology
must be a part of its development [12]. However, the determination of who these stake-
holders are has been debated and has shifted over time. While more traditional uses
of PD emphasize “user-centered” design, social justice perspectives in PD move away
from perceiving people solely in terms of their relationship to the use of technology and
come up with the term “human-centered” design [13]. Human-centered design brings up
a more complex understanding of users and stakeholders by accounting for potentially
vulnerable, marginalized, hard-to-reach groups that can easily be ignored in a more generic
user-centered perspective.

Vulnerability is a contested concept that is dynamic, multi-dimensional, and context-
dependent [14,15]. A certain level of vulnerability exists in any human life [16]. While some
people might be more vulnerable than others, who is vulnerable can change across different
contexts. Attempts to define vulnerability are often coupled with narrowing it down to
vulnerable groups. Vulnerable groups can include those who are socially excluded and
experience disadvantages “due to not having access to material resources, being unable to
exercise their voice, or being discriminated against on the basis of their age, sex, disability,
race, ethnicity, or economic and migration status” [17].

The inclusion of vulnerable groups in PD and Co-C raises various questions. Why
is the inclusion of vulnerable groups in PD/Co-C crucial? How is vulnerability defined?
Which groups are included or left out? How are the participants recruited considering
their hard-to-reach condition? Which research methods in PD projects are sensitive to
the needs of vulnerable groups? How and to what extent do participants influence the
decision-making procedure? In PD/Co-C, the goal is not only to empirically understand
the activity, e.g., understanding people’s perspectives to build a system for them but to
collaboratively develop and redefine new technologies where participants’ “tacit knowl-
edge” and researchers’ “more abstract and analytical knowledge” are bridged [18]. In this
way, PD and Co-C can achieve practical and political improvements in participants’ lives.
PD has a long history of democratic practices, empowerment of marginalized groups, and
giving voice to those people who may be invisible and unheard in existing power struc-
tures [19,20]. Self-reflective and deliberative planning of inclusion of vulnerable groups in
PD is necessary for not reinforcing the benefits of already empowered groups in the design
process [21].

PD/Co-C projects might involve a wide range of vulnerable groups. A systematic
literature review of PD studies with less privileged participants identified eight categories of
participants who were perceived as less privileged individuals by the reviewed papers [17]:
children; refugees, immigrants, and asylum seekers; older adults; people with cognitive or
physical impairment; ethnic or aboriginal people; individuals in critical neighborhoods;
women; unemployed people. These categories are not homogenous and might bring
multiple vulnerabilities together and require an intersectional analysis, such as studies that
work with children with disabilities [22] or children of color [23].

Reaching out to vulnerable groups and enabling their participation in PD/Co-C
requires careful consideration. There might be various barriers to including vulnerable
groups in PD and Co-C projects [24]. Such populations might be hard to reach because of
their geographical or social locations (e.g., rural populations living in remote places) because
they are hidden, stigmatized, or live in legal limbo (e.g., LGBT people or undocumented
migrants), or because they lack necessary resources and skills (e.g., older people, children,
those with poor literacy). There might be several solutions to overcome these participation
barriers. The first strategy would be identifying the key vulnerabilities and devising the
recruitment strategy accordingly rather than engaging in convenience sampling. Snowball
sampling and its variations can be effective in recruiting traditionally underserved and
vulnerable groups [25]. Building rapport and trust and following ethical engagement
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principles are other important factors facilitating the inclusion of vulnerable groups in
PD/Co-C.

The methods of involving vulnerable groups in PD/Co-C need to be tailored according
to research objectives and participants’ needs [23]. Hands-on activities such as workshops
are the most frequently used methods in PD projects with vulnerable groups [17]. While
workshops with children often include playful activities, workshops with older adults
might include pre-workshop support with technology. In addition to workshops, individual
interviews and observations are other methods of involving vulnerable participants in PD.
These methods can be accompanied by different toolkits (such as photo-elicitation, daily
journals, and different workshop materials) to enrich the participatory process.

Last but not least, vulnerable populations can participate in PD/Co-C projects at
different stages of design development and in different capacities. Different stages of
involvement include the stage of problem framing (understanding the needs of the par-
ticipants), ideation (creative envisioning activities), validation (testing activities), and
development (developing prototypes) [17]. Depending on the conceptualization of PD,
participants can have different roles, such as “informants”, “learners”, “research partners”,
and “design partners” [17].

2.2. PD for AI Fairness

PD and Co-C approaches to incorporating fairness in AI applications must negotiate
the multiple notions of fairness held by diverse stakeholders [26–29]. In this way, ma-
chine learning algorithms can be used in deliberative PD processes as a form of S.L. Star’s
“boundary object” through which participants can negotiate shared beliefs and values
with other stakeholders, as well as “the complexity of their differences within the problem
space” [30]. A specific area of focus for PD/Co-C for AI is an explicitly value-led approach
that aligns responsible AI design with social good. Wang et al. draw attention to the need
for UX practitioners to develop new methods and strategies to incorporate responsible
AI, including fairness, into technology design, including consideration of how UX practi-
tioners conceptualize AI and elicit mental models of AI from co-design participants [31].
In work with AI system developers and practitioners, Madaio et al. indicate the value of
co-designing AI fairness checklists within organizations as a way of formalizing ad-hoc
processes and engaged advocacy from members in a way that encourages internal delib-
eration and affords permission for individuals to raise potential concerns [32]. Another
approach is to invest AI practitioners in accountability for AI bias mitigation, including
through awareness raising and bias mitigation training [33].

Several approaches encourage bringing AI into public spaces to broaden AI literacy
and co-creation [34]. These methods include Real-World Laboratories (also called Living
Labs) that empower citizens to make decisions about technological adoption [35] and
TrustScapes that encourage end users to visually represent their ideas on data protection,
algorithmic bias, and online safety to inform AI design and policy recommendations [36].
Another is PD fictions which encourage participants to experiment with and elucidate the
multiple future pathways through which AI can influence the world to ensure AI design
decisions that are sensitive to human values [37].

Zicari et al. suggest involving interdisciplinary experts in PD processes who can
exert agency in designing, implementing, and regulating AI systems—such as healthcare
professionals, technology designers, ethicists, legal experts, and social scientists—can
arbitrate AI fairness in a “neutral” way to achieve fairer outcomes [38]. The expertise these
interdisciplinary actors bring can help identify technical issues affecting fairness that would
likely be opaque to laypersons, as well as identify and negotiate conflicts of interest between
both direct and indirect stakeholder groups; however, as studies in the sociology of science
have shown, the political neutrality of scientific knowledge is contestable. Each discipline
is, in fact, an outcome and a reproduction of a certain way of producing knowledge and
seeing the world, which evolves over time and is linked to the social context and power
dynamics in which it develops [39].
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Critical perspectives to PD/Co-C for social good are more circumspect about defining
what social good entails and whose values and principles should be prioritized, particularly
for minoritized or marginalized groups who are outliers in a utilitarian conception of social
good. This includes challenging a perceived absence in general of participatory design and
deliberative engagement with affected stakeholders of unfair machine learning algorithms,
who are not necessarily the system end users with whom UX designers typically work in PD
processes [40]. Other perspectives critique the assumption that when diverse stakeholder
engagement in PD does take place, it automatically leads to greater fairness without
reflexive engagement in the power relations implicated in the design and conduct of the PD
or Co-C process [41,42]. Such perspectives also express concern about PD becoming a weak
‘box-ticking’ exercise rather than a genuine socially transformative process that empowers
users and enables greater social equality [43,44]. Delgado et al. provide a framework for
critical evaluation of the purpose, value, and efficacy of PD and similar approaches that
consider the form that a particular design process takes, including how decisions are made
and articulated, whom it includes and excludes, the scope and remit of the PD process,
the extent to which it engages and empowers stakeholders [45]. Other methodologies for
redressing this power imbalance that prioritize the voices of those individuals or groups
disproportionately likely to face harm from poorly designed AI applications include a
capabilities approach [46] and an iterative agile participatory design approach to designing
technology objectives and user requirements with marginalized user groups [47].

Several recent empirical studies using PD and Co-C to address AI fairness in situ-
ated contexts with minorities, marginalized groups, and civil society actors provide new
understandings and a range of methodological strategies for mitigating bias and harm
from unfair algorithms, e.g., [48–50]. Suresh et al. highlight the need to design with com-
munities of diverse and potentially marginalized stakeholders (including civil society
activists) to ensure that systems “work not only for the mainstream, majority use case, but
also for those on the margins” [48]. Katell et al. demonstrate how such work can benefit
from incorporating non-technical interventions as part of a socio-technical approach to
mitigating unfairness in Co-C [49]. In addition, approaches and resources that prioritize
localized and context-specific issues pertinent to a particular application are often highly
effective [26,49], although these can sometimes come into tension with the desire to achieve
broadly applicable solutions through design.

2.3. Training in PD

Several studies add ‘skills development’ as the first step of PD/Co-C processes and
conceptualize participants as ‘learners.’ The underlying assumption in adding skill devel-
opment is that “people need not only the opportunity to participate, but capabilities, sense
of agency, and literacy on the topics they will work on” [17]. For example, the inclusion of
older adults in PD/Co-C processes requires developing technical skills as a first step [50];
however, there appears to be a gap in the literature regarding the focal approach of this
paper on the critically reflective incorporation of expert-defined training on complex social
scientific and technical concerns—in the present case, AI fairness—to share knowledge
with end users in PD/Co-C processes. This paper both addresses this gap and suggests that
including training in PD involving complex technology empowers end users and allied
stakeholders to articulate their positional perspectives, particularly those from marginal-
ized groups, and enables them to provide a more informed and detailed contribution to the
design process to produce societally fairer outcomes that address their interests and needs.

3. How Training in Co-Creation Relates to EU Legal and Ethical Approaches to AI Bias

AI systems creators (including engineers, developers, and auditors) address the issue
of achieving systems’ compliance with evolving regulatory requirements from a technical
perspective [51]. This first involves the identification of the applicable legislation based
on its context and then its practical implementation [52], which both affect the technology
design. Yet, the impact of training in the Co-C process extends beyond the technical de-
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velopment of an AI system, as it also has implications for how compliance regimes evolve
in relation to the dynamic state of AI legislation. This is notable in the EU environment,
namely with reference to the Ethics Guidelines for Trustworthy AI [3] and the AI Act [1],
particularly concerning AI bias. This requires thoughtful engagement from training design-
ers and facilitators to ensure that the training meaningfully contributes to fairer and safer
AI design rather than becoming an instrumental vehicle for demonstrating compliance in a
hollow way.

3.1. Ethical Guidelines for Trustworthy AI

Several non-legally binding codes from inter-governmental organizations set out
ethical principles for the safe and socially responsible implementation of AI technolo-
gies, including trustworthiness and fairness. Both the OECD Principles for Responsible
Stewardship of Trustworthy AI and UNESCO Recommendation on the Ethics of Artificial
Intelligence call for AI Actors to protect fairness and reduce social, cultural, economic, and
gender inequalities throughout a given AI system’s lifecycle by ensuring the inclusion of
underrepresented and marginalized populations in the development and implementation
of AI systems [2,4]. The methodological approach of including training in Co-C argued for
in this paper instantiates the ethical principles of fairness, participatory inclusion, social
justice, and knowledge-building codified in the aforementioned documents.

In the EU context, the third chapter of the Ethics Guidelines for Trustworthy AI, which
was the main non-legally binding instrument regarding AI at the EU level prior to the
introduction of the AI Act, sets out an assessment list for the compliance of AI systems with
its seven key requirements: (a) human agency and oversight; (b) technical robustness and
safety; (c) privacy and data governance; (d) transparency; (e) diversity, non-discrimination
and fairness; (f) societal and environmental well-being; (g) accountability. The Ethics
Guidelines for Trustworthy AI has identified the fostering of AI literacy, including training
and, in general, the involvement of all the stakeholders in AI systems as mechanisms for
realizing accountability and improving the trustworthiness of an AI system. [3]. Notably,
the provision of informed participation and education about AI systems includes all
relevant stakeholders, including the groups affected by AI-based decisions, which, in
the case of discrimination, often refer to marginalized communities.

In addition, the Assessment List for Trustworthy AI (ALTAI) [53], which was derived
through multi-stakeholder Co-C processes, examines the needed proactive steps to reduce
and prevent hazards associated with the seven above-mentioned ethics guidelines [54]
and introduces training as a mechanism to ensure human oversight, transparency, non-
discrimination, societal and environmental well-being, and accountability. Regarding non-
discrimination, it lays down the need for consultation with stakeholders who may directly
or indirectly be affected by the AI system. To achieve substantive benefits rather than merely
fulfilling procedural requirements, the involvement of the widest range of stakeholders, as
outlined in the list, should be incorporated throughout all stages of the system.

3.2. AI Act Provisions Associated with AI Bias and Training

The AI Act [1] is one of the first and most comprehensive legally binding instruments
for AI regarding discrimination in AI systems. The AI Act formalizes the requirement for
the identification and mitigation of unfair discrimination in high-risk AI systems [Article
10 par. 2 (f), (g)]. It requires AI system providers to identify the risk level of each AI system,
taking into consideration the importance of preventing the (re)production of biases that
can lead to discrimination, as well as the potential protected ground(s) of discrimination
under EU law. In parallel, the requirement for conducting a Fundamental Rights Impact
Assessment (FRIA) under Article 27 for high-risk systems aims at mitigating discrimination
in general, among other fundamental rights.

The involvement of stakeholders and the endorsement of training in Co-C can be
applied as mechanisms for implementing the regulation. First, at the level of the deployer’s
obligations, the AI Act introduces a risk management approach for high-risk AI systems
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by organizations that includes a set of measures (including education and training) as
factors that can mitigate the high-risk systems’ risks (Article 9 par. 5, subpar. 3). At the
level of supporting the enforcement and implementation of the regulation, the AI Office
is expected to include involvement with relevant stakeholders (as defined in Article 4 of
the Commission decision (Brussels, 24 January 2024, C (2024) 390 final)) within its criteria
for compliance in its guidance and compliance monitoring activities [55]. The following
section will describe the methodology applied to implement engagement with vulnerable
and marginalized stakeholders through training in the MAMMOth Co-C process.

4. The Use of Training in Co-C to Support the Design of an AI Bias Mitigation Toolkit

Co-C with vulnerable groups was applied during the creation of a toolkit that helps
AI system creators assess the bias of their datasets and systems. The toolkit offers a user
interface to run methods for tackling three critical challenges: bias contained within the
ML training data of AI components, AI-induced bias that could take the form of spurious
correlations (e.g., using postal codes as a proxy of race to determine economic status) and
bias occurring during the interpretation of system outcomes. In the toolkit, AI system
creators can run existing and new methods to quantify bias for multi-attribute and multi-
modal data, including preliminary assessment during design and continuous re-evaluation
during maintenance. Toolkit users can also obtain qualitative suggestions of how found
biases may be mitigated.

To extract the requirements for the toolkit’s creation, a multi-faceted and comprehen-
sive design approach was followed that involved the engagement of diverse stakeholders
to a significant degree. This involved desk research into existing solutions, consultations
with domain experts and the MAMMOth consortium, and a set of Co-C activities with
vulnerable and marginalized groups (the focus of this paper) to ensure a more equitable
representation of their interests. To enhance the quality and depth of the process outcomes,
the consortium adapted training materials for public engagement on AI bias and discrimi-
nation developed by the University of Groningen (RUG) for use in the Co-C workshops.
Inputs from the consultation with vulnerable users influenced the selection of the following
requirements: (1) user requirements, where underrepresented groups affected by evaluated
AI systems are also considered as indirect users; (2) research requirements for evaluating
the project use cases and effectiveness of the toolkit; (3) functional requirements that cap-
ture actions that the toolkit needs to perform to comply with the state-of-the-art and the
state-of-practice; (4) non-functional requirements, such as usability and data security.

4.1. Incorporating Training in the Co-C Process

Initial steps in the co-creation process included conceptualization of the desired objec-
tives of the toolkit and the envisaged end users, which were defined during an internal
workshop carried out amongst the MAMMOth project members. Surveys were also con-
ducted amongst communities of vulnerable users recruited through local civil society
organizations involved in the project, including women at risk of social exclusion, e.g.,
ethnic minority and domestic violence victims, migrants, and recipients of social protection
services (see Table 1). These surveys set out to investigate the level of awareness of people
from vulnerable communities on AI and their perspectives on AI fairness and to recruit
participants to participate in the Co-C workshops with their informed consent.

A series of Co-C workshops were carried out alongside the other design activities in
MAMMOth to advise how the requirements for the MAMMOth bias mitigation tool were
formulated. The aim of these workshops was to clarify from a socio-technical perspective
how stakeholders from identified marginalized groups considered and felt affected by, or
that they would be affected by AI bias. The topics that were explored during the workshops
included, but were not limited to, the following:

• Participants’ opinions on the use of AI in the specific use cases of finance decisions,
identity verification, and academic citations and collaborations;

• What they considered a fair outcome when using these systems in real life;
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• Their concerns about the use of AI in the use cases and the expected benefits;
• Their previous experiences, if any, with the use of AI in specific use cases;
• What groups of people they thought might be negatively affected by the use of AI in

the use cases.

Table 1. Organized Co-creation workshops.

Use Case(s) Moderator Location Number of
Participants Language Marginalized Group(s)

Represented

1
Finance,
identity

verification

Associació Fòrum
Dona Activa (DAF)

Spain and
online

17 on-site and 2
online

Catalan and
Spanish
(mixed)

Women at risk of social
exclusion, including
ethnic minority and
domestic violence

victims

2 Finance IASIS Greece
20 English Young people

4 English Ethnic minorities and
young people

4 Greek Unemployed receiving
social support

3
Finance,
identity

verification

Diversity
Development

Group (Lithuania;
DDG)

Online 5 English
Migrants, Non-EU
citizens, and ethnic

minorities

4
Academic

citations and
collaborations

University of
Bologna; University

of Groningen,
Complexity Science

Hub Vienna

Online 7 English

Early career researchers
belonging to the

LGBTQI+ community
and/or ethnic and
religious minorities

In total, six workshops with marginalized groups were conducted (see Table 1 for
details) in Spain (hybrid online), Greece, and online in collaboration with the local civil
society organizations representing the vulnerable groups listed above. The Spanish and
one of the Greek workshops were facilitated in local languages, and two of the Greek
workshops (mainly with non-Greek participants) and the online workshops were conducted
in English. Ethical approval for this research was obtained in advance from the research
ethics committees (REC) of the Centre for Research and Technology Hellas (CERTH) and
the University of Bologna (UNIBO). Researchers were careful to be transparent about the
research objectives and to obtain informed consent for participation from participants.

The workshops all shared a similar structure. They started with a brief introduction to
the MAMMOth project and the aim of the workshop, along with rules for participation.
The first part of these workshops involved the delivery of a training module on AI fairness
conducted by the workshop facilitators using training materials designed by science edu-
cation and communication specialists from RUG. This methodological innovation in the
Co-C process precedes evidence-gathering activities with training to equip participants
with the explicit conceptual knowledge and terminology to articulate their perspectives on
AI. This is both for the purposes of the training and for the broader purpose of empowering
participants in their daily lives since they use or have their personal data processed by AI,
although they may hitherto be less consciously aware of when and how this occurs. An
analogy for this provided by one of the training module designers is explaining the rules
and lingo of soccer to someone watching a match for the first time so they can more clearly
understand what is happening in the match.

The training material was prepared previously as educational materials designed for
public engagement with laypersons on issues concerning AI bias and subsequently adapted
for the MAMMOth Co-C workshops. These materials were based on research gathered
from focus groups, interviews, and informal conversations with very different audiences
about how laypeople use AI and their attitudes and feelings toward it. The material focused
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on the non-technical aspects of AI and specifically on its socio-cultural implications. The
technicalities were intentionally avoided so as not to overwhelm participants with aspects
not considered useful for the discussion. The training phase followed an inquiry-based
teaching and learning approach [56] aimed at first exploring laypersons’ misconceptions
about AI—mainly its association with robots and the idea that AI is a neutral and objective
technology—providing daily life examples, adding new knowledge that also questions
these misconceptions and then checking the level of understanding of participants and
the effectiveness of the training. These steps were followed in an iterative manner. The
training, due to its interactive nature with the participants, acted as a “workshop in the
workshop”. The rationale for incorporating training into the Co-C of the MAMMOth tool
was to empower representatives from marginalized groups with knowledge of how AI bias
in decision-making can impact them and create a common frame of reference by ensuring
that every participant had a basic understanding of the topic.

Prior to conducting the workshops, the training developers from RUG conducted a
session with the workshop facilitators to familiarize them with the training materials and
share knowledge on best practices for delivering the training modules. The material was
first prepared in English and then translated into the languages used in the workshops.
The training material was intended as a tool that facilitators could then adapt to their
purpose and audiences. In this regard, Donna Activa Forum (DAF), the civil society partner
of the MAMMOth project working with under-served women, adapted the material to
include examples related to gender biases—something the participants of the workshop
could relate to. These training components explained in an accessible way how AI decision-
making algorithms work and ways in which they can reproduce discrimination, including
demonstrating real-life examples.

The second half of the workshops focused on discussing participants’ perspectives
based on their analysis of finance, identity verification, and academic citations and collabo-
rations using example use-cases prepared by a sociologist from the University of Bologna
(Marta Gibin, co-author) to obtain evidence for the design process. For finance, this in-
cluded a use case based on a bank’s use of AI algorithms to evaluate participants’ home
loan applications. The identity verification use case was based on examples of everyday
life applications of this service (e.g., to open a bank account, to rent a car, to subscribe to the
services of an Internet provider) and how it can reproduce biases. The academic citations
and collaborations use case was introduced by showing possible biases reproduced by
Google Scholar when searching for authors. For each use case, participants were invited to
think about the potential groups that could be at an elevated risk of experiencing adverse
effects as a result of the deployment of an AI system. This was performed in order to
identify potential sources of bias. For example, with reference to the use case on identity
verification, participants were asked to reflect on different categories of facial attributes that
could lead to bias in ID verification systems (e.g., facial decorations such as piercings and
tattoos; religious and cultural symbols such as hijabs and turbans; and so forth) and rank
them in order of importance. In terms of fairness, participants were encouraged to express
their views on the fairness of the use of AI systems in the given examples. If they felt that
the use of an AI system was unfair, they were invited to suggest an alternative outcome
that would be perceived as fair. This allowed us to explore their conceptions of fairness.
Participants’ evaluations of the use cases were gathered as research data and subsequently
analyzed by a small team of project researchers, including the aforementioned sociologist
and a software engineer, to inform the requirements of the MAMMOth toolkit. This process
will be elaborated on in the following section.

4.2. Workshop Outcomes

The findings from the individual workshops were varied. In the workshop conducted
by DAF, only three participants affirmed that they had previous knowledge about AI. In the
workshops conducted by IASIS, most of the participants had little to average knowledge of
the topic. When asked to provide a definition of AI, they mentioned robots with human
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behavior, computer systems, ChatGPT, something complex, algorithms, and something
related to math and data. During the workshop, once shown some examples of everyday
use of AI systems, they realized that they make use of some form of AI regularly in daily
activities. The participants of the workshop organized by the Diversity Development Group
(DDG) were, on average, familiar with AI. In particular, they unanimously reported daily
interactions with AI through digital tools (Google Maps, Translate, Spotify, etc.), reflecting
the pervasive role of AI in modern life.

In their reflections, all workshop facilitators acknowledged the key role of the training
module in enabling participants to discuss AI bias in an informed way in workshop
discussions. Feedback from facilitators included that the training module provided stimuli
for participants to engage in the workshop and raised all participants within a group to a
similar level of understanding about AI bias. Similarly, several participants mentioned that
they found the training session to be useful. After the presentation, all participants agreed
that they are using narrow-purposed AI daily without realizing it. Some participants were
surprised to realize that AI financial decision-making applications exist and are being used
in some banking systems. Some participants also became more aware of the distinction
between e-banking procedures and credit score and loan request procedures as a result of
the training.

Participants exhibited nuanced perspectives on the objectivity of AI; some argued
that AI systems are inherently biased because of non-objective data, while others believed
that objectivity could vary depending on training data. In the workshop conducted by
DDG, an interesting consensus emerged in terms of who would benefit the most from
AI-based credit scoring: white males. This illustrates prevalent concerns about biases in AI
systems. The concept of fairness in AI decisions was interrogated, resulting in a variety
of definitions, including unbiased, non-discriminatory, equitable, and transparent. An
important consideration was that AI should exhibit contextual awareness, considering
individual circumstances. It was also mentioned that there should be a combination
of human critical thinking and AI, i.e., a human-in-the-loop, and the overall and final
monitoring of impactful decisions should be made by humans; however, participants
expressed cynicism regarding the inherent fairness of AI-driven processes and the motives
of AI developers, such as in the case of AI-made decisions on bank loan applications where
some participants suggested that banks would not priorities fairness over profitability.
Furthermore, participants acknowledged that the fairness of AI decisions is contingent on
factors such as design, implementation, data quality, the algorithms used, and ethical and
technical considerations. As one participant noted, “Statistics is not about fairness, but
about the majority and/or probability”.

4.3. User Requirements and Research Requirements

User requirements gathered a set of expectations for what the MAMMOth bias toolkit
should be capable of and the parameters of how it should work from the standpoint of
end users. The primary end users targeted through the project’s methodology were the
data scientists whose systems ended up affecting under-represented groups, among others;
however, it was also recognized that affected stakeholders, including members of such
groups, are also indirectly affected, and their input was also considered. User requirements
were shaped based on the amalgamated results of the Co-C workshops with a pilot survey
with under-represented groups, and the expert user needs analysis, which included both
data scientists and social scientists. This combined approach aimed at capturing both the
suggestions received from experts and the concerns identified by the affected stakeholders
that could arise when the toolkit is deployed. The construction of the list of Research
requirements followed a similar process. Research requirements refer to additional input,
mainly coming from the opinions and concerns of under-represented groups, that should
guide the research on biases and mitigation conducted by technical partners of the project.

Each partner conducting a workshop provided the research team with an English
language summary of the workshop contents with key points, which were then collated by
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the research team for comments and validation by consortium partners. The results were
also presented at a plenary meeting with the entire consortium in order to be discussed
collectively. To translate the social scientific data gathered from the workshop into technical
terms, the sociologist prepared a summary of key points and worked with the software
engineer to clarify any ambiguous points and reduce the number of requirements by cluster-
ing similar points. This was an ongoing and iterative process that negotiated the different
terminologies and epistemic approaches used by technical researchers and social scientists
working on the project to enable clear communication and the successful formulation of
evidence-based user and research requirements. Activities were part of systems design
that eventually led to the creation of user story mockups and eventually to a modular
open-source architecture whose individual modules deploy algorithmic strategies for bias
detection and mitigation. Figure 1 illustrates the MAMMOth methodology designed to
collect, utilize, and leverage the requirements for an AI bias toolkit. This underscores the
systematic efforts to ensure the effectiveness and reliability of the toolkit in reducing AI
biases through the implementation of collaborative Co-C processes.
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The next section will provide a discussion that draws from critical perspectives on
PD and Co-C to reflect on the value, methodological considerations, and challenges of
integrating training in stakeholder Co-C processes on AI bias, particularly in relation to
working with marginalized and vulnerable populations.

5. Discussion
5.1. Reflections on Designing and Integrating Training in Co-C

Incorporating training into AI Co-C requires careful planning and implementation,
including clarifying expectations and assumptions about participants’ exposure to, engage-
ment with, and prior knowledge about AI. RUG designed the training with the assumption
that participants would have little prior knowledge of AI technology and that any knowl-
edge they did have would be limited to utopian/dystopian cultural representations of AI.
This was corroborated by at least one facilitator’s experience that most participants had an
overall low level of knowledge about AI, although several participants did have some in-
troductory level of knowledge, and at least one had some experience using a generative AI
application. With this in mind, RUG took a deliberate strategy of ensuring the training was
designed and presented in a way that participants required zero prior technical knowledge
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to understand the material and that the amount of technical content included was kept
as minimal as possible. The rationale for this approach is that a socio-technical approach
would be relatable to participants, whereas an emphasis on technical knowledge would
likely alienate participants and cause them to ‘switch off’ and thus have the opposite effect
on the training’s goal of encouraging engagement and inclusion.

Upon reflecting on the training, designers did question whether they underestimated
participants’ capacity for engaging with more technical content and what different out-
comes or understandings this might enable. At the same time, it was clear that some
workshop target communities, e.g., a group of older unemployed women in their 40s
and 50s, struggled more with understanding the content than other groups. This leads to
two recommendations: (1) additional research should be conducted on the relationship
between greater technical knowledge and enhanced socio-technical understanding of sys-
temic factors contributing to AI bias by training participants; (2) provided the increased
inclusion of technical content can contribute to greater understanding and empowerment
of contributing factors to AI bias, the extent of the inclusion of technical content should be
reflected upon and calibrated in relation to both the participants needs and capacities and
the objectives of the Co-C process.

Facilitators also independently adapted the workshops in order to be relevant to the
experiences and needs of participants, particularly in the specific contexts of the civil society
organizations conducting the Co-C workshops. This included translating the workshop
materials into local languages where necessary and adding real-life examples and use cases
relevant to the participants. DAF added an example based on generative AI queries on the
responsibilities of fathers and mothers that reproduced outdated and stereotypical gender
roles. Another example they added to the training demonstrated how Google Translate
reproduced stereotypical gender masculine and feminine endings in translating text from
Catalan to Spanish, whereby masculine and feminine versions of the job role were both
provided for short answers, but in longer answers, stereotypical gender language was used
(e.g., ‘judge’ had male ending, ‘nurse’ had female ending). The fact that these examples
were real-life as opposed to hypothetical was also important, as it added authenticity to
the significance and pervasiveness of AI technology bias, as well as its often oblique and
implicit nature.

There was also critical engagement from the facilitators on the representation of AI in
the training. One trainer was concerned that the training materials framed AI technology in
an exclusively negative way that ignores the potential benefits or instrumental value of AI
technology, including its potential to enhance opportunities and mitigate discrimination if
applied conscientiously towards these ends. They found this to be a particularly acute issue
when working with the older unemployed women participant group, as it felt outside of this
group’s sphere of interest and understanding about potential benefits and harms beyond
automation and AI ‘taking jobs’ to explore more nuanced aspects of the technology’s societal
implications, including its potential benefits if used in a fair and ethical way; however, the
facilitators from other organizations disagreed that the training had an overly negative
orientation, but instead focused on raising awareness of the pitfalls of AI technology in
its current trajectory of innovation and on promoting empowerment. They agreed that it
would be interesting to explore in more detail how AI bias can be mitigated in order to
promote a fairer AI.

5.2. The Methodological Value of Incorporating Training in Co-C

As discussed in Section 4.2, the purpose of incorporating training in the Co-C work-
shops was to empower participants from marginalized communities with knowledge of
what AI is, how it affects their lives, and how AI bias in decision-making can cause them
harm. As commonly agreed by the workshop facilitators, the training module provided a
smooth kick-start for the co-creation process by ensuring that all participants had a shared
understanding of the topic. In this way, the training module democratized the Co-C process
by enabling the participation of the most disadvantaged participants in the discussion.
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Participants, even though they came from different backgrounds and had different levels of
AI knowledge, could participate in the discussion almost on an equal footing. As one of the
workshop facilitators commented, conducting a Co-C workshop without a training module
would not be possible. The training also helped raise a general awareness of AI bias and
how it affects participants’ everyday lives. A jargon-free, non-technical and example-based
training module enabled participants to understand how AI has penetrated almost every
area of their lives and how AI bias could affect them.

Figure 2 provides a visual summary of how the training contributed to the Co-C
process and this, in turn, to the requirements. The training formed the basis of the Co-C
process and contributed to it in three ways. First of all, it provided clarity about AI and how
it works and the level of understanding of the training material was iteratively checked
by the trainers through questioning and interaction with the participants. The training
also increased the level of awareness of the participants on the use of AI in everyday life
and challenged misconceptions related to AI; after being provided with real-life examples,
the participants were able to recognize when they use AI in their lives. The training also
contributed to the activation of critical thinking by providing examples of possible forms
of biases and discrimination reproduced by AI systems, questioning overly optimistic
narratives regarding the use of AI systems.
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The results of the Co-C process provided three types of feedback to the MAMMOth
requirements. During the workshops, the participants identified the potential sources of
bias related to the use of AI in the MAMMOth use cases. For example, when discussing the
use case of academic citations and collaborations, several potential biases were highlighted,
such as self-citations, multiple citation counts due to the same document being published
on different platforms, popular authors who are consistently cited, and the lack of repre-
sentation of the diversity and multi-disciplinarity of a research community. The workshops
also highlighted the participants’ concerns about the use of AI. For example, in the finance
use case, participants expressed concerns about the potential dehumanization of the rela-
tionship between banks and customers following the use of AI. Moreover, similar to the ID
verification use case, participants were asked to rank potential forms of bias/concerns in
order of importance, helping the researchers to identify what was most important to them.

In addition, it is important to acknowledge the diverse forms of value that the training
can bring to different stakeholders in the Co-C process, including not only the participants
but also the facilitators and their organizations, researchers, and technology designers. A
reflective critique from the MAMMOth Co-C practitioners suggests that harnessing value
for all of these stakeholders might require integrating training in Co-C as an ongoing
and iterative process rather than a one-shot activity. Workshop participants expressed in
their feedback on the sessions a desire to learn more about the societal implications of AI
after participating in the session. In addition, one of the facilitators decided to change
her psychology master’s degree dissertation topic to AI anxiety after the learning process
she underwent for leading her organization’s sessions. Both she and the other trainers
stated that they desired greater involvement in an ongoing process and would like to have
been kept informed of the training outcomes and the impacts generated by the evidence
they gathered.
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5.3. Challenges and Complexities of Integrating Training in Co-C

Incorporating training into Co-C processes raises a number of methodological and
epistemological questions. The most crucial is whether incorporating training to impart spe-
cific sets of knowledge or empower social outcomes based on notions of empowerment or
social justice influences the responses, findings, and outcomes of the Co-C process. This also
has implications for debates around the boundaries between research and activism [57–59]
and whether the deliberate merging of the two is desirable or problematic [60–62]. In
the case of the Co-C process for MAMMOth, civil society partners with defined activist
missions were responsible for delivering the training and the Co-C workshops that fed
into the production of user and research requirements. Here, the justification for merging
research with activism is a deliberate and direct strategy to attain the MAMMOth project’s
goal of mitigating discrimination and adverse social outcomes for vulnerable groups that
result from the perpetuation of biases in AI data training and processing.

The critical approaches to PD in AI technology development discussed in this paper’s
literature review challenge the extent to which these processes, as they are often conducted,
are, in fact, a ‘light touch’ exercise to claim inclusive representation that has little transfor-
mative value in producing more fair and inclusive innovation. Similarly, PD and Co-D can
be a crucial factor in supporting the implementation of the applicable legal requirements,
which aim to address AI bias, and in demonstrating legal compliance as well, as discussed
in Section 3. Through the presentation of the EU legal and ethical framework for AI, the
essential importance of compliance through inclusivity, stakeholders’ involvement, train-
ing, and, in general, the promotion of AI literacy is emphasized, particularly in the case
of AI bias. This approach can verify that AI system creators do not merely fulfill formal
requirements but also heed the insights of social scientists regarding true fairness and
social transformation. This raises questions about how incorporating training can become
a catalyst for more profound outcomes for a socially just and ethical digital transformation.

Alongside this, critical perspectives in the literature also indicate a lack of critical
reflexivity on training in PD with vulnerable groups [41]. Incorporating training in itself
does not automatically lead to more fair or just outcomes, but rather, the training must
be incorporated in a reflective and considered way in terms of both the selected content,
mode of delivery and context in which it is delivered, as well as how it integrates with
the focus and purpose of the Co-C/PD exercise in which it takes place. In the design
process for MAMMOth, attention was paid by the training designers not only to support
the development of the MAMMOth tool but also to empower participants to understand
AI better and express a voice or opinion on how AI affects their lives. This was furthered
in how particular civil society organizations conducting the training added real-world
examples to the training that were targeted to engage the specific groups with which their
organizations worked.

Another related aspect that requires reflective consideration in planning and executing
training in the Co-C process is negotiating the balance between imparting the necessary
technical depth to obtain meaningful input from participants, and ensuring clarity and un-
derstanding of the training content so it is accessible and actionable for participants. In the
initial training design, a deliberate decision was taken to minimize detailed technical infor-
mation in order to avoid overwhelming or confusing participants. Alongside this, real-life
examples were selected and emphasized as a strategy to make the training content engaging
and understandable to non-specialists without relying on complex technical concepts.

Reflective analysis also requires engaging with both the limitations of incorporating
training in AI Co-C with vulnerable groups and other stakeholder categories, as well as
the way it was implemented in the MAMMOth Co-C design. Due to the comparatively
small sample size of the MAMMOth CO-C process, it was not possible for researchers
to collect statistically significant or reliable quantitative data to support their analysis.
In addition, in the MAMMOth Co-C, the workshops were conducted on a one-off basis
with each stakeholder group. As a result, the potential for further dialogue and iterative
development was missed. Both workshop participants and other stakeholders (facilitators
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and researchers) expressed a desire to learn more about the topic of AI bias and to remain
engaged in the design process to see the impact of their input on the research and technology
design outcomes from the project. This demonstrates that to achieve better integration,
researchers and facilitators should integrate training as an ongoing process-within-a-process
in technology Co-C. This entails planning for multiple workshops or sessions throughout
the design process, starting from an early stage, and at each stage modifying the design and
adapting the Co-C approach in response to participants’ input in a way that demonstrates
to participants that their voices are being listened to and are contributing to meaningful
social change.

On a broader scale, it is reasonable to question the extent to which training within Co-C
activities for AI technology development actually disrupts inherent power dynamics or
whether training risks adding an additional layer of ostensible credibility to ‘ethics-washing’
practices [63] or ‘thin’ compliance tick-box exercise that fails to influence meaningful
change in identifying and mitigating vectors of discrimination and other forms of social
inequality. This can be addressed in the process of how the training material is prepared,
whereby it is produced through participatory methods in which potential groups to be
trained have an opportunity to shape the material. In the case of MAMMOth, to address
this challenge, training material was prepared along with a consultation process with a
wide range of stakeholders, which included a number of interviews and focus groups.
This counteracts the pitfall of material being produced in a top-down way where mainly
technology developers’ interests are reflected.

Using training in Co-C can also support the implementation of EU ethical and legal
requirements by the AI systems creators, particularly concerning the requirements outlined
in the recently enacted EU AI Act. The provision of education and training, especially to
those groups affected by AI bias, can supply system creators with real-life scenarios and
facilitate the effectiveness of stakeholders’ involvement in the implementation of the AI
Act [55]; however, there is a risk of training in co-design, along with other co-creation best
practices, to be misused for ‘ethics-washing’ or leading to regulatory compliance exercises
that fail to meaningfully address the discriminatory effects they are meant to mitigate. As
such, the AI literacy of subjects should be considered an essential factor in contributing to
informed consent for their participation in AI co-design since the conditions under which
informed consent is obtained in many cases require a certain level of knowledge about the
functionality of AI technology and its technical context. Thus, providing guidance and
training that addresses AI bias and discrimination could contribute to the AI literacy of
affected stakeholders. Furthermore, effective legal compliance that provides substantive
protection against AI bias requires the clear identification and careful examination of
protected grounds directly related to the context of the technology under investigation,
for instance, when conducting the Fundamental Rights Impact Assessment (FRIA) under
Article 27 of the AI Act.

6. Conclusions

This paper draws from both applied and critical approaches to PD and Co-C to argue
for the inclusion of training on AI bias in co-creation processes with non-expert stakeholder
groups whose input would otherwise be excluded from AI design and integration decisions,
particularly those from vulnerable or marginalized groups. Incorporating training can
enhance the Co-C process in several ways: it supports participants with the conceptual
frameworks and lexicon that can allow them better to articulate their opinions, observations,
questions, and concerns; it injects both shared understandings and specific examples that
problematize abstract concepts and controversies in a concrete way to stimulate active
discussion and engagement in Co-C activities; it empowers end-users to be more aware
of how AI bias can impact them and to recognize (often obfuscated) sites where AI is
being used and where there is a risk of discrimination occurring. Training in Co-C can also
provide a mechanism in conjunction with other technology design and implementation
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best practices for demonstrating compliance with emerging regulatory and ethical regimes,
such as the EU’s AI Act.

Whilst the focus of this article was on training in Co-C for addressing AI bias and
discrimination, training in Co-C could almost certainly be applied to benefit Co-C processes
in other complex areas of technology design with high-stakes social, political and economic
implications; however, for such training to work in a way that both empowers stakeholders
and supports the objectives of the Co-C process, including establishing regulatory compli-
ance, it is necessary to design and conduct training in a critically engaged and reflexive
way. This requires training designers and facilitators to engage with the particular contexts
of specific stakeholder groups by differentiating the language, content, medium, and peda-
gogical approach of delivery to be relevant and accessible to that group. It also requires
careful consideration and choice-making on how to approach topics of technical complexity
in an accessible way, and calibrating the extent to which the training content engages with
technical concepts and details (or avoids them altogether). This sometimes requires finding
techniques to communicate how a technology works and its socio-technical implications
without resorting to technical knowledge. Experiential findings from the MAMMOth Co-C
process also indicate the importance of emphasizing real-world examples that are relevant
to the context, experience and potential impacts for the participant group collaborating in
the Co-C process.
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