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Abstract This chapter examines data understandability as a core epistemic condi-
tion for democracy and democratic deliberation, arguing that contemporary chal-
lenges stem less from data scarcity than from uneven capacities to interpret increas-
ingly complex, AI-mediated information environments. Building on scholarship on 
visualisation literacy, epistemic inequalities, and the limits of model-centric XAI, the 
chapter reframes explainability as a matter of sensemaking rather than model disclo-
sure. It theorises narrative scaffolding, critical interactivity, and participatory design 
as infrastructures capable of contributing to equitable interpretation in civic contexts. 
The analysis is grounded in two EU projects, KT4D and ORBIS, which operationalise 
these principles in practice and offer empirical evidence of how visualisation becomes
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explanation, narrative becomes interpretation, and co-creation becomes a method of 
democratic alignment. 

Keywords Data narratives · Integrated approach · Data understandability · Public 
trust · Data legibility 

As governments and public institutions increasingly rely on data to inform their 
decision-making, allocate resources, monitor services, and communicate policy 
outcomes, the challenge has shifted from data scarcity or quality to the difficulty 
of transforming abundant information into forms that diverse publics can actually 
understand and meaningfully use. In other words, the question is no longer how to 
generate data of quality, but how to render it in ways that are actionable, interpretable, 
and relevant for their audiences, often heterogeneous (Shao et al. 2024; Zhang et al. 
2022). 

In this light, it becomes crucial to acknowledge that—even amid unprece-
dented levels of data availability—comprehension remains unevenly distributed. 
Raw datasets, dashboards, and even standard charts often remain inaccessible. Raw 
datasets, dashboards, and even standard charts often remain inaccessible to citi-
zens and stakeholders without high levels of data or visualization literacy. Exten-
sive evidence shows that limited visualisation literacy constrains people’s ability to 
draw accurate conclusions, recognise key insights, or assess uncertainty—ultimately 
affecting interpretation, recall, and trust (Börner et al. 2016; Boy et al. 2014;  Firat  
et al. 2022;  Morini  et  a  l. 2025). These gaps persist and span across demographic 
groups and educational levels. Empirical studies confirm indeed that individuals 
without formal analytical training struggle to make sense of dashboards or perfor-
mance indicators (Echeverria et al. 2017; Pozdniakov et al. 2023). Maltese et al. 
(2015) document that even among higher-education students there are widespread 
difficulties in interpreting visual data, underscoring the need for design strategies 
that support comprehension rather than assume expertise. 

In democratic contexts, these comprehension gaps are particularly problematic. 
They risk excluding those with fewer technical skills, reinforcing inequalities in 
who can participate in data-mediated decisions. Crucially, this makes the issue not 
simply cognitive but actually political. When only a portion of the population can 
meaningfully interpret evidence, democratic deliberation risks becoming dependent 
on specific elites, while those without or with lower levels of specialised literacy are 
left navigating policy debates with limited interpretive tools. 

Compounding this, the dominance of numerical reasoning in public discourse— 
KPIs, indices, scores, dashboards—tends to further flatten multidimensional social 
phenomena into reductive metrics that obscure uncertainty, trade-offs, and causal 
complexity (Hullman and Diakopoulos 2011; Tufte and Graves-Morris 1983). As a 
result, both citizens and public-sector managers often struggle to connect datasets 
with lived experiences or institutional decision processes. 

This landscape opens up a series of questions.
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• How can institutions move beyond simply providing data to ensuring that it 
becomes genuinely interpretable and meaningful for their publics?

• How can evidence be communicated in ways that allow people with different levels 
of literacy to participate on equal footing?

• What representational and communicative strategies can mitigate—rather than 
reinforce—epistemic inequalities?

• And, critically, which principles should guide the design of information environ-
ments so as to help transform complex evidence into forms that support, rather 
than hinder, public reasoning and democratic deliberation? 

This chapter is situated within the perimeter defined by these questions. It first 
outlines the current state of the art, then proposes a reframing of data narratives as 
epistemic infrastructures for democratic life. Finally, it examines how these principles 
are operationalised in KT4D and ORBIS—two projects that provide concrete spaces 
for experimentation, testing, and refinement of democratic data-understandability 
practices—thereby contributing valuable first-hand knowledge to this emerging field. 

1 Data Understandability. The Power of Narrative 

Data visualisation is broadly understood as the practice of transforming data into 
graphical or multimodal representations that allow audiences to detect patterns, 
trends, and relationships that might otherwise remain obscure. Yet, within public 
governance and deliberative democracy, visualisation serves the deeper function 
of shaping epistemic conditions under which citizens, stakeholders, and public 
managers form opinions and positions, weigh trade-offs, and participate in collective 
reasoning (Elstub and Escobar 2019; Goñi 2025;  Vrome  n 2017). In this setting, data 
narrative and narrative visualisations—integrating charts, text, images, annotations, 
and sometimes interactive elements—are increasingly recognised as infrastructural 
component of how public problems are collectively understood, argued, and acted, 
becoming key mediators in this process that offer structured yet interpretable path-
ways through complex evidence landscapes (Amini et al. 2015; Segel and Heer 2010; 
Tong et al. 2018). 

1.1 A Matter of Literacy 

As previously noted, many publics possess limited visualisation literacy (Firat et al. 
2022; Shao et al. 2024). Studies consistently show that even basic charts can be 
misread or misunderstood by non-experts (Börner et al. 2016; Maltese et al. 2015), 
and this challenge has only intensified as governments deploy dashboards, data 
portals, and real-time indicators. An example comes from the COVID-19 pandemic 
(Fareed et al. 2021; Zhang et al. 2023). The study of Zhang and colleagues (2023)
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shows how COVID-19 dashboards became contested artefacts, sitting at the intersec-
tion of public demands for detailed, near real-time data and the constraints of existing 
privacy rules and institutional procedures. Designers were pressured to publish 
increasingly granular near real-time data—such as zip-code–level case numbers— 
while simultaneously having to comply with HIPAA-based de-identification thresh-
olds, negotiate internal approval processes, and navigate leadership hesitations. These 
negotiations led to heterogeneous dashboard practices across states and agencies, 
which in turn produced confusion and, at times, distrust among the public. 

Moreover, public reactions—ranging from anxiety about vaccine distribution 
to harmful misinterpretations of racial disparities—actively reshaped the design 
of these dashboards. Visualisations that unintentionally amplified fear or stigma-
tized communities were removed or reworked, and designers introduced supple-
mentary narrative explanations to contextualise patterns and mitigate misreadings. 
The study shows that dashboards operated as boundary objects, mediating between 
designers, policymakers, and ‘armchair epidemiologists’, revealing how visualisa-
tions not only communicate data but also influence emotions, beliefs, and behaviours 
during crises. In this context, COVID-19 dashboards provide again a good example 
of how data visualisations can simultaneously inform and misinform, and how their 
design unavoidably involves normative judgments about what counts as responsible 
or ‘correct’ storytelling (Zhang et al. 2023). 

These comprehension gaps and interpretive conflicts create epistemic asymme-
tries within democratic systems. While public institutions increasingly rely on data-
driven tools to justify or design policy, many citizens lack the interpretive resources 
necessary to meaningfully analyse or contest the evidence on which decisions 
(should) rest. In this sense, data-driven participation risks becoming participation 
conditioned by data literacy rather than democratic entitlement—a form of struc-
tural inequality that emerges not from intentional exclusion, but from the growing 
complexity of the information environment itself. 

1.2 Epistemic Inequalities and Representational Asymmetries 

Scholars also warn about deeper infrastructural biases embedded within data systems. 
In line with critical communication design, data visualisations are not neutral arte-
facts but embed values, ideological assumptions, and decisions about what to fore-
ground or omit (Boehnert 2016). Representational gaps are often linked to how data 
infrastructures operationalise sensitive categories (race, socioeconomic status, age, 
gender) and align with institutional risk-avoidance practices (e.g., restrictive privacy 
rules, operational silos). Concepts such as ‘datawash’ and ‘darkdata’ (Boehnert 2016, 
2015) highlight how omissions—what remains unmeasured, unmodelled, or unvisu-
alised—can reinforce dominant narratives while silencing marginalised groups. Such 
omissions are frequently entangled with institutional power asymmetries, shaping 
who appears in public evidence, how granularly, and under what interpretive frames.
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Consequently, such asymmetries have direct implications for democratic delibera-
tion: publics cannot contest what they cannot see, and they cannot evaluate a policy 
domain whose evidentiary landscape is structurally incomplete. Thus, epistemic 
inequality emerges not only from differential literacy but also from differences in 
whose realities become legible within public data systems. In the public sector, these 
blind spots can yield governance decisions that appear rigorously evidence-based 
but in fact rely on partial or selective representations of social reality. 

Beyond issues of literacy and misinterpretation, an additional challenge stems 
from the cognitive effort required to make sense of complex information. Cogni-
tive load theory distinguishes between intrinsic load, which arises from the inherent 
complexity of the material; extraneous load, produced by the way information is 
presented; and germane load, the mental effort devoted to constructing meaningful 
understanding (Sweller 1988; Sweller et al. 1998). Public-sector datasets often 
exhibit high intrinsic load due to their abstraction, multidimensional structure, and 
uncertain or heterogeneous variables. When visualisations are difficult to parse or 
require extensive searching and comparison, extraneous load increases, leaving fewer 
cognitive resources available for sensemaking. In deliberative settings, where audi-
ences may vary widely in their familiarity with data or statistical conventions, these 
combined elements can hinder comprehension and reinforce epistemic asymmetries. 
Recognising how different forms of cognitive load operate provides a foundation for 
understanding why certain representational strategies—such as data narratives— 
are needed to support more accessible interpretation and consequently empower 
participation. 

1.3 Integrated Approaches for Supporting Understanding 

Narrative approaches to data understandability offer one response to these challenges. 
They combine visual, textual, and interpretive cues that guide audiences through 
complexity rather than overwhelm them. Narrative devices such as annotations, 
contextual framing, and stepwise sequencing have been shown to reduce cognitive 
load and support comprehension, particularly among low-literacy audiences (Amini 
et al. 2015; Segel and Heer 2010; Shao et al. 2024). Formats such as scrollytelling, 
data stories, or structured visual pathways (Mörth et al. 2023; Schneiders 2020) help 
highlight causality, show uncertainty, and connect abstract indicators to real-world 
conditions (Bach et al. 2018; Tong et al. 2018). Moreover, Shao et al. (2024) notes 
that the most effective narrative visualisations do not simply ‘tell a story’ but provide 
adaptive interpretive scaffolds: for example, automated highlights, dynamic transi-
tions, or contextual call-outs that help viewers situate individual data points within 
broader patterns. These design features support sensemaking by offering just-in-time 
cues that reduce the cognitive effort required to interpret complex displays—particu-
larly in interactive or multilayered dashboards. In civic contexts, such narrative visu-
alisations can strengthen personal reflection, emotional resonance, and perceived 
relevance—key components of meaningful public engagement (Claes and Vande
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Moere 2017). Similarly, work in political theory and deliberative democracy high-
lights storytelling as a core mechanism through which people make sense of complex 
public issues, negotiate meaning across diverse arenas, and ultimately articulate argu-
ments (Boswell 2013; Bruner 1991). Recent work on AI-powered narrative building 
for digital governance further shows how algorithmic support—through Natural 
Language Processing (NLP) and expert knowledge elicitation—can scaffold public 
understanding and participation around complex decisions (Marmolejo-Ramos et al. 
2022). At the same time, recent empirical work reports mixed results on whether 
data storytelling elements consistently improve memory, empathy, or insight detec-
tion compared to conventional visualisations, suggesting that narrative features must 
be carefully designed and empirically tested rather than assumed to be uniformly 
beneficial (Shao et al. 2024). 

Yet, neither visualisation nor narrative, when used in isolation, is sufficient to 
ensure meaningful understanding. As visualisation research has evolved, interac-
tivity has emerged as a central dimension of public-sector data communication. 
Advancing traditional approaches that framed interactivity primarily as a tool for 
analytical exploration, current works reframe it as a site of shared agency, where inter-
pretive authority is negotiated between authors and audiences (Dimara and Stasko 
2022;  Morini  et  a  l. 2025). From a deliberative-democracy perspective, this implies a 
relevant shift: author-driven narratives orient users toward salient aspects of a policy 
issue, but exploratory features empower them to interrogate data, challenge institu-
tional framings, and bring situated experiences into the interpretive process. Critical 
interactivity—bridging narration and exploration—thus enables multiple ways of 
knowing and aligns with democratic ideals of pluralism, contestation, and epistemic 
inclusion. 

Advancing in the discourse, ethically robust data narratives require transparency 
about data sources (Chap. “Data Ethics”), methodological choices, and limita-
tions, alongside attention to equity, accessibility, and representation. Nevertheless, 
historical work in public administration emphasises that transparency is not only 
about access to information but also about its comprehensibility, contextualisa-
tion, and explorability (Magnini et al. 2000). Participatory design approaches— 
engaging citizens, civil servants, and affected groups in shaping narrative structures 
or visual framing—can help mitigate risks by incorporating multiple perspectives 
and knowledge forms (Dove and Jones 2012). 

1.4 Data Narratives as Epistemic Infrastructures 

Within deliberative democracy, data narratives function as epistemic infrastructures: 
they shape how issues are problematised, which options seem viable, and how citi-
zens reason together. Effective narrative visualisations can broaden deliberation by 
making complex evidence accessible, enabling participants to grasp causal mech-
anisms, evaluate policy trade-offs, and articulate informed arguments. They also 
strengthen institutional trust by revealing how decisions are grounded in evidence.
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Conversely, when narratives present a single interpretive path or closely follow 
institutional logics, they risk narrowing public debate and excluding experiential or 
minority knowledge. Critical interactivity offers a counterbalance, allowing users to 
navigate flexibly between guided stories and open-ended exploration, thus supporting 
co-interpretation and richer collective sense-making. 

Table 1 synthesises the principles emerging from the scientific debate. They 
operate as foundations for democratic and inclusive public-sector data storytelling 
and prepare the ground for how AI techniques can further enhance understandability 
in complex, pluralist, data-rich decision-making environments.

2 The Role of AI in Enhancing Understandability 

Given the scenario outlined so far, it is clear that with public-sector decisions increas-
ingly relying on algorithmic systems—from policy analytics to deliberative plat-
forms—the question is no longer only whether AI can analyse, classify, or predict, 
but whether it can help people understand complex information in ways that are demo-
cratically meaningful. In deliberative settings, explainability is inseparable from epis-
temic accessibility: which publics can understand AI-generated insights, interrogate 
them, or integrate them into collective reasoning? This raises a critical gap between 
how Explainable Artificial Intelligence (XAI) (Holzinger 2018; Humer et al. 2024) 
conceptualises explanation and what democratic contexts actually need. 

2.1 The Dominant Paradigm of XAI: Introspection Over 
Interpretation 

As AI becomes increasingly embedded in public-sector analytics, decision-support 
systems, and civic technologies, the question of understandability extends beyond 
visualisation to the interpretive layers that machine-generated insights require. A 
large portion of the research addressing this challenge comes from XAI, which aims 
at making aspects of an AI system more understandable and interpretable for its 
intended users. Importantly, though, explanations in this field are conceptualised not 
as narrative clarifications in the everyday sense but as outputs of a computational 
system aimed at increasing understandability, appropriateness, and exploitability of 
AI-generated suggestions and outputs. 

Much of the technical XAI literature—summarised in Altukhi et al. (2025) and 
Kalasampath et al. (2025) and systematised in the manifesto by Longo et al. (2024)— 
frames indeed explainability as the production of clarifying outputs about model 
behaviour: feature-importance plots, rule extraction, local counterfactuals, or visu-
alisations of internal model states. The focus is thus on model-centred explanation, 
presenting it as the main response to the opacity of algorithmic systems—visualising



62 I. Mariani et al.

Table 1 Principles for democratic and understandable data narratives for public-sector uses 

Principle How it is discussed in 
the literature 

Key references Relevance for 
democracy & 
deliberation 

Clarity & 
accessibility 

Visualisations must 
account for 
heterogeneous levels of 
data and visualisation 
literacy. Cognitive load, 
perceptual constraints, 
and misinterpretation 
risks are persistent 
challenges. Narrative 
scaffolds and intuitive 
designs support 
comprehension and 
recall 

Börner et al. (2016), 
Maltese et al. (2015), 
Firat et al. (2022), 
Shao et al. (2024), 
Amini  et  al  . (2015) 

Ensures that all 
participants—not only 
technically skilled 
individuals—can 
meaningfully engage 
with evidence. 
Reduces epistemic 
inequality and supports 
inclusive deliberation 
by enabling broad 
comprehension of 
policy-relevant 
information 

Transparency & 
reflexivity about data 
sources and 
omissions 

Data embodies 
institutional decisions 
about categories, 
granularity, and 
inclusion. Omissions 
(‘dark data’) and 
selective simplifications 
(‘datawash’) reproduce 
power asymmetries and 
institutional biases if left 
unexamined 

Boehnert (2015, 
2016), Magnini et al. 
(2000) 

Makes visible the 
institutional choices 
embedded in datasets. 
Strengthens 
accountability and 
public trust by 
revealing uncertainty, 
limits, and 
methodological 
assumptions critical 
for democratic scrutiny 

Plurality & 
contestability of 
interpretations 

Narrative visualisations 
can both guide 
interpretation and limit 
it. Research emphasises 
the need to present 
multiple perspectives, 
alternative scenarios, 
and uncertainty to avoid 
overly linear or 
persuasive storytelling. 
Interactivity helps open 
interpretive pathways 

Tong et al. (2018), 
Dörk et al. (2013) 

Allows citizens to 
question 
interpretations, 
compare perspectives, 
and surface lived 
experiences. Supports 
pluralism and 
contestation—core 
conditions of 
deliberative democracy

(continued)
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Table 1 (continued)

Principle How it is discussed in
the literature

Key references Relevance for
democracy &
deliberation

Alignment with 
deliberative 
processes 

Visualisations shape the 
epistemic environment 
of public discourse, 
influencing how issues 
are framed and what 
solutions appear viable. 
Data narratives affect 
sense-making, 
argumentation, and 
reasoning 

Boswell et al. 
(2019), Elstub and 
Escobar (2019), 
Vromen (2017) 

Ensures that 
visualisations 
enable—not 
constrain—reasoning, 
dialogue, and 
collective judgment. 
Makes complex 
evidence usable within 
forums, assemblies, or 
participatory processes 

Shared agency 
through critical 
interactivity 

Interactivity is 
understood not only as a 
technical feature but as a 
negotiation of authority 
between designers and 
users. Critical 
interactivity bridges 
author-driven narration 
and user-driven 
exploration, allowing 
audiences to construct 
their own interpretive 
pathways 

Morini et al. (2025), 
Dimara and Stasko 
(2022), Shneiderman 
(2003) 

Empowers citizens to 
interrogate data, 
challenge institutional 
framings, and engage 
with evidence on their 
own terms. Supports 
co-interpretation and 
richer collective 
sense-making—central 
to democratic 
deliberation

feature importance, surfacing decision rules, or exposing internal model states. These 
are valuable for debugging and auditing, yet they are designed primarily for experts. 
This attitude is confirmed by the well-known AI4VIS survey on AI approaches for 
data visualisation (Wu et al. 2022) which reports state-of-the-art visual analytics 
pipelines overwhelmingly relying on introspection-oriented techniques that presup-
pose advanced statistical or ML literacy—thresholds that most citizens and many 
policymakers cannot reasonably meet. 

A core limitation of this paradigm lies in the technical nature of contemporary 
AI systems themselves. Modern ML models—especially deep neural networks and 
LLMs—are frequently described as ‘black boxes’, as their internal representations 
and decision pathways cannot be directly inspected or intuitively traced (Burrell 
2016; von Eschenbach 2021). These architectures operate through high-dimensional, 
multi-layered transformations that remain opaque even to experts. Importantly, this 
opacity tends to increase as models become more accurate: state of the art systems 
often achieve high performance precisely because they exploit patterns and inter-
actions too complex for humans to interpret, reflecting structural tension between 
predictive accuracy and explainability (Lipton 2018; Rudin 2019). In response, XAI 
research has developed a wide array of methods to provide insights or explanations,
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they fall mainly into two categories: transparency and post-hoc interpretation. Trans-
parent or interpretable-by-design models make their internal logic accessible: their 
structure, features and decision rules can be examined and understood without auxil-
iary methods (Murdoch et al. 2019; Rudin 2019). Examples include decision trees, 
sparse linear models, rule-based systems, or generalized additive models. By contrast 
post-hoc interpretations are explanatory artefacts generated after an opaque, black-
box model has produced an output. Techniques such as saliency maps, counterfac-
tuals, feature attribution, LIME or SHAP do not reveal how the model works; rather 
they provide approximations or simplified narratives around its behaviour (Doshi-
Velez and Kim 2017; Gilpin et al. 2019; Lipton 2018). While post-hoc explanations 
can be useful for sense-making, they remain exposed to risks of incompleteness, 
instability, or even contradiction, offering only a partial or potentially misleading 
picture of the underlying mechanisms (Jacovi et al. 2021). 

As a matter of fact, much of the existing work focuses on model-centred 
transparency—exposing internal parameters, feature importance scores, or decision 
rules—rather than supporting the broader interpretive, contextual, and deliberative 
work that enables people to make sense of public problems. Growing empirical 
evidence also shows that more explanation does not necessarily mean more under-
standing, nor improve human decision-making: explanations can mislead as much as 
they clarify (Cabitza et al. 2024). Recent studies are highlighting how users frequently 
over-trust systems simply because their internal logic appears intelligible and trans-
parent—a dynamic that takes the name of white-box paradox—regardless of whether 
its explanation is correct or reflects actual model reliability (Bansal et al. 2021). 
Cabitza et al. (2024) introduce the concept of XAI Halo Effect, where persuasive but 
flawed explanations degrade human judgment even if the AI advice is correct—as to 
say that users are influenced by AI-generated misleading explanations to the point 
that they not verify the correctness of the output. These findings challenge the persis-
tent assumption across XAI research—also widespread in public-sector AI deploy-
ment—that transparency automatically improves hybrid human–AI decision-making 
by fostering better understanding, trust, or decision quality. 

Such work points to a crucial conclusion: current forms of explanation typically 
offered in XAI research often fall short of the needs of democratic governance. Across 
technical and design literature, the current debate shows indeed a tension between 
what explainability is assumed to mean in AI research and what understandability 
requires in democratic contexts. The priority is indeed not understanding the machine, 
but understanding the issue to which the machine is applied—its uncertainties, trade-
offs, and value implications.
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2.2 AI as a Facilitator: Narrative, Contextual, 
and Value-Sensitive Reasoning 

Alongside this AI-centred work, a second strand of research—emerging primarily 
from AI for data visualisation (AI4VIS area) and visible across visual analytics, 
civic tech, and natural language processing—focuses not on explaining models, but 
on improving users’ ability to understand the data itself. It more specifically looks 
into how AI can support sensemaking by helping users navigate complex data envi-
ronments, identify salient patterns, or structure narrative (Wu et al. 2022) show that 
ML techniques are used to detect trends, rank alternative encodings, or propose data 
transformations, thereby assisting users in identifying patterns they might otherwise 
miss. As previously discussed, part of the discussion concerns how AI can structure 
narrative visualisations by selecting representative frames, sequencing content, and 
orchestrating transitions (Tong et al. 2018). Adding to this, there is the discourse on 
how adaptive systems can generate semantic hints, contextual call-outs, and auto-
mated highlights that reduce cognitive load and scaffold user interpretation in dash-
boards (Shao et al. 2024). These functions do not ‘explain the model’, they provide 
‘soft guidance’ in interactive dashboards, providing adaptive annotations, highlights, 
or semantic hints that reduce cognitive load and guide user attention. As such they 
support interpretive work by helping and empowering users navigate complexity 
with greater clarity, thus contributing to value-sensitive interpretation. 

The narrative-building literature complements this view (Bach et al. 2018;  Li  et  a  l.
2025;  Wu  et  a  l. 2022). Although still limited, existing examples show how NLP tech-
niques can support public engagement by structuring bottom-up concept clusters, 
identifying shared values, or revealing latent disagreement—effectively operating 
as amplifiers of deliberative narrative processes (Anastasiou and De Liddo 2023; 
Marmolejo-Ramos et al. 2022; Yeo et al. 2024). Techniques such as semantic clus-
tering, sentiment analysis, and expert-knowledge elicitation demonstrate how AI can 
surface discursive patterns that help publics grasp the broader argumentative land-
scape. In these cases, AI-generated summaries or clusters can foreground dispari-
ties, structural conditions, or areas of uncertainty, making otherwise invisible social 
patterns more visible for public reasoning. 

Nonetheless, these AI-assisted approaches face structural limits. AI models often 
rely on internal representations designed for machines rather than people, making 
their outputs difficult for non-experts to interpret (Wu et al. 2022). Deep-learning 
systems encode information in abstract numerical forms that do not map onto human 
concepts (Bengio et al. 2013). As a result, AI-generated insights may appear precise 
yet remain cognitively opaque, limiting their usefulness in democratic decision-
making; attempts to visualise these internal representations (Olah et al. 2017) still 
result in outputs that are unintelligible to most users. 

For democratic contexts, this has major implications. If AI systems generate 
insights based on internal structures that even domain experts struggle to interpret, 
public-sector users—policymakers, civil servants, and citizens—face unavoidable 
barriers in assessing the trustworthiness and accountability of results. Moreover,
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as Boehnert (2016) observes, model-generated summaries risk reproducing forms 
of digital positivism: clean, numerical renderings that obscure underlying political, 
social, or structural determinants. The gap between machine-friendly and human-
friendly representations therefore highlights a fundamental challenge: AI is powerful 
at detecting patterns, but remains limited in supporting the explanatory, contextual, 
and value-laden reasoning necessary for democratic decision-making. 

For these reasons, scholars caution that additional interpretive layers—such as 
narrative framing, contextual cues, or interactive sensemaking tools—are essential 
to prevent AI from producing results that appear precise and authoritative while 
remaining opaque and disconnected from how people actually think, reason, and 
deliberate about public issues. 

Taken together, these strands indicate that AI can meaningfully assist understand-
ability, but only when explanation is conceived as a support for critical engage-
ment—grounded in understandable data, contextual knowledge, and participatory 
reasoning. 

This opens further questions, which add to the ones opening this chapter, which 
the ORBIS and KT4D cases address in the next sections: How can AI help users navi-
gate complexity without oversteering interpretation? How can explanations reveal 
diversity of perspective and keep their variety rather than smoothing them over? What 
capacities do users need to develop in order to be able to become empowered with 
respect to their technology-mediated interactions? And what forms of interaction 
preserve agency and contestability in AI-assisted democratic processes? 

2.3 Explainability as Democratic Infrastructure: From 
Situation-Aware Explanations to Participatory 
Co-assessment 

Building on these questions, emerging conceptual challenges must be transformed to 
concrete design and evaluation responses that have emerged across recent democracy-
oriented AI initiatives. If explainability is to function as a support for critical engage-
ment rather than as a mechanism of cognitive steering, it must be grounded in contex-
tual awareness, inclusive evaluation, and governance arrangements that preserve 
agency and contestability. This requires moving beyond generic notions of explana-
tion toward approaches that recognize the situated nature of understanding and the 
diversity of stakeholders involved in democratic processes. In this context, explain-
ability should be examined both as a technical property of AI systems and as a 
democratic infrastructure that enables users to interrogate, contest, and meaning-
fully engage with algorithmic outputs. This subsection explores how situation-aware 
explanation strategies, combined with participatory co-assessment practices, can 
respond to the challenges outlined above by aligning explanation quality with users’
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contexts, capacities, and values. In doing so, it illustrates how explainability, inclu-
siveness, and accountability can be jointly operationalized to support empowerment 
and pluralism in AI-assisted democratic settings. 

For example, one of the key results introduced in the context of the AI4GOV 
project is the Situation Aware eXplainability (SAX). At its heart is the perception that 
explainability promotes trust and adoption of automation technology. SAX focuses 
on tailoring explanations to specific contexts of use, recognizing that the same expla-
nation can be perceived differently depending on situational factors such as the task, 
stakeholder background, or decision stakes. To efficiently evaluate the quality of 
explanations generated by a Large Language Model (LLM), the project developed 
a set of scale metrics based on multiple measurement dimensions. Currently, no 
universally accepted framework or metrics exist for evaluating perceived explana-
tions. The literature lacks consensus on what constitutes an effective explanation, 
which properties make explanations understandable, and how these qualities can 
be systematically measured (Carvalho et al. 2019; Elkhawaga et al. 2023; Markus 
et al. 2021; Naveed et al. 2024; Sokol and Flach 2020; Vilone and Longo 2021; 
Zhou et al. 2021). This gap was addressed by focusing on the intrinsic qualities 
and content of explanations, rather than their hedonic or interaction-based aspects. 
While some attitude-related factors were considered, these were treated as moder-
ating variables influencing users’ perceptions of explanation quality rather than 
direct determinants. Following standard practices (Kulesza et al. 2013; Markus 
et al. 2021), the project conducted a user study employing a tailored evaluation 
scale adapted from existing explainability frameworks. Common dimensions from 
the literature were first reviewed and then refined to fit this context. Fidelity and 
interpretability were adopted as two primary latent constructs, each encompassing 
measurable sub-dimensions. Fidelity included completeness, soundness, and caus-
ability, while interpretability comprised clarity, compactness, and comprehensibility. 
Causability reflects the correctness of the model’s internal reasoning and aligns 
with fidelity, whereas comprehensibility captures the user’s ability to understand 
the explanation, linking to interpretability. Furthermore, interpretability ensures that 
automated recommendations can be contested and debated, which is an essential 
feature in democratic processes that value plurality and disagreement as productive 
forces rather than as errors to be minimized. At the same time, inclusiveness and 
equity should be preserved to ensure that AI systems support diversity and prevent 
the reproduction of social inequalities through their design. Algorithms must be 
developed and trained on representative datasets, avoiding biases that silence or 
mischaracterize certain social groups. Inclusiveness also extends to participatory 
design, where different stakeholders, such as citizens, policymakers, experts, jour-
nalists, and marginalized communities, are involved in shaping system objectives 
and evaluation criteria. This participatory inclusiveness transforms AI from a top-
down instrument of automation into a collaborative infrastructure for democratic co-
creation. Finally, governance and accountability mechanisms are crucial for defining 
responsibility and oversight when automated systems influence public discourse or 
policymaking. Clear governance structures should delineate who is accountable for 
data quality, model design, and the consequences of algorithmic decisions. Ethical
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review boards, algorithmic audit trails, and legal safeguards contribute to a gover-
nance ecosystem that ensures AI tools remain subordinate to democratic control and 
human judgment. 

Aligned with these values, a major lesson that derived from the abovemen-
tioned projects is the role of co-assessment. Unlike typical top-down evaluations, 
co-assessment should involve policymakers, technologists, data scientists, citizens, 
and other stakeholders that collaboratively assess system performance and align-
ment with expectations and fundamental human values and rights. Although the 
organisation of such an assessment framework will inevitably require more time 
and effort to organise, observing the operation of a democracy-facing system from 
multiple perspectives is the only way to deliver a true assessment of their function. 
The manner in which such a framework might be delivered can be seen in the KT4D 
programme of Use Cases (see full report on these at Edmond et al. 2024), which 
followed a matrix approach so as to be able to assemble a variety of perspectives 
and modes of feedback at different points in the project’s development. The four 
Use Cases were designed to represent three different perspectives on technology 
design and deployment: regulators and policymakers, citizen end users, and tech-
nology designers and builders. Each Use Case also represented a different cultural 
milieu, with the policy lens being featured in Brussels, the technology development 
lens in Dublin, and the citizen lens in two cities representing very different linguistic, 
cultural and political contexts, Madrid and Warsaw. As a final characteristic of this 
framework, the project’s interactions with these communities were designed to grow 
and develop over time, starting with a participatory design phase, moving through 
a lab phase, and ending with activities to validate the project’s final results. This 
structure ensured that the project was able to always assess its progress not just from 
a single user perspective or moment in time, but to triangulate between value-sets in 
a continuous and agile manner. 

3 Building Critical Digital Literacy Through Culture 
and Agentic Play. Addressing Gaps in Empowerment 
and Knowledge in KT4D 

Democracy is ultimately about people, even when technology plays a role in medi-
ating their interactions. Too often, however, technology users are held responsible 
for their actions in contexts where they have neither the sense of empowerment nor 
the depth of knowledge they would require in order to act in an informed manner, 
fully in line with the best representation of their range of individual and relational 
values. If they are to be widely adopted, technology tools and platforms should be 
simple to use, but simplifications in user interface or in the presentation of results can 
often obscure important design decisions and hamper responsible, holistically self-
interested, technology use. From this underlying tension between transparency and 
simplicity rises a fraught venue for potentially competing interests, namely between
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the developers of technology and their users. This friction seems to be quite deeply 
rooted: already in the 1960s, work by Cannon and Perry indicated that computer 
programmers ‘… don’t like people—they dislike activities involving close personal 
interaction; they generally are more interested in things than in people’ (Cannon and 
Perry 1966, p. 63). One might like to believe that the growth of computer science as 
a discipline and software development as a sector of the economy might have shifted 
this positioning, but more recent work, such as Birhane et al.’s study of justificatory 
and value-focussed language in machine learning research (Birhane et al. 2022), 
indicates that the interest in things over people endures among those who build the 
digital platforms that frame our cultural participation. 

This is not to say that considerations of the ethics of computer science have not 
evolved, but rather that ethics still have a tendency to be seen as an addition to 
software platform design, rather than an intrinsic part of it. This may in part be 
due to a clash in epistemic cultures, with engineering requiring clarity and preci-
sion, and ethics often coming into its own only in those grey areas where there is 
seldom clear right and wrong. Similarly, ethics, having its origins in the traditions of 
philosophy, tends to enact its findings in description and discussion, while computer 
science expresses itself more through code and the data processing results that code 
can deliver. According to the results of the KT4D participatory design session with 
software designers and design managers (Edmond et al. 2024, pp. 55–68), ethical 
software development is considered to be very important, but how and at what stage 
in the development process to introduce it remains open to question (confirming the 
findings of (confirming the findings of Ayling and Chapman 2022). While many 
checklists and assessment tools are available, these are generally viewed negatively, 
as they are often not well known, too generalised, not well-tested, not integrated in 
software design platforms, and/or not well enough aligned to the complexities of real 
world situations. 

The software developers attending the KT4D-sponsored session were also sensi-
tive to the different forms that ethical software might take, and the different perspec-
tives that could shape ethical behaviour. In particular, while the group did feel they 
had been given some exposure to issues of intersectional identity, and biases arising 
from factors such as gender and race, they did not necessarily feel they were prepared 
to address questions of cultural variation and identities, and issues of the local versus 
the global. In spite of posing significant challenges, these issues tended to end up 
being ignored as a result of being deemed too complex to deal with in any systematic 
manner. 

This view into the context in which software is developed raises a number of 
discrete issues in terms of how tensions between democracy and advanced technolo-
gies might be eased. These are particularly relevant to addressing two interrelated 
barriers—the gap of empowerment and the gap in knowledge—to the creation of 
democracy-facing technologies that are transparent and meaningful. To bridge these 
gaps requires not just a shift in product safety regulation, but a more fundamental 
progression in how we view the critical skills people bring with them into their 
interactions with technology products and decisions regarding their adoption.
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Turning first to the gap in empowerment, and indeed to the stickiest type of 
ethical problem identified in the KT4D design session, we find that the complexity 
of culture positions it to serve a dual role of both protector of such forces as iden-
tity and community (which in turn may serve as protective of democracy), and of a 
source of complexity and frustration to those who might want to build systems to 
enhance civic participation. Neither of these two forces is particularly straightforward 
to address. In his review of perspectives on the intersection of culture and democ-
racy, Inglehart et al. (1998, p. 80) recognises that ‘cultural traditions are remarkably 
enduring and shape the political and economic behaviour of societies,’ but demon-
strates a remarkably narrow view of culture as found in many of the works he surveys, 
some of which oversimplify at the macro level, e.g. by dividing the world up into 
a small number of religion-driven macro-cultures (e.g. Huntington 1996), or at the 
micro-level, by considering only certain narrow aspects of culture, such as values 
related to survival versus self-expression (Ingelhardt’s own take). Culture, however, 
resists such reductions, with values, narratives, practices, languages, beliefs, artistic 
expression, etc. all remaining staunchly entangled, and individuals drawing often 
from multiple culturally embedded positions in the formation of their identities. 
It is these culturally informed positions that ultimately inspire tolerances for trust, 
community ties, discursive preferences, and other such matters that precondition the 
individual and the collective toward or against civic and democratic participation, 
including the all- important layer of trust in governments, regulatory institutions, 
their representatives and their instruments. When technology seeks to mediate these 
relationships and interactions in a seamless, frictionless fashion, the protective, lubri-
cating, agency-supporting functions of culture can in fact be damaged, rather than 
strengthened. 

Seen as such, culture can be a force for diversity and fragmentation in a pluralistic 
society, but also one for empowerment and agency, as it maintains the link between 
communal decision-making and individual values and sensemaking practices. The 
received design principles for software interfaces and data handling structures opti-
mise for scale, and as such tend either to hide embedded cultural biases or purport 
to be culturally neutral, a supposed strength that ultimately manifests as a weak-
ness. Does it matter to your sense of agency in the context of civic participation 
if an interface is available in your mother tongue, or if you can navigate it only 
through a politically acceptable vehicular? Does it matter if you happen to belong 
to a demographic (migrant, disadvantaged, etc.) that is less likely to be comfortable 
with technological tools in general? Does it matter how the design of any platform 
uses colors, symbols or layout, or presents issues such as consent or data use (which 
may be read neutrally or as threatening, depending on your experiences with elites 
and power structures)? The answer in each of these cases is of course that yes, 
these things might make a difference, but the culture of software development tends 
to dismiss these subtleties in the effort to create tools that can be deployed at scale, 
often by international companies spanning numerous cultural spaces, but maintaining 
a surprisingly homogenous corporate culture (largely young, largely male, open to 
risk, etc.).
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Is there a mechanism that can allay this tension between the local and global, 
between culture and scale? It is often the individual user who is expected to be able 
to make the right choices for themself, in spite of having potentially limited access to 
understanding of how a platform may have been designed (or function), or indeed to 
the conditions for its use as they are described in the inevitable lengthy—and seldom 
read—terms of service the user is required to sign. This situation described the gaps 
in knowledge that might frame citizen technology interactions, which one might also 
characterise as gaps in digital literacy. There are many theories and approaches to 
education for digital literacy, but these tend to focus on the acquisition of applied 
technology skills, and do not necessarily prepare individuals to think critically and in 
a specific use context about the impact of their adoption of knowledge technologies. It 
is not (or is not just) technical literacy that is required, however. There is an equally 
crowded field of approaches related to how education can build the capabilities 
needed for democratic societies (such as Riddle and Apple 2019). This noisy space 
also encompasses the inherent moral hazard that by providing education to citizens, 
they can then be considered fully competent to manage the risks they face (even 
when they are being actively manipulated in ways that undermine their ability to use 
what knowledge they have, or when there is a mismatch between that knowledge and 
the challenges they face). To mitigate against this risk, the work of the KT4D project 
focuses on the capabilities of ‘critical digital literacy’ (CDL), that is the skills needed 
to assess whether a digital tool is likely to be exploitative, harmful, or out of step 
with the user’s values and culture, and whether it is fit for the purpose of fostering 
democracy, if that is what it is being presented as capable of doing. This work was 
modelled conceptually on examples like the Finnish MOOC on AI (elementsofai. 
com), but keeping more of a focus on allowing individuals to untangle social drivers 
and business models from technological affordances, and feel empowered to exercise 
restraint where their values and rights might not align with those enacted or implicit 
in a given deployment. 

In this context, it is useful to draw on the wider traditions of multiliteracies, 
which argue that literacy should be understood not simply as a set of technical or 
skills but as a socially situated cultural practice (Buckingham 2007). This body of 
work highlights how literacy is constructed through social contexts in which texts 
are produced, circulated and interpreted, and that its meanings vary across cultural 
settings. This perspective broadens formulations of digital literacy that focus on 
evaluating or using information, and positions literacy as a meaning-making practice 
that involves critical reflection. In this sense, being ‘literate’ involves recognising 
how media create particular values and power relations, and understanding one’s 
own position within these structures. These ideas support a conceptual grounding 
for CDL that emphasises cultural context, agency, and critical engagement. 

In order to provide a solid and workable definition of ‘critical digital literacy’, 
we need to focus separately on the three different concepts making up the definition 
(critical, digital, and literacy) and ask ourselves what they mean in the context of 
civic and democratic participation. First, we understand the ability to be ‘critical’ as 
necessary for democracy. Indeed, our claim is that people’s need to understand and 
question knowledge technologies, thereby developing a sense of agency over them, is

https://www.elementsofai.com/
https://www.elementsofai.com/
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not only a prerequisite for democratic engagement, but rather indistinguishable from 
it. Researchers have identified a wide range of approaches to describing this essential 
component of critical digital literacy, such as, for example, the ability to use media 
‘to analyse, critique, and transform the norms, rule systems, and practices governing 
the social fields of institutions and everyday life’ (Luke 2014, p. 20). Regarding 
this notion, there is indeed a general emphasis on gaining self-awareness of one’s 
position in the world, and the way in which it has been historically constructed, 
and situated within specific power relations (White and Cooper 2015, p. 22). In this 
way, criticality can be seen as a central strategy by which to foster one of what 
Bartlett (2018) identifies as the ‘six key pillars that make democracy work’ and that 
that technology tends to disrupt, namely the need for active citizens who are alert, 
independent minded and able to make moral judgements. 

The second qualifier ‘digital’, it is more easily definable, as it refers to the kind of 
knowledge technologies on which the KT4D project focuses, which are AI and big 
data. Additionally, we believe that AI and big data need to be understood as more than 
epiphenomena, but rather as essential to civic participation, because of their status as 
material tools and semiotic frameworks through which people exercise their demo-
cratic power. Finally, ‘literacy’ in the context of the aims of the KT4D project needs 
to be understood as implying individual and collective agency (autonomy), empow-
erment, and identity building, and not simply critical awareness and comprehension 
skills. 

Whether the digital literacy in question concerns media, data, or artificial intelli-
gence, for instance, a critical component lies at the core of each one. This compo-
nent transcends the level of mere awareness, however, aiming instead to contribute 
to autonomy as a second and complementary objective of critical literacy. As Buck-
ingham (2003), quoted in Pangrazio (2016, p. 165) maintains that ‘the goal of critical 
literacy is ‘not simply critical awareness and understanding, it is critical autonomy’ 
(p. 107). In this approach, critical analysis provides opportunities for ‘identity work’ 
(p. 109) in which a variety of social identities can be experimented with.’ This high-
lights the link between literacy and identity which is also at the core of our definition 
of ‘knowledge technologies’ expressed with Fig. 1. 

As Pangrazio (2016) describes it, CDL can enable a ‘dispassionate, critical dispo-
sition’ and a ‘more nuanced understanding of power and ideology within the digital 
medium.’ As such CDL can assist the individual to reconfigure their decision-making 
with regards to technology use from a mere consumerist consideration of value for

Fig. 1 Knowledge technologies and their impact on identity development 
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money to an ‘examination of the complex interplay of information processing, soft-
ware dynamics, linguistic processes, and cultural practices that are at work within 
these digital platforms’ (Pangrazio 2016, p. 12). CDL has the capability to render 
individuals better able to make informed choices about what technologies they adopt, 
which they reject, and (perhaps most importantly) what information they require to 
make this decision. Knowing that this is the desired end state for users, and achieving 
it, are two very different challenges, however. 

Toward this second purpose, the KT4D project adopted the paradigm of agentic 
play (Edmond et al. 2024) as an optimal avenue to the goal of fostering CDL. Games, 
and play in general, encourage a state of receptivity to new information and active 
problem solving, a counterbalance to the state of passivity so often encouraged by 
the frictionless opacity of technology platforms. This engagement might in and of 
itself be seen as a force for the enhancement of agency, but within KT4D, we remain 
also mindful of perspectives that position agency as a collective quality (Chia and 
Ruffino 2022; Harrell and Zhu 2009; Keogh 2018). This is important, given the 
quintessential nature of democracy as an endeavor position to enhance collective 
benefit, and drawing from collective experiences of sensemaking. Sensemaking is 
not just a collective, however, but a narrative practice (Edmond, forthcoming). In 
spite of the many perspectives positioning the narrative aspects of interactive games 
as in tension with their ludic nature, we were also able to draw on the concept of 
‘narrative agency’ defined as the ‘ability to position ourselves in relation to implicit 
narratives that steer our actions, self-understandings, and orientation to the future’, 
and to ‘practice agential choice over which narratives we use and how we narrate our 
lives, relationships, and the world around us’ (Meretoja 2023, p. 296). The concept 
of narrative agency was first developed within the field of narrative studies, and later 
entered the discussion on narrative interactive games because it offers a solution to 
the ‘overly simplified understanding of agency […] as free will of players’ (Harrell 
and Zhu 2009, p. 44). 

The concept of narrative agency applied to the design of serious games offered 
us two things. First, it defines sensemaking as a narrative practice rooted in culture. 
This is in line with our understanding of culture as the filter through which people 
adopt, reject, and make sense of technologies, AI included. With our gamified tools 
we aimed to encourage users to question the cultural values and assumptions that 
shape their interactions with AI (in case of citizens) and their design of such tools and 
systems (in case of software developers). The goal is for them to ultimately realise 
the link between culture, technology, and democratic participation. 

Secondly, the concept of narrative agency recognises narrative performance as a 
polyphonic, collective process (Cunliffe and Coupland 2012) involving contrasting 
opinions and points of views. This has to do with the fact that both narrative and 
agency are positional, as they depend on people’s cultural values, personal and 
professional identities, access to knowledge, and more. Through the actioning of 
this conceptual web, KT4D was able to develop instruments for the fostering of 
CDL in a number of audiences with diverse information needs. In particular, we 
focussed on delivering on this vision via three specific avenues toward the enhance-
ment of CDL, targeting three different baseline levels of technological competence
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and confidence, and two different decision-making scenarios. For members of the 
general public with a generally lower baseline level of CDL, we created an open-
ended and forensic experience, encouraging empowerment and agency in the face 
of unfamiliar technologies through a gamified approach. In this escape-room style 
game, players are presented with political scenarios in which technology plays a 
role, and encouraged to imagine what impact a given course of action might have. 
It situates participants within a national leadership scenario, where they navigate 
a series of ten ethical dilemmas involving advanced knowledge technologies and 
governance. This immersive environment encourages players to apply CDL concepts 
while reflecting on the consequences of decision-making for fundamental rights and 
democracy, fostering civic awareness and a sense of empowerment. 

The second set of assets, which are more overtly educational, give a more 
technologically-aware user the opportunity to learn about, and play with, the affor-
dances of a recommender system and a deepfake video. These more technology-, 
rather than scenario-led, assets focus directly on the specific challenges of identifying 
and assessing the role of big data and AI in a knowledge technology by walking users 
through a set of typical interactions and encouraging consideration at each step. The 
deepfake explainer takes users through how AI-generated deepfake content is created, 
how to spot it, and what its broader societal effects might be, encouraging reflection 
on truth, bias, and the ways our emotions shape how we interpret digital media. 
The recommendation algorithms explainer lets participants experience a simulated 
social media feed, showing how their choices influence what content is prioritised 
or filtered, and providing feedback on what this means in real-world contexts. Seen 
together, these tools complement the scenario-based escape-room game, with the 
game focusing on situational and ethical reasoning, while the explainers develop a 
more procedural understanding of specific technologies and their social implications. 
By combining immersive, participatory, and reflective experiences, these assets offer 
a multi-layered approach to Critical Digital Literacy, helping users think critically, 
make informed decisions, and engage with digital platforms in ways that are both 
responsible and attuned to social and ethical considerations. 

Finally, KT4D also produced an interactive digital narrative aimed at software 
developers. Here the goal was to develop a specific kind of CDL, namely an aware-
ness of how technology might operate (and do harm) in a specific cultural envi-
ronment. Our approach is theoretically grounded in what scholars have termed the 
‘third wave of AI ethics’ (Bolte and van Wynsberghe 2025), which transcends tech-
nological solutionism to analyse deeper systemic power structures. By adopting a 
critical digital humanities approach, we challenge developers to perceive their work 
not merely as code, but as complex cultural interventions with profound societal 
implications. Central to the methodological approach is a commitment to three key 
pedagogical and ethical objectives: First, to expose the inherent limitations of algo-
rithmic understanding by creating scenarios that reveal the depth and complexity of 
cultural communication. Second, to challenge simplistic technological solutions by 
presenting participants with nuanced, contextually rich interactive experiences that 
resist reductive interpretations. Third, to provide an immersive learning environment 
that cultivates critical reflection on the social implications of technological design.
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Players are placed in the position of a Red Team that has been hired to determine 
the cause of a social harm experienced by a client—harm which stems from deep-
seated cultural tensions, and which could not be easily attributed to failures by any 
one party in the system design and delivery. This gamified tool is intended to speak 
to programmers working in different contexts and at different levels. To choose a 
specific target—for example, entry level programmers versus senior tech company 
employees with managerial responsibilities—would have meant not just to narrow the 
scope of our resource, but especially to overlook the collective and often conflictual 
negotiations behind AI design. 

Each of these assets can be accessed via the KT4D Toolkit.1 As a suite of materials 
they support not only the specific CDL needs of citizens and professionals, but point 
the way toward a revised vision of how digital skills might be understood, and 
acquired, to the benefit of democratic engagement in the AI age. 

4 A Narrative Approach to Data: XAI and Beyond 
in ORBIS 

The ORBIS project provides an empirical demonstration of the theoretical foun-
dations presented in Sects. 1 and 2—concerning literacy, epistemic inequalities, 
narrative scaffolding, and the limits of traditional XAI—can be translated into 
an operational approach for democratic deliberation. Rather than attempting to 
expose or simplify the internal mechanics of LLMs or deep-learning models, 
ORBIS reframes explainability as a sensemaking challenge, prioritising cognitive 
accessibility, contextual relevance, and participatory interpretability over technical 
transparency. 

This orientation stems from two mutually reinforcing sources. First, gaps iden-
tified in the scientific literature regarding the inadequacy of model-centric XAI 
in public-sector contexts. Second—and more importantly—the practical needs 
expressed by ORBIS stakeholders across its project stages (whose co-creation 
process is detailed in Sect. “Co-creating Innovation in ORBIS”). Scholars high-
light the need for more inclusive, participatory, and socially grounded approaches 
to AI development (Coussement et al. 2024; Siachos and Karacapilidis 2024), 
emphasising that trustworthy AI requires more than technical safeguards. Indeed, it 
demands multidisciplinary perspectives, ethical grounding, and meaningful partici-
pation throughout the design lifecycle (Delgado et al. 2021; Duberry 2022; Wilson 
2022). 

ORBIS approach to data understability lies on a robust methodological founda-
tion which combined early co-creation with communities—ranging from citizens to 
policy practitioners, and civil society organisations—to identify expectations, frus-
trations, and practical needs in digital deliberation; with iterative co-design with 
designers, technologists, argumentation scholars, and policy experts, to align on

1 The toolkit is accessible at: https://kt4democracy.eu/. 

https://kt4democracy.eu/
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how AI should assist, rather than steer, public reasoning. These participatory stages 
shaped a key guiding principle: explainability is meant for empowering users, not 
simply interpreting models. 

In ORBIS this principle is addressed together with fundamental and well-
established insights from critical visualisation scholarship. Dörk et al. (2013) empha-
sise that visualisation should support disclosure, plurality, contingency, and empow-
erment, recognising that visualisations are not neutral communicative devices: they 
mediate meaning through multiple transformations—from world to data, from data 
to image, and from image to interpretation (Gray et al. 2016). Moreover, interac-
tivity plays a crucial role in how users engage with complex information. It governs 
the interplay between persons and data interfaces, shaping how users navigate and 
enact meaning (Dimara and Perin 2020; Dimara and Stasko 2022). Classic principles, 
such as Shneiderman’s (2003) overview first, then zoom and filter, and ultimately 
provide details on demand, still guide the design of effective visual interfaces, while 
recent work highlights how interactivity supports narrative visualisation by allowing 
users to move across story components, explore alternatives, and construct personal 
interpretive paths (Morini et al. 2025). 

4.1 Enhancing Deliberation Data Legibility: Integrating 
Narrative and Visual Explainability 

A fundamental premise requires recalling how deliberative processes generate rich, 
complex contributions: ideas, claims, counterclaims, emotional reactions, branching 
argumentation, contextual examples, and personal experiences. When scaled to 
hundreds or thousands of participants, this data becomes hard to interpret without 
computational support. However, the challenge is not only scale; it concerns hetero-
geneity, ambiguity, diversity, and value-ladenness of contributions. Nevertheless, 
applying algorithmic methods to support data elaboration—topic modelling, clus-
tering, automated summarisation—risks flattening diversity and nuances, up to 
erasing minority perspectives (Boehnert 2015, 2016). 

The conceptual foundations aligned strongly with the needs expressed by ORBIS 
communities. Ranging across different typologies of participants—youth, activists, 
policy facilitators, entrepreneurs, and even vulnerable groups—ORBIS early co-
creation phase provided clear insights about needs. They don’t want technical trans-
parency—namely, how does the model decide?—but rather contextual clarity— 
how do these data relate? What does this theme mean? How does this argument 
influence the debate? Participants wanted tools that help them tackle and under-
stand complexity, recognise patterns, and situate their own contributions—not tools 
that expose the inner mechanics of AI models and LLMs. This directly shaped 
ORBIS’s decision to adopt a Human Centred Explainable AI (HCXAI) (Ehsan et al. 
2022; Ehsan and Riedl 2020; Liao and Varshney 2022), reframing explanation as 
interpretive support rather than model disclosure.
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During preliminary workshops, youth participants, civil servants, and community 
facilitators emphasised requirements which can be summarised as: 

1. No need to understand how AI works, but rather how the AI understands them. 
2. Need for clear cues about how arguments are classified, grouped, or summarised, 

particularly when outputs appear unexpected or contestable. 
3. Need explanations that are graspable and directly tied to their contributions, not 

technical descriptions detached from the deliberation’s content. 

In this setting, and consistently with the conceptual ground established in the 
previous paragraphs, the ORBIS project confronted a recurring problem in AI-
enhanced deliberation: how to make machine-generated insights understandable and 
democratically meaningful for citizens, facilitators, and policymakers. While Sects. 
1 and 2 outlined why visualisation, narrative, context, and explainability matter for 
deliberative settings, ORBIS offers a concrete example of how these theoretical 
principles can be translated into practical design decisions for real-world democratic 
processes. 

From the outset, ORBIS faced a dual challenge. On the one hand, large-scale delib-
eration generates vast, messy, heterogeneous data—free-text arguments, conversa-
tional exchanges, emotional reactions, thematic notes. On the other hand, ORBIS AI-
enhanced modules—especially the Feedback Aggregator (FA) and the Policy Recom-
mendation (PR), and to some extent some experimentation of Argument Mining 
(AM)—are powered by LLMs and deep-learning architectures. These models excel 
at detecting patterns across unstructured discourse, but they produce internal repre-
sentations that are mathematically coherent for machines yet cognitively opaque 
for humans. In other words, model-centred explainability does not translate into 
human-centred understanding. 

In response to this gap, ORBIS adopted a human-centred, narrative-driven, partic-
ipatory approach to explanation. Rather than trying to open the black box of the 
LLMs themselves, the project reframed explainability as a sensemaking problem. 
Consequently, ORBIS positioned AI not as a decision-maker, but as a co-analyst that 
provides structured, explorable visual and narrative aids to understand the delibera-
tive discourse. The aim is not to automate interpretation, but to support participants 
and moderators in interpreting complex deliberation ecosystems, thus enhancing the 
identification of insights and patterns in the discourse. 

A key component of this reframing is shifting transparency away from the internal 
logic of the AI models toward the relationship between human contributions and 
machine-generated structures. Once the goal is no longer to expose how a model 
computes its internal representations, what becomes democratically meaningful is 
the ability to see how participants’ inputs shape the outputs that organise and render 
the deliberation intelligible. 

In ORBIS, this means foregrounding the interpretive pathway from individual 
contributions to thematic clusters, summaries, and relational views, allowing users to 
trace how their arguments, positions, or experiences influence the emerging analytical 
landscape. By making these correspondences visible and explorable, ORBIS provides 
a form of transparency anchored in accountability and user agency: participants can
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understand not why the model works as it does, but how their own voices and those 
of others are reflected, contextualised, and assembled into collective patterns. 

4.2 From Numerical Indices to Narrative Explanations: 
Applying Theory to the AM–EG Pipeline 

The clearest example of this translation from theory to practice is the iterative design 
of the Explanation Generator (EG) for the Argument Mining (AM) component.2 AM 
analyses each user-submitted statement and assigns it (a) an argumentative type— 
Position, Support, or Attack, and (b) a functional label—Premise or Claim. The 
question was how to explain these classifications to participants without reducing 
them to automation outputs. 

1. The initial approach: Raw feature attribution, unusable for participants. 
At the beginning, the AM provided typical XAI-style numerical attributions. 
specifically, one value per word, ranging from 0 to +1, indicating how much 
each term contributed to the model’s decision. Although this is the canonical 
approach known in the XAI literature as saliency maps (Lipton 2018), ORBIS 
testing confirmed what cognitive studies have long shown: numeric introspec-
tion is neither informative nor empowering for non-expert users. Participants 
were confronted with long lists of decimals described as technical noise. No 
amount of colour-coding improved this interpretability—heatmaps added visual 
clutter but no semantic clarity. This confirmed insights from human–AI interac-
tion research showing that users rarely interpret raw XAI outputs as designers 
intend, and may even develop over-trust or misinterpretation (Bansal et al. 2021; 
Cabitza et al. 2024). This consideration made critical design challenges arise, 
requiring to explore further the tension between mechanistic transparency and 
cognitive clarity, particularly regarding the visualisation of the model’s confi-
dence values. While the underlying algorithms assign probabilistic weights to 
distinct textual elements to determine their relevance, visualizing the full spec-
trum of these values—including low-confidence associations—would arguably 
enhance transparency by revealing the model’s granular decision-making process 
and inherent uncertainty. 

However, in the context of complex democratic deliberation, such a dense 
display creates significant visual clutter and extraneous cognitive load, forcing 
users to decode graphical variables rather than engaging with the core arguments.

2 The technical development of Explainable Artificial Intelligence (XAI) within ORBIS was led 
by Elena Cabrio and Sofiane Elguendouze (Université Côte d’Azur) and Serena Villata (National 
Institute for Research in Digital Science and Technology). However, the strategic decision to move 
beyond a purely model-centric approach was shaped through the involvement of Ilaria Mariani and 
Giacomo Garetto (Politecnico di Milano, Department of Design), who contributed expertise on data 
interpretation and information visualisation. The integration of these design-oriented XAI principles 
into the platforms was supported by Lucas Anastasiou (The Open University’s Knowledge Media 
Institute). 
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To mitigate this, the interface employs a strategy of salience thresholding, filtering 
out low-scoring variables to display only those elements where the model exceeds 
a definitive confidence level. This design choice deliberately prioritizes pragmatic 
interpretability over total technical fidelity, increasing the signal-to-noise ratio 
so that participants can efficiently identify key thematic anchors without being 
overwhelmed by the underlying probabilistic noise of the system. 

2. The shift to a threshold-based narrative-based model. The EG has been 
redesigned in its XAI approach, so that attribution values would still be computed 
internally, but only the most meaningful terms—those with a significant contri-
bution to the classification—would be shown to users. This thresholding mecha-
nism reduces cognitive load and filters out numerical noise that would overwhelm 
users. Importantly, thresholds adapt dynamically: for short statements, only one 
or two key terms may be highlighted; for longer or more complex statements, 
the explanation may include longer phrase segments or sentence components. 

3. The final narrative layer: from values to meaning. The filtered attributions 
are then transformed into a short, human-readable narrative explanation, placed 
directly under statements like for example: 

The AI model classified this sentence as a Claim based on the contribution of the terms 
carbon taxes, effective strategies, and reducing greenhouse gas emissions, which directly 
express a stance on the effectiveness of a policy. 

This narrative layer consists of a meaningful solution because it recontextualises 
machine logic into human concepts, ties explanations directly to user-generated 
content, supports interpretive agency rather than passive acceptance, and ulti-
mately shifts explainability from model transparency to discursive sensemaking 
(Miller and Zhang 2024; Yang et al. 2020) (Fig. 2).

4.3 An Integrated Visualisation Design Approach 

The redesign of EG so far described was complemented by a suite of visual-narrative 
tools in BCause, PolisOrbis, and Democratic Reflection. These tools applied the same 
normative principles—clarity, contextualisation, treaceability—but to higher-level 
structures of deliberation. 

BCause is the platform where this intervention is more substantial and most 
systematically articulated, since its architecture provides extensive room for 
advancing and testing visual-narrative approaches. Beyond architecture, its inter-
action model, workflow, and underlying data structures are specifically designed to 
support iterative exploration, multi-level sensemaking, and the integration of narra-
tive and visual cues—making BCause particularly suited for implementing and eval-
uating ORBIS’s explainability strategies. This e-participation platform is designed 
to support one of the core challenges of democratic deliberation: making complex, 
multi-voiced argumentative landscapes intelligible to participants and facilitators.
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Fig. 2 Concept of explanation generator (EG) applied to the argument mining (AM) component 
in BCause

Meaningful participation depends on the ability to recognise how individual contribu-
tions relate to one another—where positions converge, where disagreements cluster, 
which arguments support or challenge others, and how themes evolve over time. 

BCause addresses this need by transforming dispersed, unstructured inputs into 
coherent, inspectable structures that reveal patterns of reasoning, areas of consensus 
and contestation, and the relational dynamics of collective argumentation. Rather 
than simplifying debate, BCause makes its complexity legible, enabling partici-
pants to situate their own voices within the wider discourse and allowing facili-
tators to guide discussion based on a clearer view of the argumentative setting— 
ultimately encouraging more informed, reflexive, and inclusive deliberation. To do 
this, it handles free-text deliberation contributions (opinions, arguments, reactions) 
in a structured manner and—through the adoption of the ORBIS toolkit—uses AI 
to elaborate argumentative structures (claims, supports, attacks), thematic clusters, 
and knowledge-graph visualisations that reveal thematic relations, semantic prox-
imity between contributions, and argument roles within the debate. Through these 
multi-layered representations, BCause turns patterns that are typically opaque or 
over-abstracted into inspectable reasoning landscapes, supporting both individual 
sensemaking and collective facilitation.
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Fig. 3 The multilayered approach for understandability is ORBIS 

However, making complex deliberation data visible is not sufficient on its own. As 
discussed in earlier sections of this chapter, access to knowledge is shaped by uneven 
levels of data literacy, cognitive load, and representational asymmetries. Without 
careful design, even the most sophisticated visual analytics can remain inaccessible, 
overwhelming, or exclusionary. For this reason, the ORBIS team adopted a narrative-
driven design strategy in BCause—embedding interpretive scaffolds, contextual 
cues, and narrative-oriented visualisations to bridge the gap between algorithmic 
elaboration and human understanding (Fig. 3). 

1. Narrative layer: Titles and subtitles as sensemaking scaffolds. On the one hand, 
it centres on enhancing the narrative layer of each visualization through the 
systematic design of titles and subtitles. These textual elements are conceived as 
narrative scaffolds and entry points that orient users before they engage with the 
visual or interactive layer. Research shows that viewers spend the most time on 
textual elements—especially titles—and that these textual cues strongly shape 
what users notice, understand, and recall from a visual display (Borkin et al. 
2016). In BCause, titles establish the interpretive frame—clarifying what the 
visualisation is about and what part of the deliberation it represents—while 
the subtitle introduces the lens through which the data should be read, spec-
ifying whether the view presents a synthesis, a relational structure, an area of 
disagreement, or an exploratory space. This division of roles allowed for encoding 
both the what (the content surfaced by the AI) and the how (the interpretive 
stance users should adopt), balancing narrative clarity with explainability. Across
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visualisations, this approach ensures consistency while adapting to needs some 
titles emphasise the human dimension (‘Map of the Debate’, ‘How Arguments 
Connect’), others make explicit the interpretive function (‘Discussion Patterns 
Exploration’). In parallel, subtitles highlight the contribution of AI (‘derived 
from an analysis of participants’ contributions’, ‘revealing alternative analytical 
views’). structuring helps users grasp purpose, scope, and epistemic status, rein-
forcing transparency, reducing ambiguity, and supporting a smoother entry into 
AI-enhanced data storytelling. 

2. Transparency cues. To complement narrative clarity, it is introduced a 
lightweight visual disclaimer whenever a visualisation contains AI-generated 
content. This cue does not aim to explain the underlying models but ensures that 
users remain aware that algorithmic processing contributed to the interpretive 
pipeline. This strengthens reflexivity without burdening users with mechanistic 
details they neither need nor want. 

Moving to the other ORBIS-related platforms, we can observe how the same narra-
tive–visual approach has been adapted and implemented within different delibera-
tive environments, each shaped through co-creation with pilots and transdisciplinary 
teams. 

Democratic Reflection is designed to make live or recorded public debates intel-
ligible through temporal, emotional, and interpretive feedback. During ORBIS this 
platform was significantly implemented, adopting iterative co-design with facilita-
tors and pilot participants. The implementation ranged from new functionalities and 
features emerged from pilots, to visual-narrative layer, as relevant per the discourse 
in this chapter. ORBIS’s narrative–visual approach has been introduced in the two 
dashboards that the platform produces: one for participants and one for facilitators. 
Participants contributions, generated through reflective flashcards during debates, are 
analysed to reveal engagement peaks, positions over time, and sentiment patterns; 
all data visualisations are narrative-anchored, meaning that each point on a chart 
is clickable and reconnects users to the exact transcript segment from which it 
originates.

• The Facilitator Dashboard provides thematic syntheses, question prompts 
(open, clarifying, or provocative), timelines of reflective reactions, and speaker-
position trajectories along five interpretive dimensions (relevance, agreement, 
effectiveness, comprehensiveness, sentiment).

• The User Dashboard mirrors this structure in an accessible form, offering an 
annotated transcript, a timeline of reflection cards, summaries of emerging themes, 
polarity distributions, and interactive links that re-anchor every visual element 
to its source in the discourse. Through this comprehensive design, Democratic 
Reflection turns affective and temporal reflections—often the most difficult data 
to interpret—into coherent, traceable, and participant-centred sensemaking tools. 

PolisOrbis extends the original pol.is model—structured around opinion clus-
tering, consensus–divergence detection, and polarity distributions—by integrating 
the ORBIS Policy Recommendation components of the toolkit and embedding
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narrative elements consistent with the project’s explainability strategy. Through co-
creation with pilot communities and transdisciplinary co-design sessions involving 
AI specialists, designers, data scientists, and facilitators, PolisOrbis introduced a 
dedicated interpretive, AI-enhanced report that complements the traditional cluster 
map provided by Pol.is. Beyond operationalising policy recommendations derived 
from participants’ statements, this report narrates how AI was used and how it 
contributed to producing actionable insights. In clear, accessible language, it spec-
ifies which tools were applied, at what stage, for what purpose, and with what 
limitations—making the role of AI intelligible without exposing technical internals. 

Across all these platforms, the challenge is the same: to transform heterogeneous, 
large-scale deliberation data into structures that support sensemaking, reflection, 
comparison, and reasoned judgment. Visualisations therefore become explanatory 
artefacts, and narrative summaries act as interpretive layers guiding users through 
complex informational landscapes. ORBIS’s approach thus builds directly on the 
insights of the narrative-visualisation literature (Bach et al. 2018; Shao et al. 2024; 
Tong et al. 2018) and operationalises them in democratic contexts where cognitive 
accessibility, equity, and contestability are crucial. 

In this light, ORBIS advances the broader discourse on data understandability by 
demonstrating that integrated approaches to explainability—combining data visu-
alisation, narrative scaffolding, and lightweight interpretive cues—requires to be 
tailored not only to the technical architecture and features of each platform, but above 
all to the deliberative processes they are intended to support. This reframing shifts 
the emphasis from the technology itself to the social needs, reasoning practices, 
and epistemic conditions of democratic participation, underscoring that explain-
ability becomes meaningful only when it aligns with how people actually deliberate, 
interpret, and engage with public issues. 

This perspective required that the ORBIS toolkit was not merely added to or 
layered onto existing environments; instead, its integration evolved through careful 
attention to the specific dynamics of each system, the nature of the data they generate, 
and the forms of reasoning they seek to cultivate. What emerges across cases is a 
shared objective: enhancing people’s capacity to participate meaningfully in delibera-
tion by enabling them to understand what is being discussed, how contributions relate 
to one another, and when and how AI is involved in shaping interpretive outcomes. 
Ensuring such awareness in a graspable, accessible, and fair manner is essential for 
cultivating trust and legitimate engagement. 

At the same time, the ORBIS experience makes clear that there is no one-size-
fits-all approach to explainability for democratic contexts. Effective strategies must 
remain flexible, situated, and responsive to the platform’s purpose, the deliberative 
task at hand, and the needs of diverse stakeholders. This requires designing dedi-
cated narrative–visual solutions that amplify understanding while preserving agency, 
contestability, and plurality. Ultimately, the lesson that emerges is methodological 
rather than technical: enhancing deliberation in AI-mediated environments depends 
on iterative, participatory, context-sensitive design aimed not at producing a perfect 
explanation, but at generating the most meaningful one for the people involved.
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5 Reframing Understandability in Democratic Contexts 

Taken together, the KT4D and ORBIS cases offer an empirically grounded response 
to the theoretical tensions identified at the beginning of this chapter. Much of the 
current debate in data visualisation, literacy, and explainability acknowledges the 
structural challenges of epistemic inequality, cognitive overload, and the opacity of 
algorithmic systems—but empirical work demonstrating how these barriers can be 
addressed in democratic contexts remains limited. The two EU projects showcased 
here contribute to this gap, providing evidence of how integrated, socio-technical 
approaches to understandability can be co-created and co-designed, implemented, 
and iteratively refined within real deliberative processes. 

Both cases challenge the assumption—still dominant in digital literacy frame-
works—that citizens’ difficulties with AI stem primarily from a lack of technical 
skills. 

KT4D demonstrates that understanding AI in democratic settings is fundamen-
tally cultural, narrative, and agentic. By mobilising concepts such as multiliteracies 
(Buckingham 2007), narrative agency (Meretoja 2023), and critical digital literacy 
(Pangrazio 2016), it reframes literacy not as the acquisition of competencies but 
as the situated ability to question how technologies encode values, identities, and 
worldviews. The project shows how simulation and agentic play can operationalise 
this reframing, providing experiential infrastructures through which individuals and 
groups can test, negotiate, and question the socio-political implications of AI and 
big data. Aligning with theories of collective and polyphonic agency in interactive 
systems, literacy becomes a matter of collective sensemaking rather than individual 
mastery, foregrounding how people reason together about technological power, 
cultural narratives, and democratic responsibility. This result directly responds to 
and enriches ongoing scholarly debates on digital empowerment and the politics 
of technological opacity, by demonstrating how culturally grounded, participatory, 
and narrative approaches can rebuild user agency in environments shaped by opaque 
algorithmic systems. 

ORBIS extends this contribution on the side of explainability and deliberative 
data sensemaking. Instead of adopting XAI as the literature largely describes it 
(Doshi-Velez and Kim 2017; Gilpin et al. 2019; Kalasampath et al. 2025; Lipton 
2018), it demonstrates what explainability becomes when it is re-anchored in the 
epistemic and participatory needs of democratic deliberation. The project confirms 
that the primary obstacle to comprehension—and to empowerment within deliber-
ative discourse—is not the opacity of the model itself, but the gap between algo-
rithmic representations and the reasoning practices through which people interpret 
public issues, echoing concerns raised about visual literacy, epistemic inequalities, 
and representational asymmetries (Boehnert 2015, 2016; Firat et al. 2022; Shao 
et al. 2024). In this reframing, explanation is the ability for participants to grasp 
how their contributions shape clusters, summaries, themes, and recommendations, 
thereby aligning with democratic ideals of transparency, contestability, and epistemic 
inclusion. ORBIS operationalises this stance through concrete design innovations
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co-designed with interdisciplinary teams—engaging facilitators, communities, and 
policy practitioners. This confirms the claim advanced by scholars such as Dove and 
Jones (2012), Coussement et al. (2024), and Delgado et al. (2021) that explainability 
in democratic AI systems cannot be engineered in isolation; rather, it must emerge 
through participatory, transdisciplinary, and context-sensitive design processes. 

In positioning these results against existing literature, a number of advances 
become clear. First, visualisation becomes explanation: whereas critical visualisa-
tion scholarship often calls for richer, value-aware depictions of data, ORBIS shows 
how visual forms can themselves operate as explanatory devices that reveal how 
deliberative contributions relate, evolve, and produce meaning. Second, narrative 
framing becomes interpretation: moving beyond data storytelling as a communica-
tive layer. ORBIS demonstrates that narrative scaffolds actively shape the epistemic 
accessibility and legitimacy of AI-supported insights. Third, co-creation becomes a 
method for democratic alignment: responding to critiques about the absence of partic-
ipatory design in civic-AI systems. Both KT4D and ORBIS show how involving 
affected publics and practitioners is not merely desirable, but structurally neces-
sary for producing explanations that resonate with lived reasoning practices. Finally, 
interactivity becomes a mechanism for agency: not simply a navigational aid, but a 
democratic feature that allows users to challenge interpretations, access underlying 
discourse, and construct alternative understandings. 

These contributions point toward an overarching shift in how understandability 
should be conceived in democratic contexts. Explainability becomes meaningful 
only when it supports how people actually deliberate—not how machines compute; 
literacy becomes empowering only when it enhances collective sensemaking and the 
ability to participate; and visualisation becomes inclusive and fair only when it creates 
pathways for interpretation, reflection, and recognition of diverse experiences. 

In this sense, the projects discussed here are significant because they articulate a 
methodological orientation: iterative, participatory, and context-sensitive design as 
the foundation for any attempt to make AI-mediated democratic processes and data 
elaboration intelligible and trustworthy. 

Ultimately, the chapter points out how there is no single recipe or universal 
solution for explainability or literacy in democratic settings. Different deliberative 
processes, institutional contexts, and publics bring distinct needs—and therefore 
require differentiated approaches, design responses, and socio-technical solutions. 
What matters is the alignment between these design choices and the epistemic prac-
tices they aim to support, achieved through rigorous critical analysis, evidence- and 
need-based knowledge, and the meaningful engagement of relevant stakeholders. 
The contribution of KT4D and ORBIS lies precisely in proving that such align-
ment is not only theoretically necessary but practically achievable. Together, they 
provide concrete, situated models of how data understandability can be cultivated 
as a relational capacity—one that emerges between people, technologies, and the 
public issues they collectively care about.
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Fundings The reasoning presented in this work derive from knowledge and insights from 
four European projects that have received funding from the European Union’s Horizon Europe 
Programme: 

1. ‘ORBIS. Augmenting participation, co-creation, trust and transparency in Deliberative Democ-
racy at all scales’ has received funding under Grant Agreement No. 101094765. 

2. ‘KT4D. Knowledge Technologies for Democracy’ has received funding under Grant Agreement 
No. 101094302. 

3. ‘AI4GOV. Trusted AI for Transparent Public Governance fostering Democratic Values’ has 
received funding under Grant Agreement No. 101094905. 

4. ‘ITHACA. artificial Intelligence To enHAnce Civic pArticipation’ has received funding under 
Grant Agreement No. 101094364. 

The opinions expressed herewith are solely of the authors and do not necessarily reflect the point 
of view of any EU institution. 

AI declaration AI tools were employed in the preparation of this chapter solely for proofreading, 
language refinement, and accessibility enhancement, not for generating original content or research 
results. The use of AI-based proofreading support (LLM specifically) was particularly valuable 
given that not all the authors are non-native English speakers, ensuring improved linguistic clarity, 
consistency, and readability without altering the scientific meaning or interpretation of the content. 
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