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Explainable AI (XAI) has made significant strides in technical transparency, yet it maintains a cultural blind spot regarding arts and
heritage contexts. While traditional XAl focuses on model behaviour and post-hoc logic, it overlooks the contextual and representational
choices embedded in creative processes. This paper introduces the Computational and Cultural Explainable AI (CCXAI) framework
to bridge this gap. We distinguish between computational explainability clarifying what a model does and cultural explainability
addressing who has made specific choices and under what socio-historical conditions. By synthesising these dimensions, CCXAI
provides a shared framework for interdisciplinary practitioners. Our future project on CCXAI aims to integrate algorithmic logic
with human-led meaning-making, fostering collaboration across computer science, humanities and social sciences while legitimising

Al-enabled cultural production as a sophisticated and transparent practice.
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1 Introduction

Al transparency has a cultural blind spot. The Explainable AI (XAI) field has made significant progress in addressing the
opacity of Al systems, including post-hoc explanations, example-based techniques, and human-centred approaches that
move explanation closer to the needs of non-technical users. But the growing use of Al in arts and heritage contexts,
such as digitisation of heritage sites and artistic practices in the creative industries, surfaces a problem that existing
technical and human-centred XAI approaches have not fully addressed. Computational and cultural explainability
are fundamentally distinct: the former explains model behaviour and decision making, while the latter concerns the
contextual and representational choices embedded in a creative process as it unfolds.

For XAl researchers, transparency and interpretability are distinct concepts [13], and full model transparency is
often constrained by model complexity and opacity. For arts and cultural practitioners, transparency extends beyond
model behaviour to the representational choices involved in ensuring that datasets and model training adequately and
"culturally” reflect a human group and their traditional cultural practices. Human-centred approaches to XAI have
made meaningful progress in accounting for user context and decision making needs, including in domains such as
a clinical diagnosis [19], and in communicating Al decisions to non-expert audiences [18], but neither technical nor

human-centred approaches have bridged the gap between these two understandings of transparency.
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2 Courtney Ford and Sun Park

This paper therefore proposes Computational and Cultural Explainable AI (CCXAI) as a conceptual framework
addressing this gap. CCXAI provides a shared framework for transparency across computational and cultural dimensions
of Al-assisted creative practice, grounded in a planned empirical programme. In this paper, we first conceptualise each
component in turn, before arguing for why and how they must be considered together. We conclude by outlining the
framework’s expected contributions to both academic and professional settings at the intersection of computer science,

the arts, humanities, and social sciences.

2 Conceptualisation of Computational and Cultural XAl
2.1 Computational Explainability

In this paper, we use the term computational explainability to refer to the methods and techniques developed to make
AI model behaviour interpretable to human observers. By situating XAI within a computational frame, we create
space for a parallel concept of cultural explainability, arguing that explainability is not a singular concept but one that
takes different forms depending on the context in which Al is deployed. Computational explainability encompasses a
range of approaches, including post-hoc explanation methods [1], example-based techniques including factual and
counterfactual explanations [3, 9], and concept-based approaches [10]. While XAI research distinguishes between
transparency and interpretability as distinct concepts, we use transparency here as a shared umbrella term to enable
meaningful comparison with cultural explainability, noting that the absence of common vocabulary across these
domains is itself a symptom of the gap the CCXAI framework seeks to address.

Empirical work has shown that users’ understanding of post-hoc explanations changes significantly depending on
their familiarity with the domain being explained [8], suggesting that explanation methods effective at describing
model behaviour do not necessarily serve the needs of the people who must act on them. Human-centred XAI
(HCXAI) emerged from growing recognition that explainability must account for the needs, contexts, and varying
expertise of the people who interact with Al systems [6, 12]. By prioritising the question of who explanations are for
and drawing on participatory and co-design methods from HCI, HCXAI has made meaningful progress in moving
explainability research toward user-facing explanation design. What constitutes a useful explanation remains contested,
with usefulness contingent on the user, their expertise, and the context in which the explanation is received [14].

Computational explainability, even in its most human-centred forms, remains oriented toward explaining what a
model does and why [11]. It does not address the question of what a model culturally represents nor does it account for
the contexts, values, and representational choices embedded in Al-assisted creative practice. Addressing these questions
requires a different conception of explainability which is one concerned not with what a model produces but with the

cultural and creative conditions under which it is developed and deployed.

2.2 Cultural Explainability

Computational explainability is grounded in the identification of clear cause-and-effect relations. In cultural contexts,
however, this replicability assumption does not always hold. The same Al model and datasets can produce divergent
outputs depending on the subjective creative choices of the practitioner, for instance, two artists working with Irish
basketmaking data will generate different results if their curation reflects distinct stylistic preferences, such as a
traditional Creel style versus a more contemporary one [15]. Explainability in Al-human creation in the cultural
field must account for the creator’s subjective creative process, which generates (a) layer(s) of non-replicable artistic
intentionality that transcends the underlying model behaviour.
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Given that the notion of explainability is grounded in addressing the opacity inherent in Al systems [2], the black-box
problem within the cultural sector needs to be addressed prior to conceptualising cultural explainability. Park [16]
defines cultural black boxes as "the opaque decisions that researchers need to uncover about their cultural subjects as
far as possible to legitimise their ways of designing and deploying Al systems to create cultural content," referring to
cultural explainability as "a procedural clarity stemming from revealing the cultural black boxes". While computational
explanations are typically generated after a models output is complete [17], cultural explainability is implemented
during, or simultaneously with, a creative process. Suppose that a heritage digitisation project is required to satisfy only
computational XAI criteria: the emphasis would likely fall on rendering model outputs legible by identifying which
datasets and fine-tuning protocols contributed to a particular classification. By contrast, cultural explainability raises a
different set of questions from the outset: who selected the datasets under what institutional or historical assumptions,
and with what understanding of the relevant communities represented in the heritage dataset.

A similar distinction of cultural explainability applies in contemporary Al art. For an Al-assisted visual art project, the
artist(s) should be able to justify the situated conditions underlying the work: the artistic histories mobilised through the
generated output, how aesthetic preferences informed the curation process, and what institutional or market conditions
was considered. Cultural explainability thus moves beyond the technical intelligibility of the system’s operations to
reveal the broader cultural references and human-led meaning-making that define the human-AI creative process. It
does not replace computational explainability, but rather complements it by foregrounding the social and institutional
conditions that shape the development of Al systems and the decision-making practices of their users. By shifting the
focus from technical outputs to the artist’s intent, this approach seeks to empower human creativity rather than replace

it, while simultaneously addressing the political biases that are embedded within machine learning models [4].

3 The CCXAI Framework and a Future Direction

The preceding sections have established two distinct conceptions of explainability operating within shared domains.
Computational explainability addresses what a model does and why, producing explanations after a model has generated
its output. Cultural explainability addresses who made what choices and under what conditions, operating concurrently
with a creative process rather than retrospectively. Read together, these two conceptions diverge in important ways:
they operate at different points in time, serve different transparency functions, and use vocabularies that do not readily
translate across disciplines.

Despite growing interest in applying Al to arts and heritage contexts, the application of XAl in these domains remains
limited [5, 7]. Computational and cultural practitioners working on the same project may each have an understanding
of transparency within their own domain, while having no shared language to articulate what the other’s obligations
even are. Current computational XAI frameworks tend to assume a universality of cognition that does not account
for the socio-cultural context practitioners in creative and cultural fields bring to their work [11]. This gap reflects a
division between technical and cultural knowledge that existing XAI frameworks have not yet bridged.

Addressing this gap requires more than applying existing XAI methods to cultural contexts. It raises questions about
whether current explanation methods are adequate for creative and cultural practice, what evaluation approaches
could capture both algorithmic and cultural transparency, and how interdisciplinary teams might be structured so
that cultural practitioners function as co-designers rather than end users of explanation systems. CCXAI is proposed
as a first step toward that integration, centring interdisciplinary practitioners as active architects of Al legibility and

ensuring that explanations are both technically logical and culturally persuasive.
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To empirically test our CCXAI framework, we will design a participatory workshop bringing together Al practitioners
and cultural practitioners. We seek to discover how the academic formulation of CCXAI may be translated into more
user-oriented language and practical guidance.

To this end, we will select three distinct types of heritage and artistic practices utilising Al technologies: simulation
video creation on falconry (preservation of past culture), modern-style rearrangement of traditional music (adjustment
of past culture) and generative short film production (creation of contemporary culture). Workshops will be organised,
bringing together five Al practitioners and five heritage and arts practitioners to discuss the implementation of each
case study. The workshops will adopt a semi-structured and participatory format: Four sessions will be structured
around the general Al project life cycles (from ideation and data collection to model training and output selection),
and participant discussion will be designed employing HCI methods such as personas and collaborative storyboarding.
The workshop data will be qualitatively analysed to produce four core outcomes: a conceptual taxonomy to assist
interdisciplinary collaborators in unifying their key terminology; metadata-related checklists for data explainability;
paradata checklists for model training and output selection explainability; and insights into new modes of co-creation
for both Al developers and cultural practitioners.

This project contributes across methodological social dimensions of the implementation of interdisciplinary XAI,
offering guidance on documenting both meta-data and para-data of human-AlI creation, thereby capturing not only the
characteristics of datasets and models, but also the curatorial choices that inform Al-based cultural production. Our

project aims to promote the recognition of Al-enabled creation as a legitimate mode of cultural production.
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