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Abstract This chapter explores the development of human-centered AI (HCAI) 
systems as a means to support and enhance democratic processes. Building on earlier 
discussions of data governance, participation, and ethics, it examines how AI tech-
nologies can be shaped by democratic values, citizen needs, and participatory design
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methods. The chapter first outlines the theoretical underpinnings of HCAI and its 
relevance for democratic governance, drawing on and extending the conceptual foun-
dations proposed by Régis et al. (Human-centered AI: a multidisciplinary perspective 
for policy-makers, auditors, and users, Chapman and Hall/CRC, Boca Raton, FL, 
2024) to build a framework for systematically analyzing AI-enhanced democracy. 
It emphasizes how co-creation and participatory design approaches enable diverse 
stakeholders to actively shape the goals, values, and operational logic of AI systems, 
ensuring that resulting technologies reflect pluralistic and inclusive perspectives. 
Central to this vision is the concept of ‘democracy-in-the-loop,’ which calls for 
embedding democratic principles into the design, governance, and deployment of 
AI. Moving beyond the state of the art, the chapter then examines how this vision 
is interpreted and operationalized across four Horizon Europe projects—ORBIS, 
KT4D, AI4Gov, and ITHACA—each addressing specific challenges and research 
gaps in the application of HCAI within democratic innovation. 

Keywords Human-centered AI · Participatory design · Co-creation ·
Democracy-in-the-loop 

1 A Human-Centered Approach to AI for Democracy 

The integration of Artificial Intelligence (AI) into democratic processes marks a 
significant shift in how citizen engagement is conceptualized and operationalized, 
with the potential to increase efficiency, inclusiveness, and responsiveness in demo-
cratic systems (Sieber et al. 2024). AI increasingly intervenes in how public input 
is structured, interpreted, and translated into decision-making processes. It func-
tions as a driver for participatory governance by enabling novel modes of interaction 
between citizens and institutions and by expanding civic input through advanced
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computational methods ranging from natural language processing (NLP) to sensor-
based data collection (Ghahramani et al. 2021). These innovations include tech-
niques such as real-time translation, automatic key points extraction, sentiment anal-
ysis, thematic clustering, and mechanisms for interpreting public feedback—which 
collectively contribute to enhancing the interface between citizens and public insti-
tutions (Fernández-Martínez et al. 2018; Galais et al. 2021). In this setting, there is 
increasing recognition that deeper civic engagement can not only benefit the func-
tioning of democratic systems but also lead to improved design and user experi-
ence in AI applications themselves (Leslie et al. 2021; Straub et al. 2023). Nowa-
days, a well-rooted stream of research and innovation concerns AI’s promise for 
facilitating more informed, diverse, and inclusive decision-making processes. This 
direction has been deeply investigated adopting participatory AI design, actively 
centering community members and impacted stakeholders throughout the process. 
Evidence from digital government studies highlights the increasing adoption of AI to 
support more direct citizen involvement, particularly in co-producing and dissemi-
nating knowledge (Reis et al. 2019; Simonofski et al. 2017; Wilson 2022). Within the 
Civic Tech literature, particular attention is given to how AI is used to process large 
volumes of public input, thus helping to amplify citizen voices (Skaržauskienė and 
Mačiulien ė 2020). This evolution is indicative of a broader shift: on one side, toward 
using AI to enhance collaboration in public service delivery and policy development 
(Duberry 2022; Zuiderwijk et al. 2021), such as harnessing social media data to 
support collective intelligence initiatives (Ghahramani et al. 2021); and on the other, 
toward more inclusive design practices and stakeholder participation in AI gover-
nance itself (Cath et al. 2018; Sousa et al. 2019). Simonofski et al. (2017) articulate 
multiple civic roles redefined in this new context—from engaged citizens to co-
designers and service users—underscoring how digital technologies are reshaping 
traditional patterns of participation. These approaches are seen as a corrective to the 
limitations of past governance models, promoting more collaborative and inclusive 
processes. Still, despite widespread acknowledgment of the importance of engaging 
citizens and diverse stakeholders in shaping AI systems for public deliberation, the 
literature lacks depth on how such involvement is practically implemented (Zuider-
wijk et al. 2021). Zhang et al. (2023) reflect this orientation in their description of the 
‘Deliberating with AI’ tool—an online, machine learning-supported platform that 
promotes participatory design and stakeholder deliberation. Rather than replacing 
human input, this tool is meant to provoke critical reflection, helping participants 
identify values, tensions, and trade-offs in algorithmic governance. It invites users to 
collectively define evaluation criteria and shape the logic of AI models, positioning 
AI not as a decision-maker, but as a facilitator in democratic contexts. 

Yet, the integration of AI into democratic, deliberative, civic context is not 
without its challenges and concerns—not only technical, but normative, political, 
and epistemic. 

The deployment of AI in public contexts raises pressing concerns regarding trans-
parency, inclusivity, accountability, and potential algorithmic discrimination (Manias 
et al. 2023). These issues are especially critical in the public sector, where AI systems 
may unintentionally reinforce social inequalities, limit representational diversity, or
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obscure decision-making logic in ways that hinder public trust. The opacity inherent 
in many AI systems may exacerbate divides between expert communities and the 
general public, undermining inclusive and equitable governance (Sachdeva et al. 
2015; Sieber et al. 2024) and may also hinder citizens’ ability to fully participate 
in or critically assess these technologies. Scholars such as Buhmann and Fieseler 
(2023) call attention to the need for a deeper investigation into the distribution of 
power across stakeholder groups, emphasizing the pronounced knowledge asymme-
tries and epistemic divides that separate AI experts from the general public. They also 
question the often opaque influence of private AI companies in setting the terms of 
access and engagement, arguing for a comprehensive, multi-dimensional governance 
approach. Advances in AI have also often resulted in a surge in human rights viola-
tions, which disproportionately impact marginalised communities (Raso et al. 2018). 
Accordingly, algorithmic bias is understood as being socially produced and merely 
amplified by AI, rather than being solely technologically produced. In this setting, 
current normative solutions, such as ethical frameworks or principles, are seen as 
tackling technological challenges rather than societal ones. These approaches often 
protect entitlements defined through top-down processes that do not fully respond to 
citizens’ lived experiences and needs, anticipating the need for more participatory and 
process-oriented models of governance. In this regard, Gentelet and Mizrahi (2024) 
argue that current approaches to AI governance fail to equip affected individuals with 
the capabilities to meaningfully mobilize their rights. Rather than focusing solely on 
technical risks or outcomes, they advocate for a process-based approach that centers 
participation, intersectionality, and the socio-political dimensions of human identity. 

In response to these limitations, a human-centered approach has been proposed 
to better support democratic practices. 

To ensure that AI enhances human experience and aligns with societal goals, the 
concept of Human-Centered AI (HCAI) emerges as a compelling approach in circum-
stances where AI is applied merely because data is available, without considering the 
benefits to the data subjects—a critique grounded in early reflections on the ethics of 
information and the risks of data-driven decision-making (Floridi 2005; Nissenbaum 
2004). A central tenet is the idea that AI systems should be designed, built, and 
deployed in a way that adheres to human values and standards, with goals centred 
around human flourishing (Vallor 2016). The perspective centers on placing AI under 
human control, while respecting human autonomy and accountability (Régis et al. 
2024; Shneiderman 2022). It revolves around the primacy of human dignity, rights, 
and agency in the design, governance, and deployment of AI technologies. In demo-
cratic contexts, this entails treating AI not only as a technical system to be optimized, 
but as a socio-technical mediator of voice, agency, and legitimacy. The concept thus 
refers to the design and deployment of technologies that not only enhance human 
capabilities—such as improving efficiency, empowerment, and decision-making— 
but also uphold core human values (Shneiderman 2022, p. 4). This perspective is 
echoed in the European Commission’s Ethics Guidelines for Trustworthy AI, devel-
oped by the AI High-Level Expert Group (AI HLEG), which emphasizes that a 
human-centric approach must be grounded in the principle of human dignity (Euro-
pean Commission et al. 2019). Unlike traditional technology development, which
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might primarily serve institutions, economies, or markets, HCAI is fundamentally 
about ensuring alignment between those who develop the technology and the humans 
who are at the core of its impact—an idea strongly supported by theories of partic-
ipatory governance and inclusive design (Dignum 2019). This means alignment of 
technology with human interests and needs, as articulated in frameworks such as 
value-sensitive design (Friedman et al. 2008) and responsible innovation (Stilgoe 
et al. 2013). 

Understanding the need for HCAI approach is also the reflection of Buhmann and 
Fieseler (2023) on what they term ‘responsible AI innovation’, a model that advo-
cates for a more profound democratic conversation about AI’s societal role and conse-
quences. This entails engagement from all corners of the quadruple helix (Carayannis 
and Campbell 2010; Schütz et al. 2019)—government, academia, industry, and civil 
society—allowing for a critical appraisal of AI’s purposes and effects. Responsible 
AI innovation involves not only managing technical and operational risks but also 
ensuring ethical integrity in the design and deployment of AI systems. It foregrounds 
the abovementioned values of transparency, fairness, and accountability, requiring 
mechanisms to trace, audit, and regulate AI use while still encouraging innovation 
and high performance (Goodman and Flaxman 2017; Herrmann 2023; Voegtlin and 
Scherer 2017). Within this framework, collaborative participation is widely acknowl-
edged as a cornerstone for building public confidence and fostering ethical innova-
tion. Nevertheless, the complex nature of AI systems often obstructs meaningful 
public scrutiny or participation, reinforcing existing power asymmetries and epis-
temic gaps between technical experts and lay citizens. This concern is compounded 
by the potential dominance of private sector actors in shaping access, framing narra-
tives, and controlling the infrastructure behind AI-driven participatory processes 
(Buhmann and Fieseler 2023). As such, a human-centered approach to AI is needed 
to address not only data quality and bias but also questions of legitimacy, access, 
and knowledge production. In this context, sustained and inclusive engagement is 
increasingly acknowledged as essential for promoting responsible AI innovation and 
building public trust. Sieber et al. (2024) advocate for an interdisciplinary strategy in 
embedding AI into democracy, one that not only includes citizens as participants in 
discussion forums (Ekman and Amnå 2012) but also empowers them to co-create the 
digital tools and platforms that support such participation. A meaningful integration 
of AI into democratic processes demands a more proactive role for civil society in 
both the design and implementation of such systems. This chapter therefore adopts 
HCAI as a lens for examining how AI can be integrated into democratic processes 
in ways that foreground participation, legitimacy, and deliberative quality—setting 
the foundation for the comparative and governance-oriented analyses developed in 
the following sections.
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2 Current Challenges and Research Gaps 

The current discourse on the application of HCAI in democratic contexts primarily 
revolves around the articulation of principles, the development of conceptual frame-
works, and experimental efforts aimed at embedding human values, rights, and partic-
ipatory mechanisms into AI governance and public policy. Despite promising devel-
opments, fully implemented and widely adopted applications of HCAI in democratic 
settings remain scarce—or, at the very least, poorly documented. Much of the litera-
ture emphasizes potential and design rather than deployment and long-term impact, 
creating a disconnect between theoretization and practical realization. As this section 
argues, these limitations are not merely technical but directly affect core democratic 
functions, affecting the capacity to scale participation without eroding deliberative 
quality. Against this background, the section identifies a set of interrelated challenges 
and research gaps that must be addressed to meaningfully operationalize HCAI within 
AI-enhanced democratic systems. 

Gap 1. Epistemic asymmetries and transparency deficits. A fundamental chal-
lenge lies in the epistemic asymmetry between AI developers and the public. The 
inherent opacity of many AI systems—often described as their black-box nature 
(Rudin 2019; von Eschenbach 2021)—makes it difficult for non-experts to under-
stand how these technologies function or to scrutinize their logic. While many 
initiatives aim to align AI with democratic values, existing deployments have often 
reinforced biased decision-making, especially in high-stakes public sector contexts. 
This undermines democratic oversight and exacerbates existing inequalities in digital 
literacy and access. Citizens are frequently relegated to the role of end-users, with 
little ability to influence or challenge algorithmic decisions that affect their lives (von 
Eschenbach 2021). This knowledge imbalance is further compounded when munic-
ipalities outsource AI development to private companies, often without establishing 
clear participatory mechanisms or accountability structures. As Wan and Sieber 
(2023) highlight, disciplinary confinement and sector-specific knowledge leads to 
underexplored questions about the role of software engineers and computer scien-
tists in shaping AI governance ecosystems—particularly in cases where AI devel-
opment is outsourced by municipalities, which can sideline the diverse perspectives 
necessary for comprehensive governance strategies. 

Gap 2. Ethical and representational gaps in system design. While normative calls 
for responsible AI have proliferated, there remains a significant gap between ethical 
aspirations and implementation practices. Issues such as algorithmic bias, inadequate 
representation, and lack of traceability continue to characterize AI applications in 
public services. These problems are especially acute in high-stakes contexts—such 
as welfare eligibility or predictive policing—where biased outcomes can have severe 
consequences for marginalized groups (Buhmann and Fieseler 2023). Although 
ethical frameworks advocate for fairness, transparency, and accountability, there 
is limited evidence of their consistent integration into the design and deployment 
of AI systems. Explainability remains a particularly difficult hurdle in AI-enhanced
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deliberations, with recent studies underscoring the technical and communicative 
limitations of current methods (Coussement et al. 2024; Siachos and Karacapilidis 
2024). 

Gap 3. Fragmentation of knowledge and disciplinary silos. A third challenge is 
the fragmented nature of research on AI and democracy, with limited focus on how 
human-centered approaches are applied (Duerinckx et al. 2024). Despite increasing 
interest in this domain, much of the academic discourse remains confined within 
disciplinary silos. For instance, urban planning scholars may explore civic engage-
ment through smart cities, while software engineering focuses on technical robust-
ness—yet cross-disciplinary integration remains rare. As a result, comprehensive 
perspectives that integrate technical, social, ethical, and institutional dimensions are 
lacking (Duberry 2022; Wilson 2022). This fragmentation also leads to a lack of 
attention to critical actors—such as civic technologists, civil society organizations, 
or frontline public servants—who could help bridge the gap between AI innova-
tion and democratic legitimacy, from theory to practice. Moreover, the fragmenta-
tion across research disciplines, implementation strategies, and governance prac-
tices contributes to a limited body of documented human-centered approaches to 
AI-enabled or AI-enhanced applications in democratic contexts. 

Gap 4. Limited operationalization of participatory design. While public partici-
pation and co-creation are widely promoted in policy documents and scholarly liter-
ature, there is limited empirical research on how these processes actually shape AI 
systems. Reviews of AI in civic participation (Reis et al. 2019; Savaget et al. 2019; 
Zuiderwijk et al. 2021; Sieber et al. 2024) consistently highlight a gap in involving 
citizens and stakeholders in the design, testing, and evaluation of AI tools for public 
deliberation. The literature on co-creating AI for democratic deliberation is still in 
its formative stages (Mariani et al. 2026), with few robust frameworks for integrating 
diverse user perspectives into the technical development process. Duerinckx et al. 
(2024) reinforce this view, noting the scarcity of focused studies on how co-design 
and participatory methodologies can substantively improve deliberative democratic 
outcomes. 

Gap 5. Technical integration and scalability limitations. Another major structural 
barrier is the poor integration of AI tools within existing civic technology ecosys-
tems, coupled with challenges in scaling these tools beyond the specific contexts 
for which they were initially designed. Many governments—especially at the local 
level—grapple with limited technical capacity, rigid procurement frameworks, and 
fragmented IT infrastructures, all of which hinder the seamless deployment of HCAI 
systems. Even when AI-enhanced tools prove effective in pilot settings or under ideal 
development conditions, translating them into broader, real-world applications often 
encounters resistance due to differences in institutional maturity, policy contexts, and 
resource availability. The modular or bespoke nature of many civic tech solutions 
means they are tightly coupled to the conditions of their original implementation, 
making reuse, adaptation, and upscaling across different domains or jurisdictions
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especially difficult. Without deliberate efforts to design for interoperability, modu-
larity, and adaptive governance, the scalability of HCAI tools remains limited— 
jeopardizing their potential to contribute to systemic democratic innovation across 
diverse governance environments. 

3 Linking the HCAI Discourse to Democracy 

The academic discourse on HCAI has rapidly expanded in recent years, yet its appli-
cation to democratic contexts—particularly deliberative democracy—remains rela-
tively underdeveloped. While various studies have explored AI in public services, 
civic tech, or policy design, there is still a limited body of literature that explicitly 
connects the principles of HCAI to democratic governance and citizen participation. 
To advance this conversation, this chapter begins by exploring the broader concep-
tual foundations of HCAI, and then progressively applies these insights to the demo-
cratic domain. To carry out this conceptual transfer from general HCAI principles 
to the specific context of democracy, this chapter relies on a qualitative, interpretive 
methodology. First, key perspectives and frameworks within the HCAI discourse are 
identified through the identification of foundational interdisciplinary literature that 
addresses ethical, societal, and governance-related dimensions of AI. These contri-
butions are then analysed to extract core principles that define the HCAI paradigm. 
Finally, these principles are mapped onto the needs and challenges of democratic 
systems, particularly in relation to deliberative processes and civic participation. 

3.1 HCAI as a Socio-technical Construct 

Among the pioneering contributions to the HCAI discourse, Régis et al. (2024) 
stands out as a timely and foundational work which consolidates a diverse set of 
interdisciplinary perspectives on the ethical, societal, and institutional dimensions 
of AI. Rather than limiting itself to calls for more responsible or explainable AI, 
the chapter proposes a deeper reframing of the field: it positions HCAI as both a 
normative ideal and an operational paradigm that places human dignity, agency, and 
flourishing at the center of AI systems and their applications. Given its conceptual 
breadth—spanning theoretical foundations to practical implementations in sectors 
such as healthcare, education, and governance—the work of Régis and colleagues 
is here adopted as a key reference for identifying the conceptual principles, trends, 
and design approaches that structure the evolving landscape of HCAI. These prin-
ciples are especially relevant to democratic innovation and deliberation, where the 
question of human-centeredness is deeply tied to collective agency, institutional 
accountability, and participatory governance.
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The theoretical framework that emerges from the curated volume of Régis et al. 
(2024) conceptualizes HCAI as a socio-technical construct—one that necessitates 
critical engagement with power asymmetries, value pluralism, and the lived expe-
riences of diverse user groups. In this light, HCAI emerges not only as a design 
ethos but also as a political project that challenges the dominant imperatives of effi-
ciency and optimization in AI development. It instead emphasizes values such as 
equity, inclusiveness, transparency, and democratic legitimacy. Furthermore, their 
work situates HCAI within broader debates on the governance of emerging tech-
nologies, highlighting the need for institutional transformation to ensure that AI 
aligns with public interest and societal priorities. This includes advancing epistemic 
plurality—the idea that legitimate knowledge about what AI should do must be co-
produced with communities and publics—and strengthening deliberative capacity, 
where citizens can engage meaningfully with the normative choices, trade-offs, and 
risks embedded in AI systems. Crucially, Régis et al. (2024) also argue that HCAI 
cannot be reduced to technical add-ons or post-hoc ethical audits. Rather, it calls 
for participatory governance structures in which stakeholders—including marginal-
ized and affected communities—are directly involved in shaping AI development, 
deployment, and oversight. 

To examine how Human-Centered AI is concretely applied within democratic 
settings, this chapter builds on the theoretical contributions of Régis et al. (2024) 
to construct an analytical framework for systematically interrogating how HCAI 
is enacted within AI-enhanced democratic systems (Table 1). Building on this 
foundation, the chapter unpacks the diverse contributions in Régis et al. (2024) 
into a coherent set of analytical dimensions that characterize HCAI across design, 
governance, and socio-technical practice. These dimensions are identified through a 
process of conceptual clustering, resulting in an integrated framework that captures 
the core orientations of human-centeredness without reducing them to a prescriptive 
checklist. Adopted as an analytical lens, this framework enables a focused exami-
nation of AI applications in democratic contexts, making it possible to assess how 
participatory, rights-based, and deliberative principles are translated into concrete 
system features, governance arrangements, and practices of use. Importantly, this 
approach also reveals how much of the existing literature and practice in AI for 
democracy already embodies HCAI commitments, even when these are not explicitly 
articulated in human-centered terms.
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Table 1 Mapping foundational HCAI theoretical dimensions from Régis et al. (2024) in the domain 
of AI-enhanced democracy 

Dimensions Description Main references 
in Régis et al. 
(2024) 

Relevance for 
AI-enhanced 
democracy 

Mapped to 
deliberative and 
participatory 
democracy needs

D1. 
Participatory 
design and 
co-creation 

Centers stakeholders 
throughout AI 
system design and 
lifecycle, enabling 
diverse, 
context-sensitive 
input and 
co-creation. 
Emphasizes iterative 
inclusion of 
marginalized voices 

Costanza-Chock 
(2020), 
Shneiderman 
(2022) 

• Empowers 
stakeholders to 
co-create, 
ranging from the 
scale of 
solutions to that 
of governance 
framewo rks

• Enhances 
legitimacy 
through 
procedural 
inclusion and 
responsiv eness

Supports inclusive 
agenda-setting and 
shared ownership of 
deliberative tools, 
ensuring processes are 
designed with plural 
stakeholder input 

D2. Civic 
participation 
and democratic 
engagement 

Promotes citizens’ 
voluntary and 
informed 
participation in AI 
design and 
governance. 
Advocates for 
inclusive, accessible 
participation 
channels rooted in 
rights 

Gentelet and 
Mizrahi (2024), 
Teller (2022), 
Zimmermann 
et al. (2020) 

• Ensures 
democratic 
engagement 
with AI systems

• Grounds 
participation in 
lived experience 
and civic rights, 
reducing 
ex clusion

Fosters civic 
empowerment and 
direct involvement in 
shaping AI’s role in 
public discourse, 
enhancing both voice 
and agency 

D3. Human 
rights-based 
approach 

Uses human rights 
as a legitimizing 
framework across 
the AI lifecycle, 
promoting dignity, 
entitlements, and 
capability-based 
approaches to 
justice 

Council of 
Europe (n.d.), 
European 
Commission 
et al. (2019), 
UNICEF (2021) 

• Anchors AI in 
legal and ethical 
principles 
essential to 
democratic 
legitimac y

• Helps protect 
vulnerable 
populations and 
enable civic 
agenc y

Establishes 
rights-based 
boundaries in 
public-facing AI, 
protecting civic 
freedoms and 
ensuring 
accountability in 
public deliberation 

D4. Decolonial 
ethics 

Positions HCAI 
within decolonial 
and relational ethics, 
emphasizing 
interdependence, 
lived experiences, 
and 
community-centered 
governance of AI, 
opposing epistemic 
domination 

Birhane (2021), 
Bohler-Muller 
Narnia (2005), 
Liebenberg 
(2012),Mbiti 
(1990) 

• Challenges 
epistemic 
injustice in AI

• Brings 
historically 
excluded voices 
and collective 
knowledge 
traditions into 
AI gove rnance

Counters power 
imbalances in civic 
tech by including 
epistemologies often 
excluded from 
mainstream policy 
debates

(continued)



Human-Centered AI for Democracy 139

Table 1 (continued)

Dimensions Description Main references
in Régis et al.
( )

Relevance for
AI-enhanced
democracy

Mapped to
deliberative and
participatory
democracy needs

2024

D5. Adaptive 
governance 

Supports flexible, 
iterative 
rule-making aligned 
with societal values. 
Involves 
multi-stakeholder 
dialogue and 
continuous risk 
responsiveness 
instead of static 
regulation 

CAO—Japan’s 
Cabinet Offce 
(2019), 
Manifesto and 
Beck (2001, 
p. 200) 

• Aligns 
governance with 
democratic 
responsiveness 
and public 
v alues

• Facilitates 
inclusive 
rule-making and 
agile consensus-
b uilding

Allows public 
deliberation 
frameworks to evolve 
responsively with 
societal input, 
maintaining 
alignment with 
changing civic needs 

D6. Policy 
evaluation and 
impact 
assessment 

Applies systematic 
evaluation to assess 
AI policy alignment 
with HCAI 
principles like 
fairness, trust, and 
sustainability. 
Guides iterative 
improvement in 
governance 

Kappenberger 
et al. (2022), 
Vedung (2020), 
Wollmann 
(2017) 

• Improves 
transparency, 
fairness, and 
equity by 
evaluating AI 
outcomes

• Enables 
data-informed 
governance and 
democratic 
oversigh t

Provides mechanisms 
to measure whether 
deliberative processes 
lead to fair and just 
outcomes, validating 
democratic 
performance 

D7. 
Socio-technical 
systems and 
human factors 

Analyzes AI within 
real-world work 
environments. 
Considers the 
physical, cognitive, 
and organizational 
conditions of users, 
highlighting worker 
agency and system 
integration 

Cabour et al. 
(2023), 
Rasmussen 
(1985), Vicente 
(1999) 

• Strengthens 
democratic input 
in workplace 
technologies

• Prioritizes 
worker 
well-being and 
participatory 
governance in 
sociotechnical 
design

Ensures that AI 
supports—not 
replaces—deliberative 
engagement by 
adapting to user 
capacities and 
organizational 
cultures 

D8. 
Transparency 
and 
algorithmic 
explainability 

Focuses on making 
AI systems 
understandable to 
various publics. 
Addresses the 
trade-off between 
transparency and 
communicative 
clarity to support 
oversight 

Larsson and 
Heintz (2020), 
Lepri  et  al  .
(2021), Miller 
(2019) 

• Supports public 
scrutiny and 
debate by 
making AI 
operations 
intelligible

• Contributes to 
informed civic 
deliberation

Makes complex 
deliberation outcomes 
intelligible to all 
participants, thereby 
increasing 
transparency and trust 
in democratic tools

(continued)
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Table 1 (continued)

Dimensions Description Main references
in Régis et al.
( )

Relevance for
AI-enhanced
democracy

Mapped to
deliberative and
participatory
democracy needs

2024

D9. 
Accountability 
and oversight 
mechanisms 

Establishes 
institutional and 
social mechanisms 
for AI responsibility. 
Includes internal 
ethics practices and 
tools to facilitate 
public scrutiny and 
adaptive correction 

Gebru et al. 
(2021), Mitchell 
et al. (2019), 
Raji et al. 
(2020) 

• Enables public 
and institutional 
checks on AI 
po wer

• Facilitates 
democratic 
accountability 
through adaptive 
governance 
mechanisms

Supports institutional 
legitimacy by 
embedding checks 
and balances in the 
deliberative process, 
reinforcing public 
control over AI 

D10. 
Algorithmic 
legitimacy and 
democratic 
governance 

Emphasizes 
procedural 
legitimacy and 
public reasoning in 
algorithm 
governance. 
Encourages citizen 
influence over 
digital norm-setting 
and algorithmic 
design 

Bersini and 
Badinet (2023), 
Castelluccia and 
Le Métayer 
(2019), Danaher 
(2016) 

• Advances 
participatory 
democracy by 
involving 
citizens in 
algorithmic 
norm 
dev elopment

• Reinforces 
legitimacy and 
inclusive 
polic ymaking

Legitimizes digital 
deliberation through 
procedural fairness 
and civic 
co-authorship of 
algorithmic rules and 
evaluation criteria 

Synthesis table mapping ten foundational theoretical dimensions of Human-Centered AI, drawn from 
Régis et al. (2024), to the domain of AI-enhanced democracy. For each dimension—ranging from partic-
ipatory design and civic engagement to human rights, decolonial ethics, adaptive governance, explain-
ability, accountability, and algorithmic legitimacy—the table summarises its conceptual grounding, key 
references, relevance for democratic governance, and implications for deliberative and participatory 
democracy. 

4 HCAI for Democratic Innovation: Four Horizon Europe 
Projects 

The following sections examine how the four Horizon Europe projects contributing 
to this volume—ORBIS, KT4D, AI4GOV, and ITHACA—respond to the current 
challenges and research gaps identified in the application of HCAI for democratic 
innovation (Table 2). Each project presents a distinct approach to integrating AI into 
democratic processes, often addressing multiple challenges simultaneously. Through 
co-creation methodologies, technical experimentation, and participatory governance 
frameworks, these initiatives contribute practical insights into overcoming barriers 
such as epistemic asymmetries, limited stakeholder engagement, ethical operational-
ization, and technical scalability. The table below presents an initial mapping of how 
each project aligns with the dimensions, offering a comparative overview before the 
in-depth discussion that follows in the subsequent sections.
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Table 2 Mapping how each of the four HEU projects addresses HCAI dimensions by Régis et al. 
(2024), and adapted to the domain of AI-enhanced democracy 

HEU 
project 

HCAI dimension tailored 
on democracy addressed 

How is it addressed 

ORBIS D1. Participatory design 
and co-creation 

Addressed through its structured co-creation 
methodology, involving pilots and communities from 
early needs mapping to iterative tool refinement 

D2. Civic participation and 
democratic engagement 

Addressed since ORBIS tools are designed not only 
with but for civic actors, enhancing their capacity to 
engage in deliberation and influence decision-making 

D5. Adaptive governance Operationalized by tailoring AI functionalities to 
diverse pilot contexts, allowing flexible integration 
across local, institutional, and thematic settings 

D7. Socio-technical 
systems and human factors 

Achieved by grounding tool development in real-world 
deliberative environments, ensuring compatibility with 
the workflows, capacities, and cognitive needs of both 
moderators and participants 

D8. Transparency and 
algorithmic explainability 

Advanced through the explanation generator, which 
provides user-friendly justifications for AI outputs, 
promoting understanding and trust 

D9. Accountability and 
oversight mechanisms 

Embodied in the human-in-the-loop model, where all 
AI-generated content undergoes moderator validation, 
embedding oversight into the deployment process and 
reinforcing institutional accountability 

KT4D D1. Participatory design 
and co-creation 

The KT4D Use Cases brought together the research 
and development team with representatives of three 
major stakeholder groups (including two culturally 
different groups of citizens) at three key points in the 
project for participatory design and valourisation 
sessions 

D2. Civic participation and 
democratic engagement 

The KT4D Digital Democracy Lab acts as a structured 
exploration of the place of AI in civic participation in 
AI-enabled contexts. It also acts at a meta-level to 
encourage consideration of how a technology platform 
intervenes in such applications 

D3. Human rights-based 
approach 

Significant reports were produced in the project on the 
role of cultural diversity, critical digital literacy, 
participatory machine learning and design justice in 
understanding the interface of AI and democracy to 
inform its innovation activities 

D5. Adaptive governance The project looks at issues of governance and control 
both from the top down (informing the work of 
policymakers) and from the bottom up (bringing new 
perspectives on ethics to software designers) 

D6. Policy evaluation and 
impact assessment 

The KT4D Social Risk Toolkit provides a targeted, but 
high-level, guide to some of the key social issues 
underpinning the relationship between AI, big data, 
and democracy, such as trust, autonomy, and privacy

(continued)
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Table 2 (continued)

HEU
project

HCAI dimension tailored
on democracy addressed

How is it addressed

D7. Socio-technical 
systems and human factors 

Places a significant emphasis on issues of HCI (as in 
the DDL developed, described later in this chapter), 
critical digital literacy through education for citizens 
and the role of values and cultural practices in both 
democratic practice and AI adoption 

D8. Transparency and 
algorithmic explainability 

As a part of its commitment to fostering critical digital 
literacy, KT4D developed a suite of educational games 
and experiential explainers targeted at capacity 
building for citizenship in the digital age 

D10. Algorithmic 
legitimacy and democratic 
governance 

Through stakeholder engagement and a Delphi survey, 
KT4D facilitated policy recommendations aimed at 
addressing gaps in the current regulatory landscape 
and the needs of democratic practice 

AI4GOV D1. Participatory design 
and co-creation 

Addressed through the implementation of theoretical 
and methodological steps that were followed to 
conduct a field study in the form of focus groups on 
the targeted underrepresented populations to 
complementary support the HRF of AI4Gov 

D2. Civic participation and 
democratic engagement 

Different groups of stakeholders (i.e., policymakers, 
public servants, citizens) have access to the tools 
offered by the AI4Gov project and can edit the 
ownership of policies, data, as well as influence the 
policy making procedures 

D3. Human rights-based 
approach 

The project explores the challenges and discriminatory 
practices faced by vulnerable or underrepresented 
citizen groups when accessing government services 
and implements a concrete methodology towards 
identifying how traditional biases (non-AI) currently 
impact the rights and values of underrepresented 
groups 

D5. Adaptive governance Operationalized by enabling citizens and policymakers 
to join the platform and leverage the blockchain 
capabilities to participate in open democracy schemes 

D7. Socio-technical 
systems and human factors 

Achieved by validating the tool development in 
real-world use cases, ensuring compatibility with the 
current workflows and needs of public institutions and 
all relevant stakeholders 

D8. Transparency and 
algorithmic explainability 

Advanced through the creation of a novel scale for 
pragmatic assessment of the quality of explanations as 
perceived by users of business processes. A key 
innovation is the use of causal execution knowledge to 
generate more interpretable explanations

(continued)
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Table 2 (continued)

HEU
project

HCAI dimension tailored
on democracy addressed

How is it addressed

D9. Accountability and 
oversight mechanisms 

Accountability is ensured through defined roles, robust 
governance, and the inclusion of traceability features 
and mechanisms for addressing failures 

ITHACA D1. Participatory design 
and co-creation 

Addressed by involving a wide range of stakeholders 
(including citizens with different needs, ages and 
socio-economic backgrounds, legal practitioners, 
policy makers, tech specialists, data scientists, etc.) in 
the analysis and design of AI-powered solutions for 
civic participation, through co-creation workshops and 
focus groups 

D2. Civic participation and 
democratic engagement 

ITHACA developed an intelligent discussion platform 
for civic engagement in local governance in two pilot 
cities from Slovakia and Romania 

D3. Human rights-based 
approach 

Addressed by defining a value-based data governance 
framework in the AI context, embedding relevant 
ethical principles and practices in the design, 
development and deployment processes for 
AI-powered civic engagement platforms 

D6. Policy evaluation and 
impact assessment 

Facilitated by providing policy recommendations on 
how to ensure that philosophical, legal and ethical 
values are embedded in the development of 
AI-powered technologies that support civic 
participation with a view to amplifying positive effects 
and preventing or minimizing possible adverse effects 

D8. Transparency and 
algorithmic explainability 

Facilitated by the development of a suite of guidelines, 
techniques and tools that facilitate the design, 
development and evaluation of the compliance of 
AI-powered technologies for civic engagement under 
the principles for trustworthy AI 

D9. Accountability and 
oversight mechanisms 

Ensured through robust governance, traceability, 
logging and accessible mechanisms that facilitate 
reporting of potential vulnerabilities, risks or biases in 
the ITHACA platform 

Comparative table showing how four Horizon Europe projects—ORBIS, KT4D, AI4GOV, and 
ITHACA—address key Human-Centered AI dimensions adapted to AIenhanced democracy. For 
each project, the table maps specific HCAI dimensions to concrete design choices, tools, methodolo-
gies, and governance practices, outlining how participatory design, civic engagement, human rights, 
adaptive governance, explainability, accountability, and democratic legitimacy are operationalised 
in different project contexts. 

5 Co-creating Innovation in ORBIS 

In the HCAI setting, ORBIS stands out as a compelling case study for advancing 
AI-enhanced democratic deliberation through co-creation. Its contribution extends 
beyond technological advancements to include the exploration of the three scaling
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mechanisms explored in Chap. “Why AI and Democracy?”. Co-creation stands at 
the core of ORBIS’s approach to HCAI. Beyond being a supportive element, it 
serves as a strategic method for shaping both the technological and governance 
dimensions of innovation. From the outset, co-creation is employed to guide two 
intertwined innovation domains: the design and functionality of AI components on 
the one hand, and the envisioning of how these tools and deliberative practices can be 
sustainably scaled across democratic governance settings on the other. To support this 
dual agenda, ORBIS has developed a multi-phased, multi-stakeholder co-creation 
methodology specifically aimed at rooting AI innovation in democratic values and 
deliberative practices. In ORBIS, co-creation is understood as a structured, iterative, 
and dialogic process. It integrates diverse epistemologies, priorities, and practices 
from both technology developers and deliberative actors into a shared innovation 
pathway. In doing so, ORBIS offers a privileged setting to demonstrate how inclusive 
and participatory methodologies—anchored in co-creation—can significantly enrich 
AI development for democratic deliberation and foster more informed, legitimate, 
and responsive governance. 

Through the combination of exploratory workshops, iterative design feedback, 
and real-world validation, the ORBIS methodology aims to ensure that the devel-
opment of AI-enhanced deliberative tools was grounded in the actual needs, values, 
and dynamics of participating communities, placing users—namely civil society, 
grassroots organizations, and civic tech practitioners—at the core of its develop-
ment strategy. The six ORBIS pilots bring a unique deliberative scope, engagement 
model, and target audience to the project—ranging from youth involvement and local 
community planning to European-level policymaking. This heterogeneity enables 
the project to explore democratic participation across diverse institutional levels and 
thematic domains. 

The ORBIS methodology is structured into three sequential phases, comple-
mented by a fourth, parallel synthesis phase. The first phase focuses on mapping 
pilots’ needs and practices in order to ground innovation in real-world delibera-
tive dynamics. This is followed by two iterative co-design phases, during which 
pilot-specific challenges and opportunities are translated into concrete design direc-
tions for AI tools. Running alongside these phases—mapping, engagement and 
scenario development—, the synthesis layer consolidates insights across iterations, 
progressively informing technical specifications and guiding the final design and 
development of the AI-enhanced tool (Fig. 1).

5.1 Mapping Democratic Attitudes and Participation Needs 

The process begins with a comprehensive mapping phase aimed at capturing the 
diversity of democratic orientations and digital engagement practices across the six
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Fig. 1 The ORBIS co-creation methodology: from mapping democratic needs to the iterative 
development and contextual integration of AI-enhanced tools for deliberation

ORBIS pilots.1 Each pilot is analyzed as a case study across five key dimensions: 
the issues being deliberated (Q1), the origins and phases of the process (Q2), the 
ecosystem of involved institutions and stakeholders (Q3), the formats and technolo-
gies used for participation (Q4), and the key democratic outcomes achieved to date 
(Q5). These findings were then complemented by a contextual analysis conducted 
through internal document reviews, interviews with pilot leaders, and exploratory 
dialogues with coordinators. This provides a foundational understanding of each 
pilot’s specific context and operational practices, resulting in a clear mapping of their 
governance models, deliberative formats, level of institutional and digital maturity. 

This mapping reveals a heterogeneous spectrum of democratic attitudes and aspi-
rations: while some pilots aimed at fostering systemic democratic reforms on broader 
national or supranational levels, others focused on strengthening local participation

1 Co-creation within ORBIS was implemented through a cross-domain team composed of Grazia 
Concilio, Anna Moro, and Michelangelo Secchi (Politecnico di Milano, Department of Architecture 
and Urban Studies), Ilaria Mariani (Politecnico di Milano, Department of Design), and Anna De 
Liddo and Lucas Anastasiou (The Open University, Knowledge Media Institute). 

This core team actively engaged representatives from all pilots—Elina Makri (Democratic 
Cultural Foundation, Pilots 1 and 2); Timothy Yu-Cheong Yeung, Marta Dell’Aquila, and Berta 
Mizsei (CEPS, Pilot 3); Caterina Berardi, Lydia Aguirre, and Erika Stael von Holstein (RIE, Pilot 
4); Francesco Purpura, Martina Ferruzzi, and Anna Moro (RDM, Pilot 5); and Spyros Papaspyrou 
and Elena Bekri (Region of Western Greece, Pilot 6)—as well as members of their respective 
communities. 

See Deliverable D2.1 “Research and innovation landscape and pilots definition”: 
https://ec.europa.eu/research/participants/documents/downloadPublic?documentIds=080166 

e506723d7a&appId=PPGMS. 

https://ec.europa.eu/research/participants/documents/downloadPublic%3FdocumentIds%3D080166e506723d7a%26appId%3DPPGMS
https://ec.europa.eu/research/participants/documents/downloadPublic%3FdocumentIds%3D080166e506723d7a%26appId%3DPPGMS
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mechanisms and addressing community-specific challenges. This diversity reflects 
the pilots’ varying scopes, governance cultures, and organizational maturities. It 
provides a rich foundation for understanding how deliberative goals, practices, and 
expectations vary across contexts. 

These initial findings are analyzed against the Spectrum of Collective Intelli-
gence Activities (Buckingham Shum et al. 2014), a well-established reference model 
for understanding how groups engage in technology-mediated problem-setting, 
problem-solving and sensemaking. Through a qualitative analysis, the ORBIS team 
recognized limitations in the application of the original Collective Intelligence frame-
work when applied to deliberation. As a result, building upon the original five 
components of the spectrum (collective sensing, sensemaking, ideation, decision-
making, action), the project adapts and extends the framework into seven Delib-
erative Democracy Building Blocks: collective sensing, collective awareness, open 
discussion, structured discussion, co-creation, decision-making, and power influ-
encing—which are specifically tailored to reflect the democratic goals, engagement 
formats, and civic ambitions emerging from the pilots. These Building Blocks then 
serve as an overarching reference model guiding both the design of AI functionalities 
and the interpretation of their role in scaling democratic innovation, and informed 
the following two cycles of engagement with their co-design sessions. 

5.2 Needs Identification and Scenario Exploration 

The second phase of the ORBIS co-creation methodology focuses on identifying 
concrete deliberative needs and exploring usage scenarios for AI-enhanced tools.2 

This phase, shaped as a first series of workshops, operationalizes the Deliberative 
Democracy Building Blocks by mapping them onto the actual practices, constraints, 
and aspirations of each pilot (Fig. 2). Meanwhile platforms—BCause, PolisOrbis, 
Democratic Reflection—and tools are introduced.

Between July and September 2023, six pilot-specific online co-design workshops 
were conducted (Fig. 5.2) involving pilot organizers, members of their deliberative 
ecosystems, and technical partners from the ORBIS consortium (over 35 partici-
pants in total). These one-to-one sessions created a structured dialogue between civic 
actors and technologists, enabling reciprocal learning: pilots articulated challenges

2 The activities related to Needs Identification and Scenario Exploration were primarily conducted 
by Anna De Liddo and Lucas Anastasiou (The Open University, Knowledge Media Institute), in 
close collaboration with Grazia Concilio, Anna Moro, and Michelangelo Secchi (Politecnico di 
Milano, Department of Architecture and Urban Studies), and Ilaria Mariani (Politecnico di Milano, 
Department of Design). 

See Deliverable D2.2 “Technical and operational specifications and reference architecture”: 
https://ec.europa.eu/research/participants/documents/downloadPublic?documentIds=080166 

e50532bb37&appId=PPGMS. 

https://ec.europa.eu/research/participants/documents/downloadPublic%3FdocumentIds%3D080166e50532bb37%26appId%3DPPGMS
https://ec.europa.eu/research/participants/documents/downloadPublic%3FdocumentIds%3D080166e50532bb37%26appId%3DPPGMS
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Fig. 2 The structure of the first series of co-design workshops, highlighting iterations and interplays 
between the tech team, the project six pilots, and their communities, and the tech-related outputs 
they fed

and expectations emerging from their deliberative practices, while technical part-
ners translated these into assessable technical requirements and preliminary design 
directions. 

Pilots and their communities examined their existing deliberation formats through 
the lens of the Building Blocks, unpacking each block into associated democratic 
purposes and user needs. This process supported the identification of critical gaps in 
current practices—such as limitations in structuring discussion, synthesizing contri-
butions, ensuring inclusiveness, or linking deliberation to policy outcomes—and 
enabled the joint exploration of how AI functionalities could purposefully inter-
vene in these areas. The outputs of this phase consisted of a set of pilot-specific 
usage scenarios describing how AI tools could support deliberative activities across 
different moments of the participation process. These scenarios were consolidated 
and discussed during an in-person consortium-wide workshop in October 2023 (26 
participants), which served as a collective validation and alignment point. Cross-
pilot discussions enabled the identification of shared patterns and context-specific 
divergences, informing the refinement of scenarios into a coherent set of user 
requirements. 

This alignment process informs the technological requirements of the tools and 
platforms, laying the groundwork for component prototyping and early integration.
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Fig. 3 The structure of the second series of co-design workshops, highlighting iterations and inter-
plays between the tech team, the project six pilots, and their communities, and the tech-related 
outputs they fed 

5.3 Designing Journeys and Fine Tuning Prototypes 

A second series of workshops is aimed at fine tuning the results3 of the first work-
shop. It engaged pilots in designing their incoming activities, use cases, and desired 
outcomes, consisting of two stages (Fig. 3). The first involved six workshops—one 
per pilot—each attended by 2–3 pilot organizers (total = 15). These workshops aim 
to document the evolution of each pilot’s deliberative activities, as well as their inter-
actions with stakeholder ecosystems and ongoing digital engagement practices. This 
series results in a collaborative planning of the pilots’ journeys as progressive steps 
with specific deliberative activities, methodologies and possible t ools.

A follow-up involves all pilot organizers and technical partners in three cross-pilot 
workshops. These sessions were dedicated to vetting and co-evaluating the proposed 
technological developments. Participants are introduced to mock-ups, prototype

3 The final phase of the project involved an expanded group of contributors from the technical side. 
For the Argument Mining and Explanation Generator, contributions were provided by Cristian 
Cardellino and Sofiane Elguendouze (Université Côte d’Azur). For the Feedback Aggregator and 
Policy Recommendation components, the team included Nikos Karacapilidis, George Domalis, and 
Ioannis Efstathiou (Novelcore). Platform development involved Anna De Liddo, Lucas Anastasiou, 
and Alberto Ardito (The Open University’s Knowledge Media Institute) for BCause and Democratic 
Reflection, and Davide Formica and Luca Monti (Copernicani) for PolisOrbis. 
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demonstrations, and feature roadmaps for the AI tools. These sessions produce feed-
back on interface design, usability, ethical implications, and expected outcomes of 
the tools, enabling a dialogue on how to align implementation with normative expec-
tations and everyday practices. These workshops also examine the tools’ integration 
within different deliberative formats (e.g. structured platforms like BCause, open-
discussion settings, or hybrid models) and consider how outputs could be routed to 
policymaking or scaled across institutions and contexts. 

5.4 Shaping AI-Enhanced Tools 

In ORBIS, the development of AI-enhanced tools is conceived from the outset as 
a deeply intertwined, iterative co-design process, where the epistemic, functional, 
and ethical dimensions of AI were shaped collectively by designers, developers, and 
civic actors. The starting point for this approach was the recognition that deliberative 
processes differ greatly across scales, communities, and institutional settings. Hence, 
ORBIS did not treat the AI toolset as a one-size-fits-all solution but as a modular archi-
tecture to be refined through structured collaboration with six pilot organizations. 
In this process, the pilots acted as co-design partners, offering situated knowledge 
about deliberative practice, engagement bottlenecks, and social expectations around 
digital tools. This iterative engagement is structured as a five-step development cycle 
(Fig. 4). (1) The initial one-on-one workshops identified pilot-specific challenges 
and goals, followed by the elaboration of needs into relevant insights and elaborate 
user requirements—informed by phase 2 of the methodology; (2) preliminary design 
scenarios were drafted by HCI and technical teams to translate user requirements into 
functional objectives; (3) scenario refinement workshops co-designed a consensus 
scenario for each pilot—informed by phase 3 of the methodology; (4) these scenarios 
informed technical specifications; and (5) final testing and validation occurred within 
real-world pilot deliberations.

This process resulted in an AI toolkit consisting of four components to be imple-
mented in the three platforms adopted by ORBIS—BCause, PolisOrbis, Democratic 
Reflection.4 The Argument Mining (AM) module identifies and structures argumen-
tative content from textual input; the Feedback Aggregator (FA) synthesizes and

4 The ORBIS toolkit components were designed and implemented by multiple partners. The Argu-
ment Mining and Explanation Generator were developed by Elena Cabrio, Cristian Cardellino, and 
Sofiane Elguendouze (Université Côte d’Azur), together with Serena Villata (National Institute for 
Research in Digital Science and Technology). The Feedback Aggregator and Policy Recommen-
dation components were developed by Novelcore (Dimitris Tsakalidis, George Domalis, Ioannis 
Efstathiou, and Nikos Karacapilidis). 

The BCause and Democratic Reflection platforms were developed by The Open University’s 
Knowledge Media Institute (Anna De Liddo, Lucas Anastasiou, and Alberto Ardito), while the 
PolisOrbis platform was developed by Copernicani (Davide Formica, Enrico Fagnoni, and Luca 
Monti). 
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Fig. 4 The five-step development cycle, detailing activities, the tangible outputs generated, and the 
stakeholders involved

Fig. 5 AI components in the ORBIS toolkit and interaction with deliberative platforms 

organizes contributions, revealing key themes and patterns; the Explanation Gener-
ator (EG) translates complex algorithmic operations into human-readable justifica-
tions, enhancing transparency; and the Policy Recommendation (PR) tool converts 
deliberative outputs into targeted, actionable policy suggestions. Collectively, they 
make up the ORBIS AI toolkit, which has been integrated into three deliberative 
platforms implemented within the project (Fig. 5). 

5.5 A Focus on the Four Components 

The aforementioned four AI components were shaped through continuous feedback 
from civic actors. Each of them benefited from targeted co-design interventions that 
reshaped their architecture, usability, and intended role in democratic engagement.
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Drawing on advanced techniques from data analytics, machine learning, and natural 
language processing (NLP), these components are designed to process large volumes 
of input—from structured argumentation and position statements to unstructured, 
real-time discussion streams. A short summary of the components and their respective 
contributions to the system architecture is provided below. 

Argument Mining (AM). AM is developed to extract and classify argumentative 
statements in deliberative texts (Cabrio and Villata 2018; Goffredo et al. 2023). 
Pilot feedback revealed two divergent data realities: (1) structured discussions when 
inputting comments in e-participation platforms—such as BCause, where users enter 
statements tagged as positions or arguments; and (2) free-form textual data from 
less structured platforms. This prompted the creation of a dual-path AM system: 
one tailored to structured, statement-level inputs, and another optimized for parsing 
continuous discourse. In workshops, pilots emphasized the need not only to identify 
argumentative components (positions, supports, attacks) but also to expose logical 
relations within and across discussions. In response, the AM system was extended 
to include inter-discussion linkage, allowing the identification of thematic and argu-
mentative connections between separate threads—enabling users to see how their 
ideas align or conflict with contributions from parallel discussions. Iterative feed-
back loops with pilot teams were critical in refining relation classification models, 
balancing machine learning accuracy with interpretability. 

Feedback Aggregator (FA). FA is designed to summarize, cluster, and enrich public 
input, transforming large volumes of user-generated content into digestible and 
actionable insights. The co-design journey begins with pilot organizers expressing a 
need for more than basic summarization: capturing the semantic depth, diversity of 
viewpoints, and topic-sensitive granularity. Based on these inputs, FA is developed 
to perform multiple tasks. Workshops revealed that clustering needed to reflect both 
thematic and conceptual proximities, not just linguistic similarity. As a result, meta-
data from trusted knowledge repositories (e.g., Wiki) was integrated into the clus-
tering logic to provide contextual enrichment. Abstractive summarization models are 
trained to generate cluster-level titles and summaries, providing high-level orienta-
tion while preserving argumentative diversity. A keyword extraction feature is added 
to identify salient terms, enabling users to trace emergent discourse themes without 
reading entire threads. Pilots also expressed concern about automated outputs being 
potentially misleading or oversimplifying complex debates. This led to the intro-
duction of a human-in-the-loop moderation layer, allowing facilitators to review and 
validate AI-generated summaries before publication. 

Policy Recommendation (PR). PR addresses a common bottleneck in deliberative 
systems, recurrently voiced by ORBIS pilots: the gap between discourse and policy 
action. The co-design process revealed strong demand for features that translate 
the outputs of discussions into policy-relevant knowledge. Informed by this, PR 
is designed to extract structured recommendations from user discourse, supported 
by argument strength and sentiment trends. Co-design workshops emphasized that 
recommendations should reflect both volume and diversity of support (related posts),
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leading to the inclusion of metrics that show how many posts substantiate each 
policy suggestion. This provided traceability and gave moderators a traceable chain 
of support behind each recommendation and breadth of civic consensus. Another key 
output of the co-design process was the integration of policy matching capabilities, 
using large language models (LLMs) to compare recommendations against existing 
regulations—highlighting gaps, alignments, or novel contributions. 

Explanation Generator (EG). EG covers a central challenge in HCAI: making algo-
rithmic processes transparent and accountable. It addresses Explainable AI (XAI) 
(Coussement et al. 2024; Karacapilidis et al. 2023; Siachos and Karacapilidis 2024) 
by translating complex algorithmic processes into clear, human-readable insights 
that enhance transparency, trust, and user comprehension. From the beginning, pilots 
expressed the need for AI systems not only to function well but to justify their outputs 
in ways accessible to non-experts, allowing participants to understand algorithmic 
logic without needing technical literacy. Co-designed with pilot organizers and tested 
in live deliberative settings, EG was developed in response to a critical need for partic-
ipants and facilitators to understand how AI-generated outputs—such as argument 
classifications or discussion clusters—are produced. One of its foundational features 
is attention mapping, which highlights the specific parts of user input that most influ-
enced the model’s decisions, enabling intuitive traceability of outputs. Building on 
pilot insights, EG is extended to express its confidence levels and argumentation logic, 
such as why a statement was categorized as a premise or claim, and how it relates 
to others via support or attack links, shaped as user-friendly rationales for argument 
classifications and relationship detection. A second wave of co-design focuses on 
linking EG to FA outputs, offering meta-level insights into discourse structure and 
emerging themes. Pilots requested the ability to see how summaries are derived, how 
clusters form, and what keywords shape thematic emphasis. This results in narrative-
style explanations that map data provenance and processing steps. Discussions also 
explore the use of explanation scores to guide participants toward weaker or stronger 
arguments—turning EG into a deliberation aid, not just a transparency feature. By 
enabling users to interrogate, contest, or reflect on algorithmic reasoning, EG trans-
forms explainability from a static reporting function into an interactive, participatory 
feature, supporting informed engagement and reinforcing democratic accountability 
in AI-supported deliberation. 

6 Democracy in the Loop. The Case of KT4D 

Within the comparative framework of this chapter, KT4D addresses AI-enhanced 
democracy not by embedding AI directly into deliberative platforms, but by strength-
ening the deliberative capacities of citizens and institutions through critical literacy, 
participatory design, and collective sensemaking. 

The literature on HCAI places a strong emphasis on the importance of human 
agency in any democratic process, regardless of the extent to which said process 
might be supported, facilitated or enhanced by the application of AI in its delivery.
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In spite of the ethical centre this implies, however, the wider environment of AI 
ethics has not necessarily aligned as strongly with these goals as human-centric 
democratic innovation would necessarily require. Bolte and van Wynsberghe (2025) 
usefully characterise the development of AI ethics over time as having followed a 
series of historical waves, the first of which tended to focus broadly on technological 
hypotheticals, the second of which became almost too narrowly focussed on specific 
components of the wider challenge of ethical AI, such as opacity or data bias. These 
precursors have enabled a more holistic approach to emerge under the rubric of 
‘Sustainable AI,’ which is able to bring together the long term considerations of the 
first wave with the more tactical approaches of the second. 

Sustainability, as per Bolte and van Wynsberghe, is ‘a property of large-scale 
systems, not a property of the technology or object under consideration’ (2025, 
p. 1737). In this way, this emerging paradigm embraces many of the principles of 
HCAI described above by resisting the tendency to view technology platforms and 
products as somehow independent of the ecosystems in which they are deployed, 
or of the people whose voices they are intended to channel, amplify or moderate. 
Seen from this perspective, the challenge of developing AI systems that respect the 
tenets of HCAI and which can foster rich democratic exchanges emerges as one most 
often framed in terms of technology development, but truly situated in the associated 
field of Human–Computer Interaction (HCI). HCI has historically been viewed as 
limited in its suitedness to the needs of human collectives, rather than individuals, 
however. The manner in which it has been construed at the intersection of fields 
such as psychology, sociology and design has left the mainstream approaches that 
inform the field less than fully suited to ensure the cultural layers that underpin our 
democratic and civic participation—our stories, values, discourses, etc.—are taken 
fully into consideration when considering how we might or should interact with 
technology. Though HCI of course continues to evolve, its roots in the paradigm 
of usability maintain a bias toward professional contexts, weaknesses vis-à-vis the 
social dimension of collaboration and contextual interactions (Bardzell and Bardzell 
2015); overemphasis on a simplifying vision of binary relationship between humans 
and devices, rather than software systems (Mortier et al. 2015) and a tendency to 
see individuals only as consumers of knowledge technologies (Sunstein 2007) when 
they are as much formed by these technologies as they are in control of them. 

The practical implementation of measures to engage citizens in the design and 
deployment of the AI systems that will influence the contexts and conditions of 
their democratic participation requires a reconsideration of the manner in which we 
construct HCI interventions in this space. For this reason, rather than build a system 
designed to ultimately become a product-like part of the democratic AI landscape, the 
KT4D project decided to focus on contributing more indirectly to meeting the goal of 
ensuring HCAI in deliberative contexts. Through its demonstrator system and exten-
sive handbook-style documentation (which will be described in more detail below) 
the KT4D Digital Democracy Lab (DDL) aims to promote meaningful participatory 
design processes by enhancing the critical digital literacy of the potential users or 
commissioners of, or contributors to, future AI platforms. Existing as it does in the 
dual embodiments of a set of integrated technical components (the Demonstrator)
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and a set of prompts for human communication about and consideration of these 
components (the Handbook and Facilitation Guides) the DDL seeks to empower 
citizens and their representatives to use their voice in the development of systems 
that could ultimately be used to frame the future of their societies and cultures. 

In the course of developing this hybrid object as a contribution to the HCI of 
HCAI, a number of conceptual innovations were able to be solidified into the frame-
work that would ultimately shape the DDL. The first of these was the importance of 
meaningful friction. Friction is generally viewed negatively within technical develop-
ment teams and contexts. It is perceived as contributing to inefficiency, creating extra 
work (Bradley et al. 2022) and resulting in both ‘technical debt’ (Ozkaya et al. 2019) 
and the ‘cognitive friction’ of a system which visually seems to promise one thing, 
but delivers another (IxDF - Interaction Design Foundation 2016). More recently, 
however, the potentially positive role of friction in design has been emerging as 
an area of interest for fields in which design processes need to ensure meaningful 
user engagement. Therefore, from a deliberative perspective, meaningful friction 
functions as a safeguard against premature consensus, uncritical delegation to algo-
rithmic authority, and the erosion of citizens’ responsibility for judgment. In their 
literature review, Benedetti and Mauri (2023) look at the ways in which frictions in 
design might achieve ‘the goal of promoting reflection’ (2023, p. 138). While this 
work finds a hugely varied terminological landscape (encompassing descriptors from 
‘microboundaries’ to ‘slow technology’ to ‘value-sensitive design’), it ultimately 
concludes that interest in mechanisms that slow down technology interactions are 
both growing and necessary. To embrace meaningful friction is to recognise that no 
system, no matter how intuitive and well-designed, can make its full apparatus of 
inputs and processing limitations, biases and optimizations, transparent at the single 
glance we give to a user interface. While the maximal reduction of friction may be 
viewed as a necessity for user retention in circumstances when both their goals and 
the impact of any decision that can be made are straightforwardly transparent, there 
are many cases where this is not possible or where a ‘good enough’ decision-making 
strategy impinges on core values, such as citizen voice in democratic debate. In these 
cases, the introduction of friction can serve a positive function to ensure that users 
do not make incorrect assumptions about system neutrality or authority, or delegate 
their own civic responsibilities to agents without a stake in the operation of their 
societies or communities. 

The second key enabling concept utilised by KT4D was that of the AI system 
metabolism, and how it might be meaningfully revealed to users. The value among 
technology developers of reducing cognitive friction is abetted by the inherent 
complexity and opacity of AI systems so as to make it very difficult to ensure that users 
are able to access even the most rudimentary information about how that system func-
tions, and on what criteria its outputs are predicated. Even the most basic questions 
that might be asked about the function of such a system—what inputs does it base 
its conclusions on? How has its predictive model been informed? How reliable are 
its conclusions?—tend to be obscured behind a mixture of corporate policy, system 
complexity and a software developer’s biases and assumptions about how much a 
user needs and wants to know. The epistemic disparities and deficits in transparency
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represented by this situation create one of the primary research gaps described in the 
introduction to this section. This can be seen nowhere better than in this ethically 
challenging transposition of design principles, formulated according to a paradigm 
of a consumer purchase, to the context of democracy. In fact, recent work has shown 
that the less a user or citizen knows about AI, the more receptive they are to its use 
(Tully et al. 2025). As a result, individuals may approach the challenge of under-
standing the kinds of abstractions inherent in AI systems through a comparative lens 
drawing on previous life experience—a fully understandable strategy, but one that 
lead to miscorrelations of causes and effects that can have a deleterious effect on the 
veracity of sensemaking processes (Greenwald et al. 2021). These findings may be 
good news for marketers based in tech companies, but they are bad news for AI and 
democracy, as the latter requires citizens to be active, engaged and informed about 
the impact of their choices. By creating a platform that allows the use of an AI tool to 
be experienced alongside a systematic exposure to the data, processing and presenta-
tion decisions being made in the background, encouraging each of these layers to be 
queried and potentially tweaked, the KT4D DDL shifted the paradigm of use from 
one of maximising convenience (low friction) to enhancing active engagement (high 
critical literacy). 

The overarching guiding principle that emerged in the development of the KT4D 
DDL became known as Democracy-in-the-Loop. This term is obviously drawn from 
the more commonly recognised technology design paradigm known as ‘human-
in-the-loop’ (HITL). HITL can imply a number of different things, however, and 
be used in a number of different contexts. In some cases, it refers to a develop-
ment approach that requires a combined intelligence and distributed responsibility 
between a human actor and an expert system; in other cases, the term can refer 
more to an ethical imperative to ensure human oversight over certain kinds of critical 
decision-making. Democracy-in-the-loop embraces both of these senses, in recog-
nition of the nature of democracy as complex, critical and predicated upon human 
decision-making and action. The term also, however, cuts to the core of the chal-
lenge of HCI in democratic contexts, as described above, placing an emphasis on 
the manner in which any interaction with AI that acts as a contributor to democracy 
must be understood as a collective, rather than isolated individual, act. From a delib-
erative perspective, Democracy-in-the-Loop reframes human-in-the-loop paradigms 
by foregrounding collective judgment, reciprocal justification, and shared responsi-
bility over individual oversight, positioning AI as a participant in processes of public 
reasoning and collective sensemaking, rather than a substitute for democratic delib-
eration. The speaker cannot be considered without the audience; the direct effect 
cannot be disentangled from its reverberations; the single intervention must always 
be understood in the context of its many possible intended and unintended conse-
quences. This conceptual evolution is described in more detail in (Ohren et al. 2025), 
but for the purposes of understanding the KT4D DDL as a contribution to the HCI 
of HCAI, this framing of the interaction between AI and democracy as a challenge 
of collective sensemaking (Edmond forthcoming) designates an important set of 
conditions for the interactions facilitated by the project.
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The convergence of this conceptual framework with the mandate to realise an 
applied experiment in AI innovation within the KT4D project shaped both the design 
and ultimately the participants’ experience of the DDL. This intersection was not 
necessarily a simple or indeed comfortable venue for operations, however. It is easy 
to develop ethical frameworks and software systems in isolation from each other, but 
attempts at bringing them together tend to reveal all too clearly the gaps and weak-
nesses in each. As such the resulting form of the DDL is that of an experimental model 
of a mini-public which integrates AI in novel, exploratory ways. As a prototype, the 
DDL is neither a perfect representation of a mini public nor a seamless deployment of 
AI. However, it is an ideal opportunity to investigate the added-value and risks such 
technology can afford, within the settings of democratic exchange. In essence, the 
DDL was designed not as a platform to be implemented, but as a one-day workshop 
aimed at exploring and demonstrating the potential and limitations of AI and big 
data for enhancing democratic exchange processes. The Lab incorporates these tech-
nologies within established best practices for civic participation, creating a unique 
environment for understanding and evaluating AI’s role in democratic processes. 

The Lab employs a systematic approach, beginning with addressing a wickedly 
complex and multifaceted challenge. For the first iteration of the DDL, the policy 
focus was on the EU’s role in labour market transitions during the AI era, but any 
sufficiently well-bounded problem of a similar scope could have been chosen. The 
software platform (available on GitHub) through which the participants engaged with 
this issue included a number distinctive modules, with break points built in between 
them. The issues that would be explored through this framework included the nature 
of training data, and how it is chosen and curated (encouraging consideration of data 
cooperatives); the process of tagging training and testing data (consideration of partic-
ipatory ML design); and the viewing, application and proposing of profiling cases 
(to understand the trade-offs between profiling and ethics). Finally, through collab-
orative exercises, participants generated prompts for a specialised GPT model using 
a custom knowledge source of 30 documents—comprising 10 from newspapers, 
10 from policy papers, and 10 from academic journals—leveraging the Retrieval-
Augmented Generation (RAG) technique. Participants then critically reviewed the 
AI-generated policy positions and engaged in iterative improvement cycles to address 
any misalignment between their own expectations and values and the assumptions 
encoded in the specialised GPT regarding those expectations and values. 

It is perhaps important to note that, in spite of our own initial expectations, in 
the persona description process, we did not ultimately use participants’ own pre-
existing online footprint, and/or individually provided data. Although this would in 
some ways have been interesting for the participants to see how their own actual 
profiles resonated with those of the perspectives used to train the system, the ethical 
risks of collecting, using and deleting their data seemed too high, and the risk of this 
having a chilling effect on user participation seemed too high to take. Our original 
participatory design sessions did not indicate that our overarching goal of increasing 
the critical digital literacy of the participants required that their own personal data 
be used. Instead, we did ask the participants to fill out a profiling quiz with questions 
concerning their stance on social, political and economic questions (which, it goes
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without saying, they could answer as truthfully or creatively as they wished). This 
was then the basis of the profiles used by the RAG. This data was then deleted at the 
end of the session, meaning the model did not train further on the data. 

While maintaining this common structure, each guide was carefully tailored to 
address the specific needs and objectives of its target audience. The Brussels Use 
Case emphasised policy implications and governance frameworks, aligning with the 
expertise and interests of policymakers and AI policy experts. The implementations 
of the Use Cases in Madrid and Krakow focused primarily on citizen engagement 
and democratic participation, creating accessible entry points for the general public 
to engage with these complex topics. The Dublin use case took a more technical 
approach, facilitating deep-dive explorations and practical implementation consid-
erations for software engineers and technology professionals, especially for those 
who are involved in the creation of technologies of AI and Big Data. 

In all of this work, we foregrounded participatory and human-centric AI 
approaches that leveraged human science and qualitative big data to understand the 
deeper needs, aspirations and drivers that underlie human behaviours in our target 
societies. Accordingly, we focussed on implementing the basic benefits of human-
centric AI, such as informed-decision-making, reliability and scalability, and more 
fair and trustworthy software and product-building. In this way, we were able to 
develop a comprehensive and legally sound approach to the design, development, 
and deployment of information systems that learn from and collaborate with humans 
in a deep, meaningful way, not just exploring and informing, but implementing in 
software the project’s expertise and approach to digital ethics. 

In the comparative perspective developed across this chapter, KT4D complements 
the other projects by addressing a foundational but often overlooked dimension of AI-
enhanced deliberation: the conditions under which citizens can meaningfully under-
stand, question, and shape AI-mediated democratic processes. Rather than optimizing 
participation at scale or institutional deployment, KT4D foregrounds deliberation as 
a practice of collective sensemaking, positioning critical literacy, reflective friction, 
and participatory design as democratic safeguards in their own right. 

7 Engaging the Marginalised. The Case of ITHACA 

Positioned within the comparative HCAI lens adopted in this chapter, ITHACA 
addresses a core democratic challenge that consistently emerges across AI-enhanced 
participation: how to ensure that deliberative innovation does not reproduce—or 
deepen—existing forms of exclusion. In this sense, the project operationalizes 
human-centeredness primarily through an inclusion-first strategy, combining partici-
patory governance methods (Citizens’ Juries) with AI-enabled accessibility features 
(e.g., language simplification, translation, speech interfaces) to broaden who can 
enter, remain in, and benefit from deliberative processes. 

Digital Inclusion has been an important research topic during the last two decades, 
as it has evolved along with the rapid adoption of Information and Communication
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Technology (ICT) in all aspects of everyday life, thus in the modern society becoming 
mandatory to ensure that all citizens have equal opportunities to participate when 
it comes to the emerging digital engagement platforms and eGovernance tools. In 
the European Union, as shown by the Digital Decade reports for 2025,5 significant 
progress has been achieved by many of the countries in regard to digitalization 
through connectivity, adoption of digital technologies by businesses, provision of 
digital public services, etc. However, many countries are still beyond, in particular 
when it comes to the human capital (e.g. development of digital skills), thus digital 
inequalities persist on a large scale. 

Online civic engagement platforms could help reduce the digital inclusion gap, by 
empowering citizens who experience marginalization for various reasons (e.g. age, 
gender, ethnicity, education) or become vulnerable due to life course (e.g. unem-
ployment, immigration, health issues, etc.) and enabling participation regardless of 
location or time, particularly benefiting the elderly, citizens with mobility constraints, 
or those in rural areas (Deng and Fei 2023; Pietilä et al. 2021). However, the very 
individuals that are already underrepresented in politics and are often unheard in 
their opinions by political decision-makers (Skorge 2023), include those lacking 
digital skills or having diverse abilities (e.g. functional or cognitive disabilities), thus 
such platforms further enhancing the risk of exclusion. Thus, technology should be 
designed and leveraged in an inclusive manner, to assist marginalized and vulnerable 
groups instead of keeping them away from technological innovations. For instance, 
AI-based systems, such as LLMs, as well as tools for Text-to-Speech and Speech-To-
Text have the potential to enhance inclusivity by facilitating digital accessibility of 
interfaces, including language simplification and translation (Garcia Valencia et al. 
2024; Yenduri et al. 2023). Understanding what benefits citizens with different needs 
and diverse backgrounds is the main goal of ITHACA project, in order to ensure 
that their requirements for active civic engagement can be met. In the process of 
generating and validating user requirements, a multi-step process has been adopted, 
including: (i) a focused state-of-the art analysis and desk research to establish the 
context of use and special user groups data (e.g. census data from the two pilot 
cities, Brasov in Romania and Martin in Slovakia), (ii) focus groups with various 
stakeholders (e.g. experts working on a daily basis with marginalized and vulner-
able groups, ethics and legal experts, AI experts, municipality workers, etc.); (iii) 
participatory activities (e.g. workshops) with the citizens from the pilot cities; (iv) 
prototyping and mock-ups testing; and (v) validation and evaluation of the developed 
prototypes. In this section, the focus is on the participatory activities with the end-
users, the so-called ‘Citizens’ Juries’ of the two ITHACA pilot sites. The selection 
of the pilot sites is justified by their particular contexts. 

Romania was ranked on the last place among the 27 European Union Member 
States in regard to the Digital Economy and Society Index (DESI) in 2022,6 as it 
was beyond all countries in regard to most of the indicators and it appears to be 
constantly beyond, as demonstrated by the 2025 Digital Decade report. While the

5 https://digital-strategy.ec.europa.eu/en/library/state-digital-decade-2025-report. 
6 https://digital-strategy.ec.europa.eu/en/library/digital-economy-and-society-index-desi-2022 

https://digital-strategy.ec.europa.eu/en/library/state-digital-decade-2025-report
https://digital-strategy.ec.europa.eu/en/library/digital-economy-and-society-index-desi-2022
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connectivity infrastructure is well developed and it is above the average, Romania is 
ranked on the last place for key indicators such as digital public services for citizens 
and for e-government users and pre-filled forms. Furthermore, when it comes to 
human capital, only 1/3 of people aged between 16 and 74 have at least basic digital 
skills, and only 10% of the individuals have above-basic digital skills. In regard to 
the local context, Brașov municipality, located in the central part of the country, has 
a total population of over 400,000 inhabitants and consists of 19 communities (7 
cities and towns and 12 rural localities). The area is characterized by a high degree of 
urbanization (>80% of the population lives in urban areas) and multiculturalism, with 
77.82% being Romanians and many other ethnicities being present (e.g. Germans, 
Hungarians, Romani people). Older citizens (65+) represent 20.35% and immigrants 
represent 2.21% of the total population. 

Slovakia was ranked on the 23rd place among the 27 European Union Member 
States in 2022 in regard to DESI, and little advance has been noticed since then, 
remaining well under the EU average in particular in regard to digital skills (e.g. 
55% of Slovaks have basic digital skills, 21% have advanced digital skills). Further-
more, when it comes to digital public services, Slovakia is below the EU average 
for all monitored indicators. There is also a gap for digital public services for busi-
nesses, with the future plans being focused on minimizing the required administra-
tive steps for citizens and business, and improving the user-friendliness of digital 
public services. The City of Martin, located in northern Slovakia, has a population 
of over 50,000 inhabitants, of which the vast majority (92.4%) is Slovak, but other 
nationalities and ethnic minorities are also represented (i.e. Czech, German, Romani 
people, Icelanders, Norwegians, etc.) [10]. Elderly (60+) represent over 27% of 
the total population and younger/youth (18–30 years old) is almost 11%. Refugees 
and migrants (e.g. Ukrainians, Syrians, Afghans—0.64% in total), homeless people 
(0.38%) and people of color (1.75%) are also present. Currently, the local and regional 
administration is not using any online platform to engage citizens in civic activities 
and discussions. 

7.1 Selection Criteria for the Citizens’ Juries in the ITHACA 
Pilot Sites 

To ensure a representative and inclusive selection of participants for the AI Citizens’ 
Juries in the two ITHACA pilot sites—Martin (Slovakia) and Brașov (Romania)— 
a multi-faceted approach was adopted to identify vulnerable groups and the vari-
ables constituting vulnerability. This process combined extensive reviews of rele-
vant academic literature and governmental reports, consultation with project part-
ners working in the field of inclusive digitalization, and the analysis of discussions 
and statistical data provided by partners based in the two pilot cities (Forbes-Mewett 
and Nguyen-Trung 2019; Pérez-Escolar and Canet 2023;  Raisio  et  a  l. 2014; Rosen-
berg 2024; Kocsis et al. 2024; Liu et al. 2025). The outcomes of these activities were
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consolidated into two analytical outputs: first, the identification of a set of vulnerable 
groups: 

• Elderly/pensioners (i.e., 60+ years of age) 
• Younger/youth (i.e., between 18 and 30 years of age) 
• Refugees and Migrants (e.g. Ukrainians, Syrians, Afghans, etc.) 
• Roma people (including Sinti and Travelers) 
• People with physical disabilities (e.g., mobility-impaired or blind people, etc.) 
• People with mental disabilities and/or problems (e.g., depression, addiction, etc.) 
• People living in rural areas 
• Homeless people 
• People of colour 
• Women 
• Pregnant women and women with young children 
• Families with many children (more than 3 children) 
• Single parents, and 
• LGBTQIA + community .

And second, the definition of vulnerability-related variables used to inform 
participant recruitment: 

• Low income 
• Poor living conditions 
• Precarious employment/(repeated) unemployed 
• Lack of insurance 
• Low educational background 
• Limited educational opportunities 
• Low digital literacy and/or particular need for support w.r.t. to digital platform 
• Limited access to infrastructure and mobility 
• Limited access to cultural programs, resources and information 
• Social isolation/loneliness 
• Structural/systematic discrimination concerning (democratic and social) partici-

pation 
• Facing physical and/or verbal violence. 

Initial binary assignments of vulnerable groups and vulnerable variables were 
conducted, and these were further refined by the project partners of the pilot cities, 
as depicted in Tables 3 and 4. The assignments highlighted in green have been added, 
and those in red have been removed, as compared to the initial ones.

For the recruitment of Citizens’ Juries participants, a comprehensive participa-
tion form was created, that beyond the contact data and motivation, captured also the 
belonging to the identified vulnerable groups and the vulnerable variables applicable 
to those individuals that were motivated to participate. When asking about those 
vulnerabilities, we pursued the principles to (i) ask as less questions as possible 
and as many as necessary, (ii) formulate them as easy as possible, preferring a 
multiple choice format, (iii) providing background information and GDPR infor-
mation beforehand, and (iv) covering both, objective socio-demographic variables
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and subjective evaluations on social and economic aspects. The last principle had the 
specific reason for significant differences between the self-perception and the percep-
tion of others commonly observed in research with vulnerable groups (Aldridge 
2014). While most of the questions explicitly addressed the vulnerability criteria or 
group, such as ‘I have physical limitations and/or illnesses’ with the answer options: 
‘yes’/‘no’/‘I don’t want to answer’, addressing physical limitations, some vulner-
able criteria could have been inferred implicitly. One example for that is the variable 
‘Square metres per person in the household’ which was not addressed explicitly 
(since it might be not that easy to do the calculation) but it was inferred based on the 
responses to the items ‘Number of people in your household’ and ‘Size of your house-
hold’. Despite the information on the absolute confidentiality of the personal data 
provided and the information on the rights of individuals with regard to the protection 
of personal data, almost all questions in the participation form had the option of not 
answering in order not to exclude those who feared negative consequences from the 
disclosure of personal data. In addition, no specific group affiliations were requested 
for particularly sensitive personal data that could be associated with fear of social 
exclusion or discrimination, such as belonging to ethnic or sexual minorities. 

For all of the variables and criteria that were part of the participation form, except 
for gender, weights have been assigned to each of them in order to build the overall 
ranking score. Additional weights were assigned to each of their criteria answer 
options, between 0 and 1, such that option weight with value 1 corresponds to the 
maximum criteria weight. The weights were aligned with the refinements of the 
binary assignments in each pilot city, and are thus strongly overlapping in both 
cities. The more vulnerable a variable or its characteristic, the higher the assigned 
weight is. For example, the current occupation ‘unemployed’ has a higher weight 
than ‘student’, as the situation as an unemployed individual in both pilot cities is in 
general more vulnerable than the one of a student. The highest prioritisation of the 
selection process was gender equality, that was determined from the beginning and 
thus, no weights were assigned to this variable. The assigned weights were used to 
calculate an individual ‘vulnerability score’ of each citizen that registered for the AI 
Citizen’s Juries, based on their data, voluntarily shared in the participation form. The 
vulnerability score facilitated the creation of a ranking list for each pilot city, and the 
final selection of Citizens’ Juries participants. 

7.2 Participatory Activities with the Citizens’ Juries 

Two rounds of on-site participatory workshops were implemented in the cities of 
Martin (Slovakia) and Brasov (Romania) in order to engage with the AI Citizens’ 
Juries. The activities were carried out in the local languages, and were facilitated by 
expert moderators, aware of the local context and the specific needs of the selected 
participants. 

In the first round, the implementation methodology was based on a mixture of 
sessions, including: (i) informative sessions, regarding the project objectives and
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implementation approach, and the topics of civic engagement in modern society, and 
AI use for civic engagement and relevant examples; (ii) three sessions dedicated to 
group discussions and activities (e.g. card sorting, co-creation), and (iii) individual 
activities, dedicated to individual surveys. 

In the second round of workshops, the sessions included: (i) informative sessions, 
where presentations, explanations and examples were given for a better under-
standing of the topics of human and algorithmic bias, discrimination, ethics and 
fundamental rights; (ii) group discussions related to concerns and potential harms 
when participating in civic activities (both offline and online), along with the 
perceived importance, urgency and difficulty to identify bias and discrimination of 
AI-powered tools; and (iii) an individual activity dedicated to filling in a questionnaire 
targeting to capture user requirements for the ITHACA platform. 

A total number of 21, and respectively 20, citizens attended the first and second 
workshops in Brasov, and a total number of 23, and respectively 19, citizens attended 
the first and second workshops in Martin. In Brasov, out of the 20 participants in the 
second round, 15 were female and 5 male, while 5 were in the younger age group 
(18–30), 10 in the middle age group (31–60), and 5 were older citizens (>61 years 
old). Among the participants in the Brasov Citizens’ Jury, there were unemployed, 
students, women on maternity leave, part-time workers, retired citizens, immigrants, 
people living in social or assisted living homes, people who completed only compul-
sory education, people with physical barriers, and people belonging to an ethnic 
minority. In Martin, out of the 19 participants, 12 were female and 7 were male, 
while 4 were in the younger age group (18–30), 9 in the middle age group (31–60) 
and 6 were older citizens (>61 years old). Similarly to Brasov, the Citizens’ Jury 
participants in Martin spanned a variety of vulnerabilities. At the start of the work-
shop the participants were separated into 3 groups (no particular grouping criteria 
was followed), to facilitate the implementation of the group activities. A group leader 
was chosen by each group among the participants, who supported the moderators to 
fill-in the group activity form. 

7.3 Main Outcomes of the Participatory Activities 

From a deliberative democracy perspective, the participatory activities conducted 
within ITHACA can be interpreted not merely as mechanisms for civic engage-
ment, but as tests of the conditions under which meaningful deliberation becomes 
possible for marginalized groups. In this sense, the Citizens’ Juries reveal four core 
deliberative functions that AI-enhanced democratic systems must support: (i) voice 
and recognition, ensuring that participants can express experiences and viewpoints 
without fear or exclusion; (ii) quality of participation, enabling citizens to under-
stand, contribute to, and contest discussions despite linguistic, cognitive, or digital 
barriers; (iii) consequentiality, making participation meaningful through traceability 
of inputs and visibility of outcomes; and (iv) safeguards, protecting participants from 
harm, discrimination, or misuse of data through moderation, transparency, and human
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oversight. The following outcomes are therefore read through this deliberative lens, 
rather than as isolated usability or accessibility findings. 

The participants in both pilot cities have been actively involved in the past in 
general civic activities, with over 70% of each Citizens’ Jury members having voted 
and participated in volunteering and environment protection activities. As expect, 
time limitations are one of the main barriers for civic engagement, but other important 
factors have negative impact, including: (i) community factors (e.g. people they know 
and are close to, such as relatives, friends or neighbors, do not participate in such 
actions), (ii) education and missing knowledge and skills (e.g. digital skills), (iii) 
residence-related factors (e.g. limited initiatives at local level), and (iv) financial 
limitations. It is important to observe that physical/cognitive or health issues are not 
seen as limiting factors by the participants. 

A high percentage (>25%) of the participants in both cities were not aware of the 
possibility to use digital technologies and tools for civic participation, and only 45% 
of the participants in Brasov and 30% in Martin have used online platforms in the 
past. The participants highlighted the fact that the registration process complexity 
is an important barrier that is holding them back from engaging more in online 
civic activities and projects. They are missing the necessary digital skills, encounter 
difficulties to locate the information due to complexity of platforms, and overall find 
it difficult to follow or subscribe to the topics of discussion within their interest. 

The perceived importance of civic participation for the local community and the 
neighborhoods is primarily linked to (i) improved quality of life, (ii) being able to 
express opinions and being heard, (iii) active involvement of citizens in the decision 
making, and (ii) proper function of society. 

When it comes to AI, many of the participants (~70%) see it as being both a 
facilitator and a barrier for civic engagement. The main reasons for which AI is 
perceived as a facilitator include: increased speed and improved access to data 
and information, improved (potentially impartial) decision-making processes and 
quicker problem solving resulting in improved quality of every-day life, and eventu-
ally reduced bureaucracy and quicker communication between citizens and admin-
istration. The main reasons for which AI is perceived as a barrier include: potential 
intentional and non-intentional misuse of data, platform and tools complexity which 
may require advanced skill and knowledge, and potential technical limitations (e.g. 
backend connectivity, incapacity to adapt to the local context). 

The integration of a Personal Information Management System (PIMS) was 
mainly seen as a positive factor, being justified by the responsible use of the plat-
form, as the citizens undertake responsibility for their actions/postings, the possi-
bility to provide personalized and faster services and content/information, and ensure 
data privacy and security. Among the reasons for not using a PIMS, the insecurity 
and fear of potential misuse of personal data along with the re-assurance provided 
by anonymity (e.g. feeling more confident to make negative critique in anony-
mous mode, fear of potential social consequences from public administration when 
speaking out) were the most important. 

The vast majority (~90%) of the Citizens’ Juries participants, in both pilot sites, 
have perceived some negative impact (e.g. felt vulnerable, discriminated against or
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were emotionally negatively affected) as a result of their active involvement in public 
and/or online discussions or debates in the past. The main occasions and reasons 
include: 

• Feelings of emotional distress and negative impact on moral, when trying to 
express an opinion in public as a citizen belonging to a minority group, 

• Feelings of being ignored, no matter how simple are the topics under discussion 
(e.g. even regarding weather, health, diet, education and society, etc.), 

• Feelings of being judged against some standards (e.g. knowledge, education) 
when giving some feedback, both negative or positive, or relaying a personal 
experience, 

• Feelings of frustration when initiatives and projects potentially very important 
for a particular community, fail to be realized (e.g. adoption of a ‘mass-centered 
approach’ instead of problem importance). 

When it comes to awareness of own rights, only 1/3 of the participants in the 
Citizens’ Jury in Brasov were aware of their own rights when it comes to discrim-
inatory behavior, while in the case of Martin the percentage is much higher (63%). 
However, in both cases only 50% of them reacted or have taken action to fight back 
discrimination. The main reasons for not taking any actions or reacting to fight back 
discrimination included: missing knowledge regarding the procedures and rights, 
the bureaucratic process and the time and resources required, feeling ashamed or 
intimidated, fear of potential repercussions, perceived difference in social position/ 
status linked to highly decreased chances to get a positive result of any action. 

All participants highlighted as being extremely important to be able to identify 
potential harms, biases and discrimination related to online civic activities, in order 
to safeguard yourself online, in particular regarding the misuse of personal data. The 
main enablers for the citizens to be able to detect/report harms and enforce their 
rights are: 

• Continuous information, the mass-media being mentioned as one important 
channel to be used in this scope, 

• Provision of online platforms with control mechanisms, in particular for protecting 
personal data, 

• Existence of a multi-level (from simple language to complex information) 
information/explanatory approach for terms and conditions of use, 

• Making everything more transparent, 
• Using a clear and concise language, 
• A system to monitor, report, provide feedback and moderate the usage of personal 

data, 
• The possibility to receive human feedback on request, and 
• Alignment between recommendation and implementation when it comes to data 

privacy. 

The information about the online platforms and tools for civic engagement that 
would help the participants to identify potential harms, and feel safer when engaging 
in civic actions online, include:
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• Detailed information about the platform and the AI/smart tools employed, 
• Educational materials, 
• Information regarding the legal and regulatory aspects of the platform/tools, 
• Sources of information used by the platform and AI tools, 
• Information about where and for how long are the personal data stored, 
• How and who decides how the personal data is used (e.g. by AI tools), 
• Clear description of the benefits of personal data usage, and 
• Existence of human assistants (e.g. oversight, guarantee of trust) supporting the 

AI-powered functionality. 

The requirements analysis, regarding potential AI-powered features and tools that 
would help them engage more in online civic activities, showed as most preferred: 

• Security measures (e.g. personal data storage and use) 
• Text translation in other language 
• Toxicity sensor/Spam-/Phishing detection 
• Language simplification 
• Recommendations (e.g. personalized) 
• Auto Tagging 
• Sentiment Analysis 
• Information filtering 
• Interactive tools (polls, visualizations) 
• Comment moderation. 

Read through a deliberative lens, the outcomes of the ITHACA Citizens’ Juries 
highlight how inclusion alone is insufficient if not coupled with conditions enabling 
meaningful deliberation. Participants’ experiences of being ignored, judged, or 
emotionally affected point to failures of voice and recognition, particularly for 
individuals belonging to marginalized groups. Difficulties related to language 
complexity, digital literacy, and platform navigation reveal that the quality of partici-
pation depends not only on access, but on citizens’ capacity to understand, articulate, 
and contest positions within deliberative settings. Equally significant is the emphasis 
placed on traceability and feedback—participants consistently stressed the need to 
see how their contributions move through stages of review and decision-making, 
underscoring consequentiality as a prerequisite for perceiving participation as legiti-
mate rather than symbolic. Finally, concerns around data misuse, discrimination, and 
exposure to harm foreground the role of safeguards, including moderation mecha-
nisms, transparent data practices, and the availability of human feedback, as central 
to sustaining trust and willingness to deliberate—and keep deliberating. Together, 
these findings position ITHACA as an inclusion-oriented civic tech initiative which 
concretely articulates the deliberative requirements that AI-enhanced democratic 
systems need to satisfy when engaging vulnerable and underrepresented populations. 

Overall, ITHACA’s experimentation underscores how inclusion goes beyond 
auxiliary design requirement, serving as a democratic precondition for AI-mediated 
participation and deliberation. Without accessible interfaces, confidence-building 
safeguards, and sensitivity to lived vulnerabilities, civic engagement risks remaining
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symbolic, socially skewed, or systematically dominated by already empowered 
groups. In this sense, ITHACA operationalizes HCAI through a combined strategy of 
participatory governance—most notably Citizens’ Juries and iterative co-creation— 
and AI-enabled accessibility measures (e.g., language simplification, translation, 
text-to-speech and speech-to-text). At the same time, it surfaces deliberative require-
ments that cut across democratic settings, including transparent moderation, multi-
level explainability of platform rules, and mechanisms for tracking whether contribu-
tions are received, reviewed, and acted upon. Crucially for the cross-project compar-
ison developed in the following section, the ITHACA experience also makes visible 
a central HCAI tension: the very mechanisms that enable inclusion and personaliza-
tion—such as identity management, data collection for targeted support, or PIMS-
like solutions—may intensify privacy concerns and perceived risks of retaliation, 
especially for marginalized groups. This tension reinforces the need for human over-
sight, user control, and accountable governance as indispensable complements to 
accessibility-driven innovation. 

8 Inclusive, Ethical, and Transparent AI. The Case 
of AI4GOV 

The integration of AI systems into democratic governance processes demands a 
multidimensional approach that is both theoretically grounded and operationally 
responsible. At its core, this approach must address the foundational and conceptual 
counterparts between technological innovation and democratic values. AI systems 
are often optimized for efficiency, prediction, and automation, while democratic 
societies require systems that prioritize accountability, inclusivity, and the protection 
of fundamental rights. Hence, the development of AI in the public sector has to go 
beyond operational efficiency and include normative dimensions that align with the 
public interest and reflect collective values, ethics, and diverse societal needs. 

Central to this transformation is the concept of HCAI, which highlights the active 
involvement of end users and stakeholders in the design, deployment, and eval-
uation of AI systems. This requires participatory mechanisms, accessible design 
interfaces, and the translation of abstract principles (such as bias, discrimination, 
fairness and transparency) into concrete, actionable design choices. Within the 
AI4GOV project, human-centeredness is operationalized through co-creation work-
shops, user-led evaluations, and the development of tools that facilitate meaningful 
public engagement. AI4GOV’s contributions in this include the Holistic Regulatory 
Framework (HRF), which establishes the normative foundations for trustworthy AI 
in governance, and the Virtualized Unbiasing Framework (VUF) Catalogue, a tool 
designed to expose and mitigate algorithmic bias through an accessible, visual plat-
form. Through these two components, the project introduces democratic oversight 
and social responsibility into the technical core of public sector AI.
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8.1 Theoretical Foundations and Design Principles 

The HRF developed in AI4GOV provides a conceptual and operational foundation 
for HCAI. The HRF was developed using a bottom-up and inclusive methodology 
that combines literature review, theoretical modeling, and extensive fieldwork. The 
framework pays special attention to underrepresented and vulnerable groups, aiming 
to minimize systemic bias and discriminatory outcomes in AI-supported governance. 
It is informed by interdisciplinary perspectives and introduces a set of normative and 
technical guidelines for building trustworthy, transparent, and inclusive AI systems 
for the public sector by always keeping the human in the center of the design. It 
integrates participatory principles into regulatory design, ensuring that citizens are 
not passive data points but active contributors to the governance and accountability 
of AI tools. 

This approach reflects core HCAI design values: 

• Transparency by design, ensuring AI systems can be scrutinized by non-technical 
stakeholders. 

• Knowledge distribution and multidisciplinary perspective, raising awareness with 
regard to the AI systems and bridging the technical, research, and societal domains. 

• Participatory governance, incorporating feedback loops that give stakeholders a 
say in system behavior. 

• Bias mitigation, embedding fairness in data practices and model evaluation. 

In more detail, the HRF developed under the AI4GOV project is a comprehensive 
framework designed to regulate the use of AI technologies in governance. Its primary 
purpose is to ensure that AI systems used in public services are developed, deployed, 
and operated in a manner that is ethical, transparent, and compliant with applicable 
laws and regulations such as the GDPR addressing in parallel the issues of bias and 
discrimination. The HRF also incorporates ethical recommendations from various 
AI bodies, including the High-Level Expert Group on Artificial Intelligence (HLEG) 
and aligns with regulations such as the GDPR and the AI Act. The HRF is structured 
around fifteen key dimensions that guide the governance of AI systems. These dimen-
sions include regulations compliance, fairness, non-discrimination and inclusivity, 
human oversight, human-centered design, privacy, explainability and transparency, 
auditing and continuous monitoring, accountability, safety and security, claims and 
redress, public engagement, awareness, societal benefit and well-being, and sustain-
ability. Each dimension addresses specific aspects of AI governance to ensure that 
AI technologies are used responsibly and equitably. 

To achieve the key dimensions and finalize the HRF, a multi-level mixed-
methodology approach was employed. This comprehensive process included liter-
ature reviews of relevant bibliography and legislation, Delphi rounds with experts, 
SWOT analysis, surveys, focus groups, and interviews, as depicted in the below 
figure. In that direction, the HRF bridges insights from literature, expert input, and 
perspectives from citizens with various backgrounds (Fig. 6).
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Fig. 6 Holistic regulatory framework (HRF) co-creation approach 

In more detail this methodology outlines a structured, multi-step process aimed 
at developing and integrating a regulatory framework into the AI4GOV platform 
design ensuring inclusiveness, representation and human-centeredness. It begins 
with discussions involving users from the pilot cases of the project, ensuring that 
stakeholder needs, expectations, and context-specific insights are captured at the 
outset. These qualitative inputs inform the next stage, a two-round Delphi process, 
which engages expert participants to converge on key priorities, challenges, and 
opportunities through structured iterative feedback. 

Following the Delphi rounds, a SWOT analysis is conducted to assess the internal 
strengths and weaknesses, as well as the external opportunities and threats relevant 
to the adoption of AI technologies in public administration. These insights are then 
deepened through focus groups, which facilitate more targeted and dialogue-based 
exploration of stakeholder perceptions and domain-specific concerns. 

To complement these qualitative approaches, a series of surveys with general 
public and underrepresented citizens is conducted in Greece, Spain and Slovenia 
to collect broader quantitative data. This data is analyzed using conjoint analysis 
to reveal preferences and trade-offs stakeholders make when considering different 
design or policy options. The analysis phase synthesizes the findings from all previous 
steps to generate actionable insights. 

These insights are then integrated with technical design and development consid-
erations, ensuring alignment between user-centered findings and the architectural and 
functional decisions of the platform. The final step of the process involves condensing 
the regulatory framework into concrete technical specifications, allowing it to be 
directly embedded into the AI4GOV platform’s overall design. This methodological 
progression ensures a balance between participatory input, empirical analysis, and 
technical feasibility, thereby supporting the creation of an inclusive, trustworthy, and 
policy-aligned AI governance solution. 

The AI4GOV HRF aims to establish a fair, transparent, and inclusive regulatory 
environment for public organizations ensuring they serve the public good while safe-
guarding individual rights and societal values. More specifically, HRF’s core purpose 
is to provide a holistic approach to AI governance which ensures the protection of 
citizens from potential misuse and biases associated with AI technologies in public 
services, and public decision-making as well as discrimination.
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Its key objectives and goals are the following: 

• Ensure regulatory compliance: Guarantee that AI systems adhere to all relevant 
laws, standards, and ethical guidelines. 

• Promote fairness and equity: Design AI systems to treat all individuals equitably 
and reduce potential biases. 

• Foster non-discrimination and inclusivity: Prevent discrimination against any 
individual or group and promote inclusiveness in AI development and deployment. 

• Implement human oversight and control: Establish mechanisms for human 
intervention in AI decision-making processes. 

• Enhance transparency and explainability: Ensure AI decision-making processes 
are transparent and explainable. 

• Protect privacy: Implement robust measures to protect individual privacy and 
handle data securely. 

• Ensure safety and security: Design AI systems with measures to prevent harm 
and protect against misuse. 

• Encourage public engagement and awareness: Engage stakeholders and raise 
awareness about AI capabilities and limitations. 

• Establish accountability and redress mechanisms: Define clear accountability 
mechanisms and provide channels for individuals to seek redress. 

• Promote sustainability and societal benefit: Prioritize the development of AI 
systems that promote societal benefits and are environmentally sustainable. 

By integrating these objectives, the HRF aims to create a regulatory framework 
that supports ethical, inclusive, and transparent AI governance. The vision of the 
HRF is to create a framework that will be continuously updated and strengthened 
in response to advancements in AI technology that enhance public services while 
protecting the rights and interests of all citizens, promoting a more equitable and just 
society. 

The HRF prescribes certain dimensions related to AI governance when AI is 
involved to a lesser or to a greater extent at services that are provided to the public 
by governmental entities. These dimensions are the following: 

• Regulations compliance: Ensuring that the AI system complies with all relevant 
laws, standards, ethical guidelines and codes of conduct. For example, compli-
ance with the EU Charter of fundamental rights, compliance with EU AI Act, 
compliance with EU Data Act, etc. 

• Fairness: The AI system should be designed and deployed in a way that treats all 
individuals fairly and equitably, even if the bias is not related to protected charac-
teristics (gender, age, religion, disability, etc.). It considers the overall distribution 
of benefits, burdens, and outcomes across different groups and communities, and 
aims to prevent or mitigate any unfair disparities or disadvantages. 

• Non-discrimination—inclusivity: The AI system should be designed and 
deployed in a way that promotes inclusivity and does not discriminate against 
or exclude any individual or group based on protected characteristics.
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• Human oversight: Appropriate human oversight and control mechanisms should 
be in place to monitor the AI system’s decision-making processes, intervene when 
necessary, and ensure that the system is operating as intended and in accordance 
with ethical principles. 

• Human-Centered design: The AI system should be designed with a focus on 
human needs, values, and well-being, considering human factors such as usability, 
accessibility, and user experience. 

• Privacy: The AI system should be designed and deployed in a way that respects 
and protects the privacy of individuals, including through measures such as data 
minimization, anonymization, and secure data handling practices. 

• Explainability—transparency: The AI system’s decision-making processes 
should be transparent and explainable to relevant stakeholders, allowing for 
scrutiny, accountability, and trust-building. 

• Auditing—continuous monitoring: There should be mechanisms in place for 
continuous monitoring and auditing of the AI system’s performance, outputs, 
and impacts, enabling timely detection and correction of issues or unintended 
consequences. 

• Accountability: Clear lines of responsibility and mechanisms for holding entities 
accountable should be established for the development, deployment, and use of the 
AI system. Safety and security: The AI system should be designed and deployed 
with robust measures to ensure safety and security, protecting against unintended 
harm, misuse, or malicious attacks. 

• Claims and redress: There should be clear and accessible mechanisms for indi-
viduals to seek redress and compensation in cases where they have been adversely 
affected by the AI system’s decisions or actions. 

• Public engagement: Stakeholder engagement and public participation should be 
encouraged throughout the AI system’s development and deployment, fostering 
transparency, trust, and alignment with societal values and needs. 

• Awareness: Efforts should be made to raise awareness and promote understanding 
of the AI system’s capabilities, limitations, and potential impacts among relevant 
stakeholders and the public. 

• Societal benefit and well-being: The development and deployment of the AI 
system should be guided by a commitment to promoting societal benefit and 
well-being, considering both short-term and long-term impacts. 

• Sustainability: The AI system should be designed and deployed with considera-
tion for environmental sustainability, resource efficiency, and long-term viability, 
minimizing negative impacts on the environment and promoting sustainable 
practices. 

While the below figure shows at the perimeter the above dimensions and at the 
center systems that should facilitate them such as the governance and administration 
system, the AI ethics and compliance system, the auditing and monitoring system, 
the explainable system and the AI registry system (Fig. 7).
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Fig. 7 The 15 regulatory dimensions as defined in the context of AI4GOV’s HRF 

To bridge the gap between the theoretical foundations of the Holistic Regulatory 
Framework (HRF) and practical implementation, the AI4GOV project has devel-
oped a comprehensive self-assessment tool. This tool enables users to systematically 
evaluate whether their AI systems adhere to the HRF’s provisions across all stages 
of the AI lifecycle, including design, data processing, model training, deployment, 
and ongoing monitoring. The assessment is structured around 15 regulatory dimen-
sions, each with specific criteria measured through a combination of a structured 
Likert scale (1–7) and binary compliance indicators (Yes/No). This dual approach 
provides both nuanced insights and clear compliance checks, ensuring that human 
rights considerations are integrated throughout the development and operation of AI 
systems. 

The self-assessment tool employs an advanced scoring system that categorizes 
results into three compliance levels: non-compliant (0–40%, high risk), partial 
compliance (40–70%, needs improvement), and compliant (70–100%, low risk). 
Although still under development, the tool is designed to function as a proac-
tive governance mechanism, offering development teams data-driven insights, auto-
mated regulatory tracking, and structured validation of compliance. By embedding 
these features, the AI4GOV self-assessment tool not only supports organizations
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in safeguarding human rights but also fosters a culture of ethical, transparent, and 
trustworthy AI development. 

The categorization of the self-assessment questions reflects the breadth and depth 
of the HRF. Key categories include regulatory compliance (e.g., EU AI Act, GDPR), 
fairness and non-discrimination, human oversight, data privacy, explainability, safety, 
accountability, public engagement, and sustainability. Each category delves into 
specific issues such as bias detection in datasets, user rights awareness, consent 
and security practices, and the presence of human-in-the-loop mechanisms. The 
scoring system normalizes all responses on a 0–1 scale, facilitating the generation 
of percentage-based compliance levels. These are then grouped into risk tiers (non-
compliant, partial compliance, compliant) that allow developers and regulators to 
benchmark system maturity and address deficiencies. This structured evaluation 
is not static; it incorporates adaptive mechanisms to evolve with changes in law, 
technology, and ethical standards. 

This work has also resulted in a best practice guide, structured around the HRF 
dimensions. The development process of any AI system that aims to be used by citi-
zens while provided by government entities should be conceptualized, designed, 
implemented and deployed under continuous scrutiny regarding ethical aspects 
related with its prospected operation. 

Structured in categories aligned with the HRF, a set of best practices applicable 
to the development of such systems follows (Table 5).

AI systems provided by government entities require proactive governance that 
evolves with technological capabilities. The integration of these practices early in 
development cycles will result in developing public confidence and harnessing AI’s 
potential for the social good. Regular updates are essential as both technology and 
public expectations advance. 

8.2 Operationalizing Citizen Participation and AI 
Transparency Through Blockchain Technology 

A key aspect in the overall human-centric approach of the AI4GOV project is the 
ability of citizens and policymakers to join the platform and leverage the blockchain 
capabilities to participate in open democracy schemes. The general mechanism 
that allows such self-governing bodies to form and exist is the so-called Digital 
Autonomous Organization or DAO. The vision behind DAOs is to provide a means 
of self-governance to end users. From an eGov perspective, DAOs are the means 
by which citizens can participate in an inclusive and open scheme of governance. 
This requires a different vision behind the governance model of the blockchain and 
a different technical solution to provide the capability for citizens to identify them-
selves and prove aspects of their identity. The below figure shows a scenario more 
typical in DAOs. A member proposes a change, such as the modification of tax
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Table 5 The categories of the HRF and best practises that can be applied to them 

Category Best practice 

1. Regulations compliance • Ensure adherence to national, European and 
international AI-related re gulations

• Keep the corpus of relevant regulations regularly 
updated

• Conduct legal reviews at all development s tages

2. Fairness • Use unbiased datasets and continuously test for b ias
• Employ fairness-aware algorithms and techniques to 
mitigate d iscrimination

• Conduct diverse stakeholder reviews to ensure fair 
outcomes

3. Non-discrimination and inclusivity • Design AI systems that are inclusive and accessible 
to all societal g roups

• Perform impact assessments on marginalized 
communities

• Engage diverse user groups during system t esting

4. Human oversight • Ensure human-in-the-loop mechanisms for critical 
decision-making

• Define clear escalation paths for AI-generated 
outcomes

• Provide training for personnel interacting with AI 
systems

5. Human-centered design • Prioritize user experience and ethical considerations 
in AI system design

• Conduct iterative user testing and feedback loops
• Align AI goals with human values and societal n eeds

6. Privacy • Implement privacy-by-design principles
• Use anonymization and differential privacy 
techniques

• Comply with GDPR

7. Explainability and transparency • Develop inherently interpretable models where 
possible

• Provide documentation on AI decision-making 
processes

• Ensure users can understand AI-generated outcomes

8. Auditing and continuous 
monitoring 

• Establish independent auditing mechanisms
• Monitor AI performance and behavior over t ime
• Regularly update AI models based on new data and 
ethical considerations

9. Accountability • Clearly define roles and responsibilities within AI 
development t eams

• Implement mechanisms for tracking 
decision-making processes

• Assign liability in case of AI-related f ailures
10. Safety and security • Follow robust cybersecurity protocols

• Use adversarial testing to identify vulnerabilities
• Implement fail-safe mechanisms to prevent harm

(continued)
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Table 5 (continued)

Category Best practice

11. Claims and redress • Provide clear processes for users to challenge AI 
decisions

• Establish mechanisms for correcting erroneous 
decisions

• Offer legal recourse options when necessary
12. Public engagement • Involve citizens in AI policy d iscussions

• Organize public consultations and transparency 
initiative s

• Communicate AI system capabilities and limitations 
clearly

13. Awareness • Implement AI risk-awareness training for deve lopers
• Launch awareness campaigns to inform the public
• Develop documentation and explainers on AI 
limitations

14. Societal benefit and well-being • Design AI to improve social welf are
• Prioritize ethical use cases aligned with public good
• Conduct ethical impact assessments before 
deploy ment

15. Sustainability • Optimize AI energy consumption
• Consider environmental impact when selecting 
models and i nfrastructure

• Promote AI solutions that contribute to sustainability 
goals

Synthesis table outlining the fifteen categories of the Holistic Regulatory Framework (HRF) and 
the associated best practices for each. The table links regulatory and ethical categories—such as 
regulatory compliance, fairness, inclusivity, human oversight, privacy, explainability, accountability, 
public engagement, societal well-being, and sustainability—to concrete practices that guide the 
design, development, deployment, and monitoring of AI systems in line with democratic values and 
trustworthy AI principles.

rates. A special body of the blockchain approves or disapproves the change; if it is 
approved, it is sent back to the community for voting (Fig. 8).

DAOs seem perfect tools to decentralize an economy. Expanding this into politics, 
it may seem that DAOs can also be used to decentralize democracy. This may be a 
misnomer, since democracy is, by definition, a decentralized system of governance. 
However, aspects of it, such as participation in opinion forming, transparency of 
processes, verification of candidate claims etc., may be hindered or obfuscated due 
to various reasons, such as real-life limitations, limited access to original sources, 
difficult to identify deep fakes etc. It is to be noted that the term DAO is an umbrella 
term similar to the term smart contract. It does not refer to any specific functionality 
but to components implemented via smart contracts and can be self-governed. DAOs 
can help citizens to somewhat limit the effect of such hindrances by facilitating 
transparency in decision making and providing more tools for citizen co-creation in 
policy making. However, it should be noted that the DAOs should ensure that no secu-
rity breaches and threatening transactions take place and that the governance model
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Fig. 8 The utilisation of DAOs and blockchain technology in the eGovernment domain

allows for no such situations to take place. Thus, a strong cybersecurity framework 
should be also established along with DAOs. 

In addition to the above, citizen-centric wallets using the HyperLedger Aries 
framework have been implemented. The latter is a framework specifically designed 
for identity management. Aries supports the creation and administration of Decen-
tralized Identifiers (DIDs) that can uniquely be resolved to each subject. Moreover, 
under Aries, the issuance and verification of credentials and attributes are straight-
forward. Typical use cases of Aries that are key to implementing mechanisms for 
citizen trust and participation include: 

• Issuing of Self-Sovereign Identity (SSI) credentials which enable citizens to 
control their own identity. 

• Evidence/credential verification mechanisms that allow wallet holders to present 
and provide proof of credential ownership (e.g., driving license) or attributes (e.g., 
legal age). 

• Mechanisms for providing fine-tuned access to credentials based on the identity 
of the requesting party. 

Finally, the utilisation of the blockchain technology inside the AI4GOV project 
is also used as a technology enabler to provide transparency in AI output, due to its
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decentralized and transparent nature. Since current LLMs are trained over a huge 
corpus of data and use millions or even billions of parameters for producing output, 
the ‘straightforward’ way of providing transparent AI by having each node vali-
date the results of training and/or execution is, of course, not applicable. Two main 
techniques are relevant and have been applied: 

• Anchoring the explainability report to any claim or document that is produced by 
AI. Although a claim may still be fake, producers who are confident in the truth of 
their statements can anchor explainability reports as further proof of their claims. 
This will help well-documented claims gain more visibility 

• Using DIDs for the AI. By assigning to a generative AI an identity, the AI can 
behave as a physical actor in the blockchain. AI that has identity can be more 
easily trusted by citizens; this can create a trend in which AIs with identity are 
progressively preferred. The benefit of being able to discern the identity of an 
AI is that a consumer can check its parameters such as training algorithm, past 
predictions, previous bias reports etc. 

9 Conclusions 

To conclude this chapter, the insights drawn from the four Horizon Europe projects 
are recognized to provide a privileged vantage point for understanding how Human-
Centered AI is being operationalized within the domain of democratic innovation. 
Rather than offering abstract principles, the projects are contributing by demon-
strating how HCAI takes shape through concrete design choices, participatory 
arrangements, and governance mechanisms embedded in real-world democratic 
settings. 

By adopting a comparative lens, this section sheds lights on converging trajectories 
and complementary orientations across the projects. On the one hand, shared commit-
ments emerge around participation, transparency, accountability, and inclusiveness as 
non-negotiable conditions (and precondition) for legitimate AI-enabled democratic 
processes. On the other hand, it emerges the presence of different leverage points— 
ranging from deliberative tooling and co-creation (ORBIS), to critical digital literacy 
and collective sensemaking (KT4D), inclusion-first design for marginalized groups 
(ITHACA), and regulatory and infrastructural governance mechanisms (AI4GOV). 

What is relevant to stress is how taken together, these projects do not converge on a 
single model of HCAI for democracy. Instead, they collectively articulate a plural yet 
coherent and consistent design space, in which democratic values are operationalized 
through diverse but mutually reinforcing approaches. This comparative perspective 
provides the basis for identifying key directions in the operationalization of HCAI for 
AI-enhanced deliberation, while also clarifying where different projects intentionally 
diverge in response to distinct democratic challenges.
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9.1 Comparing HCAI Approaches 

This paragraph presents a comparative reading of how the four projects relate to 
the topic of HCAI for democracy. It adopts a qualitative, theory-driven synthesis 
grounded in the HCAI dimensions proposed by Régis et al. (2024)—as introduced 
in par. 5.3.1 and mapped to AI-enhanced democracy in Table 1—and draws on the 
structured project descriptions presented in paragraphs from 5.5 to 5.7. Rather than 
running a checklist for compliance against each project, the analysis is intended 
to empirically examine in a comparative lens how each of them operationalizes, 
combines, and prioritizes specific dimensions in response to distinct democratic 
challenges (Table 6).

Viewed comparatively, the four projects articulate distinct yet complementary 
HCAI configurations. In particular, it is worth noting that no single project answers all 
the HCAI dimensions mapped in Table 1. Instead, each project emphasizes different 
combinations, producing complementary approaches to AI-enhanced democracy: 
ORBIS focuses on deliberative outcomes and traceability; KT4D on epistemic 
agency and collective sensemaking; AI4GOV on rights-based governance and insti-
tutional accountability; and ITHACA on inclusion as a deliberative precondition. 
This plurality does not signal fragmentation, but rather reflects the multi-layered 
nature of democratic innovation with AI—where design, literacy, governance, and 
inclusion must be addressed simultaneously, though not necessarily by the same 
intervention. 

This initial exploration of Table 5 is integrated with a comparative analysis which 
builds on the mapping of HCAI dimensions presented in Table 1 and the project-
specific operationalizations summarized in Table 2. To move beyond descriptive 
alignment and enable analytical comparison, the projects were examined along four 
cross-cutting analytical axes: (i) where human-centeredness is primarily enacted (e.g. 
design processes, governance frameworks, capacity building, or infrastructural safe-
guards); (ii) which deliberative functions are foregrounded, drawing on deliberative 
theory (voice and recognition, quality of participation, consequentiality, and safe-
guards); (iii) the governance implications implied by each project’s configuration of 
HCAI dimensions; and (iv) how the relationship between scale and democracy is 
conceptualized, particularly in relation to the role of AI in mediating participation 
beyond small-scale deliberative settings. This lens of observation allows for a system-
atic comparison that highlights both convergences and complementarities across 
projects, while making explicit the different normative and operational assumptions 
through which human-centered AI is mobilized in democratic innovation. 

Axis 1—Where Human-Centeredness is Enacted 

A central challenge in HCAI lies in determining where human-centeredness is prac-
tically realized within socio-technical systems. HCAI is often articulated norma-
tively—as a commitment to human dignity, agency, and flourishing—but these values 
can be enacted at different layers of an AI system, ranging from interface design and
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Table 6 Comparative synthesis of HCAI approaches across projects, mapped to Régis et al. (2024) 
dimensions 

Comparative analytical 
dimension 

Related HCAI 
dimensions (Table 1) 

Comparative insight across projects

Entry point to HCAI D1 Participatory 
design 
D2 Civic participation 

Projects differ in where 
human-centeredness is ‘activated’: ORBIS 
and ITHACA embed participation directly 
in tool and process design; KT4D operates 
upstream by shaping citizens’ and 
designers’ critical capacities; AI4GOV 
anchors participation within governance 
and regulatory infrastructures 

Primary deliberative 
function emphasized 

D2 Civic participation 
D10 Algorithmic 
legitimacy 

ORBIS foregrounds consequentiality 
(connecting deliberation to policy outputs); 
ITHACA foregrounds voice and 
recognition; KT4D foregrounds collective 
judgment and reflexivity; AI4GOV 
foregrounds procedural legitimacy and 
accountability 

Treatment of epistemic 
asymmetries 

D4 Decolonial ethics 
D8 Transparency and 
explainability 

All projects address epistemic gaps, but 
differently: KT4D makes asymmetries 
visible through friction and literacy; 
ORBIS and AI4GOV mitigate them via 
explainability mechanisms; ITHACA 
reduces them through accessibility, 
mediation, and human support 

Role assigned to AI in 
democratic processes 

D7 Socio-technical 
systems 
D10 Algorithmic 
legitimacy 

AI is not treated uniformly: ORBIS frames 
AI as a deliberative facilitator; KT4D treats 
AI as an object of collective inquiry; 
ITHACA treats AI as an accessibility 
enabler;  AI4GOV  treats  AI  as  a  regulated
institutional actor

Safeguards against harm 
and exclusion 

D3 Human 
rights-based approach 
D9 Accountability 
and oversight 

ITHACA and AI4GOV institutionalize 
safeguards (rights, redress, governance); 
ORBIS relies on human-on-the-loop 
approach to development, and in 
human-in-the-loop in moderation; KT4D 
relies on reflective design choices and 
collective responsibility rather than formal 
enforcement 

Governance model 
implied 

D5 Adaptive 
governance 
D9 Accountability 

ORBIS and ITHACA emphasize adaptive, 
context-sensitive governance; AI4GOV 
formalizes governance through regulatory 
and blockchain-based mechanisms; KT4D 
adopts a meta-governance stance, shaping 
how governance itself is understood and 
designed

(continued)
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Table 6 (continued)

Comparative analytical
dimension

Related HCAI
dimensions (Table )

Comparative insight across projects
1

Approach to scale and 
transferability 

D5 Adaptive 
governance 
D6 Policy evaluation 

ORBIS and AI4GOV explicitly address 
scalability through modularity and 
infrastructures; ITHACA prioritizes 
contextual depth over scale; KT4D scales 
primarily through transferable principles, 
methods, and educational artefacts 

Underlying conception of 
human-centeredness 

All dimensions 
(D1–D10) 

Human-centeredness is enacted as: 
procedural co-creation (ORBIS), 
deliberative capability-building (KT4D), 
inclusion as democratic precondition 
(ITHACA), and rights-based institutional 
alignment (AI4GOV) 

Comparative table analysing how four Horizon Europe projects—ORBIS, KT4D, ITHACA, and 
AI4GOV—enact Human-Centered AI principles when mapped to the dimensions proposed by 
Régis et al. (2024). Across a set of analytical dimensions, the table compares how projects differ 
in their entry points to HCAI, the democratic functions they prioritise, their treatment of epistemic 
asymmetries, the roles assigned to AI, safeguards against harm, governance models, approaches to 
scale, and underlying conceptions of human-centeredness.

participatory processes to institutional governance and regulatory frameworks. Iden-
tifying the primary locus at which human-centeredness is operationalized is therefore 
analytically relevant, as it reveals underlying assumptions about how and by whom 
democratic values are protected and enacted. This axis allows us to distinguish 
between approaches that embed human-centeredness in design and use practices, 
those that emphasize epistemic empowerment and literacy, and those that prioritize 
institutional safeguards and governance structures. From a deliberative perspective, 
this distinction is crucial, as the site of human-centeredness directly affects who has 
agency, when intervention is possible, and how responsibility is distributed across 
actors in AI-enhanced democratic systems. 

In ORBIS, human-centeredness is enacted primarily at the design–use interface 
of e-participation platforms understood as deliberative infrastructures. The project 
embeds citizens, facilitators, and institutional actors throughout the full lifecycle of 
AI-supported deliberation—from needs mapping and co-design to testing, deploy-
ment, and moderation—ensuring that system functionalities are shaped by situ-
ated deliberative practices rather than abstract or generalized user models. Human-
centeredness is thus operationalized through iterative co-creation, contextual adap-
tation across heterogeneous pilots, and the continuous moderation and validation of 
AI-generated outputs. In this configuration, AI-enhanced tools are designerly shaped 
to remain intelligible, and aligned with the lived realities of democratic practice. 

KT4D enacts human-centeredness primarily at the level of epistemic capacity 
and collective sensemaking. Rather than centering on deployable platforms, the 
project focuses on empowering citizens, policymakers, and technologists to crit-
ically engage with AI systems through the policy framework, capacity-building
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games, Digital Democracy Lab and accompanying facilitation materials. Human-
centeredness is thus located in how people understand, question, and negotiate AI’s 
role in democracy. 

In AI4GOV, human-centeredness is enacted primarily through institutional gover-
nance frameworks. The Holistic Regulatory Framework (HRF) embeds HCAI prin-
ciples into the regulatory, organizational, and procedural layers of public-sector AI 
systems. Citizens are positioned as rights holders whose interests are safeguarded 
through structured oversight mechanisms rather than continuous participation in 
system design. 

ITHACA enacts human-centeredness primarily through inclusion-oriented 
participatory processes. Citizens’ Juries, co-creation workshops, and iterative 
validation with marginalized groups ensure that AI-supported civic platforms 
are shaped by lived experiences of vulnerability, exclusion, and discrimination. 
Human-centeredness is grounded in social context rather than abstract usability. 

Axis 2—Deliberative Functions Foregrounded 

Deliberation is not a single activity but a constellation of interrelated functions—such 
as voice, recognition, understanding, discussion, contestation, consequentiality, and 
safeguards against harm—that together enable meaningful democratic participation. 
In the context of HCAI, identifying which deliberative functions are foregrounded by 
different systems is methodologically important, because AI technologies inevitably 
privilege certain forms of participation over others through their design choices, 
interaction models, and governance arrangements. This axis therefore examines how 
projects implicitly define what ‘good’ deliberation entails when mediated by AI. By 
analyzing whether systems prioritize inclusion and recognition, epistemic quality, 
traceability of outcomes, or protection against abuse and misuse, this dimension 
makes explicit the normative orientations embedded in technical and organizational 
decisions. Framing outcomes as deliberative functions rather than usability features 
also ensures alignment with democratic theory, allowing civic technologies to be 
assessed not only in terms of access or efficiency, but in terms of their capacity to 
sustain legitimate public reasoning. 

ORBIS foregrounds deliberative functions related to value construction, shaped as 
quality of participation, explanation, and consequentiality, explicitly aiming to move 
beyond the production of technological outputs as an end in itself. Explainability 
mechanisms and structured representations of discourse are designed to help partic-
ipants and facilitators understand how contributions are processed, aggregated, and 
translated into policy-relevant insights. A combined human-in-the-loop and human-
on-the-loop approach safeguards deliberative quality by ensuring that AI outputs 
do not displace human judgment, flatten disagreement, or obscure minority posi-
tions. While voice is supported through inclusive design choices, its democratic 
legitimacy is reinforced primarily by making participation visibly consequential— 
through traceability, synthesis, and feedback loops that render deliberative outcomes 
intelligible and accessible to different audiences, including participants, moderators, 
and decision-makers.
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KT4D foregrounds quality of participation and voice, understood as informed, 
reflective, and collectively situated engagement. Through the deliberate introduction 
of ‘meaningful friction,’ KT4D resists the tendency to optimize for convenience and 
instead promotes reflection, contestation, and reciprocal justification. Deliberation is 
framed as a process of collective reasoning rather than efficient opinion aggregation. 

AI4GOV most strongly foregrounds safeguards and consequentiality. Trans-
parency, accountability, redress, and human oversight are treated as foundational 
requirements for legitimate AI-supported governance. While direct deliberation is 
not always the focal point, the project reinforces the conditions under which delibera-
tion can occur meaningfully by ensuring that AI-driven decisions remain contestable 
and accountable. 

ITHACA foregrounds voice and recognition and safeguards as preconditions for 
deliberation. Findings from engagement with the Citizens’ Juries show that partic-
ipation is undermined when citizens feel ignored, judged, or exposed to harm. AI-
enabled accessibility features can and should support quality of participation, but 
only when coupled with transparency, moderation, and human feedback. 

Axis 3—Governance Implications of HCAI Configurations 

HCAI is inseparable from questions of governance, as decisions about how AI 
systems are designed, deployed, and overseen directly shape power relations, 
accountability, and democratic legitimacy. Different configurations of HCAI dimen-
sions imply different models of governance—ranging from embedded oversight 
within deliberative processes, to formal regulatory compliance, to capacity-building 
and epistemic governance. This axis is analytically relevant because it surfaces 
how projects conceptualize responsibility, control, and participation in AI-enhanced 
democratic systems. By comparing governance implications, the analysis moves 
beyond surface-level descriptions of participatory practices to interrogate how 
authority is allocated, how harms are addressed, and how legitimacy is produced. 
In deliberative contexts, this is particularly salient: governance models determine 
whether AI reinforces democratic institutions, redistributes agency, or introduces 
new asymmetries under the guise of neutrality or efficiency. 

ORBIS implies a governance model based on embedded accountability, where 
oversight is integrated directly into deliberative workflows rather than delegated to 
external audits or post-hoc control mechanisms. Moderators and institutional actors 
play a central role as stewards of the deliberative process: they remain central in 
supporting interpretation, validation, and contextualization of AI-assisted outputs, 
and for explicitly signalling what the AI is doing at different stages of discourse 
processing. While participants are granted direct access to AI-generated analyses 
derived from collective deliberation, these outputs are presented as decision-support 
artefacts, not authoritative conclusions. This configuration reinforces democratic 
accountability by keeping responsibility anchored in human actors and institutional 
practices, while preserving institutional legitimacy through transparency, traceability, 
and the possibility of contestation. 

KT4D implies a governance model oriented toward democratic capacity-building. 
Rather than prescribing regulatory solutions, it emphasizes the need for informed
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publics capable of engaging with and shaping AI governance. Governance, in this 
configuration, is not only institutional but pedagogical, relying on critical digital 
literacy as a precondition for legitimate democratic oversight. 

AI4GOV implies a governance model based on procedural legitimacy and regu-
latory alignment. Democratic values are operationalized through the adoption of the 
Quintuple Helix innovation model, as well as compliance with legal frameworks, 
continuous monitoring, and institutional accountability structures. Governance is 
thus formalized, scalable, and aligned with public-sector responsibilities. 

ITHACA implies a governance model centered on protective and participa-
tory accountability. Governance mechanisms must be accessible, responsive, and 
sensitive to power asymmetries. Importantly, ITHACA highlights tensions between 
personalization and privacy, underscoring the need for governance arrangements that 
balance support with protection from retaliation or misuse. 

Axis 4—Conceptualizations of the Relationship Between Scale and Democracy 

A recurring tension in AI for democracy concerns the relationship between scale and 
deliberative quality. AI is often justified as a means to scale participation, process 
large volumes of input, and support decision-making in complex governance envi-
ronments. However, democratic theory cautions that scaling participation can under-
mine key deliberative conditions, such as mutual understanding, recognition, and 
accountability. This axis is therefore essential for examining how HCAI approaches 
negotiate the trade-offs between inclusiveness, efficiency, and democratic depth. By 
analyzing how projects conceptualize scale—as an opportunity, a risk, an institu-
tional necessity, or a vulnerability multiplier—this dimension reveals their implicit 
assumptions about what democracy can and should look like in AI-mediated contexts. 
Methodologically, this axis enables a critical comparison of whether AI is framed 
as augmenting deliberation without eroding its normative foundations, or whether 
democratic values are reinterpreted to fit the constraints of large-scale technological 
systems. 

ORBIS conceptualizes scale primarily as a deliberative and epistemic challenge. 
AI is mobilized to support collective sensemaking and synthesis across large volumes 
of contributions, but always recalling the need for explicit human supervision and 
interpretive control. Scaling deliberation, in this view, requires preserving intelli-
gibility, traceability, and plurality as participation grows, rather than maximizing 
automation or throughput. This approach treats scale as more than a matter of 
processing capacity: it becomes a question of deliberative literacy. Participants 
and facilitators are supported in understanding what happens to contributions at 
scale, how AI mediates aggregation and synthesis, and what is gained or lost in 
the process. AI thus becomes a means for rendering large-scale deliberation legible, 
rather than an invisible mechanism that abstracts democratic processes away from 
public understanding. 

KT4D conceptualizes scale cautiously. Rather than seeking to directly scale delib-
eration through AI, it interrogates how large-scale AI systems reshape the epistemic



Human-Centered AI for Democracy 187

conditions of democratic participation. Scale is treated as a source of risk—partic-
ularly epistemic asymmetry—requiring deliberate design interventions that slow 
down, expose, and contextualize AI-mediated processes. 

AI4GOV conceptualizes scale as an institutional necessity. AI is considered as 
an integral part of the modern large-scale governance and policymaking ecosystems, 
and the democratic challenge lies in ensuring that scaling does not erode rights, 
fairness, or accountability. The HRF positions scale as manageable through robust 
governance architectures rather than through participatory intensity alone. 

ITHACA treats scale as a fragile condition for deliberation. While AI can lower 
barriers to participation at scale, the project demonstrates that scaling without 
adequate safeguards risks reproducing or amplifying exclusion. Democratic scaling, 
in this view, requires prioritizing safety, trust, and recognition over sheer participation 
numbers. 

9.2 The Governance Lens 

Before turning to a more systematic treatment of democratic AI governance, which 
is addressed in Chap. “Future Research Directions”, this section introduces gover-
nance as a focused analytical lens through which HCAI for democracy can be inter-
preted. Rather than offering a comprehensive governance framework, this chapter 
vets into on how governance concerns emerge from the interaction between HCAI 
principles and democratic practice, therefore approaching governance as a concep-
tual and normative dimension embedded in design choices, participatory arrange-
ments, and socio-technical configurations. Differently and complementarily, Chap. 
“Future Research Directions” builds on this foundation to address governance more 
explicitly, examining institutional models, regulatory implications, and pathways for 
scaling AI-enhanced democratic systems. 

In much AI discourse, governance is framed around managing risks and maxi-
mizing benefits, frequently under the banner of ‘AI for the common good’. Yet 
this framing raises fundamental political questions about what counts as good, for 
whom, at what level of collective, and over what time horizon (Coeckelbergh 2025). 
Re-centering governance within HCAI therefore means re-politicizing the ‘common 
good’ claim (Offe 2012; Pettit 2004)—treating it as a site of democratic determination 
rather than a pre-defined objective to be implemented technocratically. 

A key contribution of political-philosophical accounts of the common good is 
to clarify why current AI governance often suffers from a democratic deficit. Even 
when broad principles such as human rights, fairness, sustainability, transparency, 
or accountability are widely endorsed (UNESCO 2022), the crucial matter is how 
such general goods are/should be translated into operational meaning—and through 
which procedures. Procedural approaches emphasize that in pluralistic societies there 
is no final, uncontested definition of the common good; instead, legitimacy depends 
on inclusive public procedures that keep definitions open to revision and disagree-
ment (Mouffe 1999). The risk here is not only poor or ‘wrong’ outcomes, rather an
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erosion of self-rule through a quiet shift toward technocratic closure (Coeckelbergh 
2022). In this sense, the governance problem lies in the lack of democratically recog-
nized pathways linking principles to design choices, model behaviors, institutional 
mandates, and accountability regimes. 

A second, often under-theorized issue concerns who gets to define the collective 
implied by ‘common’, beyond the logics of regulation, sectoral standards, and corpo-
rate self-governance. A common-good framing pushes toward a multi-level concep-
tion of the collective—from local communities to national polities to humanity— 
without presuming these levels align neatly or that trade-offs can be avoided (Offe 
2012; Pettit 2004). The same applies to time: the common good should be oriented to 
present populations, near-future generations, and longer horizons, and each choice 
reconfigures what counts as acceptable risk, acceptable surveillance, or acceptable 
automation (Coeckelbergh 2022). For AI-enhanced democracy, this matters because 
‘scaling participation’ is often presented as inherently good, while the costs of scale— 
loss of recognition, procedural voice, or contestability—are distributed unevenly 
across groups and across time. A governance lens therefore requires HCAI commit-
ments (rights, inclusion, explainability, accountability) to be interpreted as collective 
commitments that remain publicly revisable as contexts change. 

From here, HCAI governance can be articulated as a shift from rule-setting 
about AI to ensuring that those affected can contest, question, and modify the 
norms embedded in systems that shape public reasoning. Contestability implies 
concrete design and institutional requirements—such as visibility of where and 
how AI intervenes, accessible avenues for disagreement, and pathways for revising 
system behavior and procedural rules—rather than relying on post-hoc transparency 
statements alone. 

Within this frame, a central governance challenge for AI-enhanced democracy is 
preventing democratic displacement: the gradual substitution of political judgment 
with managerial optimization. This strengthens the rationale for deliberative innova-
tions that place people at the core, informed and enabled to participate meaningfully. 
From this perspective, citizens are not only entitled to benefit from the common 
good, but also bear responsibilities in sustaining it through participation and contri-
bution. Democratic governance therefore cannot rely solely on what institutions and 
companies do ‘for’ the public; it also depends on civic practices—how communi-
ties adopt, adapt, contest, and repurpose AI in everyday public life, and how civil 
society shapes alternative technological imaginaries. This points to the need for civic 
education and critical technological literacy that equips people to deliberate about AI 
and to recognize when ‘common good’ rhetoric is being used to foreclose political 
disagreement. Within HCAI for democracy, governance is thus best understood as 
a distributed achievement: a socio-technical arrangement in which institutions guar-
antee contestability and rights-based safeguards, while publics retain the knowledge, 
venues, and agency to co-determine how AI reshapes democratic life. 

Overall, this governance lens clarifies how HCAI for democracy cannot be reduced 
to technical safeguards or compliance mechanisms, while leaving the broader gover-
nance implications—concerning institutional arrangements, regulatory frameworks, 
and the scaling of AI-enhanced deliberative systems—to be addressed in depth in
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Chap. “Future Research Directions”, where these insights are consolidated into a 
more systematic discussion of democratic AI governance. 
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