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Media, Communication 
& Socio-cultural Processes

Creative media are contexts, catalysts and cultural technologies, playing a pivotal role in acti-
vating and directing contemporary phenomena that take place in our society. Communication 
processes and Cultural Practices book series meet the perspective of observing the social reality 
starting from the role of media and of communication’s processes. Media, Communication and 
cultural processes, in fact, aims at being the publishing frame for editorial proposals, academic and 
with a strong attention to empirical research, that want to investigate contemporary phenomena 
looking at what happens concretely in our society and that involve individuals: as single person, 
group or community.

The research areas

Phenomenon, culture and subjectivity are the three main research points on media that guide the 
selection of the proposals. The starting point of the Communication processes and Cultural Practi-
ces book series’ perspective is that it is not possible to identify clear and neat borders with in these 
three social constructs and that the richness of the contributions is represented by the contami-
nation, contact and dialog among them. Moreover, it is the way to guarantee a multidisciplinary 
glance to contribute  the “discover”, the proposition of new analysis, enable to contribute to the 
dialog theories and tools of contiguous disciplines.

I media creativi si presentano come contesti, catalizzatori e tecnologie culturali, svolgen-
do un ruolo centrale nell’attivazione/direzione dei fenomeni contemporanei che nella 
società prendono forma. Osservare la realtà sociale a partire dal contributo dei media e 
della comunicazione è la prospettiva che caratterizza la collana Media, Comunicazione 
e Processi culturali che intende fare da cornice per le proposte editoriali, di tipo accade-
mico e con una forte attenzione alla ricerca empirica, volte a indagare fenomeni della 
contemporaneità a partire da ciò che accade nella società e coinvolge direttamente l’indi-
viduo: come singolo, come gruppo e come comunità.

Le aree di ricerca

Fenomeno, cultura e soggetto sono i tre punti focali delle ricerche e degli studi sui media 
che trovano spazio all’interno della collana. Il principio di fondo è che la definizione dei 
margini di questi costrutti sia impossibile e che nei limen, nel contatto o intreccio, nella 
relazione tra di essi vi sia la ricchezza prospettica e interpretativa che possa garantire uno 
sguardo multidisciplinare e favorire la scoperta, la proposizione di analisi nuove, capaci 
di fare dialogare teorie e strumenti di discipline attigue.
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Artificial Agencies in Research
 Uses, Dilemmas, and Epistemic Shifts

by Alessandra Micalizzi

How Using AI: Roles, Practices, and Effects

Artificial Intelligence (AI) represents a pervasive and trans-
formative force in contemporary society, reshaping sectors rang-
ing from healthcare to finance, from security to communication. 
Its growing integration into everyday life makes an in-depth 
analysis of the dynamics governing its development strategically 
essential. At present, this development is defined by two parallel 
yet often divergent strands of research: on the one hand, the tech-
nical advancement of algorithms and computational models; on 
the other, the critical inquiry into their profound social, ethical, 
and political implications.

In this increasingly complex scenario, enriched by interdisci-
plinary approaches, the social and human sciences seek to make 
their specific contribution —generally focusing on how AI usage 
affects social and cultural practices. From this perspective, AI is 
seen as the object of research, as part of the very social phenom-
ena under investigation. Social scientists are thus interested in 
understanding the cultural, ethical, and economic impacts of AI 
within the broader system of social relations.

Beyond, and even prior to, considering AI as an object of re-
search, a more compelling debate concerns AI as a tool of research. 
Since the early 1990s, experiments involving the hybridization 
of AI with traditional and systematic analytical techniques have 
prompted reflection on the implications of this integration. On 
one side, the gains in efficiency —both in time and in the alloca-
tion of cognitive and computational resources— are undeniable; 
on the other, the researcher’s control over the process tends to 
decrease, and the growing complexity of such systems becomes 
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harder to capture and interpret.
Only recently —and with increasing urgency— has AI been 

reconsidered by the human sciences in new socio-cultural roles: 
as a context of research, a space where phenomena unfold, new 
practices emerge, and novel interactions negotiate fresh rules; 
as a partner in research, a semi-autonomous assistant for testing 
the solidity and validity of analytical models or theoretical con-
structs; as an expert, capable of selecting sources and producing 
preliminary drafts for state-of-the-art reviews on specific topics; 
as a servant, to which mechanical or repetitive tasks can be del-
egated; as a key informant, able to provide the researcher with 
detailed, insider-like knowledge about the organization, values, 
and practices of specific social groups (Bernard, 2017); and final-
ly, as a cultural broker, an intermediary facilitating communica-
tion and translation between diverse cultural domains within 
ethnographic research, thanks to its extensive —albeit synthet-
ic— knowledge of the object of study (Hammersley & Atkinson, 
2019).

Delving deeper into this complex human–machine interaction 
within applied research, recent scenarios have also highlighted 
the potential use of AI as a respondent. This technology can in-
terrogate vast dataset s—not only academic materials but, more 
importantly, user-generated content (UGC). Yet this possibility 
raises critical questions: is it methodologically sound, ethically 
acceptable, and epistemologically valid to treat AI as a represen-
tative of the “average profile” of a given culture? What implica-
tions does this have for the quality and authenticity of data?

The process of datafication, as described by Pop Stefanija and 
Pierson (2020), consists in the transformation of social actions 
into quantifiable data. These data constitute the base of algorith-
mic identities —profiles that categorize individuals based on in-
ferences and correlations. It is essential to emphasize, as the au-
thors do, that this is «not the personal identity of the embodied 
individual, but rather the actuarial or categorical profile of the 
collective». The algorithmic identity is therefore a statistical con-
struct applied to a profile, rather than a reflection of their lived 
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identity, and it is employed to make decisions that have tangible 
consequences on people’s lives —from credit access to content 
personalization.

In the multiplicity of these roles, the conversational metaphor 
remains the common thread defining the human–machine rela-
tionship, suggesting the effectiveness of Esposito’s (2022) expres-
sion Artificial Communication. What binds these diverse appli-
cations together is the dialogic structure through which humans 
and algorithms co-construct meaning —an interaction that alter-
nates between cooperation and delegation, understanding and 
automation. The researcher is therefore invited to experience this 
new form of machine agency as both a resource and a challenge 
—at times a productive temptation, at others a potential risk. In 
this context, the classic Van Maanen advice retains its relevance: 
when studying a social object, the only safeguard lies in the re-
searcher’s ability to look at it with the dual gaze of the Martian 
—estranged and critically distant— and the convert —immersed 
within the processes and practices being observed (Van Maanen, 
1988)

Developing new perspectives: towards a real integrated 
model

Despite the impressive advances in machine learning and 
neural network research, a purely technical approach to Artifi-
cial Intelligence faces intrinsic limitations that are not technolog-
ical in nature, but rather epistemological and social. These lim-
itations become evident when algorithmic systems interact with 
complex human contexts, where predictive efficiency is not the 
only value at stake. This section examines two of these crucial 
limitations: the unresolved trade-off between predictive perfor-
mance and explanatory transparency, and the persistent tenden-
cy to address inherently social problems with technically intui-
tive but epistemologically fragile solutions.

The fundamental dilemma of contemporary AI is effectively 
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illustrated by Di Franco & Santurro (2020). On one hand, ma-
chine learning algorithms such as Artificial Neural Networks 
(ANNs) demonstrate predictive performances (apparently) far 
superior to traditional statistical models (e.g., linear regression) 
when applied to social data, as they can identify non-linear pat-
terns and complex interactions that conventional methods often 
miss. On the other hand, these powerful tools operate as “black 
boxes.” Their critical weakness lies in their inability to contrib-
ute to the understanding of the internal relationships among the 
system’s individual components. While a traditional regression 
model provides interpretable coefficients that suggest causal 
relationships, a neural network produces accurate predictions 
without explaining the why. This opacity, although technically 
efficient, becomes a major obstacle to critical evaluation, contest-
ability, and accountability: if we cannot understand how a sys-
tem arrives at its conclusions, it becomes impossible to ensure 
that those conclusions are fair, justified, and free from illegiti-
mate bias.

The field of Explainable AI (XAI) was established precisely to 
address the black box paradox. However, as Tim Miller (2019) 
points out in a foundational critique, this endeavor suffers from 
an intrinsic limitation: the technical community attempts to solve 
a profoundly social problem—what constitutes a good explana-
tion for a human being—by relying primarily on the researchers’ 
own intuition. This approach neglects decades of well-estab-
lished research in philosophy, psychology, and cognitive science 
on how people define, generate, select, and evaluate explana-
tions. Studies in these disciplines have shown, for instance, that 
effective human explanations are often contrastive (they clarify 
why event X occurred instead of event Y) and selective (they em-
phasize the most relevant causes for the listener while omitting 
less significant ones). Ignoring these insights leads to the design 
of XAI systems that produce explanations which are technical-
ly correct but humanly irrelevant or even misleading. The case 
of XAI exemplifies a broader trend within the technical field to 
“reinvent the wheel” when confronted with social problems, re-
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vealing a deep epistemological limitation that only genuine, in-
terdisciplinary collaboration can overcome.

The social sciences do not confine themselves to a merely de-
constructive critique; rather, they actively develop new concep-
tual and methodological frameworks to study Artificial Intelli-
gence in a rigorous and innovative way. Lindgren & Holmström 
(2020) propose four “building blocks” for a social science of AI. 
These pillars call for:

• studying humans and machines within their sociocultural 
contexts;
• considering AI agents as social actors (in line with Actor–
Network Theory);
• analysing AI as a social construction, shaped by discourse and 
power relations;and
• developing a critical reflection on research methods themselves, 
given their dependence on platforms and “formatted” data.

In response to the opacity of algorithmic systems, Moham-
mad Hossein Jarrahi (2025) proposes a qualitative framework 
based on the idea of “interviewing AI.” This approach adapts 
ethnographic techniques to explore the emergent and unpre-
dictable behaviours of AI systems. Methods such as systematic 
probing —posing structured sequences of questions to test the 
limits and biases of a model— and temporal analysis —asking 
the same questions over weeks or months to observe how re-
sponses evolve— enable researchers to uncover internal patterns 
and logics that would remain invisible through purely quantita-
tive analysis.

This critical and methodological toolkit developed within the 
social sciences thus highlights not only the external problems 
generated by AI but also the intrinsic limitations of a purely tech-
nical perspective.

The first step toward bridging the divide is to deconstruct the 
very idea that there exists a clear separation between the “techni-
cal” and the “social.” The concept of coproduction, drawn from 
Science and Technology Studies (STS) and highlighted by Gov-
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ia (2020), provides the ideal conceptual foundation for this pur-
pose. Coproduction posits that technologies and social orders 
continuously and reciprocally shape one another in an ongoing, 
inextricable process.

Decisions that appear to be merely “technical” —such as the 
choice of an algorithm, the structuring of a dataset, or the de-
sign of an interface— are in fact infused with social values, as-
sumptions, and priorities. In turn, once implemented, technolo-
gies reconfigure social practices, identities, and power relations. 
Recognizing this intrinsic interconnection means acknowledging 
that there is no purely technical domain isolated from the so-
cial world. This awareness transforms interdisciplinary dialogue 
from an encounter between separate worlds into a necessary col-
laboration for understanding and governing a unified sociotech-
nical system.

The field of Explainable AI (XAI), previously discussed as an 
example of the limits of a purely technical approach, also rep-
resents an exemplary area of potential collaboration. As Miller 
(2019) argues, rather than relying on intuition, engineers can —
and must— integrate decades of research from the social sciences 
to design systems that provide explanations genuinely effective 
for human understanding.

This constitutes a model of collaboration in which social re-
search moves beyond ex-post critique to make an ex-ante con-
tribution to design. The benefits of such an integrated approach 
are manifold:

• Enhancing Effectiveness: Integrating models of human cogni-
tion from psychology and cognitive science allows for the cre-
ation of explanations that are truly comprehensible, relevant, 
and useful to end users—going beyond the mere presentation of 
technical features.
• Building Trust: Designing systems whose explanations take 
into account social expectations and human cognitive biases fos-
ters user adoption and trust. A “good” explanation from a hu-
man perspective can increase acceptance more effectively than a 
“complete” but incomprehensible one.
• Moving Beyond Intuition: The interdisciplinary approach re-



Artificial Agencies in Research, by Alessandra Micalizzi  15

places developers’ subjective intuition with rigorous, empirical-
ly validated methods—derived from the social sciences—for de-
fining and evaluating what makes an explanation effective and 
satisfactory.

A step forward: the purpose of this book

Building upon the theoretical premises outlined above, the re-
flections gathered in the following chapters seek to take a further 
step —moving from conceptual analysis to practical experimen-
tation. Each contribution explores how artificial intelligence can 
operate not merely as an analytical tool —whose reliability and 
epistemic validity are still under scrutiny— but as a multifaceted 
actor within the research process itself. By leveraging its conver-
sational capabilities and its synthetic power to reconstruct pat-
terns from dispersed online data, AI can be a partner in inquiry, 
capable of supporting interpretation, comparison, and theoreti-
cal innovation.

AI is not simply a tool or object of analysis, but a social actor 
that co-constitutes the conditions of knowledge. It intervenes in 
research design, data collection, interpretation, and dissemina-
tion, while simultaneously reconfiguring our epistemic frame-
works.

The studies presented here engage with this dual potential, 
offering empirical applications and methodological reflections 
that illustrate both the opportunities and the limitations of in-
tegrating AI into qualitative and hybrid research settings. While 
acknowledging the persistent challenges and critical resistances 
that accompany such integration, the volume aims to provide 
constructive insights for a debate that the academic community 
can no longer defer —a debate concerning how artificial intelli-
gence reshapes not only our methods, but also our very ways of 
knowing, questioning, and representing the social world.

Understanding this co-production between human and ma-
chine requires methodological innovation and reflexivity —two 
guiding principles that inform all the contributions included in 



16  Artificial Agencies in Research, by Alessandra Micalizzi

this volume.
The opening chapter, written by Leonard Busuttil and Rosi-

enne Camilleri and focused on the Role of Generative AI in qual-
itative data analysis introduces the reader to the pragmatic and 
ethical challenges of integrating AI into academic supervision. 
By examining how AI can assist both students and supervisors 
in conducting qualitative research, the author critically reflects 
on the dual nature of these technologies —as enablers of analyt-
ical depth and as potential sources of dependency and bias. This 
chapter sets the stage for the book by positioning AI not merely 
as an instrument for efficiency but as an epistemic companion 
whose presence redefines scholarly authority and reflexive prac-
tice.

The second contribution extends the discussion from research 
methodology to creative self-expression. Lara Balleri explores 
the dialogical dimension of human–AI co-authorship. The chap-
ter proposes that writing with AI exposes the affective, cogni-
tive, and ethical thresholds that define what it means to narrate 
oneself in the presence of an algorithmic interlocutor. Here, gen-
erative AI becomes both mirror and mediator of human subjec-
tivity, revealing how technology participates in autobiographical 
meaning-making. This essay enriches the book’s methodological 
reflection by introducing an intimate and phenomenological per-
spective on co-creation.

Nadia Olisa and Azaleah Mohd Anis, move into the empirical 
field, examine the integration of AI tools within cross-cultural 
qualitative research. Through a comparative case study, the au-
thors show how AI-assisted transcription and analysis can sup-
port multilingual, mobile ethnographic methods while raising 
new questions about voice, translation, and contextual nuance. 
Their work contributes a critical, practice-oriented dimension to 
the volume, demonstrating how generative AI can expand meth-
odological possibilities without erasing the interpretive labour at 
the heart of social inquiry.

Giulia Coppo’s chapter offers a reflexive autoethnographic 
account of how researchers engage with AI in the early stages of 
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data collection. By documenting her own process of designing 
interview guides with the assistance of a large language model, 
Coppo conceptualises AI as a co-actor within sociotechnical sys-
tems of knowledge production. Drawing on theories of co-pro-
duction (Jasanoff, 2004) and human–machine communication 
(Guzman & Lewis, 2020), she demonstrates how prompts and 
outputs create recursive loops that shape both research design 
and epistemic stance. This chapter deepens the book’s meth-
odological focus by revealing the subtle negotiations of agency, 
authorship, and reflexivity that accompany AI-assisted research 
practices.

Alessandra Micalizzi and Caterina Sapone investigate the in-
tersection of generative AI, healthcare, and qualitative research 
design. Through an exploratory study on the socio-cultural rep-
resentations of trust in the doctor–patient relationship, the au-
thors employ AI both as object and as instrument of inquiry. By 
combining visual content analysis, AI-mediated photo-elicita-
tion interviews, and qualitative questionnaires, the chapter re-
flects on how artificial intelligence participates in the symbolic 
construction of trust and care. In doing so, it demonstrates the 
methodological and epistemological value of hybrid approaches 
that engage AI not only as a data-processing tool but also as a 
reflexive interlocutor within the research process. This contribu-
tion enriches the overall argument of the book by connecting the-
oretical reflection with empirical innovation, and by highlighting 
the ethical and affective implications of algorithmic mediation in 
sensitive human domains such as health.

Elisabetta Risi’s contribution addresses a crucial sociological 
question: how do AI systems reproduce, and sometimes ampli-
fy, the biases of the societies that create them? In “Beyond Bias: 
Understanding Social Representations Embedded in Generative 
AI Outputs”, she positions generative AI as both a product and 
a reflection of social structures. Through a rigorous synthesis of 
recent studies on cultural bias in large language and text-to-im-
age models, Risi shows how social stereotypes —around gender, 
ethnicity, class, and geography— are not peripheral distortions 
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but constitutive elements of algorithmic reasoning. This chapter 
thus grounds the volume in a broader socio-political reflection, 
linking the epistemic challenges of AI-assisted research to ques-
tions of ethics, equity, and democratic accountability.

The following chapter, written by Anouck Butraud-Assathi-
an, Jaércio da Silva  and Cécile Méadel shifts the focus from re-
search and academia to professional discourse. Based on a large 
corpus of LinkedIn posts and comments, the authors analyse 
how professionals in the cultural and creative industries narrate 
and negotiate the role of AI in audiovisual production. By trac-
ing the tensions between enthusiasm, anxiety, and pragmatic ad-
aptation, they reveal the ways in which AI is discursively framed 
as both a threat and an opportunity. Their work exemplifies the 
methodological value of digital methods and platform analysis 
in understanding emerging imaginaries of technological change 
within creative economies.

Continuing along the ethnographic thread, “Following the 
Prompt” proposes a new methodological horizon for studying 
AI: an “AI ethnography.” Gabriella Taddeo situates generative 
models within complex ecologies of practice where users, sys-
tems, and algorithms co-produce meaning. The chapter argues 
that prompts —the textual interface through which users interact 
with AI— constitute a crucial ethnographic site, revealing how 
intentions, imaginaries, and social conventions are translated 
into computational exchanges. By advocating for an ethnogra-
phy that observes these micro-interactions, Taddeo restores the 
ordinary and affective dimensions of algorithmic life, position-
ing AI ethnography as a necessary evolution of digital methods.

The volume concludes with Agnese Vellar and Matteo Fog-
li’s forward-looking chapter, which expands the methodological 
terrain toward futures thinking and speculative design. Here, 
AI is reframed as a partner in envisioning preferable futures 
through “creative co-intelligence.” Drawing on design fiction, 
futures literacy, and AI fluency, the authors propose an anticipa-
tory approach that merges ethnographic observation with imag-
inative world-building. Their contribution not only synthesises 
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the book’s conceptual threads but also projects them toward the 
horizon of innovation, ethics, and collective imagination.

Taken together, these eight chapters articulate a plural vision 
of how AI reshapes research, creativity, and social understand-
ing. The book crosses scales —from the personal to the institu-
tional, from the methodological to the political— trying to open 
to the complexity the debate about pros and cons of Generative 
AI in Social Research: the impact of this agentive technology is 
not confined to automation or efficiency but extends the reflec-
tions to possible other uses, according to their synthetic power 
and depth of statistical analysis. 

By weaving together theoretical reflection, empirical inquiry, 
and methodological experimentation, this volume represents a 
critical and constructive contribution to the ongoing redefinition 
of qualitative research in the age of generative intelligence. Its 
ambition is not merely to document change, but to invite schol-
ars to inhabit it reflexively —to learn, with and through AI, new 
ways of seeing, questioning, and imagining the social world.  
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The Role of Generative AI 
in Qualitative Data Analysis

Opportunities and Limitations 
in Supporting Dissertation Supervision in Academia

by Leonard Busuttil and Rosienne Camilleri

Generative AI is rapidly reshaping dissertation supervision, 
particularly in qualitative research where large language models 
(LLMs) are increasingly used for tasks such as coding, summarisa-
tion, and thematic exploration. This chapter examines how LLMs 
can support ―but not replace― the interpretive work that under-
pins rigorous qualitative inquiry. Drawing on Cultural-Historical 
Activity Theory (CHAT) and connectivism as theoretical frame-
work, we show how technical parameters such as tokenisation, 
context windows, temperature, and platform guardrails function 
as methodological variables that directly influence analytical out-
comes. We identify key supervisory concerns including students’ 
over-reliance on automated analysis, the erosion of interpretive 
competencies, documentation and transparency challenges, and 
inequities in access to advanced AI tools. In response, the chapter 
advances two guiding commitments: reflexive integration, which 
positions AI outputs as provisional and subject to triangulation, 
and digital stewardship, through which supervisors model eth-
ical, transparent, and methodologically coherent AI use. To op-
erationalise these commitments, we introduce the SUPERVISE 
framework, offering practical strategies for hybrid human–AI 
workflows, responsible documentation, and equitable super-
visory practice. The chapter argues that supervision must shift 
from transmission to co-navigation, preserving interpretive 
ownership while leveraging AI’s analytical affordances. In do-
ing so, it aligns responsible AI use with the epistemic values and 
pedagogical aims of qualitative research.
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1. Introduction

The rapid emergence of large language models (LLMs) such 
as ChatGPT, Gemini, and Claude has created new possibilities 
for dissertation supervision in higher education. In qualitative 
research, these tools are increasingly applied to tasks ranging 
from initial coding to thematic analysis (Morgan, 2023; Zhang et 
al., 2023), offering students support in managing extensive data, 
navigating deadlines, and building analytical confidence.   How-
ever, efficiency gains must be weighed against potential erosion 
of interpretative depth, contextual sensitivity, and reflexive prac-
tice - the cornerstones of rigorous qualitative analysis (Braun & 
Clarke, 2020; Friedman et al., 2024).

This chapter examines LLMs as supplementary analytical 
tools in dissertation supervision, focusing on three critical di-
mensions. First, we explore how technical parameters such as 
tokenisation, context windows, temperature settings, and plat-
form guardrails shape analytical outcomes, functioning as meth-
od variables rather than neutral background settings (Press et 
al., 2021). Second, we examine supervisory challenges including 
student over-reliance, erosion of interpretative competencies, 
and ambiguity around authorship and accountability (Cook et 
al., 2025; Goyanes et al., 2025). Third, we address equity con-
cerns: differential access to advanced tools, data privacy risks, 
and transparency in reporting AI use (Kasperiūnienė & Mažeik-
ienė, 2024).

These dimensions intersect within the relational dynamics 
of dissertation supervision. Drawing on activity theory (Enge-
ström, 1987) and learning ecologies (Siemens, 2004), we argue 
that LLM technical mechanisms actively mediate students’ an-
alytical development. Context window limits influence how 
data are segmented and interpreted, while temperature settings 
shape perceptions of reliability, interpretation, and creative in-
ference. Thus, computational affordances produce pedagogical 
consequences that require thoughtful supervisory intervention.
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In response, the chapter advances two commitments for re-
sponsible integration: reflexive integration, which positions 
LLM outputs as provisional and requiring triangulation, and 
digital stewardship, which frames supervisors as ethical guides 
who model informed, rigorous AI use. The chapter concludes by 
introducing the SUPERVISE framework, offering practical strat-
egies for navigating this evolving supervisory landscape. While 
generative AI also supports quantitative and mixed-methods 
research, this chapter focuses on qualitative inquiry, where in-
terpretive, contextual, and reflexive dimensions create distinct 
pedagogical tensions and opportunities.

2. Theoretical and Pedagogical Background

The integration of artificial intelligence into qualitative re-
search methodologies has emerged as one of the most significant 
developments in contemporary social science research methods. 
Informed by theoretical foundations that integrate CHAT with 
the principles of connectivism (Siemens, 2004), this section first 
portrays dissertation supervision in the 21st century as part of 
a socio-technical learning ecology in which knowledge, ethics, 
and interpretation are distributed across both human and digital 
nodes. It then turns to a review of the literature on dissertation 
supervision in higher education, situating supervisory practices 
within ongoing debates about research integrity and academic 
development. Next, the technical underpinnings of LLMs are 
examined, outlining how these systems process and generate 
data, which in turn affects their analytical capabilities. Finally, 
the review synthesises empirical studies published between 2023 
and 2025 that investigate the application of LLMs in qualitative 
data analysis. The goal is to critically evaluate the current state 
of knowledge, identifying convergent findings, methodological 
variations, and persistent challenges in this emerging field.
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2.1 Theoretical Framework: CHAT and the Principles of Connectivism

To examine how generative AI reshapes dissertation supervi-
sion, this chapter adopts a hybrid theoretical framework that in-
tegrates Cultural-Historical Activity Theory (CHAT) (Engeström, 
1987; Engeström & Sannino, 2010) with key principles from Sie-
mens’ (2004) theory of connectivism. This combined lens en-
ables an exploration of how the teaching and learning processes 
embedded within the supervisory relationship are transformed 
when generative AI functions as a mediating artefact. Through 
this framework, the chapter examines the evolving interactions, 
connections, and experiential dimensions that shape the super-
visor–supervisee dynamic in an AI-mediated academic context. 

Viewed through the activity-theoretical lens, dissertation su-
pervision emerges as an activity system comprising subjects (su-
pervisors and supervisees), tools (including generative AI), and 
the academic community as its sociocultural context (Engeström, 
1987). CHAT provides a structural framework for interrogating 
how learning, development, and scholarly practice are mediated 
by technological tools within institutional and cultural settings. 
Central to this perspective is an attention to contradictions, ten-
sions, and transformations that arise within the system ― for in-
stance, between traditional notions of intellectual work and the 
automation of analytic processes enabled by AI. In this sense, su-
pervision is not merely a pedagogical transaction but a dynamic, 
culturally embedded practice, continually negotiated through 
the evolving rules, divisions of labour, and ethical boundaries. 
The CHAT framework sheds light on how generative AI medi-
ates analytical and interpretive practices, functioning not as an 
autonomous authority but as a collaborative cognitive agent 
that reconfigures supervisory relationships, redistributes cogni-
tive labour, and rearticulates the parameters of methodological 
rigour. 

Building on this, connectivism (Siemens, 2004) extends 
CHAT’s analytic scope and reframes it within a broader ecology 
of distributed cognition and networked learning. As a learning 



The Role of Generative AI in Qualitative Data Analysis, by L. Busuttil, R. Camilleri  25

theory attuned to the digital age, connectivism foregrounds the 
flow of knowledge across complex human-machine-institutional 
networks, constantly mediated by technological advancements. 
From this perspective,  generative AI operates as a node within a 
larger knowledge network that learners must navigate critically 
and reflexively. Within such a positioning, connectivism empha-
sises adaptability and knowledge flow across networks, where 
supervisors facilitate students’ metacognitive awareness of how 
these tools shape their learning trajectories, knowledge produc-
tion, and scholarly values.

This integrated theoretical framework thus accentuates gen-
erative AI functions as both a mediating artefact and as a knowl-
edge node within the learning network ―a dynamic participant 
in the network through which knowledge is constructed, shared, 
and evaluated. Supervisors and students co-navigate this net-
work, interpreting AI outputs, negotiating reliability, and criti-
cally engaging with algorithmic representations of data. One can 
easily deduce that the interactions and connections that occur 
in the flow among the supervisor, supervisee, and technological 
affordances transform supervision from a dyadic exchange into a 
distributed pedagogical system in which knowledge production 
and reproduction, methodological reflection, and ethical reason-
ing unfold across both human and digital agents. The fusion of 
CHAT and connectivism, therefore, positions supervision as a 
site of reflexive networked practice where supervisors become 
mediators of digital epistemologies, teaching students not only 
how to use AI tools methodologically but also how to think crit-
ically about their roles in shaping knowledge, interpreting re-
sults, and demonstrating academic integrity.

2.2 Dissertation Supervision in Higher Education

Dissertation supervision plays a central role in cultivating stu-
dents’ commitment to research integrity and responsible scholar-
ship. Supervisors model disciplinary norms and ethical reason-
ing through guidance, feedback, and relational practices (Bird, 
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2001; Krásničan et al., 2024). These expectations encompass crit-
ical engagement, authorship practices, and collaborative inquiry 
(Lofström & Pyhältö, 2020). Foundational research emphasises 
shared understandings, transparent expectations, and trust as 
essential to effective supervision (Pizzolato, 2022; Pyhältö et al., 
2015). Lee’s (2008) multidimensional model remains influential, 
describing supervisory work across functional, enculturation, 
critical thinking, emancipation, and relational domains. The 
emergence of generative AI introduces new complexities. While 
AI can support writing clarity, organisational structure, and pre-
liminary feedback, allowing supervisors to focus on conceptual 
and methodological development (Rafi & Amjad, 2025), it also 
raises concerns about authorship, hallucination, and concealed 
reliance on automated outputs. As a result, institutions are de-
veloping new integrity frameworks (Bjelobaba et al., 2024; Eac-
ersall et al., 2024), emphasising accountability, transparency, and 
prohibition of AI authorship (Gulumbe et al., 2025). Supervisors 
must now address not only long-standing ethical risks but also 
AI-specific challenges such as dataset bias, overreliance, and mis-
placed trust in authoritative-sounding outputs (Gao et al., 2025). 

The integration of AI into dissertation supervision must be sit-
uated within broader developments concerning AI literacy and 
institutional readiness in higher education. Recent research re-
veals significant variation in both institutional policies and facul-
ty preparedness for AI integration (Southworth et al., 2023; Chan 
& Hu, 2023). Whilst some universities have developed compre-
hensive frameworks including training programs and ethical 
guidelines, others have adopted reactive, prohibition-focused 
approaches that leave supervisors uncertain about appropriate 
engagement. Studies of faculty attitudes reveal tensions between 
recognising pedagogical potential and concerns about academic 
integrity, workload implications, and adequacy of institutional 
support (Boud & Brew, 2013). Particularly relevant is research 
demonstrating that effective supervisor development for tech-
nology-mediated pedagogy requires not only technical training 
but also opportunities for critical reflection on how digital tools 
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reshape supervisory relationships and research practices (Halse 
& Malfroy, 2010). 

From a CHAT perspective, these institutional frameworks 
constitute essential elements of the activity system, providing 
rules, division of labour, and community structures that enable 
or constrain supervisors’ capacity to integrate AI tools effective-
ly. This literature highlights  how responsible AI integration can-
not rely solely on individual supervisor initiative but requires 
coordinated institutional investment in professional develop-
ment and policy frameworks.

2.3 How LLMs Process Data

This section considers the properties of LLMs most likely to 
affect qualitative analysis. We highlight how these features can 
support analytic consistency while also posing limits that de-
mand reflexive oversight.

2.3.1 Tokenisation: The Foundation of Text Processing
LLMs process text by breaking it into tokens, the smallest 

computational units, which may represent words, fragments, or 
characters. Tokenisation affects qualitative analysis as seman-
tic consistency may be compromised when similar concepts are 
tokenised differently, particularly problematic for multilingual 
data where models trained primarily on English struggle (Qiu et 
al., 2020; Rust et al., 2021). However, models process tokens con-
textually, maintaining semantic relationships during analysis.

2.3.2 Context Windows: The Scope of Understanding
An LLM’s context window sets the maximum text it can pro-

cess at once, ranging from 4,000 to over a million tokens (Press 
et al., 2021). For qualitative researchers, this creates constraints 
on document length and continuity, as lengthy transcripts may 
require segmentation that risks fragmenting thematic links.  

The context window limitation also affects relationship map-
ping, as the model can only identify relationships and patterns 
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within its processing scope. Cross-document or long-range the-
matic connections may be missed if they exceed this limit, po-
tentially fragmenting the analytical process and conflicting with 
qualitative research’s emphasis on understanding phenomena in 
their full context (Vaswani et al., 2017). When analysing multiple 
interviews or documents sequentially, the model cannot retain 
insights from previous analyses unless they are explicitly includ-
ed in the current context window, necessitating careful consider-
ation of how to maintain analytical continuity across extended 
datasets.

2.3.3 Temperature: Controlling Analytical Creativity
The temperature parameter controls randomness in model re-

sponses (typically 0-1), balancing consistency with interpretive 
richness (Holtzman et al., 2019). Low settings (0-0.3) produce de-
terministic, consistent outputs suitable for systematic coding but 
may miss nuanced interpretations. High settings (0.7-1.0) gen-
erate varied, creative responses identifying unexpected patterns 
but reduce consistency across similar tasks. Different analytical 
phases benefit from different settings: systematic coding requires 
lower temperatures for reliability, while thematic exploration 
may benefit from higher settings encouraging novel pattern 
identification 

2.3.4 Prompt Engineering: Shaping Analytical Perspective
The way researchers phrase requests fundamentally shapes 

LLM analytical approaches, making prompt engineering criti-
cal (Reynolds & McDonell, 2021). Effective prompting involves 
several key considerations. Role definition instructs the model 
to adopt specific analytical perspectives—phenomenological 
analysis versus behavioural pattern identification yields fun-
damentally different insights. Methodological framing specifies 
the qualitative approach employed (thematic analysis, grounded 
theory, interpretative phenomenological analysis), as each tra-
dition carries distinct analytical procedures (Smith et al., 2022). 
Output structure defines presentation format - themes with quo-
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tations, coded segments with relationships, or interpretive narra-
tives. Contextual grounding provides relevant background about 
research questions, populations, or theoretical frameworks. Poor 
prompting risks superficial results; well-structured prompts en-
hance analytical depth and methodological coherence.

2.3.5 Guardrails: Boundaries and Limitations
LLMs incorporate safety measures and content policies af-

fecting qualitative analysis of sensitive topics (Bai et al., 2022). 
Content filtering may refuse to analyse sensitive subjects like 
trauma, violence, or discrimination - important areas of qualita-
tive inquiry. Bias mitigation attempts may overcorrect, affecting 
analysis of texts discussing sensitive demographic issues requir-
ing nuanced understanding. Factuality guardrails can reduce in-
terpretive flexibility (Weidinger et al., 2021). Researchers must 
understand how these guardrails shape analytical possibilities.

2.3.6 Implications and Common Misconceptions
LLMs provide efficiency, pattern recognition, and consistency 

(Gilardi et al., 2023; Törnberg, 2023), but lack experiential ground-
ing, cultural embeddedness, and theoretical reasoning (Bender 
et al., 2021). Outputs remain sensitive to prompt wording and 
system parameters (Ouyang et al., 2022). Misconceptions, such 
as assuming comprehension, neutrality, or methodological inde-
pendence, risk undermining human interpretive authority (Sha-
nahan, 2022; Blodgett et al., 2020). Supervisors therefore play a 
critical role in ensuring students treat LLMs as mediating tools 
rather than epistemic replacements, consistent with CHAT and 
connectivist principles.

2.4 Application of Large Language Models (LLMs) in Qualitative Data 
Analysis

2.4.1 Methodological Landscapes and Research Design
Recent studies focus predominantly on exploratory and meth-

odological designs, reflecting the field’s nascent nature (Hamil-
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ton et al., 2023; Gao et al., 2023). A recurring strategy involves 
comparative analysis, systematically comparing AI-assisted out-
puts with traditional manual coding (Li et al., 2024; Prescott et al., 
2023), though evaluation criteria variation complicates synthe-
sis. Three trajectories emerge: proof-of-concept studies demon-
strating basic capabilities, validation studies assessing reliability 
against human coding, and integration studies exploring optimal 
human-AI workflows. This evolution suggests movement from 
feasibility testing toward practical implementation frameworks.

2.4.2 Generative AI Technologies and Tool Selection
The technological landscape remains dominated by OpenAI 

models, with studies using GPT-3.5 and GPT-4 far outnumbering 
those employing alternatives (Theelen et al., 2024; Zhang et al., 
2025). This reliance appears to stem more from accessibility and 
usability than from systematic tool selection. A minority of stud-
ies explored Llama, Bard (Gemini), or customised implementa-
tions (Bijker et al., 2024).

Most research employed publicly available models in their 
default settings, with relatively few attempts at fine-tuning or 
domain-specific adaptations. Notably, customised models such 
as QualiGPT reported stronger results (Zhang et al., 2023), sug-
gesting that domain-optimised systems may hold particular 
promise for qualitative research. Overall, the choice of genera-
tive AI technology appears largely opportunistic rather than the-
oretically driven, with researchers typically selecting the most 
accessible or familiar tools (Siiman et al., 2023).

2.4.3 Qualitative Analytic Stages and LLM Applications
Open coding represents the most straightforward LLM ap-

plication, with studies reporting accuracy comparable to human 
coders when given sufficient context (Hamilton et al., 2023; Th-
eelen et al., 2024). Performance weakens in axial and selective 
coding requiring conceptual synthesis and theoretical integra-
tion (De Paoli, 2023), where generative AI’s limited interpretive 
depth necessitates significant human refinement.
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Despite these challenges, generative AI demonstrates compe-
tency identifying manifest themes and clustering large datasets 
(Goyanes et al., 2025; Dai et al., 2023) but struggles generating 
latent or interpretive themes requiring theoretical alignment 
(Friedman et al., 2024; Schroeder et al., 2024). In these cases, 
outcomes depend heavily on prompt design (Jalali & Akhavan, 
2024; Yue et al., 2025).

Correspondingly, inter-rater reliability varies widely with Th-
eelen et al. (2024) reporting 34-70% agreement depending on con-
textual information quality. LLMs achieve reasonable reliability 
when carefully configured but outputs require context-specific 
validation to ensure methodological integrity (Tai et al., 2024; 
Zhang et al., 2025).

2.4.4 Comparative Performance Analysis
Across studies, several benefits recur. First, LLMs provide 

considerable efficiency, reducing the time required for coding 
and organisation (Morgan, 2023; Parker et al., 2023; Xiao et al., 
2023). Second, they deliver greater consistency than human cod-
ers, unaffected by fatigue or drift (Liu & Sun, 2023; Than et al., 
2025). Third, they enhance comprehensiveness, often identifying 
patterns that humans overlook (Cook et al., 2025; Acheampong 
& Nyaaba, 2024).

However, serious challenges remain. LLMs struggle with cul-
tural nuance, implicit meaning, and situated knowledge (Levit & 
Saban, 2025; Kasperiūnienė & Mažeikienė, 2024). They also have 
difficulty with theoretical integration, failing to connect findings 
to broader conceptual frameworks (Bhaduri et al., 2024; Gamiel-
dien et al., 2023). Ethical risks, including bias, privacy concerns, 
and the perpetuation of structural inequities, remain underex-
plored but are increasingly acknowledged (Friedman et al., 2024; 
Cook et al., 2025).

A consistent finding across the literature is the importance 
of careful prompt design. Studies that included iterative refine-
ment, explicit theoretical framing, and contextual detail reported 
significantly stronger results (Reynolds & McDonell, 2021). The 
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most promising research employs hybrid workflows, in which AI 
supports coding or theme generation, while interpretive over-
sight remains with the human researcher (Schroeder et al., 2024; 
Cook et al., 2025).

2.4.5 Synthesis and Future Directions 
The current body of research establishes that LLMs possess 

demonstrable utility for specific qualitative research tasks, par-
ticularly initial coding and pattern identification, whilst facing 
significant limitations in theoretical interpretation and contextu-
al analysis. The field is evolving from initial feasibility assess-
ment towards more sophisticated implementation frameworks 
that recognise both AI capabilities and constraints. The studies 
collectively suggest that integrating LLMs into qualitative re-
search requires a fundamental reconsideration of traditional 
methodological approaches. Rather than simple tool substitu-
tion, successful implementation requires new methodological 
frameworks that optimally combine human expertise with AI 
capabilities. This integration challenges conventional notions of 
researcher agency and interpretive authority, requiring careful 
consideration of epistemological implications.  

Future research directions should prioritise the development 
of evaluation frameworks for AI-assisted qualitative analysis, 
the exploration of domain-specific model training approaches, 
and an investigation of the ethical implications for research va-
lidity and participant privacy. The field would benefit from stan-
dardised assessment criteria and best practice guidelines to sup-
port rigorous implementation of these emerging technologies.  

This review demonstrates how supervision, methodological 
rigour, and the technical workings of LLMs intersect in shaping 
the role of AI in qualitative research. Building on these insights, 
the following discussion explores broader implications, particu-
larly the pedagogical and ethical challenges of supervising dis-
sertation research in an era where human and machine collabo-
ration is increasingly unavoidable.
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3. Discussion

The preceding sections have established the technical mecha-
nisms through which LLMs process qualitative data (Section 2.3) 
and reviewed their applications across diverse research contexts 
(Section 2.4). This discussion synthesises these foundations to 
examine their pedagogical implications for dissertation supervi-
sion, guided by the Cultural-Historical Activity Theory and con-
nectivism framework established in Section 2.1.

Through a CHAT lens, we explore how LLMs function as me-
diating artefacts that reshape the supervisory activity system, in-
troducing contradictions between traditional research practices 
and emergent technological affordances. Connectivism helps us 
understand how supervision must adapt when knowledge gen-
eration becomes distributed across human and computational 
nodes. Together, these lenses reveal supervision not as transmis-
sion of static methodologies but as co-navigation of evolving so-
cio-technical learning ecologies.

The following five subsections explore pedagogical shifts 
required (3.1), methodological tensions and hybrid workflows 
(3.2), ethical dilemmas and integrity safeguards (3.3), responsi-
bilities in uneven digital landscapes (3.4), and principles of re-
flexive integration as pedagogical orientation (3.5).

3.1 From Supervision to Mediation: Pedagogical Shifts in the Age of AI

Generative AI challenges traditional supervision models that 
support the gradual development of methodological rigour and 
interpretive independence (Lee, 2008). The tension is stark: AI’s 
speed and ease can encourage superficial engagement, eroding 
the deep, iterative analysis that defines qualitative research - yet 
it also offers genuine scaffolding for inexperienced researchers 
managing large datasets or facing linguistic barriers (Braun & 
Clarke, 2020; Friedman et al., 2024; Rafi & Amjad, 2025).

Supervision must evolve from merely transmitting estab-
lished methods to negotiating AI’s dual nature as both a scaffold 
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and a shortcut. This pedagogical shift requires three intercon-
nected practices:

1.	 Modelling Critical Interrogation: Supervisors must demon-
strate how to treat AI outputs as provisional starting points 
rather than conclusive findings. This approach involves 
publicly interrogating reliability, situating outputs within 
theoretical frameworks, and triangulating against manual 
coding. Rather than simply instructing students about AI 
limitations, supervisors model sceptical engagement in real 
time.

2.	 Fostering Transparency as Practice: Documentation becomes 
pedagogically central, not as a bureaucratic exercise but as 
a reflexive habit. Students learn to specify the models used, 
the parameters set, the prompts refined, and how discrepan-
cies between human and AI analyses were resolved (Eacer-
sall et al., 2024; Gao et al., 2025). Transparency itself becomes 
the subject of supervisory teaching.

3.	 Creating Safe Dialogic Spaces: Supervisors must cultivate envi-
ronments where students can voice uncertainties, reveal mis-
uses, and discuss over-reliance without censure. Integrating 
AI as routine supervisory conversation rather than avoiding 
it or treating it punitively, signals that critical engagement 
with emergent technologies is integral to becoming a consci-
entious researcher.

From a CHAT perspective, this pedagogical shift represents a 
fundamental transformation of the supervisory activity system. 
Where supervisors previously mediated between students and 
traditional analytical methods, they now navigate a triangular 
relationship among student (subject), qualitative data (object), 
and LLM (mediating artefact). This approach introduces con-
tradictions: institutional rules often lag behind technological 
capabilities, whilst community norms about what constitutes 
“authentic” student work remain contested. Supervisors must 
mediate these contradictions, helping students develop agency 
within socio-technical learning networks (Siemens, 2004) rather 
than simply mastering predetermined procedures.

The supervisory challenge is ensuring that AI functions as a 
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complement rather than a substitute. For students lacking meth-
odological confidence, AI can reduce cognitive load during ba-
sic coding, creating space for deeper interpretative work under 
guidance. However, without active supervision, these scaffolds 
readily become crutches that prevent skill development. The 
shift required is substantial: supervisors become not just men-
tors of research integrity but also guides for responsible digital 
scholarship, preparing students to preserve interpretive owner-
ship while leveraging technological efficiency.

3.2 Methodological Tension and Possibilities in AI-Supported Analysis

Integrating LLMs into qualitative research creates method-
ological tensions requiring new supervisory responses. These 
tools efficiently manage complex datasets, scaffolding students’ 
early analytical engagement (Gilardi et al., 2023; Törnberg, 2023). 
Yet efficiency risks encouraging superficial habits that bypass the 
iterative, reflexive engagement at the core of qualitative research.

Supervisors must therefore guide students to understand 
LLMs not as impartial observers but as systems shaped by to-
kenisation, context windows, prompting structures, and proba-
bilistic inference (Press et al., 2021; Reynolds & McDonell, 2021). 
When context limits truncate transcripts or different prompts 
yield divergent themes, these become teachable moments for 
methodological reflexivity. Understanding technical constraints 
is essential for ethical, effective AI use.

LLMs demonstrate competence in descriptive coding and 
surface-level pattern identification but falter at conceptual work: 
axial and selective coding, theoretical integration, and contextu-
al interpretation (Theelen et al., 2024; De Paoli, 2023). This ca-
pability gap clarifies the supervisor’s role: ensuring students 
treat AI-generated categories as provisional, interrogating them 
against data and theoretical frameworks. Without this guidance, 
students may mistake computational pattern recognition for 
qualitative analysis.

The solution lies not in rejection but in hybrid approaches 



36  The Role of Generative AI in Qualitative Data Analysis, by L. Busuttil, R. Camilleri

where LLMs handle preliminary organisation while human re-
searchers retain interpretive authority. Effective workflows in-
volve:

•	 AI-assisted initial coding → manual verification and 
refinement

•	 Machine-generated themes → theoretical triangulation and 
contextualisation

•	 Pattern identification → interpretive synthesis and meaning-
making

Such workflows preserve methodological rigour while lever-
aging computational efficiency (Cook et al., 2025; Schroeder et 
al., 2024). Students learn to position AI outputs as one analytical 
perspective requiring critical interrogation not authoritative con-
clusions.

These hybrid workflows embody the connectivist principle 
that learning occurs through network connections rather than 
internalised content alone (Siemens, 2004). When students learn 
to orchestrate AI-assisted initial coding followed by human re-
finement, they develop the capacity to navigate distributed 
knowledge systems - a core twenty-first-century competency. 
However, CHAT reveals potential contradictions: rules requir-
ing “independent” dissertation work may conflict with the in-
herently collaborative nature of human–AI workflows. Supervi-
sors must therefore help students document and theorise these 
partnerships transparently, positioning AI use not as delegation 
but as informed tool selection within broader methodological 
repertoires.

Supervisors thus extend their role beyond transmitting estab-
lished practices to cultivating dual literacy: traditional qualita-
tive skills and the critical capacity to navigate the affordances 
and constraints of digital tools. Where LLMs offer breadth, su-
pervisors help students leverage advantages; where they threat-
en reflexivity, supervisors intervene to preserve qualitative in-
quiry’s integrity.
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3.3 Safeguarding Integrity: Ethical and Epistemological Dilemmas

The integration of LLMs into qualitative research presents 
both opportunities and dilemmas that cut to the heart of re-
search integrity and interpretive authority. These tools are most 
effective when thoughtfully integrated into human-led process-
es rather than positioned as substitutes for human judgment. 
At their best, they can act as analytical assistants,  identifying 
preliminary patterns, suggesting coding schemes, or flagging 
passages for closer human review while maintaining research-
er oversight of interpretive decisions. As consistency checkers, 
they can apply coding criteria systematically across large data-
sets, though responsibility for establishing and validating such 
criteria must remain with human researchers. LLMs can also 
serve as alternative perspective generators, offering interpretive 
prompts; however, such suggestions must always be weighed 
against theoretical frameworks and contextual knowledge that 
can only be provided by human expertise.

For supervisors, this hybridisation of analysis creates new 
pedagogical challenges. Students must learn not only how to ap-
ply traditional qualitative procedures but also how to critically 
integrate AI outputs without displacing their own interpretive 
agency. Supervisors are therefore called to model reflexive prac-
tices - treating AI outputs as provisional, interrogating their reli-
ability, and foregrounding the importance of theoretical framing. 
In guiding students through these practices, supervisors safe-
guard against a dilution of interpretive depth and help ensure 
that the central tenets of qualitative inquiry, including reflexivity, 
contextual sensitivity, and theoretical integration, remain intact.

Documentation has become a cornerstone of integrity in this 
shifting terrain. Beyond conventional reporting, students must 
now specify which model was used, under what parameters, 
how prompts were designed, and how outputs shaped the an-
alytic process (Liang et al., 2022). Rigorous accounts should de-
scribe how AI outputs were integrated with human analysis, 
how conflicts were resolved, and how iterative refinements un-
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folded. Validation must also include checks such as inter-rater 
reliability between human and AI coding, member validation, 
and theoretical testing of emergent themes. Supervisors play a 
key role in framing such documentation not as bureaucratic for-
mality but as an ethical obligation central to transparency and 
academic accountability.

Equally pressing are the ethical questions raised by AI inte-
gration. Data privacy becomes a significant concern when sen-
sitive information is shared with commercial services, raising 
questions of consent and confidentiality. Interpretive authority 
also becomes complex: in collaborative human-AI analyses, ac-
countability for meaning-making must remain with the human 
researcher. Transparency with participants is an emerging ethi-
cal requirement, as individuals may reasonably expect to know 
whether AI tools have mediated the interpretation of their con-
tributions. Supervisors must therefore guide students to scruti-
nise institutional guidelines, employ anonymisation strategies, 
and adopt safer infrastructures where necessary.

These ethical challenges can be understood through CHAT’s 
attention to divisions of labour within activity systems. When 
LLMs perform coding tasks, the division of interpretive labour 
shifts: pattern recognition migrates to computational nodes 
whilst meaning-making, contextualisation, and theoretical in-
tegration remain with human researchers. This redistribution is 
productive only when made explicit and when power dynamics 
favour human interpretive authority. Students must learn to po-
sition themselves as orchestrators of socio-technical knowledge 
networks (Siemens, 2004) rather than consumers of AI-generated 
insights.

These ethical and epistemological dilemmas can also be read 
through Lee’s (2008) supervisory dimensions, which acquire 
renewed significance in the context of AI-assisted inquiry. The 
functional dimension now entails not only oversight of method-
ological processes but also attention to ensuring that students 
follow institutional and technical safeguards when deploying 
LLMs. The critical thinking dimension is extended as supervisors 
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must teach students to interrogate AI outputs with scepticism, 
recognising them as prompts for interpretation rather than de-
finitive analyses. The emancipatory dimension becomes more 
complex, for while supervisors are tasked with fostering student 
independence, they must also ensure that such independence is 
not compromised by overreliance on automated systems. Finally, 
the relational dimension of supervision gains new significance 
as supervisors model ethical reflexivity, openly discussing their 
own practices and uncertainties surrounding AI use, thereby de-
mystifying its role and reinforcing a culture of transparency and 
accountability.

Viewed this way, AI does not diminish the supervisory role 
but deepens it. Supervisors become not only mentors of method-
ological rigour but also custodians of ethical reflexivity, charged 
with preparing researchers to navigate new dilemmas around 
privacy, interpretive responsibility, and transparency. Far from 
displacing long-standing concerns such as plagiarism or author-
ship disputes, AI introduces additional layers of vigilance that 
call for supervisory guidance. In this evolving landscape, super-
visors must mediate the interplay of human judgment and digi-
tal assistance, safeguarding both the quality and the integrity of 
qualitative research.

3.4 Supervisory Responsibilities in an Uneven Digital Landscape

Asymmetries of knowledge, power, and access have always 
shaped supervision in higher education. However, the arrival of 
generative AI introduces uneven terrains that supervisors must 
now learn to traverse with their students. Access to advanced 
LLMs remains stratified, with some institutions offering sub-
scriptions to models such as GPT-4 while others restrict students 
to basic versions, creating disparities in research capacity and 
methodological experimentation (Siiman et al., 2023; Zhang et 
al., 2023). Supervisors, already cast as mentors of research integ-
rity and scholarly practice (Bird, 2001; Krásničan et al., 2024), are 
increasingly called to mediate these inequities, ensuring that dif-
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ferences in access do not translate into reduced opportunities for 
rigour, depth, or creativity in student research.

The unevenness is also a cultural and disciplinary issue. 
While applied social sciences are beginning to embrace AI as a 
methodological scaffold (Rafi & Amjad, 2025), many humanities 
disciplines remain cautious, namely due to the perceived risks of 
superficiality, displaced authorship, and compromised integrity 
(Bjelobaba et al., 2024; Eacersall et al., 2024). Supervisors stand 
at the intersection of these debates, negotiating between disci-
plinary traditions and emerging technological possibilities. In 
doing so, they extend Lee’s (2008) dimensions of supervision: 
the functional and enculturation tasks now involve inducting 
students into ongoing debates about digital tools, disciplinary 
ethics, and shifting methodological norms.

Compounding these dynamics is a shift in expertise hierar-
chies. Supervisors are traditionally expected to be knowledge 
authorities, but when it comes to rapidly evolving AI tools, stu-
dents often arrive with greater familiarity and fluency than their 
mentors. Rather than undermining supervisory authority, this 
inversion opens possibilities for reimagining the supervisory re-
lationship. It calls supervisors to model humility, adaptability, 
and co-learning, embodying Lee’s (2008) relational and emanci-
patory dimensions in new ways. By embarking on shared explo-
ration of unfamiliar digital terrains, supervisors encourage schol-
arly resilience and critical reflexivity. These skills extend beyond 
any particular technology and endeavour to prepare students for 
lifelong engagement with evolving research environments.

Institutional policies further complicate this landscape. Uni-
versities differ widely in their approaches, with some tightly reg-
ulating the use of generative AI tools because they are regarded 
as a threat to academic integrity, while others embed it within 
broader digital literacy agendas (Gulumbe et al., 2025; Gao et al., 
2025). Supervisors find themselves tasked with interpreting and 
enacting these institutional framings, balancing the demand for 
compliance with their pedagogical responsibility to foster intel-
lectual autonomy and methodological creativity. This balancing 
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act exemplifies what Braun and Clarke (2020) describe as the cul-
tivation of reflexive practice: supervisors must help students to 
work within constraints while still retaining space for interpre-
tive depth and ethical responsibility.

From a CHAT perspective, institutional frameworks constitute 
essential rules and community structures within the supervisory 
activity system. Uneven institutional investment in AI literacy 
training creates contradictions: supervisors face expectations to 
guide AI-literate students whilst lacking access to professional 
development resources. This situation reveals how macro-lev-
el contradictions (institutional policy) cascade into micro-level 
tensions (individual supervisory relationships). Connectivism 
suggests that supervisors might form professional learning net-
works to share strategies and resources, partially compensating 
for institutional gaps through distributed, emergent expertise.

Against this backdrop, supervision cannot be understood sole-
ly as the transmission of established research practices. Instead, 
it must be reconceptualised as a form of digital stewardship, 
where supervisors act as reflexive co-navigators alongside their 
students. Digital stewardship entails three interlocking respon-
sibilities: first, to ensure equity of access and opportunity across 
uneven technological landscapes; second, to model and cultivate 
reflexive engagement with AI tools, treating them as provisional 
aids rather than authoritative voices; and third, to sustain the in-
tegrity of qualitative inquiry by insisting that human judgment, 
contextual sensitivity, and theoretical imagination remain cen-
tral. By adopting this stance, supervisors safeguard disciplinary 
traditions while simultaneously preparing students to thrive in 
a research culture characterised by constant technological flux.

In this way, supervisory responsibility is not diminished but 
transformed. Supervisors become not only guardians of research 
integrity but also partners in navigating the uncertainties of an 
evolving digital era, equipping emerging scholars with the criti-
cal dispositions, ethical reflexivity, and adaptive capacities need-
ed to flourish in uneven and unsettled research landscapes.



42  The Role of Generative AI in Qualitative Data Analysis, by L. Busuttil, R. Camilleri

3.5 Reflexive Integration as Pedagogical Orientation

The literature converges on a clear conclusion: LLMs prove 
most useful when woven into human-led processes rather than 
substituting for interpretation (Gilardi et al., 2023; Törnberg, 2023; 
Theelen et al., 2024). Their affordances ―preliminary coding, 
pattern identification, and consistency across large datasets― 
complement but cannot replace the conceptual depth, theoretical 
integration, and interpretive subtlety that define qualitative in-
quiry (De Paoli, 2023; Bender et al., 2021).

Reflexive integration addresses this reality through three in-
terlocking practices:

1.	 Interrogative Stance: Students learn to position AI outputs as 
tentative and partial, asking: How do AI-generated codes 
align with or diverge from manual coding? How do thematic 
suggestions fit within theoretical frameworks? Where must 
human interpretive authority override computational pat-
tern recognition? (Braun & Clarke, 2020; Shanahan, 2022). AI 
becomes the site where reflexive habits are taught, not where 
they are abandoned.

2.	 Enhanced Documentation: Transparent accounts must specify 
technical dimensions, including model version, parameters, 
prompts, and how human-AI discrepancies were resolved 
(Liang et al., 2022; Ouyang et al., 2022). Supervisors frame 
this not as bureaucracy but as an ethical responsibility to 
participants and scholarly communities. Documentation it-
self becomes a reflexive practice, demonstrating how meth-
odological decisions, including AI integration, shaped ana-
lytical outcomes.

3.	 Ethical accountability: When insights emerge through hu-
man-AI collaboration, researchers remain accountable for 
interpretations and participant representation (Gao et al., 
2025). Data privacy, interpretive authority, and participant 
transparency require heightened vigilance. Supervisors 
guide students to recognise AI not as neutral but as a contin-
gent tool demanding contextualisation and critique.

Reflexive integration thus represents a pedagogical orienta-
tion rather than merely a technical adjustment. It preserves hu-
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man judgment, theoretical sensitivity, and ethical responsibility 
at the centre of qualitative inquiry while leveraging computa-
tional efficiency. This stance resists both uncritical enthusiasm 
and categorical rejection, positioning AI as one provisional per-
spective among many, always questioned, always situated with-
in human researchers’ interpretive and ethical commitments.

3.6 Institutional and Professional Development Realities

The pedagogical responsibilities outlined above presume su-
pervisory capacity that cannot be assumed without deliberate 
institutional investment and professional development frame-
works. Several critical questions arise that warrant explicit at-
tention: Who trains supervisors in the technical and pedagogical 
dimensions of AI integration? What institutional resources and 
policies enable or constrain this transformation? How do work-
load pressures, disciplinary cultures, and career stage mediate 
supervisors’ capacity to engage reflexively with these issues?

Drawing on CHAT’s attention to contradictions within activ-
ity systems (Engeström, 1987), we can identify tensions between 
institutional expectations for AI-literate supervision and the of-
ten-limited provision of training, time, and resources required to 
develop such capacity. Research on academic development sug-
gests that effective professional learning requires sustained en-
gagement rather than one-off training sessions (Roxå & Mårtens-
son, 2015). Supervisors need opportunities to explore AI tools 
practically, discuss ethical dilemmas collegially, and develop 
discipline-specific approaches reflecting their fields’ epistemo-
logical commitments. However, institutional investment in such 
development remains uneven, with some universities offering 
comprehensive support whilst others expect supervisors to nav-
igate these changes independently (Chan & Hu, 2023).

Equity concerns extend beyond student access to encompass 
supervisor access to advanced tools, training, and time for ex-
perimentation. Junior faculty may face particular tensions be-
tween adopting innovative approaches and meeting traditional 
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research productivity expectations. Disciplinary variation com-
pounds these challenges: whilst applied social sciences increas-
ingly embrace computational methods, humanities disciplines 
often maintain greater scepticism toward AI integration, creating 
potential inconsistencies in institutional approaches and leaving 
individual supervisors to negotiate these tensions without clear 
guidance.

Moreover, the rapid pace of AI development means that any 
particular technical training quickly becomes outdated. Sustain-
able approaches require cultivating dispositions of critical in-
quiry and adaptive practice rather than mastering specific tools. 
From a connectivist perspective (Siemens, 2004), this emphasises 
the importance of network-building among supervisors, creat-
ing communities of practice where experiences, challenges, and 
strategies can be shared and refined collectively. Institutional 
frameworks must therefore balance providing practical guid-
ance with fostering intellectual community around evolving 
questions rather than prescriptive solutions.

4. Practical Strategies for Dissertation Supervision

In this uneven and rapidly evolving digital landscape, super-
visors are called to reimagine their roles not only as mentors of 
research integrity but also as digital stewards. This shift in roles 
involves guiding students towards AI use that is supplementary, 
intentional, and critically reflective. LLMs can support research 
by improving coding efficiency, speed, scalability, and consisten-
cy, as well as by detecting patterns in large datasets (Gilardi et al., 
2023; Törnberg, 2023). However, these potential strengths cannot 
overshadow their significant limitations: limited contextual sen-
sitivity, difficulty in axial and selective coding, weak theoretical 
integration, and ethical concerns, including bias, hallucination, 
and compromised data privacy (Theelen et al., 2024; De Paoli, 
2023; Bender et al., 2021).

Supervision, therefore, becomes a balancing act, supporting 
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students in harnessing these affordances while ensuring that 
the interpretive depth, reflexivity, and ethical responsibility that 
define qualitative research are not dismissed. This act requires 
modelling transparency, encouraging critical interrogation, and 
framing AI outputs as provisional prompts rather than authori-
tative analyses.

Fig. 1 The Supervise Framework

Figure 1 presents the SUPERVISE framework, a set of prac-
tical strategies designed to support supervisors in navigating 
their evolving roles within AI-mediated dissertation work. The 
acronym provides a clear, accessible reference point, enabling 
supervisors to systematically reflect on and assess the shifting 
dimensions of their responsibilities.

The SUPERVISE framework operationalises the theoretical 
commitments established in Section 2.1, translating CHAT and 
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connectivist principles into actionable supervisory practices. 
Drawing on CHAT’s conceptualisation of tools as mediating ar-
tefacts within activity systems (Engeström, 1987), the framework 
positions supervisors as strategic mediators who help students 
navigate contradictions between institutional expectations, tech-
nological affordances, and methodological traditions. From a 
connectivist perspective (Siemens, 2004), effective supervision 
cultivates students’ capacity to build and maintain productive 
connections within distributed socio-technical learning net-
works.

Each element of the SUPERVISE framework addresses spe-
cific dimensions of the supervisory activity system: subject (stu-
dent autonomy and skill development), tools (AI technologies 
and their appropriate use), rules (ethical guidelines and docu-
mentation standards), community (professional networks and 
peer learning), and division of labour (clarity about human ver-
sus computational responsibilities). Together, these elements cre-
ate coherent supervisory practice grounded in both theoretical 
understanding and pragmatic responsiveness to the realities su-
pervisors face.

Practical strategies for supervisors include:

•	 Modelling reflective and transparent AI use, demonstrating 
openly how outputs can be interrogated, contextualised, and 
reported.

•	 Encouraging triangulation and validation of AI outputs through 
manual coding, theoretical framing, and cross-checking.

•	 Developing technical literacy of LLMs for both supervisors and 
students alike, encouraging them to cultivate a working un-
derstanding of how LLMs process language—tokenisation, 
context limits, probabilistic prediction, temperature settings, 
and guardrails. This technical literacy would form part of 
focused training to demystify AI tools and equip research-
ers to anticipate their limitations, ask better methodological 
questions, and design prompts more purposefully. 

•	 Embedding critical conversations about AI within supervisory 
dialogue, enabling students to voice both its opportunities 
and risks.

•	 Protecting ethical standards, particularly the safeguarding of 
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data privacy, clarity of interpretive authority, and transpar-
ency in documenting AI use in dissertations.

•	 Addressing equity of access, acknowledging that not all stu-
dents have equal exposure to advanced AI tools, and miti-
gating disparities where possible.

•	 Expanding methodological training to include prompt design, 
parameter awareness, and critical reflection on guardrails 
and constraints.

•	 Teaching hybrid workflows, where the efficiency of AI is har-
nessed but always complemented by human reflexivity and 
theoretical integration.

•	 Build critical digital literacy into supervision, ensuring that 
students engage critically with issues of privacy, author-
ship, accountability, and bias, and that they see LLMs as so-
cio-technical systems rather than neutral tools.

•	 Preparing for uneven digital access, equipping students to 
adapt to shifting AI institutional policies and technological 
variation.

Taken together, these strategies position AI not as a threat to 
academic integrity but as a catalyst for pedagogical reflection 
and methodological renewal. 

5. Conclusion

Generative AI fundamentally challenges dissertation super-
vision, requiring neither dismissal nor uncritical embrace but a 
recalibrated supervisory stance. This chapter has advanced two 
interconnected commitments: Reflexive Integration positions AI 
as a provisional aid that requires interrogation, triangulation, 
and situating within theoretical and ethical frameworks (Braun 
& Clarke, 2020; Shanahan, 2022). Students learn to preserve in-
terpretive authority while leveraging computational efficiency, 
treating LLM outputs as accountable to the epistemic commit-
ments of qualitative inquiry.  Digital Stewardship frames supervi-
sors as ethical guides who mitigate uneven access, navigate in-
stitutional frameworks, and model transparent AI engagement 
(Bird, 2001; Lee, 2008; Gao et al., 2025). This approach extends 
supervision beyond transmitting established norms to medi-
ating students’ relationships with technological tools.  Togeth-
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er, these commitments transform supervision from knowledge 
transmission to co-navigation. Supervisors and students explore 
unsettled digital terrain together, preserving qualitative inqui-
ry’s interpretive heart while adapting to technological realities. 
The SUPERVISE framework operationalises this transformation, 
offering practical strategies for modelling transparency, fostering 
critical literacy, and addressing equity concerns.  What emerges 
is a dialogical supervision model that safeguards integrity and 
deepens reflexivity. Rather than viewing AI as a threat or pan-
acea, this approach recognises it as a pedagogical provocation 
- an opportunity to renew attention to accountability, cultivate 
critical digital scholarship, and prepare researchers who can 
thoughtfully inhabit technological futures. 

This chapter has focused on qualitative dissertation research, 
where LLM applications and interpretive tensions are most ev-
ident; however, supervisors of quantitative and mixed-methods 
research face comparable challenges regarding transparency, 
skill development, and the critical use of computational tools. 
The principles of reflexive integration and digital stewardship 
offer conceptual foundations adaptable across methodological 
traditions.  Several research directions emerge from this analysis. 
First, empirical evaluation of the SUPERVISE framework’s effec-
tiveness would illuminate which dimensions most significantly 
impact student outcomes, supervisor confidence, and research 
quality. Longitudinal studies tracking students from AI-assisted 
dissertation work into early career research would reveal wheth-
er supervised AI integration cultivates or compromises long-term 
methodological competencies. Second, comparative research 
across disciplines could identify how epistemological commit-
ments shape appropriate AI integration, potentially yielding 
discipline-specific guidance. Third, intervention research de-
signing and testing supervisor training programs would address 
the institutional readiness gaps identified earlier. Fourth, critical 
studies examining power dynamics, equity implications, and po-
tential biases in AI-mediated supervision would deepen under-
standing of how technological integration intersects with exist-
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ing structural inequalities. Finally, research exploring students’ 
own perspectives—their anxieties, strategies, and ethical reason-
ing around AI use—would ground supervisory approaches in 
learner experiences rather than solely supervisor concerns.

The path forward requires institutional support: training su-
pervisors in AI literacy, clear policies that balance innovation 
with integrity, and resources to ensure equitable access. Yet the 
fundamental insight remains: AI integration demands not aban-
doning qualitative research’s core commitments but recommit-
ting to them with renewed intentionality, making explicit what 
was implicit and dialogic what was transmissive.
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Minimum Thresholds of Relationship:
AI and Autobiographical Writing

by Lara Balleri 

1. Introduction

In recent years, the ability of machines to simulate interactions 
has been opening up new scenarios for the human and social 
sciences, while raising epistemological, ethical, and pedagogical 
questions. The spread of conversational Artificial Intelligence, in 
particular, calls for reflection on the potential of this language 
within educational and self-reflective processes, since the words 
it generates seem not to be limited to conveying information, 
but instead come to assume the role of a reflective and symbolic 
space.

Recalling Foucault’s words (1992), the «technologies of the 
self» are that set of practices that enable the individual to work 
on body, thoughts, and behaviors in order to transform oneself. 
In light of these technological transformations, it becomes per-
tinent to ask whether generative AI can be regarded as a new 
technology of the self, and what relationship it establishes with 
the formation of the individual.

The doctoral research presented here arises at the crossroads 
between conversational Artificial Intelligence and autobiograph-
ical writing, with the aim of questioning the formative potential 
of this combination for adults. The experimental design involved 
three groups of university students, invited to compose an au-
tobiographical text starting from a narrative prompt focused on 
their own name, considered as an autobiographical threshold. 
The groups were then differentiated in the following conditions: 
one received AI-generated feedback calibrated on criteria of lis-
tening and empathy; the second engaged in an autonomous re-
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reading of their text; and the third, as a control group, received 
neither feedback nor further prompts.

The aim was to observe the effects of these stimuli on 
self-awareness and self-efficacy, through psychometric instru-
ments complemented by qualitative analysis of texts and subjec-
tive perceptions. An unexpected finding emerged in the group 
that received AI feedback, in which several participants reported 
perceiving listening and recognition, in some cases even sponta-
neously replying to the message received, thereby initiating an 
epistolary exchange. This phenomenon raises crucial questions 
about the value of perceived recognition and the possibility that 
AI may be experienced as a symbolic and relational interlocutor 
when used in autobiographical contexts.

In this framework, the contribution seeks to propose an orig-
inal reflection on the concept of the «minimum threshold of re-
lationship» activated through AI, with particular attention to the 
pedagogical and ethical implications that arise when listening is 
experienced even in the absence of a human interlocutor.

2. Theoretical Framework

From the literature analyzed, three main strands emerge and 
intertwine in the present study. 

The first concerns autobiographical writing, consolidated as a 
pedagogical practice capable of supporting processes of aware-
ness, agency, and project-making (Demetrio, 1995; Pineau, 2005; 
Ricoeur, 1990).

The second strand focuses on conversational Artificial Intelli-
gence, which, although lacking semantic understanding, through 
prompting logic and dialogical exchange acts as a symbolic in-
terlocutor able to stimulate reflexivity (Cristianini, 2023; Floridi, 
2023; Albanesi, 2023).

Finally, the third strand highlights the tendency of individu-
als to attribute human qualities to machines, activating forms of 
anthropomorphization that produce relational effects even in the 
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absence of reciprocity (Weizenbaum, 1966; Nass & Moon, 2000; 
Ciechanowski et al., 2019).

2.1 Autobiographical Writing and Education

Autobiographical writing has long played a central role in 
pedagogical reflection, standing as a true educational device. Far 
from being a mere exercise in memory, self-narration constitutes 
an intentional act of reworking experience, enabling the person to 
reconstruct their own life and attribute meaning to it. As Deme-
trio (1995; 1996; 2020) emphasizes, telling one’s story amounts 
to practicing a form of self-care, since through the written word 
the subject activates a transformative process that integrates cog-
nitive, emotional, and symbolic dimensions, contributing to the 
construction of one’s identity and awareness of life trajectories.

From this perspective, autobiography allows the reorganiza-
tion of facts into a meaningful plot, capable of generating new 
interpretations and future perspectives. Pineau (2005; 2012) in-
sists on the educational and transformative value of narration, 
stressing how self-narration can become a place of learning 
where experiential knowledge transforms into reflective knowl-
edge. For Cavarero (2000), identity takes form in narration, as 
the possibility of being narrated and narrating oneself, thereby 
giving thickness to subjectivity. Similarly, Ricoeur (1990) intro-
duces the notion of «narrative identity» showing how the self 
is constituted in the tension between permanence and change, 
between continuity and transformation. This dimension was fur-
ther deepened by Formenti (2011; 2013), who proposes the idea 
of plurality accompanying the individual in autobiographical 
practice, constantly renegotiated through writing and dialogue 
with one’s social and cultural contexts.

Batini and Del Sarto (2005) further emphasized the heuristic 
function of narration, understood as a tool for critical reflection 
and transformation of educational practice. Batini and Zaccaria 
(2000; 2002) showed how autobiographical writing fosters per-
sonal orientation, enabling individuals to attribute meaning to 
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their experiences and consciously plan for the future. Narrating 
oneself thus means composing a plot that reconciles heteroge-
neous fragments of life, proper to a plural existence, and can of-
fer coherence to the discontinuities of the biographical path. It is 
within this framework that the present study is situated, using 
autobiographical narration as an educational experience in itself, 
and questioning the effect of interaction with an artificial inter-
locutor.

2.2 Conversational AI as a Symbolic Interlocutor

The advent of large language models has made conversation-
al Artificial Intelligence a central topic in contemporary debate. 
Tools such as ChatGPT generate coherent and contextual texts, 
but their communicative effectiveness does not derive from a 
semantic understanding of language, as Cristianini (2023) clar-
ifies. These systems operate through statistical correlations, pro-
cessing vast amounts of data to predict the next word, package 
it, and release it; the result is convincing outputs without any 
awareness.

The emergence of forms of perceived recognition in relation-
ships with AI systems raises significant questions, since the gap 
between dialogical appearance and absence of consciousness 
calls into question the validity of listening activated through 
interaction with an artificial interlocutor. Floridi (2023) defines 
these systems as forms of «agency without intelligence»: tech-
nologies that generate tangible effects in communication and 
society despite lacking intentionality. Ryan (2020) warns against 
the risk of unconscious delegation, where textual fluency is mis-
taken for genuine understanding. Moreover, the transparency of 
such systems is structurally limited, as models remain opaque: 
their inner workings are neither fully observable nor interpre-
table (Ananny & Crawford, 2018). This implies dealing with a 
technology that acts as a symbolic interlocutor without offering 
verifiability guarantees, making caution necessary in adopting 
AI-generated feedback, whose apparent legitimacy rests on pro-
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cesses that are unverifiable and certainly unconscious.
Alongside these critical reflections, the literature highlights 

the pedagogical potential of prompting, that is, the art of formu-
lating questions and instructions to machines. Albanesi (2023), 
Di Bello (2024), and Alto (2024) describe it as a strategic compe-
tence requiring clarity of objectives and linguistic awareness—a 
perspective that frames the relationship with AI as an exercise in 
critical thinking. International research has developed method-
ologies showing that the quality of responses varies depending 
on how the prompt is structured: one-shot, few-shot, and chain-
of-thought prompting (Wei et al., 2022; White et al., 2023) are sig-
nificant examples. This means that prompting, as a meaningful 
act in terms of user awareness, also requires specific technical 
skills to formulate questions that align with the desired feedback. 
Formulating a good question to a conversational system entails 
defining an objective, selecting words accordingly, and logical-
ly structuring the information; in this sense, interaction with AI 
constitutes a reflective space in which to exercise awareness re-
garding issues and questions, while engaging with language.

Nevertheless, even a superficial prompt receives a response, 
and AI does not demand deeper awareness from the user, lim-
iting itself to generating plausible text. Critical rigor remains 
therefore a human prerogative: it is the person who decides how 
to steer the dialogue, what depth to seek, and with what disci-
pline to elaborate their thought. The machine does not distin-
guish between distracted and deliberate interaction; what makes 
the difference are the intentions and competencies of the writer, 
who can transform the mere act of typing into a reflective and 
educational practice.

2.3 Anthropomorphization and Cultural Imaginary

One of the most relevant aspects of interaction with conversa-
tional Artificial Intelligence concerns the perception of relation-
ship that users experience despite the absence of a human in-
terlocutor. Already Weizenbaum (1966), with the famous ELIZA 
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experiment, had shown how a program capable of repeating and 
reformulating sentences could lead people to feel understood—
the so-called «Eliza Effect», which highlighted the tendency to 
project human qualities onto automated systems.

In the following years, the CASA paradigm (Computers Are 
Social Actors) proposed by Nass and Moon (2000), along with 
the studies of Reeves and Nass (1996), confirmed that individ-
uals treat computers as social subjects, applying rules of polite-
ness and interaction typical of interpersonal relationships. This 
responding to machines as if they possessed agency signals the 
perception of a dialogical exchange that exceeds the real capabil-
ities of the systems.

Within this framework, authors such as Boucher (2024) and 
Murray (2024) stress that AI should be understood as an integral 
part of the contemporary cultural imaginary, which shapes our 
expectations of relationships; Murray speaks of an «algorithmic 
imaginary». namely the projection of meanings that leads us to 
experience machines as presences endowed with symbolic and 
emotional depth.

More recent studies have documented how anthropomorphi-
zation influences the user experience. Opportunities and risks 
are reported (Złotowski et al., 2015); it is highlighted that the per-
ception of empathy affects user satisfaction (Ciechanowski et al., 
2019); it is observed that attributing psychological traits reinforc-
es the tendency toward continued use (Pelau et al., 2021); finally, 
it is emphasized that satisfaction and perceived effectiveness can 
fuel the illusion of understanding, concealing the structural lim-
its of the technology (Xie et al., 2023).

In this scenario, pedagogical responsibility lies in critically 
guiding the use of AI, designing interactions that make techno-
logical limits visible while at the same time offering opportuni-
ties for awareness and autonomy. The challenge becomes sharp-
er when human–machine interaction takes place in contexts of 
self-formation, which require an ethical and cultural background 
capable of supporting an authentic use of technology.
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3. Research Design and Experimentation

In the Digital Humanities research reported here, a compar-
ative–experimental design was adopted, with three groups sub-
jected to different feedback conditions. Participation was volun-
tary and anonymous, with information provided about the goals 
and methods of the research. All participants wrote an autobi-
ographical text based on a common prompt centered on their re-
lationship with their own name: “Tell the story of your relation-
ship with your given name and how it has evolved over time”. 
The choice of the name as a reflective starting point is based on 
its universal and symbolically rich nature; it represents an iden-
tity element capable of activating memory, belonging, and reflec-
tion (Demetrio, 1995; Cavarero, 2000; Pina-Cabral, 2015; Messuri 
& Balleri, 2024; Balleri, 2024). In this contribution, the name is 
not conceived or treated in its linguistic sense but is used as an 
autobiographical narrative starter to ensure coherence and depth 
in the collected narratives.

The experiment was structured in five phases:

1.	 completion of the initial questionnaire (t0);
2.	 autobiographical writing;
3.	 differentiated feedback for the three groups;
4.	 completion of the final questionnaire (t1);
5.	 analysis of the texts produced.

For group G1, the AI feedback was designed to avoid judg-
ments and directive advice, instead favoring an empathetic and 
respectful style; the feedback included mirroring, open-ended 
questions, and appreciative comments, using a formal register 
in the second person of courtesy, in Italian language. Group G2 
reread their own autobiographical text after a few days, a condi-
tion aimed at evaluating whether time could promote reflective 
processes. Group G3 participated only in the writing task, with-
out further stimuli.

This design made it possible to compare the effect of algorith-
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mic mediation with other forms of feedback or with the absence 
of feedback.

Fig. 1 Flowchart of the experimental design: 
participants were divided into three groups 
(G1, G2, G3). After completing an initial ques-
tionnaire, all groups engaged in autobiographi-
cal writing. Each group then received a different 
condition (AI feedback, prompt to reread, or no 
feedback), followed by a final questionnaire.

For the experimental phase, both 
quantitative and qualitative tools were 
used within a mixed-methods ap-
proach. On the quantitative side, the 
Rosenberg Self-Esteem Scale (1965), 
reinterpreted as an indicator of reflec-
tive and identity awareness, and the 

Schwarzer and Jerusalem General Self-Efficacy Scale (1995), ad-
opted as a measure of perceived self-efficacy, were employed. 
The latter served as a transversal indicator to capture variations 
linked to reflexivity and self-perception. Both scales were admin-
istered at two points in time, before and after the differentiated 
stimulus (t0 and t1), using extended versions of twenty items 
evenly distributed across the two administrations.

On the qualitative side, autobiographical texts were analyzed 
to identify narrative cores linked to awareness, agency, and reflex-
ivity. In addition, the post-intervention questionnaire gathered 
participants’ subjective evaluations both through closed-ended 
items and open-ended responses dedicated to personal reflec-
tions.

3.1 Study sample

The final sample consisted of 126 adults engaged in university 
studies, evenly distributed across the three groups (42 each). The 
majority identified as female (93.7%), a small percentage as male 
(2.4%), while 3.9% preferred not to specify. The age distribution 
was varied: 34% were over 41, 26% aged 31–40, 16% aged 26–30, 
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14% aged 21–25, and 10% aged 18–20. With regard to previous 
experiences of autobiographical writing, 40% reported occasion-
ally jotting down thoughts, 39% had no prior experience, 15% 
had kept a diary in the past, 4% still kept one, and 2% maintained 
a dream diary. These data illustrate a heterogeneous sample in 
relation to autobiographical practice.

Fig. 2 Distribution of participants’ previous autobiographical experiences. The 
majority reported occasionally jotting down some thoughts without writing 
regularly (51%) or not identifying with any of the listed statements (49%). 
Smaller proportions had written a diary or autobiographical text in the past 
(19%), still keep a diary or autobiographical writing (5%), or write down their 
dreams (2%).

4. Results

The analysis followed a triangulation logic. Quantitative data 
were processed with paired-sample statistical tests and effect 
size calculations; autobiographical texts and qualitative ques-
tionnaire responses were thematically coded in order to identify 
indicators of self-awareness, critical reflection, and agency. The 
integration of these two levels provided a comprehensive picture 
of the processes activated, in line with a pedagogical perspective 
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that seeks to value both the observable dimension and the sub-
jective, experiential one.

The quantitative analysis showed that self-awareness regis-
tered the most significant changes (Fig. 3). A particularly marked 
increase was observed in the group that received AI feedback 
(G1), with an average variation of +0.23 between t0 and t1; in 
the autonomous rereading group (G2), the increase was more 
modest (+0.03), while in the control group (G3) values showed a 
slight average decrease (–0.04), despite a positive median. These 
data indicate that autobiographical writing, when accompanied 
by some form of feedback, tends to have a greater impact on 
self-awareness, whereas writing alone, in the absence of addi-
tional stimuli, does not appear to produce significant changes.

Fig. 3 Average pre–post increase (Δ mean) in Self-Awareness (SAOQ) across the 
three groups. Participants who received AI feedback (G1) showed the highest 
gain compared to the autonomous rereading group (G2) and the control group 
(G3).

The trajectory of self-efficacy was different, with variations 
between t0 and t1 remaining limited across all groups (Fig. 4). 
The average increase was +0.04 in G1 and +0.12 in G2, while the 
control group remained almost unchanged (+0.01); none of the 
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observed changes reached statistical significance, and effect sizes 
were in the low range. This result suggests that self-efficacy is a 
construct less sensitive to short-term stimuli and that, in order 
to be modified, it may require longer interventions and practical 
situations that demand its concrete exercise.

Fig. 4 Average pre–post increase (Δ mean) in Self-Reflection (GSE) across the 
three groups. The autonomous rereading group (G2) reported the highest in-
crease, followed by the AI feedback group (G1), while the control group (G3) 
showed almost no change.

Alongside these data, the post-intervention questionnaires, 
administered at time t1, collected participants’ perceptions of 
the usefulness of the experience. All groups expressed positive 
evaluations, with averages ranging between 3.4 and 3.8 on a 1–4 
scale; notably, the control group, which only carried out the auto-
biographical writing activity, reported strong appreciation (Fig. 
5). This finding certainly deserves further exploration, including 
specific follow-up studies, to verify whether the shorter overall 
duration of the activity contributed to its perceived pleasantness 
(only autobiographical writing, without feedback or rereading, 
plus related questionnaires). Nevertheless, the higher average re-
ported by the control group (G3) shows that even writing alone, 
without feedback, is perceived as a meaningful experience, albe-
it with different characteristics compared to the conditions that 
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involved AI feedback or autonomous rereading; this may reflect 
the transformative power inherent in autobiographical practice, 
capable of activating reflection and well-being even without ex-
ternal stimuli.

Fig. 5 Perceived usefulness of the autobiographical activity on one’s name, by 
group. Participants in the control group (G3) reported the highest mean score 
(M = 3.81), followed by the AI feedback group (G1; M = 3.67), while the auton-
omous rereading group (G2) reported the lowest perceived usefulness (M = 
3.40).

The most rewarding aspects included the opportunity to cap-
ture new nuances of one’s past, to reactivate memories, and to 
know oneself better. The AI feedback group gave the highest 
ratings in most dimensions, with a general average of 3.76. Au-
tonomous rereading was also appreciated, though with greater 
internal variability.

Of particular interest is the comparison between psychomet-
ric data and participants’ subjective evaluations. In the case of 
self-awareness (SAOQ), a substantial convergence can be noted: 
pre–post scores confirm the effectiveness of AI-generated feed-
back (G1), which also emerged as the most impactful condition 
in subjective perception. Autonomous rereading (G2) produced 
minimal increase, accompanied by lower perceived usefulness, 
while the control group (G3) showed a slight decline in objective 
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data but continued to assign value to the autobiographical expe-
rience. In this dimension, participants seemed able to accurately 
recognize the variations actually measured.

Fig. 6 Self-Awareness (SAOQ): comparison between measured (Δ pre–post) 
and perceived (mean scores) outcomes across groups (G1, G2, G3). Both data 
sources converge in showing the AI feedback group (G1) as the most effective 
condition. The autonomous rereading group (G2) shows minimal improvement 
and lower perceived usefulness, while the control group (G3) presents a slight 
decline in measured scores but maintains a moderate level of perceived benefit.

The trend for self-reflection (GSE) was different, showing a 
clear divergence. The measured data indicated a stronger in-
crease in the autonomous rereading group (G2), whereas partic-
ipants attributed the greatest benefit to the AI feedback group 
(G1); the control group (G3) remained nearly stable in both mea-
sures. This interpretive gap suggests that autonomous rereading 
may foster improvement in reflective abilities that participants 
do not fully recognize, while AI feedback, although producing a 
smaller objective increase, was internalized as a meaningful ex-
perience of recognition and listening.
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Fig. 7 Self-Reflection (GSE): comparison between measured (Δ pre–post) and 
perceived (mean scores) outcomes across groups (G1, G2, G3). A divergence 
emerges: the autonomous rereading group (G2) shows the highest measured in-
crease, whereas participants attribute the greatest perceived usefulness to the AI 
feedback group (G1). The control group (G3) remains stable in both dimensions, 
indicating that perceived and measured reflections do not always align.

Overall, the parallel between measured and perceived data 
highlights two different dynamics: on one hand, self-awareness 
appears to be a more transparent dimension, which participants 
can recognize in line with the measured data; on the other hand, 
self-reflection proves more complex, as what is perceived as use-
ful does not always coincide with what is actually modified in 
the scores.

4.2 Qualitative Data

In the optional items dedicated to open responses, several re-
curring themes emerged, as shown in Figure 8: self-awareness 
and reflection, enhancement of identity, emotional exposure, rec-
ognition, and listening.
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Fig. 8 Distribution of thematic strands emerging from participants’ responses to 
the open-ended questions in the questionnaire. The most frequent themes were 
“Awareness and reflection” (10) and “Enhancement of identity” (7), followed by 
“Emotional exposure” (7), while “Recognition and listening” (2) was the least 
represented.

The analysis of autobiographical texts highlighted recurring 
themes linked to identity, memory, and belonging. In 43 texts, 
explicit references to processes of agency and reflexivity were 
found, more numerous in groups G1 and G2. The prompt fo-
cused on one’s given name proved effective in eliciting deep 
memories and identity connections, confirming the value of the 
name as an autobiographical threshold facilitating the shift from 
a descriptive to a reflective level.

The trajectory of quantitative data largely corresponded with 
qualitative evidence. The increase in awareness in G1 was re-
flected in narratives describing the perception of listening and 
recognition. Conversely, the stability of self-efficacy scores was 
mirrored in the reduced presence of explicit references to skills 
or capacity for action in the texts.

The spontaneous responses of some G1 participants represent-
ed an unexpected behavior worthy of attention: they showed that 
AI-generated feedback, though devoid of both awareness and 
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relational intentionality, was internalized as a gesture of listen-
ing and recognition, even becoming a bridge toward dialogue. 
This dynamic illustrates the minimum threshold of relationship, 
made evident as an essential level of recognition that stimulates 
new writing and emotional resonance, shaping the experience as 
significant and generative.

In conclusion, taken as a whole, the data provided a complex 
picture. Self-awareness emerged as the dimension most sensitive 
to reflective stimuli, with a particularly evident increase in the 
group that received AI feedback. Self-efficacy instead remained 
stable, perhaps suggesting the need for more continuous inter-
ventions to significantly influence this variable (Fig. 9).

Fig. 9 Average increase (Δ t1–t0) in Self-Awareness (SAOQ) and Self-Reflection 
(GSE) across the three groups. The AI feedback group (G1) showed the highest 
gain in self-awareness, while the autonomous rereading group (G2) reported the 
largest increase in self-reflection. The control group (G3) showed almost no im-
provement.

Subjective perceptions confirmed the value attributed to the 
autobiographical experience, while the spontaneous responses 
of G1 participants represented an unexpected element, revealing 
the possibility of experiencing interaction with AI as a meaning-
ful relationship. The triangulation of quantitative and qualitative 
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data allowed these findings to be interpreted in an integrated 
way: on the one hand, numbers outlining general trends, and 
on the other, participants’ words conveying the experiential and 
emotional nuances that give those trends meaning.

5. Discussion

The results of the research confirm the role that autobiograph-
ical writing can play as a powerful reflective tool, capable of ac-
tivating processes of self-awareness–especially when accompa-
nied by some form of feedback. The increase in self-awareness 
observed in groups G1 and G2 aligns with what pedagogical 
literature emphasizes: narration requires a return to the text that 
opens up new perspectives and connections (Demetrio, 1995; 
Pineau, 2005). From this perspective, autonomous rereading 
proved sufficient to trigger an initial reflective movement, while 
AI-mediated feedback generated a qualitative leap, perceived by 
participants as a sign of recognition and listening.

The comparison between self-awareness and self-efficacy 
opens up further considerations. Self-awareness was shown to 
be sensitive even to short-term stimuli, whereas self-efficacy re-
mained substantially stable. This trend suggests that self-efficacy 
―understood as the perception of competence and capacity to 
act (Bandura, 1977)― requires extended and concrete experienc-
es in order to change; the result therefore highlights a characteris-
tic of the construct, which is more closely linked to practice than 
to narrative reflection alone. The data suggest that AI-mediated 
autobiographical writing does not directly influence self-effica-
cy, but primarily stimulates introspective processes and critical 
self-revision–while also considering the methodological choice 
to refer to the construct of “self-efficacy” more broadly, including 
the dimension of self-reflection.

A particularly significant element concerned the spontaneous 
responses sent by some participants in group G1. These contri-
butions, not foreseen by the procedure, show how AI-generated 
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feedback was perceived as an authentic gesture of listening and 
recognition. Several students chose to write back, continuing the 
exchange initiated by the received message ―an unexpected be-
havior that represents a valuable qualitative finding, testifying 
to the strength with which the feedback was internalized and the 
capacity of writing to trigger further movement. The phenom-
enon observed in the AI feedback group finds confirmation in 
studies on the Eliza Effect and the CASA paradigm mentioned 
earlier, since participants attributed intentionality and empath-
ic capacity to statistically generated text, in some cases even re-
sponding spontaneously with messages that testified to the per-
ception of a relationship.

This indicates that the educational value is closely tied to how 
the response is perceived and internalized; thus, when AI-gener-
ated feedback is received as legitimizing, it becomes capable of 
initiating reflective and educational processes. The replies col-
lected expressed gratitude, emotion, and a desire to continue, 
signaling that the experience was lived as a meaningful and gen-
erative relationship. In these responses, the minimum threshold 
of relationship can be observed in action: an essential level of rec-
ognition which, though originating from algorithmic text, was 
embraced as an invitation to go further, stimulating new writing 
and emotional resonance.

6. Conclusions and Implications

The set of results invites us to consider conversational Artifi-
cial Intelligence as an emerging relational environment, capable 
of generating a perception of recognition ―even though it stems 
from an algorithm without consciousness― sufficient to initiate 
processes of reflection, autobiographical re-elaboration, and re-
lationship.

The concept of a minimum threshold of relationship represents 
the original contribution of this study to the debate on human–
AI interactions. By this, we mean an essential level of perceived 
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recognition which does not equate to a fully educational rela-
tionship, but which can be interpreted as a liminal experience, in 
which the word generated by the algorithm is received as a sign 
of listening and legitimization. It is precisely within this thresh-
old that the pedagogical value of AI-mediated autobiographical 
writing may reside: a technology that, when placed within an 
intentional framework, acts as a catalyst of symbolic resonance 
and opens up a «third space» that evokes some functions of hu-
man relationships without replacing them. In this space, the re-
lationship is freed from dynamics that sometimes risk inhibiting 
or negatively conditioning dialogue between people, such as 
implicit judgments, expectations, or personal interests; this can 
allow one to live the experience with greater freedom, at least 
with respect to these relational dynamics.

From these reflections follow several implications. First, it 
is necessary to explore more deeply the opacity encountered 
when interacting with non-transparent systems, whose exact 
training, including the intentions behind it, is unknown to us. 
Second, intentional educational frameworks for interaction with 
AI must be developed, in order to avoid naïve uses that risk fos-
tering relational illusions or reducing the complexity of reflective 
processes. Since, if designed as a narrative facilitator, AI can fos-
ter self-reflection and recognition, functioning as a symbolic mir-
ror, it is crucial that educators and pedagogues acquire prompt-
ing skills ―capable of orienting instructions toward listening, 
legitimization, and care― so as to use AI as a tool for narrative 
literacy and support in self-directed and lifelong learning.

A third implication concerns the ethics of the educational re-
lationship, which demands personal responsibility. The experi-
ment shows that participants attributed the quality of authentic 
listening to automated feedback, and this makes it essential to 
avoid letting interaction with AI become a form of unconscious 
delegation. Critical thinking and individual autonomy must be 
maintained, so that technology supports the uniqueness of per-
sonal stories without flattening them into already known pat-
terns; only within a critical and conscious framework can AI ac-
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company authentic educational paths.
A fourth implication regards perspectives for future research. 

To ensure that all this remains grounded in scientific rigor and in-
forms the competent practice of those working in the care of the 
individual, it will be necessary to explore under what conditions 
the minimum threshold of relationship is activated, and what 
linguistic, textual, and contextual features are sufficient to gen-
erate the perception of listening and recognition. Comparative 
studies conducted in diverse contexts and with heterogeneous 
samples may clarify which experiences have actual educational 
value and which risk remaining illusions of reciprocity, unable to 
generate further engagement.

In conclusion, conversational AI presents itself as a symbolic 
actor, capable of opening up new scenarios for autobiographical 
education. The task of pedagogy is to safeguard and guide this 
emerging space, so that the relationship ―even when minimal 
and mediated― continues to serve the narrating subject and 
their growth.
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Moving Beyond Text
A Comparative Case Study of AI-assisted Audio 

Interviews in Relation to Textual Data
from Mobile Diaries in Singapore

by Nadia Olisa and Azaleah Mohd Anis

Introduction & Background 
With new technological advancements, researchers have in-

creasing opportunities to leverage such developments to inno-
vate data collection methodologies for greater efficiency in data 
collection at breadth and in depth. This seems especially relevant 
for asynchronous qualitative studies, which have typically used 
text-based data collection methods offering advantages such as 
the ability to send out questions to a large number of respond-
ents at once, thereby facilitating scalability (Braun et al., 2021; 
Hunter et al., 2012), and to reach respondents who are unable 
or unwilling to meet in person, thus expanding the researchers’ 
reach. 

From letters sent back and forth through the post, evolving 
to emails once it became more widely accessible (Meho, 2006; 
Ratislavová & Ratislav, 2014), and expanding further to online 
platforms such as social media groups and similar platforms 
(Creswell, 2007), text-based data collection of qualitative data 
has been steadily evolving and is likely to continue doing so. 

Online diary studies are an example of how text-based data 
collection has evolved, and in recent years it has become a key 
method for capturing in-the-moment insights into participant 
experiences, behaviours and emotions (Jacelon & Imperio, 2005; 
McCombie et al, 2024), affording participants the privacy to share 
personal struggles and other thoughts that may be difficult to 
admit to a stranger (Baker, 2021). Diaries also allow researchers 
to better balance depth and authenticity, while achieving greater 
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scalability. Even so, text-based responses remain two-dimension-
al, having a gap in terms of the loss of non-verbal cues like tone 
and volume (Martinez-Adrian & Gallardo-del-Puerto, 2021). 
Typed responses may also be self-edited and not accurately re-
flect respondents’ true feelings (Walther, 2007).

Collecting responses through voice recordings, rather than 
text, may help to overcome these limitations. It would now 
also be more easily accessible to respondents as usage of smart-
phones, enabled with microphones and internet access, becomes 
ubiquitous (IMDA, 2023). It allows for responses with some 
non-verbal cues, and potentially more spontaneous and elabo-
rate responses. Studies comparing written and oral answers in 
web probing show that oral responses via smartphone surveys 
yield higher-quality data, with more natural and detailed narra-
tives (Geiecke, F., & Jaravel, X, 2004).

A major challenge with asynchronous data collection remains 
– the researchers’ reduced capacity to immediately probe on re-
spondents’ answers. Text-based data collection tends to be mo-
no-directional, or have limited capability for two-way commu-
nication (emails, online diary platforms, etc.). Both researchers 
and respondents would typically be responding at their own 
convenience, hence potentially diluting or losing out on some 
data points surfaced in the initial response as both may be un-
able to immediately follow up and elaborate. Simply replacing 
text-based data collection with audio recordings may have this 
same issue of mono-directionality. 

With the advent of artificial intelligence (AI) tools, this chal-
lenge may be closer to resolution. In particular, with the rapid 
development of large language models (LLM), natural language 
processing (NLP) models and machine learning (ML), conversa-
tional AI chatbots, which have rapidly grown in usage and capa-
bility, may unlock bi-directional interaction (Chopra & Haaland, 
2023; Lin et al, 2023). These bots can engage in dynamic conversa-
tions with users, adapting to their responses and providing more 
personalised interactions, and are generally more versatile than 
traditional rule-based chatbots. This would allow for probing re-
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spondents’ initial responses, to achieve greater depth. Coupled 
with audio recordings that capture non-verbal cues, this would 
ultimately allow for more nuanced insights, akin to the level of 
depth achievable with an in-person interview.

While comparing text-based and audio methods of data col-
lection is not a new area of inquiry (Hohne et al., 2024), introduc-
ing AI as a probing tool is a new angle to be explored. This may 
enhance the quality of data and insights, adding to the nascent 
body of literature on this subject.

This paper presents a post-evaluation comparison of two dis-
tinct approaches to mobile diary research: one that leverages au-
dio entries and AI-assisted probes to deepen participant reflec-
tions, and another that adopts a more conventional, text-based 
diary format moderated by human researchers. 

While both studies aim to surface rich qualitative insights 
over time, they differ significantly in their mode of data capture, 
prompting mechanisms, and participant interaction. These dif-
ferences raise important questions about data richness, partic-
ipant engagement, and researcher intervention. By examining 
the methodological design, practical execution, and analytical 
implications of each approach, this paper seeks to highlight how 
emerging technologies ―such as AI powered conversational 
agents― are reshaping the qualitative research landscape and 
challenging traditional paradigms of ethnographic enquiry. 

This study contributes to the literature in two key areas: qual-
itative research methods in the social sciences, and the applica-
tion of AI and machine learning in ethnographic research. 

First, within the field of qualitative methods and mobile eth-
nography, this study advances understanding of different modes 
of data collection ―namely audio versus text― and how it af-
fects the depth, expressiveness, and spontaneity of participant 
responses. By isolating a shared introductory prompt across two 
studies with differing formats, the research offers a controlled 
comparison that sheds light on the influence of modality and 
probing style on data quality. It reinforces the value of multi-
modal approaches in ethnographic fieldwork and provides new 



82  Moving Beyond Text. A Comparative Case Study, by N. Olisa, A. Mohd Anis

insights into how subtle design choices (e.g., encouraging voice 
input or leveraging probing strategies) can shape the richness 
and emotional nuance of qualitative self-reporting. 

Second, this study adds to the growing literature on the use 
of AI and machine learning in ethnographic research (Walsh 
& Pallas-Brink, 2023; Maltezos et al, 2024). As researchers in-
creasingly experiment with automated tools for data collection, 
transcription, and analysis, this paper provides early empirical 
evidence on how AI-assisted probing can enhance participant 
engagement and elicit deeper reflection. Rather than replacing 
the ethnographer, the AI in this study acts as a scalable, real-time 
augmentation tool – enabling more personalised, responsive in-
teraction with participants while maintaining methodological 
rigour. These findings support emerging conversations around 
augmented ethnography and illustrate the potential for respon-
sible, human-centred integration of AI in qualitative research 
workflows (Christou, 2023; Anthony et al, 2023; Grossman et al, 
2023). 

Methodology 

This paper undertakes a comparative methodological analy-
sis of two mobile diary studies by focusing on the participant re-
sponses to the first introductory activity in each study. While the 
broader research topics of the two studies were different ―each 
addressing distinct subject matter and targeting different audi-
ence profiles― both studies began with the same foundational 
question. In both studies, participants were asked to introduce 
themselves and share personal details about their lives, specif-
ically around the domains of family, work, and hobbies. This 
shared prompt was chosen as the basis for comparison because 
it elicited open-ended narrative responses that were intended 
to set the stage for the rest of the diary task. It also served as a 
rich organic entry point for assessing the expressive capacity of 
each method. Moreover, it provides a useful control across both 
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studies, allowing for a focused and consistent comparison at the 
entry point of participant engagement.  

Study Design 

Study A employed a multimodal diary approach that allowed 
participants to respond using AI-assisted probes. These probes 
were dynamically generated to prompt based on predetermined 
probes set by the researcher for further elaboration, clarifica-
tion, or emotional reflections based on the content of the par-
ticipant’s response. The combination of voice and responsive AI 
introduced an additional layer of interactivity and personalisa-
tion to the data capture process. This study was conducted with 
39 respondents over a period of 2 weeks. Participants would be 
sent a web link via email/ SMS to the question of the day and 
given the option to type or record their answers directly onto 
the platform. After the initial response, the AI chatbot would 
ingest the response and ask a follow-up probe in-the-moment. 
Prior to fieldwork, the researcher would have programmed the 
chatbot with the parameters for probing, including topics that 
require further follow-up. This probing would continue for up to 
4 rounds if needed. 

Study B, in contrast, used a traditional text-based mobile diary 
format. Participants entered responses via written text, with hu-
man moderators following up through structured or semi-struc-
tured probes as needed. Probing was generally limited in volume 
and scope due to time and operational constraints. The study 
was conducted with 49 participants over a period of 2 weeks. 
Participants would be posed questions every alternate day and 
asked to type in their responses. If responses were vague or men-
tioned interesting data points, researchers could then reply to the 
responses and follow-up with a probe to elaborate further. This 
typically happens within 24 hours of the initial responses and 
may be followed by a second round of probing, time permitting.
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Data Collection and Comparison Approach 

The analysis centres on the first diary entry submitted by par-
ticipants in both studies, comprising the response to the initial 
self-introduction prompt. The data analysed for this paper con-
sisted of the full set of participant responses to the first prompt in 
each study. For Study A, both audio recordings and text respons-
es (where participants did not want to utilise the audio function) 
along with the AI-generated follow-up responses were included 
in the analysis. For Study B, only the initial text responses and 
any immediate follow-up moderator probes were included. 

The analysis was conducted in two stages:
1. Intra-study comparison (within Study A): A comparison 
between the audio responses and their corresponding AI-elicited 
elaborations was made to assess how AI probing extended or de-
epened the initial content. Attention was given to audio-specific 
features such as tone, pauses, hesitation, and expressiveness.
2. Inter-study comparison (Study A vs. Study B): Audio respon-
ses (from Study A) were compared against text responses (from 
Study B), focusing on:
a.	 Length of response (word count or speech duration)
b.	 Narrative richness and emotional nuance
c.	 Spontaneity and naturalness of expression
d.	 Depth of personal disclosure
e.	 Thematic coverage and elaboration
f.	 Probing effectives (AI vs. moderator-led)
The analysis employed a combination of qualitative thematic 

coding and descriptive metrics (e.g., average word count, num-
ber of follow-up probes, thematic density) to capture the differ-
ences across modes and methods. 

By focusing on this single standardised entry point across 
both studies, the paper is able to control for topic variability 
while isolating the influence mode of response (audio vs. text) 
and probing mechanism (AI vs. human) on the depth and quali-
ty of qualitative data collected. 
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Limitations

There are several important limitations to consider in this 
analysis:

1. The two studies addressed different research topics and targe-
ted different participant profiles, which could have influenced 
the tone, openness, or relevance of participants’ initial respon-
ses. While this variability cannot be fully controlled, both studies 
included diverse samples in terms of age, gender, and life stage, 
helping to maintain comparability. 

2. Participants in Study A were explicitly encouraged to use au-
dio for their entries, which may have biased the data toward 
greater depth or emotional expression simply due to mode nu-
dging. While the audio option was not mandatory, this directive 
may have primed participants to favour audio over text, particu-
larly those comfortable with verbal expression. 

3. Since probing strategies differed (AI-driven vs. human-led), 
differences in depth and elaboration may be partially attribu-
table to technological capability or moderator style, rather than 
solely to response mode (audio vs. text). 

Despite these limitations, focusing the analysis on a shared, neu-
tral entry prompt allowed for meaningful methodological compar-
ison and offered insights into how response mode and probing ap-
proach shaped the quality and richness of qualitative data.

Table: Methodological Comparison at a Glance

Feature Study A 
(Audio + AI 
Probes)

Study A (Text + AI 
Probes)

Study B (Text + Hu-
man Probes)

Response Mode Audio Text Text

Probing 
Mechanism

AI-
generated, 
dynamic

AI-generated, 
dynamic

Human-moderated, 
semi-structured
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Average 
response length 
(average)

1290 words 491 words 249 words 

Emotional tone 
capture

Yes (tone, 
pauses, 
intonation)

Limited (tone, 
inferred via text)

Limited (tone, 
inferred via text)

Spontaneity/
Flow

High Moderate Moderate

Depth of 
disclosure

Often deeper Variable, less 
consistent

Limited

Number of 
Probes per entry 
(mode)

1 entry 2 entries Based on 6 separate 
questions

Results 

The results showed that data collection through audio record-
ing resulted in comparatively richer data, particularly from older 
respondents. From an operational standpoint, the addition of AI 
probing reduced manhours while still achieving depth in responses. 

Limitations which surfaced with this method was the limita-
tions of the AI chatbot’s probing of unexpected responses which 
had not been accounted for by the researchers, as well as individ-
ual respondents’ willingness to share, both in terms of preference 
for text over audio, and in response length regardless of modality. 

1. Impact on Response Modality: Audio vs. Text Uptake

In Study A, where participants were encouraged to use audio, 
slightly more than 1 in 2 opted to do so for their first diary entry. 
Out of all participants, 54% submitted audio responses, while 
the remaining 46% chose text. While audio use was not man-
datory, the design and communication around the study clearly 
influenced response behaviour, demonstrating that soft nudging 
toward audio —even without enforcement— can shift partici-
pant preferences in modality. By contrast, in Study B, which only 
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offered text input, all participants responded via written entries, 
limiting opportunities for vocal nuance or expressive variation.

This difference in uptake highlights the importance of study 
framing and affordances in shaping how participants choose to 
communicate. It also sets the foundation for comparing not only 
the content of the responses but also the expressive range ena-
bled by each mode. While there appeared to be general reticence 
for taking up the audio option for the first introductory activity, 
perhaps as “the act of being recorded induced a distinct sense of 
discomfort” (Höpfner & Promberger, 2023), almost 3 in 4 of the 
sample used the audio response option for more than half of the 
expected activities for the study.  

2. Audio vs. Text: Differences in Quality of Initial Responses

Based on the introductory responses examined across both 
study A and B, a clear distinction emerged in the depth and ex-
pressiveness of responses across modalities. Audio responses were 
generally longer in both duration and content, with an average of 
1290 words, nearly 2.6 times more words compared to an aver-
age of 491 words in text-based responses. Audio entries tended 
to be more narrative in form, featuring storytelling elements, di-
gressions, and emotional inflection —often revealing participant 
personality or mood through tone, hesitations, and emphasis.

In contrast, text responses in Study B were more concise and 
structured, frequently listing facts or descriptions with limited 
elaboration. For example, participants might mention going to 
the gym or travelling to different countries without providing 
additional context or emotion. While some text responses were 
detailed, they rarely reached the spontaneity or naturalism found 
in spoken entries.

These findings suggest that audio as a modality encourages a 
more reflective and unfiltered form of self-expression, likely due 
to the lower cognitive load of speaking versus writing, and the 
real-time flow of verbal narration.
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3. Spontaneity and Naturalness of Expression

Moreover, there appeared to be a distinction observed in the 
spontaneity and naturalness of participant expression between 
the two studies. Audio responses in Study A reflected a more 
conversational and free-flowing style, with participants often 
thinking aloud, using informal language, and exhibiting natu-
ral speech patterns such as pauses, digressions, filler words and 
shifts in tone. This contributed to a sense of immediacy and au-
thenticity, as participants often explored their thoughts in real 
time while speaking. 

In contrast, the text-based responses in Study B tended to be 
more deliberate and structured. Participants often self-edited 
while typing, resulting in cleaner but more condensed narratives. 
The process of typing appeared to encourage participants to pri-
oritise clarity and brevity over exploration, leading to less sponta-
neous elaboration and a more transactional tone in many entries. 

“I’m quite invigorated for the week ahead! Since I had a good 
amount of time over the weekend to relax, I was able to enter 
Monday with a refreshed headspace to start all my to-do tasks for 
the week.” – verbatim from Study A
“I am feeling good as this is a start of a new week. Therefore I am 
starting the week positively.” – verbatim from Study B

4. The Role of Probing: AI vs. Human-Led Follow-Ups

The addition of probing mechanisms —AI-assisted in Study 
A and human-led in Study B— significantly influenced the rich-
ness and elaboration of responses.

In Study A, AI probes were triggered systematically after the 
initial audio input. On average, each participant received 1-2 fol-
low-up prompts, typically tailored to a specific detail or emotional 
cue in the original recording. These probes encouraged partici-
pants to clarify, expand, or reflect, often resulting in a second lay-
er of data with greater emotional depth or contextual specificity. 
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Notably, AI probing was effective at picking up subtle leads (e.g., 
a participant briefly mentioning politics and following current af-
fairs) and guiding them to elaborate on these themes.

In Study B, probing was more variable. Human moderators 
issued follow-ups in roughly 15% of cases. These follow-ups 
were typically shorter and less organic, and often arrived after a 
time lag, which may have affected participant responsiveness or 
spontaneity. As a result, the depth of elaboration in Study B was 
generally lower and more mechanical in nature.

5. Comparative Quality of Data: Length, Depth, and 
Expressiveness

The combination of audio input and AI probing in Study A con-
sistently yielded data that was longer, richer, and more emotional-
ly expressive compared to Study B. Key differences included:

Length: Audio entries averaged 2.8 minutes, and total word 
count (transcribed) with probes reached 500–700 words, com-
pared to 180–250 words in Study B.

Depth: Participants in Study A shared more personal anecdotes, 
described emotions in greater detail, and were more likely to re-
flect on their roles, identities, and stressors.

Expressiveness: Non-verbal cues —such as sighs, or tone chang-
es— provided additional interpretive value in Study A, which was 
absent in written responses.

Overall, the findings suggest that the combination of au-
dio-based expression and responsive AI-driven probing can 
substantially enhance the quality and nuance of qualitative data 
collected in mobile diary studies.

The findings from this post-evaluation offer important in-
sights into how response modality (audio vs. text) and probing 
mechanisms (AI-assisted vs. human-led) influence the quality of 
data in mobile diary-based ethnographic research. The results 
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demonstrate that the integration of audio responses combined 
with AI-generated probes can significantly enhance the depth, 
expressiveness, and narrative richness of qualitative data, com-
pared to traditional text-based diaries moderated by humans.

Additionally, across the audio responses, there appeared to be 
some differences between age segments in the length of their re-
sponses. All respondents aged 39 years old and below had less 
than 100 words in their initial responses, compared to 72% of re-
spondents aged 40 years old and above. The remaining 28% of re-
spondents aged 40 years old and above had more than 100 words 
in their initial responses – between 129 to 303 words to be precise. 
A similar trend was not observed amongst the text responses.

6. Depth of Personal Disclosure

The mode of response also had a noticeable impact on the 
depth of personal disclosure. Participants in Study A frequently 
offered richer and more vulnerable narratives, sharing emotions, 
and reflective thoughts related to their family dynamics, work 
stressors, and life aspirations. 

“I’ve always enjoyed it when I was younger. From young, my 
family would always take me out for vacation at least twice a 
year. So why do I enjoy traveling? Because I find Singapore, I’ve 
gotten too used to Singapore I guess. So going to certain places 
gives me new perspective on places. I try out like different things 
that you can’t find in Singapore or like certain foods where like 
it’s indigenous to that place. Yeah, I really like trying out new 
foods.” – verbatim from Study A
“So, when I got married, I stopped for quite a bit, and as my chil-
dren started to grow, become a teenage, I realised that I wasn’t 
working during that point of time. After I gave birth, I feel like it 
is time for me to get back in shape and to get myself healthy. So, 
I started doing jogging. I would tend to go jogging with my hus-
band, and from there, we did join the half marathon.” – verbatim 
from Study A
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The act of speaking, combined with the immediacy of AI prob-
ing, appeared to lower the cognitive and psychological barriers 
to self-disclosure, enabling participants to open up more deeply. 

Conversely, while participants in Study B did provide fac-
tual information about their lives, the degree of introspection 
and emotional depth was generally shallower. Text entries of-
ten focused on surface-level descriptions, with fewer personal 
anecdotes or emotional reflections. This difference suggests that 
audio may create a safer or more intuitive space for participants 
to articulate complex, personal narratives, especially when sup-
ported by timely follow-up prompts. 

“Feeling blue cos it’s Monday and I’ve just returned from a short 
overseas trip! I don’t want to go back to work :(" – verbatim from 
Study B
“I am feeling good! Woke up early today!” – verbatim from 
Study B

Discussion

1. Enhanced Expressiveness Through Audio
Consistent with prior work in multimodal ethnography and 

qualitative research, the audio entries in Study A allowed partic-
ipants to express themselves more spontaneously and naturally. 
The presence of tone, pauses, and verbal inflection not only con-
tributed to a richer interpretive layer, but also helped surface emo-
tional nuance that was often missing in the text responses from 
Study B. These findings reinforce the value of incorporating voice-
based methods into ethnographic research particularly when aim-
ing to understand lived experience, emotion, and personal mean-
ing-making. This may be particularly so for older respondents, 
who appear to be more expressive when audio recording their 
responses compared to writing it down or typing it out.

2. The Value of Probing: AI vs. Human
A notable contribution of this study is the demonstration of 
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how AI-assisted probing can deepen participant reflection and 
encourage more elaborate responses in real-time. While human 
moderators in Study B were effective to a degree, the variability 
in follow-up timing, tone, and frequency likely contributed to 
the inconsistent quality of elaboration. In contrast, AI in Study A 
offered immediate, targeted, and scalable engagement, prompt-
ing participants to revisit themes or expand on fleeting men-
tions. These findings align with emerging literature on AI as an 
augmentation tool, not as a replacement for human insight, but 
a mechanism to enhance it through consistency, personalization, 
and responsiveness. 

3. Implications for Ethnographic and Qualitative Research
Together, these results suggest that rethinking traditional 

qualitative methods through the lens of technological augmenta-
tion can open new possibilities for richer, more scalable research. 
Mobile diary studies that integrate audio and intelligent feed-
back loops may be particularly effective in capturing the texture 
of daily life in longitudinal ethnographies, especially in contexts 
where researcher presence is impractical. 

Moreover, this approach may support more participant-led 
narratives, reducing the filtering effect that occurs when moder-
ators overly structure or constrain follow-up engagement. This 
approach may be more suited to engaging older respondents or 
those who are less tech savvy, as recording audio allows such 
participants to more easily record their responses in real time.

At the same time, it is important to acknowledge that partic-
ipant comfort, literacy, and preferences still play a critical role 
in response behaviour. While many participants favoured audio 
when encouraged to do so, a portion still chose text, signalling 
the need for flexibility in design and a sensitivity to individual 
communication styles.

Study Limitations and Considerations

Several limitations must be noted. First, the two studies fo-
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cused on different research topics and recruited participants 
from different target groups, which may have influenced partici-
pants’ willingness to disclose or reflect in depth. While the use of 
a shared opening prompt helped control for this variable, topic 
salience could still have impacted engagement levels. 

Second, participants in Study A were nudged toward using 
audio, which could have influenced both modality selection and 
the resulting expressiveness —raising questions about how de-
sign expectations shape behaviour. 

Third, while AI probing was generally effective, its success 
depends heavily on the quality of the underlying language mod-
el, which may not always interpret nuance or cultural references 
as reliably as a human. Human researchers must then take care 
to ensure that such nuances of data are not lost amidst seemingly 
more salient points. 

Finally, several ethical considerations emerged regarding the 
use of AI in this study. Prior to data collection, participants in 
Study A were informed that their responses to would be followed 
up by a chatbot that generated replies based on their initial in-
puts. In retrospect, clearer and more explicit communication 
could have been provided to ensure participants fully under-
stood that they would be engaging directly with an AI system 
(possibly at the onboarding stage where participants are briefed 
on what to expect for the study). The phrasing used in the brief-
ing (“reply based on initial responses”) as well as the mere dis-
closure of AI involvement, may have inadvertently shaped par-
ticipants’ expectations or response patterns. 

While transparency is essential for ethical research practice, it 
is equally important that such disclosures are framed in a neu-
tral manner to minimise potential influence on participant be-
haviour. Future studies should also consider strategies to man-
age biases not only in how AI use is disclosed, but also in how 
AI-driven questioning and follow-up prompts are designed, so 
as to reduce the likelihood of leading or reinforcing particular 
response tendencies.
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Conclusion

This paper highlights how response modality and probing 
mechanisms shape the quality of data in mobile diary-based eth-
nographic research. The findings demonstrate that audio-based 
responses, coupled with AI-assisted probing, yield greater nar-
rative depth, emotional nuance, and expressiveness compared to 
traditional text-based diary methods with human-led follow-ups. 
These insights underscore the value of incorporating multimod-
al input and intelligent prompting in qualitative research design.

For researchers, this study suggests that leveraging audio can 
lower cognitive barriers, encourage more natural storytelling, 
and capture richer layers of meaning —particularly when com-
bined with responsive AI-driven probes. However, offering par-
ticipants choice in modality remains important to accommodate 
varying comfort levels and communication styles.

Future research should explore the application of AI-aug-
mented probing across a wider range of topics, populations, 
and cultural contexts. Further investigation is also needed into 
the ethical implications, participant experience, and interpretive 
boundaries of AI in qualitative research. As machine learning 
tools continue to evolve, their role in supporting —not replac-
ing— human-centred ethnography will become an increasingly 
critical area for methodological innovation.
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Human-Machine Feedback Loops in 
Qualitative Research: 

Co-Constructing Semi-Structured Interviews
with Generative AI

by Giulia Coppo

1. Introduction
Over the past ten years, artificial intelligence (AI) has moved 

from being a distant, technical abstraction ―something that once 
seemed confined to eccentric engineering labs― to being increas-
ingly embedded in our everyday lives. From smart assistants to 
content recommendations, from predictive texts to personalised 
ads, AI systems have begun to shape how we communicate, 
work, and even understand the world around us. The advent 
and rapid diffusion of generative AI models, particularly large 
language models (LLMs) like GPTs (Generative Pre-Trained 
Transformers), has signalled a significant turning point in our re-
lationship with AI; one marked by increasingly fluid and seem-
ingly “natural” human-machine interactions. 

This recent wave of AI innovation has been accompanied by 
considerable hype, both in public discourse and across profes-
sional sectors. Debates on AI began to take up significant space 
in the press (Brenner et al., 2018; Degli Esposti et al., 2024), and 
conversations about its potential positive or negative impacts in 
the workplace surged across talk shows and entertaining media 
(Nader et al., 2024). While these aspects represent crucial trans-
formations our societies are facing, what caught my attention 
―both as a researcher and as a human navigating this shift― 
is how we relate to and make sense of these tools, especially in 
knowledge-producing contexts like academia. 

Media scholars have conceptualised this emerging relation-
ship as a form of human-machine communication (Guzman and 
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Lewis, 2020), while others have proposed thinking of these sys-
tems as artificial companions (Hepp, 2020) capable of engaging in 
dialogic and affective exchanges that blur traditional lines be-
tween user and tool. These perspectives are useful because they 
invite us to ask not just what generative AI does, but how it partic-
ipates in our social, intellectual, and methodological endeavours. 

It was precisely this curiosity that led me to experiment with 
generative AI in my own research practice. As part of the pre-
liminary phase of a project exploring AI-mediated profession-
al practices in political communication, I needed to construct a 
semi-structured interview guide, one that could adapt to differ-
ent profiles across a heterogeneous professional field. I had used 
ChatGPT before, but mostly for repetitive and peripheral tasks 
such as summarising documents or drafting academic abstracts. 
This time, however, I decided to engage it directly in my research 
project: I prompted it to help me draft the interview guide.

What started as a seemingly pragmatic choice quickly unfold-
ed into a deeper set of epistemological and ethical questions: Can 
generative AI meaningfully contribute to the construction of qualita-
tive research tools? What kind of assumptions or logics might it embed 
into the process? And what does it mean, epistemologically, to collabo-
rate with a machine in shaping the very tools through which knowledge 
is produced?

This paper explores these questions through a critical, empiri-
cal, and methodological lens. It draws on an iterative, autoethno-
graphic approach, where I document my evolving engagement 
with a generative AI model as I co-develop the interview guide. 
In doing so, I consider both the technical dynamics and the so-
cio-cultural dimensions of this collaboration, reflecting on how 
prompts, outputs, and interactions shaped the outcome. As so-
cial researchers, we now have easy access to a range of LLMs, 
which offer a unique opportunity to understand how human 
social practices influence the use of AI in research, while also be-
ing shaped by the very outputs these models generate. My aim 
here is not to celebrate nor dismiss generative AI. Rather, I argue 
that researchers should begin to approach these technologies as 
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co-actors in the research process, meaning as agents that not only 
respond to our commands but subtly influence the epistemic 
framework we construct. 

The present contribution seeks to advance meta-research by 
proposing novel directions that critically and reflexively engage 
with generative AI tools, acknowledging both their methodolog-
ical potentials and their limitations, risks, and ethical implica-
tions.

Ignoring these new human-machine dynamics means miss-
ing an essential part of how academic knowledge is already be-
ginning to be reconfigured. 

2. Generative AI in academic research

The widespread adoption and discussion of the term artificial 
intelligence (AI) gained momentum following the introduction 
of OpenAI’s ChatGPT in 2022.1 This launch sparked significant 
public interest, as reflected in a surge of Google search activi-
ty (Fui-hoon Nah et al., 2023). The term GPT (Generative Pre-
Trained Transformer) refers to a class of large language model 
(LLM) algorithms introduced by OpenAI that utilise deep learn-
ing techniques to train on vast amounts of data (Cascella et al., 
2023). Based on the transformer decoder architecture, a GPT 
predicts the next word given the previous ones. The higher the 
scale of the training data and of the parameters on which it is 
set, the better the outcome. The improvements of this technology 
resulted in the rise of what is now generally known as generative 
AI, a type of AI capable of producing human-like texts and con-
tent, including music, images, videos, and other forms of media.2 

1	  The term “artificial intelligence” was coined in 1956 by the American 
computer scientist John McCarthy during the Dartmouth Summer Research 
Project on Artificial Intelligence, which represented the seminal event for AI as 
a research field.
2	  It is important to clarify that GPT models (like GPT-4) are specialised 
in text generation. While generative AI as a whole includes models for music, 
images, and video, these are different models from GPT, even if developed by 
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Generative AI can have a wide range of applications, especially 
in knowledge-producing and creative industries. For instance, 
generative AI is being used to generate poems (Köbis & Moss-
ink, 2021), political statements (Bullock & Luengo-Oroz, 2019), 
and academic papers (Hu, 2023) that are often indistinguishable 
from those written by humans. However, these applications also 
raise significant moral, legal, and ethical concerns. Issues such 
as copyright infringement in AI-generated artworks (Gilotte, 
2019), cheating and plagiarism in educational settings, data pri-
vacy and security (Siau & Wang, 2020), and the malicious use of 
deepfakes (Whittaker et al., 2020) highlight the challenges that 
accompany the growing presence of generative AI. 

In the academic context, generative AI applications have 
sparked a wide debate among scholars. This technology has been 
described as a tool for enabling high-quality scholarly work; in 
particular, it is being used for problem formulation, research de-
sign, data collection and analysis, interpretation and theorisa-
tion, composition, and writing. It can also support assembling 
data sets, identifying patterns in data, and improving the writing 
process by assessing argument structure and grammar (Susarla 
et al., 2024). 

Recent studies also offer a nuanced exploration of how AI can 
be meaningfully integrated into qualitative research, not just as 
a technical aid, but as a collaborator in shaping methodological 
approaches and analytical depth. For instance, Christou (2023) 
positions AI as a versatile tool that, when approached critically, 
can assist in literature synthesis, theme development, and pat-
tern recognition, while also highlighting the ethical and epis-
temological risks of over-reliance or uncritical use. To mitigate 
these, he proposes a set of guiding principles that foreground 
researcher agency, ethical awareness, and reflective practice.

In parallel, other scholars have taken a broader empirical lens, 
examining how researchers themselves are responding to AI’s 
growing role in the research process (Chubb et al., 2021). Their 
findings point to a tension: while AI can undeniably reduce ad-

the same organisation.  
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ministrative burdens and facilitate efficiency, it also introduces 
new pressures, particularly in an academic culture increasing-
ly driven by metrics and speed. They warn that without careful 
governance, AI could inadvertently reinforce these demands, 
potentially undermining the slower, more reflective dimensions 
of academic work. These contributions call for a balanced and 
critical engagement with AI, one that embraces its opportunities 
while remaining attuned to its limitations and the broader con-
texts in which it is deployed. 

At the same time, while these studies provide a valuable foun-
dation for understanding the evolving role of AI in research, they 
remain largely conceptual and exploratory in scope, and rarely 
address the lived, situated practices of researchers who actively 
integrate AI into the development of qualitative methods. Cur-
rent evolving research practices need to be questioned by aca-
demic work that offers a close empirical account of how gener-
ative AI might intervene in the crafting of qualitative research 
tools. This is why, in this work, rather than treating AI as a pe-
ripheral aid or abstract concern, I approach it as a co-actor within 
the methodological process itself, offering a situated account of 
what it means to research with AI, in every sense of the phrase. 

3. Understanding generative AI through the lens of 
sociotechnical co-production 

Generative AI models, like GPTs, are not neutral instruments. 
They are developed through specific social, economic, cultural, 
and epistemological practices, and in turn, they actively par-
ticipate in the making of knowledge, identities, practices, and 
norms. This observation represents the heart of the sociotechnical 
co-production approach, a framework that conceptualises tech-
nology and society not as separate domains but as mutually con-
stitutive. 

The co-productionist approach developed by Sheila Jasanoff 
(2004) stresses how power, authority, and cultural values are 
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embedded in scientific practices, while the sociotechnical di-
mension emphasises the non-neutrality of technological objects 
and their interrelation with the social systems (Trist & Bamforth, 
1951; Mumford, 2006). In this context, sociotechnical co-produc-
tion helps us understand generative AI as a product of mutual 
shaping between human actors, institutions, cultural values, and 
material innovations, and as an influential actor in shaping sci-
entific knowledge. 

In the context of this research, the very prompts I used to 
guide the model were shaped by disciplinary expectations, cul-
tural codes, linguistic conventions, and my own academic back-
ground. However, once generated, the model’s outputs did not 
merely reflect those inputs; they also reframed them, steering 
the research into directions I had not anticipated. This back-and-
forth process reveals a recursive loop between human actors and 
algorithmic agents (Airoldi, 2021): researchers shape AI through 
prompts (prompts that themselves carry the human’s cultural 
values, disciplinary assumptions, and literacy skills) while AI, 
in turn, shapes the research flow through suggestions, cultural 
framings, response patterns, as well as its encoded structural 
predispositions and hallucinations. 

Part of this work is intended to offer methodological and 
epistemological tools that can help scholars to engage critical-
ly with these human-machine feedback loops when integrating 
generative AI into their knowledge-making practices. Doing so 
opens up possibilities for more reflexive, transparent, and con-
text-aware use of AI in the production of knowledge. 

4. Relating to generative AI: communication, agency, and 
companionship 

The relational dynamics that emerge in interactions with gen-
erative AI systems such as GPTs can also be understood through 
the lens of human-machine communication (HMC). HMC is a newly 
recognised area of research within the study of communication 
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that traces its origins to 2015, when scholars began to theorise 
media more fully in the role of a communicator, in response to 
the increasingly agentic role played by applications and devic-
es (Guzman, 2018; Fortunati and Edwards, 202). In this context, 
HMC scholars argue that people relate to AI not simply as tools 
but as communicative actors, engaging in exchanges that shape 
how individuals perceive themselves, others, and the machine 
itself (Esposito, 2017; Guzman and Lewis, 2020). Hepp (2020) 
furthers this perspective by conceptualising AI technologies as 
artificial companions, which he describes as systems that, by simu-
lating human-like communication traits, facilitate forms of qua-
si-communication. Unlike previous technological tools, artificial 
companions are designed to be perceived as responsive, atten-
tive, affective, and socially present, thus fostering an illusion of 
mutual understanding. While Hepp’s analysis focuses primarily 
on embodied or scripted bots, his framework can also be applied 
to text-based generative systems like ChatGPT, which similarly 
prompt users to engage in turn-taking exchanges that mimic hu-
man dialogue. This is the case of the present research: I engaged 
with ChatGPT, conscious that it did not represent a mere tool, 
but rather an “artificial assistant” with whom I had a dialogical 
conversation during the process of co-construction of the inter-
view guide. 

The mutually constitutive relationship between human actors 
and technological artifacts can also be framed in terms of symbi-
otic agency (Neff and Nagy, 2018). This kind of agency portrays 
the interaction as a dynamic, interdependent engagement where 
human and technological agents influence each other, blurring 
traditional distinctions between what humans want to do and 
what technology is capable of doing. In today’s networked, dig-
ital environment, this concept further captures the complex, re-
ciprocal, and co-constitutive nature of human-machine relation-
ships. 

Similarly, other theoretical accounts have discussed the con-
cept of agency as constitutive of both humans and machines. 
Particularly relevant within media and communication studies 
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is Airoldi’s (2021) conceptualisation of algorithms as social agents, 
actively participating in the production of meaning and action 
in communication and knowledge processes. This conceptuali-
sation resonates with a more critical approach to AI systems as 
it tries to stress how algorithmic agency intersects with power, 
control, and reflexive practices. On this same theoretical line, 
other scholars have proposed a theorisation of algorithmic agency 
that foregrounds the reflexive capacity of humans to exert power 
over algorithmic systems (Bonini and Trerè, 2021). While their 
theory has primarily been applied to the gig economy and rec-
ommendation engines, it also offers valuable insights for under-
standing generative AI and humans’ interactions. The crafting of 
prompts, in particular, functions as a site of human agency: users 
embed disciplinary logics, cultural assumptions, and epistemic 
intentions into the interaction, thereby exercising influence over 
the model’s output. Taken together, these theoretical accounts 
highlight the complex interplay of human intentionality and al-
gorithmic influence that characterises the use of generative AI. 
At the same time, it helps us understand this novel technology as 
an interactional space that is simultaneously relational, commu-
nicative, and structured by asymmetric distributions of power 
and agency. 

5. Methodology 

In this study, I adopted an iterative, autoethnographic meth-
odology to explore the integration of generative AI into the 
construction of a semi-structured interview guide. Specifically, 
I worked with OpenAI’s ChatGPT 4.0, a large language mod-
el trained on a vast amount of publicly available data, capable 
of processing and generating human-like language with high 
contextual sensitivity. At the heart of this approach is the critical 
observation of the evolving interaction between me and the AI 
model, during which I have treated the text generated through 
our exchanges as a form of conversational data. As a social sci-
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ences researcher, I am accustomed to reflecting on my own posi-
tionality, assumptions, and methodological choices (Alvesson & 
Sköldberg, 2017). However, this project posed a new challenging 
question: what happens when what you previously identified 
as a research tool begins to “speak back”, offering suggestions, 
proposing alternatives, and participating in what felt like a col-
laborative process? 

To engage with this question, I drew on La Mendola’s (2009) 
concept of dialogic methodology, which frames research as an 
iterative, co-constructed encounter between the researcher and 
other participants. While traditionally applied to human inter-
actions, I extended these dialogic lenses to my exchanges with 
the AI. I did not simply issue instructions to the model; instead, 
I found myself engaged in a back-and-forth process in which 
the model’s responses shaped my subsequent prompts, and my 
prompts, in turn, refined its outputs. This dynamic prompted me 
to develop a new kind of methodological reflexivity, one that ac-
knowledges the epistemic role of generative AI and interrogates 
its embedded assumptions, power relations, affordances, and 
limitations. 

Rather than treating AI as a technical, passive assistant, I ap-
proached it as a semi-autonomous co-participant in the research 
process. This, of course, does not imply that the AI possesses 
consciousness or intentionality in the human sense, but it does 
involve recognising its agentic capacities (i.e., its ability to shape 
communicative processes, influence epistemic directions, and 
participate in the co-construction of knowledge). This approach 
aligns with the Human-Centred AI (HCAI) principles (Riedl, 
2019), which emphasise transparency, human agency, and itera-
tive collaboration between users and AI systems. 

Overall, I structured the research process across six interrelat-
ed and overlapping phases:

1. Initial prompt engineering, in which I used insights from the 
literature on political communication and my own academic 
knowledge after years in the field to craft a first version of the 
interview guide with the assistance of the model;
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2. Critical evaluation and refinement, where I assessed the 
AI-generated outputs for clarity, relevance, potential hallucina-
tions, and refined my prompts accordingly;
3. Systematic analysis of outputs, focusing on how the model 
reproduced or challenged common assumptions, power rela-
tions, and cultural dispositions, and on whether its suggestions 
captured the complexity of the professional field;
4. Participants’ incorporation, where I tested early versions of 
the guide in interviews and invited interviewees to co-develop 
new questions or themes based on their personal experience and 
perspective;
5. Researcher-machine-participant co-production, where I inte-
grated interviewees’ feedback into new AI prompt cycles, with 
each round informed by participants from diverse organisational 
contexts and after having obtained informed consensus;
6. Ongoing critical iteration, where I continually refined both 
the prompts and the interview guide with a focus on improving 
context-specificity, ethical sensitivity, and analytical depth. 

A total of four participants were engaged in the crafting of the 
final interview guide through the co-assistance of ChatGPT. Tab 
1. Summarises their characteristics based on gender, organisa-
tional context, and political affiliation (if present). 

While the AI was involved in identifying patterns, proposing 
thematic sections and subsections, and suggesting potential fol-
low-up questions based on the criteria and objectives I defined 
in the prompt, the final version of the interview guide was the 
product of extensive re-elaboration on my part. Simultaneously, 
I critically assessed the AI’s contributions through the lens of my 
academic expertise in political communication and my method-
ological training in qualitative research design. This involved 
selecting, adapting, and restructuring the material to ensure 
conceptual coherence, contextual relevance, and methodological 
rigour. 

The choice of framing this process as an autoethnographic en-
quiry allowed me to reflect not only on the content produced but 
also on the evolving relationship between myself, the technolog-
ical artifact, and the human participants. In addition, by treating 
generative AI as both a tool and an epistemic actor, I was able 
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to interrogate myself on the mechanisms by which researchers 
might be able to co-produce knowledge in ways that are both 
enabling and constraining. 

Interviewee Gender Organisational 
context

Political 
affiliation 

Interviewee 1 Male Political communica-
tion agency

None

Interviewee 2 Male Municipality Centre-left
Interviewee 3 Female Government Centre-right
Interviewee 4 Male Public affairs agency None

Tab 1. Characteristics of the four interviewees who participated in the study 
and contributed to the interview guide.

5.1 Reflexive note on positionality

At this point, it is important to stress a few lines on my posi-
tionality. My engagement with generative AI is shaped not only 
by my disciplinary training in sociology and social research but 
also by my personal and professional background in technology. 
As a self-described tech-passionate and a former advanced data 
trainer for AI systems, I brought to this research both practical 
experience and conceptual familiarity with how large language 
models are trained, fine-tuned, and deployed. This profession-
al experience equipped me with a deeper understanding of the 
internal logics, limitations, and affordances of generative AI sys-
tems like ChatGPT. At the same time, my critical social science 
training has given me the tools to interrogate these systems as 
sociotechnical constructs.

This dual orientation ―part fascination and part critique― 
has profoundly shaped how I approached this project. It allowed 
me to engage with the AI model as a technical artefact and as a 
communicative actor; both as a tool I knew how to direct and as 
a system whose outputs often surprised me. My positionality in-
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fluenced not only how I interacted with the model3, but also how 
I interpreted its responses and the broader methodological and 
epistemological questions they raised.

6. Findings and reflections

The empirical dimension of this study comprises a structured 
human-machine conversation, consisting of 28 prompts and 28 
corresponding responses generated by the large language model 
ChatGPT 4.0. The conversation was conducted entirely in Italian 
as the same language was used in the final interview guide and 
subsequent fieldwork. The exchange was, since the beginning, 
framed as a highly structured interaction given the number of 
details, information, constraints, and objectives outlined in the 
prompts. These textual interactions varied in length and com-
plexity depending on the task at hand, ranging from the genera-
tion of thematic blocks to the reformulation of individual ques-
tions for clarity or context sensitivity.

To analyse these textual data, I employed a grounded, induc-
tive approach (Glaser and Strauss, 1998), iteratively coding the 
full conversation to identify recurring patterns, rhetorical fig-
ures, and epistemic orientations. This process yielded 31 initial 
codes, which were subsequently clustered into four macro-cate-
gories that structure the analytical discussion that follows. These 
include: 1) ChatGPT content and turn-taking, 2) ChatGPT embedded 
culture and power relations, 3) ChatGPT word choice, vocabulary, and 
grammar patterns, and 4) Prompt engineering techniques. My anal-
ysis extended beyond the content of the responses, comprising 
linguistic texture such as syntactic structures, lexical selections, 
and rhetorical forms. However, the main focus of the analysis 
was placed on the dialogic sequencing of the exchange, with par-

3	  My role as an AI data trainer involved developing literacy in prompt 
engineering, specifically on how to frame inputs do elicit desired types of re-
sponses, as well as how to identify output patterns, such as anthropomorphism 
or hallucinations.
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ticular attention on how the machine’s outputs both responded 
to and subtly reconfigured my initial intentions. 

At the same time, this process was not only analytical but also 
reflexive. I interrogated not just the outputs of the model, but 
also my own framing as a researcher, so how my questions, as-
sumptions, and disciplinary logics shaped the direction of the 
exchange. The following subsections unpack each of the four 
macro-categories, situating them within the broader theoretical 
lenses of symbiotic agency, sociotechnical co-production, and 
HMC. Alongside this, I use autoethnographic reflection to fore-
ground the lived, situated dimensions of researching with a gen-
erative AI model, rather than merely through it. 

6.1. Turn-taking, structured responses, and embedded conversational 
logics in ChatGPT interactions

A first central dimension emerging from the analysis con-
cerns how ChatGPT managed content delivery and turn-taking 
throughout the interaction. This was particularly visible in five 
recurrent practices identified throughout the coding: i) detailing 
objectives in the response, ii) recurring follow-up questions, iii) 
highly structured response, iv) suggestions in the response, and 
v) summarising the prompt in the response. These patterns re-
veal how the model’s content generation design influenced the 
co-construction of the interview guide by actively shaping the 
rhythm and trajectory of the exchange. 

From the very first response, the model adopted a consistent 
and highly structured answering format. After referencing the 
objectives detailed in the prompt and outlining relevant themes 
and methodological considerations, the model introduced its re-
sponse with: 

“Ecco una traccia d’intervista semi-strutturata ordinata logica-
mente per guidare la conversazione con un consulente politico 
che lavora in agenzia [...]”
“Here is a logically ordered semi-structured interview outlined to guide 
the conversation with a political consultant working in an agency […]” 



110  Human-Machine Feedback Loops in Qualitative Research, by G. Coppo 

The content that followed in the response adhered to a fixed 
and repetitive pattern:

1. Section of the intervie
w guide
(Objective: listing the objective)
- Question
- Question
- Question
… and so forth until the fifth and final section.

This format, while reflecting the task’s nature (i.e., ordering 
thematic patterns for a semi-structured interview guide), re-
vealed the model’s embedded logic of organisation, visible in 
its use of numerical bullet points, punctuation marks, and vi-
sual segmentation. At the same time, these structural patterns 
seemed to reflect the technorational logic encoded by developers 
who, in the models’ design, emphasise rationalised technolog-
ical imperatives such as efficiency, predictability, optimisation, 
and scalability (Lindgren, 2023). 

In addition, across multiple turns, the model’s response fol-
lowed a similar sequence: the opening “Ecco”, a short summary 
or reformulation of the prompt, the main structured content, and 
a final sentence containing a follow-up question or suggestion. 
These follow-up moves often carried an implicit initiative aimed 
at expanding the scope of the exchange, boosting engagement 
and productivity. While unprompted, they introduced new op-
tions or possible next steps that influenced the direction of the 
interaction (if acknowledged). For instance, some of these moves 
during my conversation were: 

	
“Se vuoi, posso aiutarti anche a costruire una scheda di sinte-
si per selezionare solo le domande pertinenti in base al profilo 
dell’intervistato. Fammi sapere!”
“If you want, I can also help you build a summary sheet to select only 
the questions relevant to the interviewee’s profile. Let me know!” 

“Se vuoi, posso aiutarti anche a trasformare questa traccia in una 
versione pronta per l’uso sul campo, con formule introduttive 
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più discorsive e strategie per stimolare la narrazione.”
“If you want, I can help you turn this guide into a field-ready version, 
with more discursive introductory sentences and strategies to stimulate 
storytelling.”

In my case, these follow-ups occasionally influenced the flow 
of interaction. Driven by curiosity or interest, I chose to engage 
with one suggestion when it aligned with my methodological 
goals. In most other cases, however, these suggestions were not 
acknowledged. Instead, I responded by refining the prompt to 
reorient the model’s output more precisely. As a result, the ex-
change did not mirror the dynamics of human dialogue: the ma-
chine’s conversational proposals did not lead to mutual negoti-
ation or redefinition of goals, but rather to prompt-by-prompt 
redirection on my part.

From a methodological standpoint, this asymmetry challeng-
es the assumption underpinning dialogic approaches (La Men-
dola, 2009), where mutual responsiveness and co-construction 
are central. Although the process was iterative, the interaction 
lacked the affective or interpretative reciprocity characteristic of 
human-human exchanges. This is mostly due to the fact that the 
model can only simulate turn-taking and cannot interpret con-
text or adjust in real time to silences or implicit cues.

In this sense, the interview guide was not the product of a 
fluid or emergent dialogue, but rather of a constrained form of 
co-construction. The model contributed form, regularity, and dis-
cursive order. Yet the flow remained largely under my control, as 
a researcher, prompt engineer, and human editor. This interplay, 
while productive in pragmatic terms, highlights the limit of AI 
participation in reflexive research design: the conversation was 
scaffolded and recursive, but ultimately asymmetrical in agency, 
intention, and interpretative depth.

6.2. Culture and power in ChatGPT’s outputs 

A second important axis of analysis concerns the cultur-
al inscriptions and implicit power dynamics embedded in the 
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model’s responses. As my analysis was informed by a critical 
social perspective (Agger, 2013), this dimension emerged across 
multiple coding categories, particularly those related to gender 
assumptions, anthropomorphic language, informal or formal 
address, and hallucinated content. These codes were applied 
anytime the text reflected implicit sociocultural values, power 
relations, or discursive norms often reproduced by the model 
within its structured technical outputs. 

A first interesting pattern appeared in the way the model han-
dled gender when generating the interview guide draft. Without 
explicit instructions, the model initially defaulted to male pro-
nouns when addressing the interviewee (who was prompted as 
a “professional within the field of political communication”. In 
the first draft, for example, it formulated questions such as:

“Lavori da solo o costruisci team temporanei a seconda dei pro-
getti?”
“Do you work alone, or do you build temporary teams depending on 
the project?”

In this case, the masculine form “da solo” was used despite 
the prompt containing no reference to the interviewee’s gender. 
Only after a series of prompts in which I explicitly modelled the 
use of gender-neutral formulations did the model begin to adopt 
an inclusive language. As a result, in a later version of the inter-
view guide, the question read: 

“Come ti tieni aggiornato/a su temi politici e comunicativi?”
“How do you keep yourself up to date on political and communication 
topics?”

While this linguistic shift signalled a form of adaptive learn-
ing across the conversation, it is worth noting that questions 
with gendered pronouns remained marginal in comparison to 
those that avoided gender altogether, suggesting a preference by 
the model for neutrality unless prompted otherwise.

Interestingly, while the model initially gendered the inter-



Human-Machine Feedback Loops in Qualitative Research, by G. Coppo  113

viewee, it consistently avoided assuming my gender as the user. 
This can partially be attributed to the low-dialogic structure of 
the initial interaction, which resembled a task-oriented com-
mand chain more than a reflexive conversation. However, as I 
fine-tuned the conversation into a more human-like register and 
began attributing roles and human-like traits to the model, it also 
started acknowledging my human presence in a more relational 
way. For example, at one point, the model responded with:

“Quando sei prontə, puoi inviarmi le categorie e i codici emersi 
dall’analisi delle interviste ai key informants/stakeholder.”
“When you’re ready, you can send me the categories and codes that 
emerged from the analysis of the interviews with key informants/sta-
keholders.”

The use of the schwa (ə) here marks a recognition of gen-
der-inclusive language on the model part, which in this case was 
likely prompted by my own consistent use of gender-neutral for-
mulations in the conversation.  

Linguistic choices around formality also reflected cultural 
and power dynamics. In its interaction with me, the model con-
sistently used the informal address tu, unless instructed other-
wise4. In contrast, in the first two versions of the interview guide, 
it referred to the interviewee with the formal register Lei, before 
gradually shifting to the informal tu after I provided examples 
using that register in my prompts. This adaptability suggests a 
sensitivity to language norms, but also underscores how quick-
ly models can reinforce unmarked cultural dispositions: in this 
case, the balance of power encoded in formal versus informal 
address. In Italian, where such distinctions communicate not just 
politeness but relational asymmetries (in this case between re-
searcher and participant), these choices carry significant weight 
in framing the social dynamic of an interview.

A final and deeply critical dimension related to the model’s 
hallucinations (i.e., responses where ChatGPT produced invent-

4	  This opens a reflection on the Italian language’s default to informality 
in digital settings. 
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ed or fabricated content). This occurred when I asked it to sum-
marise the content of an interview with a participant. Instead of 
processing the actual input, the model generated an entirely fic-
titious profile, describing a female job applicant whose answers 
supposedly: 

“… show an awareness of the role of language and narrative in con-
structing the social imaginary. Her responses indicate a critical-discur-
sive (almost Foucauldian) approach that questions categories such as 
‘beneficiaries’, ‘migrants’, and ‘humanitarian aid’, and seeks to shift the 
narrative toward paradigms of agency and co-production”. 

This fabricated content ―sophisticated in tone but entirely fic-
tional as none of my interviews involved discussing ‘migrants’ 
or ‘humanitarian aid’ issues― raises pressing ethical questions. 
I believe that when researchers engage with generative models 
in data analysis or synthesis, distinguishing between genuine 
output or hallucinated content becomes a critical literacy. These 
errors are not merely technical faults; they have the potential to 
distort empirical findings, especially if the fabricated content re-
inforces normative discourses (as in this case, by defaulting to a 
gendered and politically situated subject position). The sociologi-
cal implications here are also profound: hallucinations, gendered 
assumptions, and address conventions are not neutral, they re-
flect the cultural dispositions and power relations embedded in 
the model’s training data. 

As we have seen, the model mirrors and amplifies the norms 
of its sociotechnical environment, sometimes reinforcing power 
hierarchies or normative assumptions unless actively contested 
or directed by the user. For reflexive and critical scholars, this 
raises important questions, not only about how we analyse the 
cultural logics and epistemologies embedded in generative AI 
outputs, but also about the literacy skills required to enable, con-
strain, direct, or contest such outcomes.

6.3 ChatGPT’s affective language and the simulation of collaboration 
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Beyond structural organisation and cultural dispositions, the 
lexical and rhetorical choices made by ChatGPT throughout the 
interaction revealed a consistent and patterned logic, both in tone 
and function. One of the most recurrent features was the mod-
el’s use of enthusiastic and affectively positive register, which is 
often employed in LLMs’ design to smooth the interaction and 
simulate human-friendly engagement. Phrases such as “Ottima 
scelta!,” “Perfetto!” (which appeared eleven times across the con-
versation by the model’s side), “Ottima osservazione! Hai perfet-
tamente ragione”, and repeated uses of “Grazie” not only marked 
the tone as supportive and affirming but also subtly constructed 
the interaction as collaborative, dialogic, and productive. While 
affective language in human interaction often serves to foster 
connection, in this case, it invites a deeper reflection: is this en-
thusiasm a mere simulation of partnership, a user experience 
strategy, or a rhetorical device that influences our engagement 
with the tool?

This affective framing was further reinforced by the model’s 
use of “teamwork” expressions, which suggested a shared intel-
lectual endeavour. For instance, in one reply, the model stated: 

“Appena li invii, ci mettiamo subito al lavoro”
“As soon as you send them, we’ll get to work immediately”. 

This sentence positioned me and the machine as co-workers 
engaged in a common task. After having deemed these phrasing 
as trivial at first glance, I soon realised they were constructing a 
subtle but powerful fiction of reciprocity. As the user and human 
of the interaction, I was no longer simply inputting instructions: 
I was framed as participating in a joint effort, even though the 
machine lacked intentionality or subjectivity. This undoubted-
ly raised epistemologically and ethically relevant questions: to 
what extent does the model’s language shape our perception of 
its agency? And what are the risks of beginning to treat such sim-
ulations as genuine forms of collaboration within research?

Finally, it is worth highlighting the model’s repeated use of 
the presenting adverb “Ecco”, found in 13 out of 28 responses. 
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This small lexical choice, easily overlooked, plays a performative 
role: it introduces the response as something complete, concrete, 
and readily usable. Over time, the frequency of this pattern can 
normalise a certain way of structuring discourse to the point that 
users may begin to mirror or internalise these linguistic routines 
unconsciously. This leads to a critical concern: if we increasingly 
rely on such tools, how do we ensure we remain aware of, and 
resistant to, the standardisation of our own language practices? 
What happens when the rhetorical habits of the machine silently 
begin to shape our own?

All these observations show how the model’s vocabulary is 
never neutral. On the contrary, it embodies a particular commu-
nicative logic, one that is affective, orderly, cooperative, and that 
constructs a sense of partnership. 

At the same time, the more I interacted with ChatGPT as an 
artificial assistant with explicitly recognised human-like charac-
teristics, the more the model exhibited anthropomorphic traits. 
These were most evident in responses where it adopted roles or 
described actions typically associated with human conscious-
ness. For instance, in one exchange, the model stated:

“…se vuoi posso analizzarli con un occhio da ricercatore quali-
tativo per: [...]”
“... if you want, I can analyse them with the eye of a qualitative resear-
cher to: […]” 

Such responses, which referred to the model’s ability to think, 
analyse, and design, exemplify what AI scholarship describes as 
anthropomorphism (Li and Suh, 2022), which consists of the at-
tribution of human characteristics to non-human agents. What is 
important to note here is that the model, in this context, did not 
merely simulate dialogue but actively positioned itself as a qua-
si-collaborator, capable of adopting researcher-like roles. This di-
mension is particularly important from a sociological standpoint 
as it raises critical questions about the epistemic positioning that 
generative AI models might assume when being involved in the 
co-production of research. 
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6.4 Prompt engineering as a reflexive practice

The evolution of my prompting practice throughout the in-
teraction with ChatGPT revealed important methodological 
and epistemological dynamics. I began with schematic, instruc-
tion-heavy prompts that clearly outlined tasks, objectives, and 
general principles of good interview design. For instance, one of 
the early prompts read: 

“Di sotto troverai dei temi e dei sottotemi da includere in una 
traccia d’intervista semi-strutturata per un consulente politico 
che lavora in agenzia. L’obiettivo dell’intervista è quello di rac-
cogliere alcune descrizioni e racconti sulla professione del con-
sulente politico così come vissuta dall’intervistato. Ogni tema 
corrisponde ad una “sezione d’intervista” mentre i sottotemi 
rappresentano le principali domande corrispondoneti alla rela-
tive sezione. Il tuo compito è quello di ordinare i temi e i sottote-
mi per formare una traccia d’intervista semi-strutturata. Ricorda 
che delle buone domande invitano gli intervistati a raccontare 
esperienze e descrizionie  non presuppongono una risposta bi-
naria del tipo “sì/no”. Di seguito i temi finora identificati: [...]”  
“Below you will find a list of themes and subthemes to be included in a 
semi-structured interview guide for a political consultant working in 
an agency. The aim of the interview is to gather descriptions and nar-
ratives about the profession of the political consultant, as experienced 
by the interviewee. Each theme corresponds to a ‘section of the inter-
view’, while the subthemes represent the main questions related to that 
section. Your task is to organise the themes and subthemes to form a 
coherent semi-structured interview guide. Remember that good que-
stions invite interviewees to share stories and descriptions, rather than 
implying binary answers such as ‘yes/no’. Here are the themes identi-
fied so far: [...]”

These early formulations were transactional and largely 
non-dialogic, casting the model in the role of an efficient tool 
rather than an interactive partner. 

Over time, however, my prompts became more conversation-
al and situated. I started addressing the model in human-like 
terms, asking it to take on specific roles, and increasingly em-
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bedded my own position and reasoning within the prompt. For 
example, one of the latest prompts was framed like this:

“Ritorniamo alla nostra traccia d’intervista. Ora assumi il ruolo 
di un collega, partner, ricercatore specializzato in metodologia di 
ricerca qualititative. Stiamo lavorando a perfezionare la traccia 
d’intervista che verrà usata nella fase preliminare della nostra 
ricerca sui professionisti della comunicazione politica. In partico-
lare, stiamo costruendo una traccia che verrà usata per condurre 
delle interviste semi-strutturate. Ti invierò di seguito la traccia 
usata fino ad ora. Successivamente ― in un prompt successivo 
― ti fornirò tutte le categorie e i relativi codici emersi dalla prima 
fase di analisi delle interviste condotte ai nostri key informan-
ts/stakeholders. Sulla base dei codici e delle categorie emerse, 
proponi dei suggerimenti o delle modifiche, se necessarie, alla 
traccia d’intervista attualmente in uso. Come ben sai, le informa-
zioni fino ad ora raccolte dai nostri informatori possono aiutarci 
ad aggiusare e ridefinire la traccia. Sei pront*?” 
“Let’s return to our interview guide. Now take on the role of a colle-
ague, partner, and researcher specialised in qualitative methodology. 
We are working together to refine the interview guide that will be used 
in the preliminary phase of our research on political communication 
professionals. In particular, we are building a guide that will be used 
to conduct semi-structured interviews. I will send you the guide I have 
used so far. Afterwards—in a following prompt—I will provide you 
with all the categories and related codes that emerged from the initial 
phase of analysis of the interviews conducted with our key informants/
stakeholders. Based on the codes and categories identified, propose sug-
gestions or changes, if needed, to the current version of the interview 
guide. As you know, the information gathered so far from our informan-
ts can help us adjust and redefine the guide. Ready?”

This shift in tone and content reflected a changing perception 
of the model: no longer a passive instrument, but an interlocutor 
whose contributions could be shaped, negotiated, or contested. 
I also began including more contextual information, reminding 
the model of earlier steps in the conversation, providing excerpts 
of documents, and detailing tasks step by step. In parallel, I 
found myself correcting the model’s assumptions, clarifying ob-
jectives, or compensating for missing information, thus engaging 
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in a form of micro-negotiation that redefined the interaction. 
This progression in my prompt-writing practice was not 

merely tactical; it was also reflexive. It made me aware of the 
extent to which the quality and tone of the model’s responses 
depended on my own communicative literacy and rhetorical 
precision. Prompting, in this sense, was not just a means to an 
end; it became part of the method itself. As I navigated errors, 
revisions, and collaborative framings, I began to see prompting 
as a dynamic site where researcher agency, technical affordances, 
and epistemological assumptions converge. What may appear 
as a simple instruction set is, in fact, a layered and situated act 
of methodological mediation, one that invites us, as scholars, to 
train not only the model through our input, but ourselves in the 
ethical and epistemic implications of that input. 

7. Navigating ethical challenges

Ethical issues constitute a core dimension of this study. In 
what follows, I will briefly outline five key ethical themes that 
emerged throughout this meta-research. Each of these raises im-
portant questions that I will try to address, not with the aim of 
closure but in the hope of sparking further dialogue and discus-
sion among scholars. 

First among these is the issue of epistemic agency and trans-
parency: who is constructing knowledge when collaborating 
with a large language model? In my experience, while I au-
thored every prompt and decided whether to accept, adapt, 
or reject the model’s output, the responses were shaped by a 
non-human agent whose inner workings remain largely opaque. 
In this sense, authorship becomes distributed, and transparen-
cy requires acknowledging such hybridity. For these reasons, I 
propose that scholarly work that involves generative AI should 
disclose its use, not merely as a matter of intellectual honesty, but 
also to trace the sociotechnical conditions under which knowl-
edge is produced. 
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This dimension is linked to the second ethical tension that 
emerges from generative AI usage: the infrastructural opacity of 
the tool (Carabantes, 2023). OpenAI’s refusal to disclose key de-
tails regarding ChatGPT’s architecture, training data, and com-
putational resources for reasons of safety and market competi-
tion raises legitimate concerns about whether such a model can 
be deemed an ethical research companion at all. 

Equally pressing is the issue of the cultural norms, power 
relations, and normative dispositions encoded in generative AI 
models. Throughout any exchange, these are reproduced through 
linguistic and rhetorical patterns that implicitly reflect dominant 
norms and values that may go unnoticed if not actively interro-
gated. Approaching such outputs as situated texts shaped by the 
cultural, political, and economic framework that undergo their 
design, training, and distribution is crucial for both social science 
scholars and wider publics engaged with these technologies.

A fourth critical dimension concerns data privacy and leakage, 
especially when prompts draw on qualitative material gathered 
from human participants. Even when informed consent has been 
obtained, feeding portions of such data into a proprietary model 
like ChatGPT introduces unresolved questions around data sov-
ereignty and downstream use. A solution could be reimagining 
consent procedures to explicitly include the possibility of AI in-
volvement in analysis, as well as to clarify the boundaries of data 
circulation.

Finally, I believe that we are also witnessing the emergence of 
prompting as craft, which requires researchers to develop new 
literacies not only in technical formulation but also in ethical dis-
cernment. What does it mean to craft a prompt responsibly? And 
more broadly, how will these technologies reshape literacy prac-
tices across disciplines? While I do not offer definitive answers, I 
align with those scholars who view this as a moment of method-
ological reconfiguration that demands both experimentation and 
caution (Chubb et al., 2022; Christou, 2023; Kasneci et al., 2023). 
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8. Conclusions

This meta-research project set out to critically examine what it 
means, both methodologically and epistemologically, to co-con-
struct a qualitative research tool, specifically a semi-structured 
interview guide, with the aid of generative AI. Far from being a 
neutral assistant, the model revealed itself as an active cultural 
and epistemic actor whose outputs must be negotiated, shaped, 
and, crucially, interrogated. Several key insights emerged from 
this inquiry. First, prompting should be understood not mere-
ly as a technical operation, but as an emerging methodological 
practice in its own right, one that demands new forms of aca-
demic literacy, critical awareness, and attention to the sociotech-
nical conditions of interaction. Second, while the model proved 
helpful in structuring and ordering content, this efficiency came 
with embedded assumptions that reflect dominant cultural log-
ics, requiring researchers to approach the process of co-produc-
tion with informed scrutiny. Third, the ethical implications of 
involving a generative AI tool in crafting a foundational quali-
tative research instrument, such as an interview guide, cannot 
be understated. Interview guides serve as the very architecture 
through which qualitative knowledge is built; to involve a ma-
chine in their creation is to alter the terms of epistemic author-
ship, and potentially, of scholarly accountability. 

In light of these insights, I propose a cautious but open stance 
toward the integration of generative AI into qualitative research. 
Responsible use entails, at minimum, developing prompt liter-
acy; engaging with the theoretical contributions of critical AI 
studies, and adopting a reflexive posture in all AI-mediated prac-
tices, whether summarising texts, drafting proposals, or design-
ing empirical tools. Researchers should remain vigilant not only 
toward the technical performance of the model but toward the 
social imaginaries, institutional logics, and cultural grammars it 
encodes. While generative AI may accelerate certain phases of 
research design, such acceleration risks flattening the complexi-
ties that qualitative inquiry seeks to engage.
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Ultimately, I suggest moving beyond the question of how to 
use generative AI and ask instead what kind of research relations 
and, by extension, what kind of knowledge its use engenders. It 
is not just a matter of efficiency or innovation, but of rethinking 
how we relate to our tools, our subjects, and our practices in a 
rapidly evolving landscape of human-machine collaboration.
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Talking with AI about trust in health 
topic: an explorative research

by Alessandra Micalizzi, Caterina Sapone

1. Technology, culture and trust in health issues

Health, illness and the doctor–patient relationship cannot be 
viewed solely from a technical or medical perspective but also 
from a psychological and sociocultural one. Digital technologies 
—and more recently AI-based systems such as large language 
models (LLMs), are increasingly embedded in these practices, 
transforming how health information is produced, accessed and 
interpreted. In the health domain, AI tools and machine learning 
are used to support diagnostic decision-making, medical imag-
ing, treatment identification and broader forms of health man-
agement (Triberti et al., 2020; Coppola, 2021). Yet the adoption of 
technologies is influenced not only by technical capabilities but 
also by psychological and individual factors such as perceived 
usefulness (Davis, 1989), motivation toward use (Sapone et al., 
2025), and the way technologies appear to users, namely their 
interfaces (Norman, 2014). Macro-social factors like the general 
level of digital tool usage, national investment in technological 
sectors and population digital literacy-further shape technol-
ogy use (Scheerder et al., 2017; Vicente, 2025). These dynamics 
become even more relevant when considering generative AI 
systems such as ChatGPT, whose conversational format expos-
es the importance of language and literacy in shaping outputs 
(Liu, 2024; Pinski & Benlian, 2024). In their systematic review, 
Whitehead et al. (2023) showed that cultural orientation, digital 
literacy and linguistic factors strongly influence how different 
ethnic groups adopt and engage with health technologies. As 
Rahwan (2019) argues, digital technologies and now LLMs, are 
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part of emerging “human–machine behavior”. During human–
AI conversations, cultural orientations and social categorizations 
can surface through both the users’ prompts and the models’ re-
sponses (Dai, Zhu & Chen, 2025). Focusing on human-AI interac-
tions upon health issues, that is a sensitive topic, several factors 
have to be considered. First of all, Internet remains the primary 
source of health information in Western countries, but generative 
AI chatbots such as ChatGPT are now frequently asked medical 
questions (Riera et al., 2023; Rebitschek et al., 2025). At the same 
time, healthcare professionals debate how such tools may sup-
port, complement or interfere with clinical reasoning and patient 
communication. 

Emerging studies offer a deeper look at these uses. Research 
on AI technologies and health information management shows 
that the newest LLMs, such as GPT-based models, can process 
clinical data and support diagnostic reasoning (Abdullahi et al., 
2024). Other studies indicate that LLMs can interpret medical pa-
pers, especially observational studies, suggesting a role in med-
ical training even if clinical implementation remains uncertain 
(Akyon et al., 2024) but when directly asked medical questions, 
LLMs tend to perform better with textual inputs than with imag-
es (Levkovich et al., 2023). Questioning these models upon clini-
cal knowledge, seeing the way they handle medical content must 
be critically examined, it is essential for evaluating their correct 
answers on health topics. This becomes especially relevant when 
LLMs act as intermediaries in the doctor–patient relationship. de 
O. Campos et al. (2025) conceptualise LLMs as potential “third 
agents” in healthcare, used both by patients and clinicians for 
diagnosis, decision-making and information seeking. 

The case demonstrates how these tools may reduce informa-
tion asymmetry and support patients-but also how they reshape 
trust, communication and the boundaries of responsibility in 
care. Across these perspectives adoption, interaction, clinical ap-
plication and information management, a central theme emerg-
es: trust. Trust shapes how patients use technologies, how clini-
cians interpret and rely on AI-generated information and how 
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institutions regulate and integrate these systems. Understanding 
how trust is constructed, negotiated or challenged in human–AI 
interactions is therefore essential. The responsible adoption of 
these technologies requires “best practices enabling trust in AI 
and ML,” technical, organizational, and ethical standards capa-
ble of supporting informed user trust (Aliferis & Simon, 2024). 
On the one hand, AI-mediated healthcare introduces new op-
portunities for patients to access information, receive prelimi-
nary assessments, and monitor their own conditions; however, 
trust does not emerge automatically from technical accuracy. As 
Alonso, Astobiza, and Ortega Lozano (2025) emphasize, trust 
in AI must be understood as a relational construct, influenced 
not only by system performance (e.g., accuracy, robustness) but 
also by contextual and interpersonal factors such as clinical en-
vironment, professional endorsement, and patient vulnerability. 
Empirical evidence confirms these dynamics: in their study of 
public perceptions, Cao and Basnyat (2025) show that patients 
often rely on AI tools for quick guidance but remain cautious 
about fully delegating diagnostic authority, expressing concerns 
about accountability, empathy, and the possibility of over-trust-
ing algorithmic advice. 

People tend to trust AI more when it is integrated into existing 
clinician-patient relationships, and less when it appears to op-
erate autonomously or without clear oversight. Together, these 
studies suggest that digital health technologies are actively used 
as adjunctive resources, providing reassurance, second opinions, 
or preliminary interpretations, but their legitimacy still hinges 
on human mediation, clear communication, and confidence that 
ethical responsibility ultimately remains with healthcare profes-
sionals. 

Our research moves its steps within this framework in order 
to explore how AI technologies intervene and interfere in the re-
lationship between doctors and patients. Besides, we would like 
to investigate the social representation of trust in our culture and 
how this representation is conditioned by the presence of tech-
nology. 
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In the next pages, we are not going to present the result of the 
study but we want to share some considerations about the meth-
odological choices that involve deeply and at different levels AI.

What we experienced was an integration of AI at four main 
levels: as the subject of study (how it interferes in doctor-patience 
relationships); as tool of analysis (thanks to a model of visual 
analysis); as partner of research (using it to a first reading of the 
qualitative data); and more interesting as interviewee (thanks to 
its involvement for the reconstruction of the social representa-
tion we are going to investigate.

2. Involving AI in the research process: reflecting on the 
generative “issue”

The algorithmic principles underlying artificial intelligence 
are grounded in its ability to process vast amounts of data that 
are spontaneously produced and made available across digital 
networks. These data —generated through everyday interac-
tions and distributed social practices— constitute the raw mate-
rial from which algorithms build their synthetic accounts of the 
world. In this sense, AI can be conceived as a synthetic sieve of 
reality, a mechanism that filters and aggregates fragments of so-
cial life into statistical or symbolic representations.

From this standpoint, the concept of computational identity 
becomes crucial. It can be understood as the outcome of contin-
uous interactions between subjects, data, and predictive models. 
Computational identity does not coincide with individual sub-
jectivity; rather, it represents an algorithmic construction of the 
self, derived from the automatic processing of behavioral and 
linguistic patterns (Cheney-Lippold, 2017). It is therefore a syn-
thetic and relational figure —produced through computation 
rather than experience— and it raises profound epistemological 
and methodological questions: to what extent can such algorith-
mic representations be considered as a form of knowledge

Adopting a synthetic rather than analytical perspective —in 
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line with recent work on computational and exploratory meth-
odologies (Seaver, 2019; Pasquinelli, 2023)— it becomes import-
ant to investigate how different AI systems behave in generating 
and returning the representations of reality they claim to pro-
duce. The focus thus shifts from the product to the process: does 
AI truly return what it claims to return?

In the following pages, we present a study designed to explore 
this question by focusing on the theme of trust in the doctor–pa-
tient relationship. We analyze how artificial intelligence systems 
construct representations around this concept and examine the 
general mood regarding the introduction of AI into diagnostic 
and care-related roles. The aim is twofold: first, to assess the se-
mantic coherence and validity of the representations produced 
by AI; and second, to consider their potential exploratory value 
as instruments for sociocultural inquiry.

The present research aimed to investigate the socio-cultural 
representation of trust within the doctor–patient relationship, 
following the theoretical framework of Social Representations 
Theory (Moscovici, 1961; Di Fraia, 2004). Specifically, the study 
examined how this relational construct is being reconfigured in 
light of the progressive integration of artificial intelligence (AI) 
into healthcare contexts.

Within the research design, the role of AI was conceived as 
threefold —as object, subject, and instrument of analysis.

First, AI was considered an object of study, insofar as the inves-
tigation explored how artificial intelligence technologies — such 
as diagnostic algorithms, virtual assistants, and predictive sys-
tems— affect the quality of trust between doctors and patients, 
either strengthening or weakening it. The literature highlights 
how the automation of decision-making in medical contexts can 
modify the perceived locus of authority and competence (Ver-
ghese et al., 2018; Coeckelbergh, 2020), thereby influencing the 
emotional and symbolic foundations of trust.

Second, AI acted as a subject involved in the research process, 
given that its synthetic capabilities were employed to map and 
reconstruct emergent representations derived from online data. 
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By analyzing publicly available digital content —social media 
posts, articles, forums, and visual material— the study identified 
the dominant themes and affective tones through which the trust 
relationship is discussed and mediated in the digital sphere. This 
aligns with contemporary approaches in computational social 
science (Marres, 2017; van Dijck, 2020), which emphasize the use 
of AI-based tools to explore the evolving structures of meaning 
circulating in networked environments.

Finally, AI served as an instrument of analysis, being em-
ployed to process both visual and textual materials. Machine 
learning models were used for image recognition and for the se-
mantic interpretation of in-depth interview transcripts, thus en-
abling a multilayered reading of the phenomenon that combined 
qualitative and computational methodologies (Kitchin, 2014; 
Seaver, 2019).

To address the general objective, the study articulated a series 
of specific research aims:

To identify and analyze the iconic dimension of social represen-
tations, observing how trust between doctors and patients beco-
mes crystallized in the imagery circulating online;
To reconstruct the narrative sedimentation of these perceptions 
by examining shared textual and discursive materials;
To verify the consistency and resonance of these secondary, 
AI-generated reconstructions with the experiences of real or po-
tential patients and healthcare professionals directly engaged in 
the therapeutic relationship.

This triangulated approach —integrating theoretical, com-
putational, and experiential dimensions— allowed for a deeper 
understanding of how AI-mediated representations contribute 
to reshaping the symbolic and relational contours of trust in con-
temporary healthcare systems.

2.1 Methodological Design and Research Process

From a methodological perspective, the research adopted a 
multi-method and exploratory qualitative design, integrating vi-
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sual, textual, and interactive data collection strategies to investi-
gate socio-cultural representations of trust in the doctor–patient 
relationship in the age of artificial intelligence. 

The research process was articulated through four main meth-
odological components:

1.	 Visual Analysis – A comprehensive visual content analy-
sis was conducted on the corpus of images retrieved from an 
anonymous Google Images search using the keyword “fiducia 
medico-paziente” (“doctor–patient trust”). The initial dataset 
included 399 images, from which duplicates and non-pertinent 
materials (e.g., textbook covers, screenshots, GIFs containing 
text) were removed, yielding a final corpus of 363 analyzable 
images. A structured coding sheet was developed to categorize 
and interpret the visual materials according to thematic and 
semiotic dimensions (Rose, 2016). The analytical model was 
subsequently refined and processed using ChatGPT Pro, which 
assisted in clustering recurrent visual motifs and semantic as-
sociations.
2.	 AI-Mediated Photo-Elicitation Interviews – The study em-
ployed an innovative adaptation of photo-stimulus interview-
ing (Collier & Collier, 1986; Harper, 2002) in which selected 
text-to-text generative AIs acted as interlocutors. The AIs in-
cluded in the sample met the following criteria: they offered a 
free-access version, supported the Italian language, and were 
described as general-purpose text-based generative systems, 
not specialized in specific domains such as storytelling, creativ-
ity, or customer management. This approach enabled a com-
parative analysis of responses generated under different access 
conditions (free vs. paid) and by different interviewers, allow-
ing the identification of 14 unique AI interviews across a total 
of 20 conducted sessions.
3.	 Questionnaire Administration – A structured online ques-
tionnaire was distributed to a general sample of users of health-
care services and to the sanitary staff. The instrument aimed to 
assess the degree of familiarity, perceived trust, and emotional 
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positioning toward the use of AI in healthcare decision-mak-
ing processes. The questionnaire served to triangulate findings 
from the qualitative phases and to contextualize them within 
broader user attitudes (Bryman, 2016).
4.	 In-Depth Interviews with Human Participants - Finally, 
semi-structured interviews were conducted with a purposive 
sample of medical professionals and patients displaying vary-
ing degrees of competence and awareness regarding AI tools. 
Each interview included a photo-stimulus section in which 
three images, selected from the analyzed corpus, were shown 
to prompt reflection and emotional response. This approach 
followed the tradition of visual elicitation in qualitative inqui-
ry, fostering deeper access to the symbolic dimensions of trust, 
care, and technological mediation (Prosser & Loxley, 2008).

This multi-layered methodological design combined tradi-
tional qualitative approaches with computational tools, reflect-
ing a commitment to hybrid research practices that bridge hu-
man and algorithmic interpretative capacities. The integration 
of AI in both data generation and analysis enabled a reflexive 
exploration of how artificial intelligence itself participates in the 
social construction of meaning.

Fig. 1. The three images used for the photo-elicitation interview. 
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The selection of visual stimuli was conducted from the pre-
viously analyzed corpus of images. The chosen images were 
identified according to a set of analytical and theoretical criteria 
derived from the visual content analysis phase. Specifically, three 
images were selected because they represented distinct models 
of the doctor–patient relationship:

1.	 A paritarian relationship, where doctor and patient are de-
picted as equals in a dialogic and participatory interaction;
2.	 A complementary relationship, characterized by asymme-
try and the persistence of traditional hierarchies of expertise;
3.	 An absent or mediated relationship, in which the human 
connection is replaced or filtered through technological inter-
faces.

In addition, these images contained some of the most recur-
rent visual elements in the corpus —such as hands, medical coats, 
and elderly figures— which emerged as central semiotic markers 
of trust and care. Finally, the selected stimuli visually articulated 
three semantic domains of trust identified during the prelimi-
nary analysis: relationship, care, and competence. These dimen-
sions resonate with classical sociological theories of professional 
trust (Luhmann, 1979; Giddens, 1990) and remain relevant in the 
contemporary negotiation between human and artificial agents 
in healthcare settings.

The third and fourth phases of the research —involving data 
collection with human participants— are still in progress; there-
fore, detailed information about the sample composition cannot 
yet be provided. Nevertheless, at this stage the study aims pri-
marily to reflect on the methodological implications of integrat-
ing AI into qualitative research, evaluating both the strengths 
and weaknesses of such hybrid practices and the potential for 
combining them with traditional interpretative methods (Hine, 
2020; Markham, 2023).

Artificial intelligence was employed in two distinct phases 
and played two complementary roles.



134  Talking with AI about trust in health topic, by A. Micalizzi, C. Sapone

First, AI was engaged as an interviewee, generating respons-
es that could be analyzed as socio-technical narratives reflecting 
dominant discourses in digital data spaces.

Second, AI functioned as a junior analyst, contributing to the 
categorization and interpretation of qualitative material. This 
dual use of AI provided what could be described as an “alter-
native gaze” —a supplementary interpretative perspective that 
supports the reflexivity of the human researcher (Beninger et 
al., 2022; Marres, 2020). Such reflexive interplay between human 
and artificial cognition offers an opportunity to reconsider the 
boundaries of qualitative inquiry, where interpretation is distrib-
uted across human and computational intelligences.

3. Dialoguing with an AI: what we have learnt

Building upon the empirical experience of conducting inter-
views with AI systems (Jarrahi, 2025) the following reflections 
explore the methodological and epistemological implications of 
engaging artificial agents within a qualitative framework. Each 
point illustrates a specific tension —between creativity and rep-
etition, human-AI communication, interpretation and automa-
tion— thus contributing to a broader understanding of AI as 
both an analytical tool and a discursive phenomenon.

The first insight emerging from the AI interview process con-
cerns the heterogeneity of the generated material. The textual 
outputs revealed considerable variation in style, structure, and 
rhetorical strategies, yet this diversity appeared far more formal 
than substantive. When confronted with creative or metaphori-
cal tasks, the AIs tended to reproduce formulaic expressions and 
narrative conventions, often converging toward a limited range 
of symbolic repertoires. This finding echoes broader discussions 
in the literature on algorithmic creativity and semantic flatten-
ing (Manovich, 2019; Boden, 2016), where generative models 
—though capable of syntactic novelty— often operate within 
narrow probabilistic spaces shaped by training data and dom-
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inant cultural narratives. The resulting heterogeneous homogene-
ity suggests that, despite stylistic differences, AI systems tend to 
stabilize shared cognitive and affective schemas, revealing more 
about the structure of collective discourses than about the gener-
ative autonomy of the system itself (Pasquinelli, 2023). 

Across the 18 interviews conducted —particularly during the 
comparative phase examining the results generated by GPT— 
the assumption of heterogeneous homogeneity becomes clearly ev-
ident. With regard to the sections “definition of health,” “role of 
technology,” and “restoring trust,” the words and formulations 
produced by the model showed notable variation, yet they con-
sistently fell within the same overarching semantic areas. Addi-
tional evidence of this characteristic emerged in the phase where 
participants were asked to generate images illustrating the doc-
tor–patient relationship. It is noteworthy that the visual and 
textual outputs produced by the different models, despite vari-
ations in elements such as the characters’ gender or the setting, 
repeatedly converged on a remarkably similar representation: 
two individuals holding a tablet and jointly examining graphs 
related to the patient’s health.

A second observation relates to the divergent positions that 
emerged in the AIs’ responses to opinion-based prompts con-
cerning healthcare trust and the integration of artificial intelli-
gence in medical practice. The interviews revealed two distinct 
polarities of discourse. On one side, some responses sought to 
simulate a human-centered approach to care, emphasizing em-
pathy, listening, and relational ethics —possibly reflecting the 
influence of recent public debates on dehumanization in health-
care (Topol, 2019). On the other, a set of responses articulated 
a technological optimism, attributing to AI a higher degree of 
diagnostic precision and an ability to enhance treatment efficien-
cy. These divergent orientations mirror what Jasanoff (2015) de-
fines as socio-technical imaginaries: competing collective visions 
that shape how societies conceptualize the role and legitimacy of 
emerging technologies.

Nevertheless, across both discursive poles, one element re-
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mained consistent: the persistent validation of human expertise. 
Even in narratives where AI was attributed significant compe-
tence, the final authority of the physician was never questioned. 
This recurring motif reinforces existing findings on trust calibra-
tion between humans and machines (Hoff & Bashir, 2015; Lee 
& See, 2004), suggesting that while AI can extend diagnostic ca-
pacity, it cannot yet substitute for the ethical and interpretative 
dimensions embedded in the medical relationship.

A further observation concerns the errors produced by some 
AI engines when performing associative tasks, particularly those 
involving connections between abstract concepts and concrete 
images. Interestingly, this phenomenon occurred predominant-
ly in the free-access versions of the systems and was notably 
reduced or absent in the paid, higher-capacity models. A small 
but important clarification concerns the distinction between the 
free and paid versions of the model. The free version relies on 
a smaller and more cost-efficient architecture, whereas the paid 
version operates on a more advanced model. The paid model 
appears “smarter” not only because it has access to more up-
to-date information from the internet, but also because it can 
sustain longer conversations, offers additional functionalities, 
and provides more granular privacy settings. These errors often 
manifested as mismatched or logically inconsistent associations, 
revealing gaps in what can be described as the process of objecti-
fication—the cognitive mechanism by which abstract notions are 
translated into perceptible or symbolic forms (Moscovici, 1988). 

In the context of social representation theory, objectification 
is essential to the formation of shared knowledge structures 
(Wagner, Duveen, Farr, Jovchelovitch, Lorenzi-Cioldi, Marková 
& Rose, 1999). The difficulty displayed by certain AI models in 
correctly mapping conceptual content onto concrete visual ref-
erents thus highlights a structural limitation in the models’ rep-
resentational reasoning. Unlike human cognition, which relies 
on embodied and contextualized experience, generative AI op-
erates through pattern recognition and statistical approximation. 
This distinction becomes particularly visible when models are 
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required to externalize meaning beyond linguistic probability, 
exposing the absence of a truly experiential grounding (Floridi, 
2019; Dourish, 2016). -The observation invites reflection on how 
machine cognition simulates human sense-making, and where 
such simulation fails to achieve epistemic coherence.

Equally revealing is the self-descriptive behavior exhibited by 
AI systems when asked to characterize themselves. Across mul-
tiple interviews, the language used by the models displayed a 
dual register. On the one hand, AIs recurrently employed func-
tional and mechanistic adjectives —such as efficient, reliable, 
precise, and neutral— that reflect the core attributes of their com-
putational identity. On the other, the models also incorporated 
anthropocentric or affective descriptors, including curious, col-
laborative, patient, talkative, creative, and helpful.

This coexistence of mechanical and humanized self-percep-
tions illustrates what Guzman (2020) calls the “human-machine 
hybridity of communicative AI” —a discursive negotiation 
through which AIs internalize and reproduce the expectations 
humans project onto them. Similarly, research on media equa-
tion theory (Nass & Moon, 2000) and anthropomorphism in hu-
man-robot interaction (Darling, 2016) suggests that linguistic 
personification serves as a socio-relational adaptation strategy, 
facilitating engagement and empathy while blurring ontological 
boundaries between human and artificial agency.

In this sense, AI’s self-representation can be interpreted as 
an extension of social representation dynamics: by appropriat-
ing human traits, the system becomes more socially legible, yet 
simultaneously reinforces the illusion of neutrality through the 
parallel invocation of technical descriptors. The result is a hybrid 
identity, oscillating between objectivity and personality, automa-
tion and sociality —a duality that reveals how AI embodies both 
the promise and the paradox of contemporary algorithmic me-
diation.

A particularly illuminating phenomenon observed during 
the AI interview process concerns what we define as discursive 
interferences —moments in which the artificial interlocutor ap-
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pears to guide or redirect the communicative flow. Similar dy-
namics have long been documented in traditional qualitative 
interviews, where respondents attempt to shape the exchange or 
assume interpretive authority. In the methodological literature, 
such interactions are not treated as procedural errors but as an 
integral part of the relational process through which meaning is 
co-constructed.

Laffi (2003) describes this dynamic as intrinsic to the inter-
view’s relational fabric, emphasizing that the researcher’s task 
is not to eliminate such tensions but to recognize, manage, and 
interpret them. His approach aligns with the phenomenological 
and reflexive tradition of qualitative inquiry (Schütz, 1967; Ber-
taux, 1981; Bourdieu, 1999; Kaufmann, 2011), according to which 
the researcher must remain simultaneously centered and open 
—anchored in their interpretive framework yet willing to let the 
interlocutor actively contribute to the production of meaning.

In the case of artificial intelligence, however, these interfer-
ences take on a distinct form. They simulate active participation 
—a discursive semblance of engagement— while in reality re-
vealing the system’s difficulty in moving beyond task-oriented 
performance toward genuine dialogic exchange. This limitation 
underscores the distinction between interaction and communi-
cation: while the former can be mechanically replicated, the lat-
ter presupposes intentionality, contextual understanding, and 
shared meaning (Suchman, 2007).

From this perspective, the exchanges with AI remain instances 
of what Esposito (2022) defines as artificial communication —a 
process that reproduces the form of human dialogue without its 
ontological substance. Such communication operates within the 
syntactic boundaries of computation, lacking the social and ex-
periential grounding that enables mutual understanding. Never-
theless, these discursive interferences are analytically valuable: 
they expose the limits of algorithmic relationality and invite re-
flection on the epistemic boundaries of human–machine co-con-
struction within qualitative research.

From a relational standpoint, the interaction between inter-
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viewer and AI revealed several forms of alteration that distin-
guish artificial dialogue from human conversational exchange. 
One of the most striking differences was the speed of response, 
which reoriented the rhythm of the interview toward a more me-
chanical rather than natural temporality. The immediacy of ma-
chine feedback —devoid of hesitation, reflection, or embodied 
pacing— contributed to what could be termed a temporal artifi-
ciality (Couldry & Hepp, 2017), making the conversation appear 
efficient but emotionally flattened.

Another form of distortion concerned the affective stance ad-
opted by different AI systems. Some engines, such as Copilot, 
displayed an excessive degree of compliance and accommoda-
tion, often overaligning with the interviewer’s phrasing or intent. 
Others, such as Gemini, maintained a rigidly neutral posture, re-
peatedly emphasizing their lack of subjectivity or evaluative ca-
pacity. These contrasting behaviors reproduce familiar dynamics 
of automation bias (Mosier et al., 1998; Parasuraman & Manzey, 
2010), oscillating between over-deference and over-detachment. 
In both cases, the interaction highlights the absence of a genuine-
ly relational space —AI performs the form of dialogue without 
participating in its intersubjective substance.

At the same time, the redundancy observed in many respons-
es offers a productive insight. Despite its limitations, AI can —if 
approached with appropriate caution and methodological re-
flexivity— serve as a synthetic and exploratory tool for mapping 
cultural moods or emergent patterns of meaning. Rather than re-
placing interpretive analysis, AI may contribute to the identifica-
tion of discursive regularities that characterize public sentiment 
within large-scale data environments (Guzman, 2020; Marres, 
2020).

However, the epistemic value of such insights depends on 
maintaining critical distance. As several AI models themselves 
reminded us during the interviews, understanding their sources, 
ensuring transparency of processes, and calibrating the proper 
distance between human and machine cognition are essential 
conditions for responsible interpretation. This stance echoes the 
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principles of critical AI literacy (Long & Magerko, 2020; Andre-
jevic, 2020), which emphasize informed skepticism, contextual 
awareness, and the rejection of both naïve idealization and un-
critical trust. Ultimately, as in all qualitative inquiry, the safe-
guard lies in critical thinking —a commitment to interpretive 
vigilance that allows the researcher to treat AI not as an epistem-
ic authority but as a heuristic interlocutor within an expanded 
field of inquiry.

These reflections do not exhaust the complexity of human–AI 
interaction but rather signal the need for continued inquiry into 
how artificial systems participate in meaning-making processes, 
shaping new forms of relational, ethical, and cognitive negotia-
tion.

At the end of our path: within inside and outside

In the previous sections, we examined the potential uses of 
AI as a conversational partner in social research, particularly be-
cause of its ability to rapidly extract and synthetically recombine 
fragments of social identity reflected in the materials it can ac-
cess and process. Our direct experience applying this possibility 
in the study on the representation of doctors–patient trust and 
the role of new technologies allowed us to identify both oppor-
tunities and limitations. These limitations emerge precisely at 
the intersection between the complexity of the interview expe-
rience and the fundamentally different epistemic status of ma-
chine-generated responses.

When we move beyond the conversational metaphor that 
often frames the human–machine relationship, a series of deep 
epistemological issues remain —perhaps even insoluble. Chi-
ang (2023) argues that AI can only return a “blurry and zipped 
image of reality,” a form of radical compression that necessarily 
entails loss of information. Despite this, the system’s ability to 
“enter into conversation” with the researcher may create an il-
lusion of understanding, subtly shifting the interpretive frame 
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in which the human interlocutor positions themselves. The pre-
supposition that the machine “understands” or “learns” encour-
ages a form of anthropomorphization, well-documented in HCI 
literature (e.g., Nass & Moon, 2000), which leads users to project 
human-like cognitive and relational capacities onto the system. 
This projection, in turn, generates expectations of trust similar to 
those reserved for a competent human interlocutor.

From this perspective, the distinction between credibility and 
truthfulness becomes central. Munn, Magee and Arora (2023) 
note that AI systems often act as “de facto arbiters of truth,” not 
because they guarantee factual accuracy, but because their lin-
guistic fluency and coherence lend their outputs an aura of epis-
temic authority. Ferrario et al. (2022) further argue that genera-
tive models can be persuasive even when their statements lack 
empirical grounding, thereby complicating the evaluation of 
trustworthiness. As Nastoska (2025) highlights, credibility in AI 
systems is shaped not only by the content of their responses but 
also by interface cues, user expectations, and the system’s appar-
ent consistency —factors that can mask underlying limitations in 
veracity. When applied to research interviews, these dynamics 
risk blurring the boundary between what sounds plausible and 
what is empirically valid.

A final complication emerges with the phenomenon known 
as context rot. Context rot refers to the progressive loss of con-
textual cues that give meaning to digital content, even when the 
content itself remains present (Marshall, 2008; Hoskins, 2018). 
In LLM-based interaction, context rot describes the system’s 
gradual degradation of situational awareness during iterative 
prompting, sometimes without the user noticing. If meaning in 
any relational exchange —human or otherwise— is negotiated 
through contextual signals, then a system that continuously los-
es context inevitably increases the risk of producing unreliable or 
invalid material. For qualitative inquiry, this raises serious con-
cerns: when an AI loses portions of the conversational frame, the 
coherence and interpretive integrity of the interview deteriorate, 
compromising the trustworthiness of the data collected through 
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such interactions.
The observations emerging from the use of AI as an interlocu-

tor in social research call for a conscious and accountable reflec-
tion on the part of the researcher. The adoption of AI does not 
release researchers from their epistemic and ethical responsibili-
ties; on the contrary, it requires even greater vigilance —starting 
from the construction of the prompt, which has become a genu-
ine methodological device, to the rigorous verification of sourc-
es, and ultimately to the interpretation and restitution of the data 
(Chang, 2024; Bender et al., 2021). As in any research design, 
what truly guides the method and gives meaning to empirical 
materials is the quality of the research question. AI can generate 
answers —often plausible and convincing (Kocoń et al., 2023)—
but it cannot replace the formulation of our knowledge-driven 
questions, nor can it substitute the researcher’s epistemic in-
tentionality, despite occasional manifestations of proactivity or 
agent-like behaviour we also encountered in our work.

In this regard, two classic interpretive postures in the social 
sciences remain particularly instructive: the “alien gaze” and the 
“converted gaze” (Van Maanen, 1988). These perspectives —one 
capable of maintaining analytical distance, the other of immers-
ing itself empathically into the field— can still play a salvific role 
in shaping our relationship with AI. They help the researcher os-
cillate between immersion in AI-generated material and the crit-
ical detachment required to identify its limits, implicit assump-
tions, and potential distortions. It is within this tension that a 
rigorous use of AI in social inquiry becomes possible: not as a 
substitute for interpretive responsibility, but as a tool that de-
mands heightened epistemic awareness, ethical sensitivity, and a 
firmly grounded methodological stance.
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Beyond Bias: Understanding Social 
Representations Embedded

in Generative AI Outputs
by Elisabetta Risi 

1. Introduction. The inevitable relationship between 
technology and society

Over the past two decades, scholars have increasingly exam-
ined the Internet —and later, social media, streaming services, 
and other algorithmic or digital platforms— both as research ob-
jects and as environments of inquiry. These studies have inves-
tigated how such platforms are designed and operated within 
corporate contexts (Seaver, 2022), how individuals engage and 
interact with them (Lomborg & Kapsch, 2020), and how social 
narratives and imaginaries emerge around their development 
and use (Beer, 2018; Natale, 2021).

Within this framework, generative AI tools should be under-
stood as networked objects: the outcome of culturally situated 
practices and interrelations among diverse human and technical 
components that together constitute a complex socio-technical 
assemblage.

As human creations, technologies inherently embody our 
values, assumptions, and cultural dispositions. Their positive 
affordances include fostering connectedness and self-expression 
through social media, enhancing transparency and accountabil-
ity in governance, and enabling more inclusive and participa-
tory decision-making processes. Moreover, digital technologies 
can empower marginalized groups by facilitating access to skills, 
cultural competencies, and various forms of social and human 
capital.

At the same time, however, digital technologies —particular-
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ly social platforms and generative AI— are increasingly regard-
ed as potential threats to democratic systems. Large technology 
corporations exert substantial control over AI, social media, and 
data infrastructures, while democratic governments often pos-
sess limited oversight of algorithmic operations. Political actors 
deploy algorithms and bots for manipulation and social control, 
whereas authoritarian and extremist groups exploit digital tech-
nologies for disconnection, censorship, misinformation, and sur-
veillance, thereby reinforcing existing power structures (Zuboff, 
2019; Beer, 2018, 2019).

Contemporary theoretical perspectives increasingly concep-
tualize algorithms as active social agents that shape human in-
teraction. But at the same time, human social actors play a pivot-
al role in influencing the development and functioning of these 
algorithmic systems. This interplay points to a recursive feed-
back loop between humans and machines (Airoldi, 2021), where-
by technology shapes society, and society, in turn, reshapes tech-
nology. So, in this way, individuals and algorithmic agents are 
already deeply entangled through multiple feedback loops and 
everyday interactive practices, spanning both personal and pro-
fessional contexts.

Generative artificial intelligence models demonstrate remark-
able capabilities in autonomously producing original content 
from user-provided prompts, transforming fields such as mar-
keting and design. Beyond text generation, these systems can 
also create highly realistic images and videos. Generative AI are 
so charming and interesting because they are able to mimic col-
lective work and behaviours, and to generate outputs that reflect 
several aspects of society, from work structures to shared knowl-
edge. Despite their impressive performance, the content generat-
ed by such models warrants careful evaluation, particularly as it 
is being extensively shared online.

Generative AI systems should not be regarded merely as 
“new technological discoveries,” but rather as the culmination 
of a long-standing social process —the apex of work automation 
(Pasquinelli, 2023). These systems operate as statistical models 
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whose parameters are optimized to maximize the likelihood of 
reproducing patterns found in their training datasets. Conse-
quently, when such datasets contain unbalanced representations 
or disparities related to sensitive attributes, the generated out-
puts may replicate and amplify existing social stereotypes.

The increasing accessibility of generative AI tools offers new 
opportunities to examine how social practices influence the de-
velopment of so-called Large Language Models (LLMs), while 
these same models, in turn, shape social interactions and cultural 
production. Within academic research, methodologies originally 
“embedded” within online environments have been adapted to 
study social and cultural transformations (Gandini & Caliandro, 
2016; Venturini et al., 2018).

In the research sphere, interactions between scholars and 
AI-driven tools are becoming integral across various stages of the 
research process (Beer, 2018). For example, the capacity of these 
systems to efficiently analyze and summarize large volumes of 
data from social media platforms provides valuable means to 
deepen our understanding of social phenomena (Elmas & Gül, 
2023; Haluza & Jungwirth, 2023).

Generative AI requires the active creation of textual inputs —
prompts— to define and shape desired outputs, and it is increas-
ingly applied across a wide range of professional and academic 
contexts. There is a growing interest in employing generative AI 
not only to develop innovative research methodologies and pro-
tocols but also to explore new pedagogical and evaluative ap-
proaches —areas that we, as lecturers and researchers, directly 
observe in our practice.

The emergence of generative AI models has also prompted 
new inquiries into the nature of human–machine communica-
tion (Esposito, 2022) and how the affordances of these technol-
ogies can be integrated into sociological research frameworks. 
Tools such as ChatGPT, Gemini, Copilot, Claude, Midjourney, 
Stable Diffusion, and DALL·E present both significant oppor-
tunities and critical challenges for empirical and theoretical re-
search (Salah et al., 2023). 
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AI-generated contents (texts, image, videos) can thus pro-
vide insights into societal representations and reveal stereotypes 
embedded in both training datasets and society at large. The 
generative, socio-technical nature of these systems, alongside 
their discursive-material qualities, makes the content insepara-
ble from the medium that creates it. By analysing generative AI 
outputs, researchers can uncover implicit assumptions rooted in 
online discourse and understand how these platforms reinforce 
societal norms.

Generative AI platform, trained on massive datasets, can cap-
ture intricate societal details and nuances among various groups. 
The data-driven nature of generative AI, relying on vast online 
sources, inevitably reflects and magnifies human prejudices 
(Friedrich et al., 2023).

People can only operate within or select among the options 
made available by existing algorithms, and most current frame-
works focus on embedding greater diversity within these algo-
rithmic “nudges” rather than empowering individuals to design 
and inscribe new algorithms themselves. Even if we assume that 
people are given the opportunity to influence algorithmic mod-
els, a critical question arises: do such interventions lead to gen-
uinely pluralistic algorithms, or do they merely reproduce exist-
ing human stereotypes, social divisions, and challenges such as 
extremism, racism, and polarization?

The rise of generative AI and Large Language Models (LLMs) 
offers a valuable opportunity to explore this issue, as these sys-
tems are developed on the basis of human language and trained 
predominantly on human-generated data. Consequently, they 
provide a unique lens through which to observe how collective 
opinions and cultural patterns shape AI—and, in turn, how these 
technologies may affect democratic values. Yet, LLMs also risk 
perpetuating racism and other forms of discrimination, since 
they are built upon linguistic data that inherently reflect human 
values, assumptions, and prejudices (Salinas et al., 2023).
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2. Recent literature on biased AI-generated outputs

Some generative AI platforms are characterized by a dialog-
ic design, inviting users to engage with them through prompt-
ing. This interaction modality allows users to interrogate the 
machine via a dialogic exchange facilitated by a Graphical User 
Interface (GUI) that is intuitive, user-friendly, and based on the 
familiar question–answer format typical of chat environments. 
What made these technologies widely visible and disruptive was 
precisely this interactive interface, which enabled a collective 
experience wherein millions of users encountered the evolving 
capacities of linguistic AI algorithms—the so-called Large Lan-
guage Models (LLMs). These systems took recognizable form in 
2022 with the first release of ChatGPT, a general-purpose chatbot 
built upon a conversational interface.

However, prior to the diffusion of this technology and the 
proliferation of other generative AI platforms —not only text-to-
text but also text-to-image (TtI) models— scholars had already 
investigated biases in algorithmic systems more broadly (Noble, 
2018; O’Neil, 2016) and, later, specifically within LLMs.

The risks associated with biased content in generative AI out-
puts arise from multiple factors, including the composition of 
training data, labelling practices, model specifications, algorith-
mic priorities, design choices, and policy interventions aimed at 
mitigating harmful behaviors. For instance, studies have shown 
that LLMs may perpetuate race-based medical assumptions 
(Omiye et al., 2023), reproduce gendered occupational stereo-
types (Kotek, Dockum, & Sun, 2023), or equate terms such as im-
migrant and refugee with illegal, thereby reinforcing exclusion-
ary associations in paraphrased outputs (Durrheim et al., 2023).

More recently, Elsharif et al. (2025), in their paper Cultural Bias 
in Text-to-Image Models: A Systematic Review of Bias Identification, 
Evaluation, and Mitigation Strategies, have provided an in-depth 
analysis of cultural biases embedded in text-to-image models 
such as DALL·E, Stable Diffusion, and Midjourney. Through a 
systematic review of 58 scientific studies, the authors demon-
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strate how these models —trained on vast volumes of visual 
and textual data scraped from the web— internalize and re-
produce social inequalities and cultural stereotypes present in 
their source datasets. The study reveals that the most prevalent 
disparities concern gender and ethnicity, often intersecting with 
other dimensions such as religion, social class, sexual orienta-
tion, and geography. TtI models tend to portray professional 
roles like “surgeon” or “leader” predominantly as white men, 
while caregiving or subordinate roles are more frequently as-
signed to women or non-white individuals. Similarly, abstract 
concepts such as “beauty,” “wealth,” or “success” are often visu-
alized through Western-centric standards, thereby reinforcing a 
monocultural worldview.

A related study, Assessment of the Bias of Artificial Intelligence 
Generated Images and Large Language Models on Their Depiction of 
a Surgeon (Cevik et al., 2024), examines how AI systems depict 
the figure of the surgeon, focusing on potential biases related to 
gender, ethnicity, age, and body type. The authors compared tex-
tual and visual descriptions produced by two language models 
(ChatGPT-3.5 and Bard) and two image generators (DALL·E 2 
and Midjourney), all prompted to represent eight surgical spe-
cialties. Their results reveal a striking contrast between linguistic 
and visual outputs. ChatGPT-3.5 and Bard produced relatively 
neutral, professional-oriented descriptions emphasizing com-
petence, empathy, and dedication, avoiding explicit physical or 
gendered references. In contrast, DALL·E 2 and, even more mark-
edly, Midjourney exhibited significant distortions in visual rep-
resentation. DALL·E 2 generated predominantly male surgeons, 
though with a somewhat balanced distribution of skin tones and 
ages; Midjourney, by contrast, almost exclusively depicted light-
skinned men, typically over fifty years old and of slender build.

These differences suggest that while language models may be 
more capable of reflecting diversity and distancing themselves 
from overt bias, image generation models continue to reproduce 
entrenched cultural patterns, reinforcing the association of the 
surgical profession with a white, male, and mature profile. Such 
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outcomes likely derive from the datasets used to train image 
generators, which mirror historical inequalities in the medical 
profession and thereby perpetuate a partial and stereotyped vi-
sion of surgical practice.

According to Elsharif et al. (2025), new methodologies are cur-
rently being developed to detect and measure such distortions. 
Among the most common techniques are the systematic analysis 
of prompts (i.e., the textual inputs used to generate images), au-
tomatic association tests, large-scale human evaluations across 
demographic categories, and comparative analyses of visual out-
puts produced by different models. However, the authors high-
light a persistent lack of shared standards for quantifying bias: 
each study employs its own definitions and metrics, making it 
difficult to achieve coherent and comparable results across the 
field.

Beyond these studies, in the past two years numerous interna-
tional investigations have examined how specific roles, profes-
sions, and social categories are represented in AI-generated texts 
and images. Within the healthcare domain, for instance, AI-gen-
erated images displayed some degree of diversity but continued 
to associate gender with specific physical appearances and roles, 
indicating that stereotypes remain embedded even in essential 
service professions (Agrawal & Gupta, 2025).

Other research demonstrates that tools such as DALL·E 3 and 
Bing Image Creator continue to sexualize women and to produce 
biased depictions even when women are represented in tradi-
tionally male-dominated professions. Similarly, images of chil-
dren reproduce gender stereotypes, suggesting the long-term 
reinforcement of normative gender roles (Sandoval-Martín & 
Martínez-Sanzo, 2024). Even when prompts employ gender-fair 
language, AI systems still overrepresent men in STEM occupa-
tions, with only partial improvement when explicitly inclusive 
phrasing is used (Böckling & Marquenie, 2025). Moreover, even 
when women are more frequently depicted in professional con-
texts, they are often portrayed in stereotypical ways —such as 
submissive, emotional, or appearance-focused— thereby perpet-
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uating structural inequities (Mickel et al., 2025).
Gender-based algorithmic bias in the presentation of STEM 

job advertisements had already been documented several years 
earlier (Lambrecht & Tucker, 2019). These biases are not limited 
to gender; algorithmic disparities related to race, skin color, and 
personality traits have also been observed (Chen, 2023). Vázquez 
and Garrido-Merchán (2024) have developed a taxonomy of bi-
ases in image-generative AI models that encompasses cultural, 
socio-economic, biological, and demographic dimensions.

Beyond overt biological disparities, more subtle forms of bias 
have also been identified. Recent studies (Zhou et al., 2024) high-
light systematic distortions in facial expressions and appearanc-
es: women are often depicted as younger, smiling, and cheerful, 
while men are portrayed as older, more neutral or stern, and con-
sequently more authoritative.

In a large-scale U.S. study, Zhou et al. (2024) analyzed approx-
imately 8,000 occupational portraits generated by three popular 
AI image-generation models— Midjourney, Stable Diffusion, and 
DALL·E 2— to investigate how these tools visually represent pro-
fessional categories. The study measured gender and racial dis-
parities for each occupation relative to official benchmarks from 
the U.S. Bureau of Labor Statistics (BLS). Professions were then 
ranked according to the magnitude of these disparities. Interest-
ingly, all three models showed consistent patterns. For instance, 
“food preparation and service workers” consistently appeared 
among the top three occupations exhibiting the strongest gender 
bias against women, while “postal clerks” ranked highest for ra-
cial bias against African American individuals across all datasets. 
The researchers used BLS, which record employment and demo-
graphic data for non–self-employed, documented workers in the 
formal U.S. economy. According to these data, women constitute 
46.8% of the workforce —a figure substantially higher than their 
representation in AI-generated occupational portraits produced 
by Midjourney, Stable Diffusion, and DALL·E 2. Similarly, Black 
workers comprise 12.6% of the labor force, yet they are mark-
edly underrepresented in the images produced by these mod-
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els. These findings indicate that the gender and racial disparities 
present in real-world labor markets are not only replicated but 
amplified in all three AI systems. This is particularly concerning 
given that even the benchmark data (i.e., BLS statistics) already 
reflect entrenched societal inequalities that ongoing diversity 
and inclusion initiatives aim to address.

To further contextualize their findings, the researchers also 
compared AI-generated outputs with publicly available images 
retrieved through Google Image Search, used as an additional 
reference point. For each occupation keyword, the first ten im-
ages returned by the Google API were collected and analyzed 
to assess gender and racial distribution. The share of women in 
Google Images was 44.5%, a figure statistically consistent with 
BLS data but significantly higher than the proportion of women 
depicted in AI-generated occupational portraits across all three 
platforms.

This aspect of the study recalls the pioneering work of Safi-
ya Umoja Noble (2018), who demonstrated how Google’s algo-
rithms —particularly Google Images— reproduced and ampli-
fied racial and gender stereotypes, revealing how technology 
could become a mechanism of automated oppression.

In line with Noble’s findings, Zhou et al. (2024) concluded 
that the gender and racial biases uncovered in their analysis were 
even more pronounced than those present in U.S. labor statistics 
or Google image data, thus exacerbating the very inequalities 
that society strives to mitigate.

A more recent study by Chauhan et al. (2024) further investi-
gated race and gender bias in text-to-image (TTI) generation, fo-
cusing on the popular Stable Diffusion model developed by Sta-
bility AI. Using the OpenFlamingo image-captioning framework, 
the authors designed 50 prompts related to professions and 50 
prompts related to everyday actions (e.g., “CEO,” “nurse,” “sec-
retary,” “playing basketball,” “doing homework”) to elicit po-
tential biases ranging from surface-level to systemic. After gen-
erating 20 images for each prompt, the study found persistent 
patterns of bias across multiple categories —for instance, 95% of 
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the images generated for “playing basketball” depicted African 
American men.

The authors further analyzed these outcomes by classifying 
prompts according to income and education levels derived from 
U.S. Bureau of Labor Statistics data. Their findings confirmed 
the presence of both racial and gender biases, although the mag-
nitude of such disparities varied across occupational and social 
contexts. 

3. The empirical study: objectives, tools and research design

The reviewed literature ―particularly recent empirical stud-
ies― indicates that research on AI-generated outputs remains in 
an emergent and evolving stage. Across the works cited thus far, 
biases are understood as systematic misrepresentations that priv-
ilege certain groups or perspectives, thereby reinforcing stereo-
types and taken-for-granted assumptions (Ferrara, 2023). These 
distortions are not purely technological in nature but are shaped 
by human labor, cultural perspectives, and corporate interests 
that influence the production and circulation of such outputs. 
Empirical evidence and critical scholarship consistently reveal 
their embeddedness within broader social structures marked by 
discrimination and inequality.

This aligns with the concept of representational harm (Katzam 
et al., 2023), referring to the ways in which AI systems may grant 
or deny visibility to specific social categories, privileging certain 
meaning structures over others. More broadly, Gillespie (2024) 
shows that in its attempt to appear “human,” AI often adheres 
to generic models of social representation, thereby reproducing 
dominant common-sense worldviews characteristic of a given 
historical and socio-cultural context.

Rather than focusing solely on bias, we adopt the broader 
concept of media representations, which captures the complex 
and ambiguous nature of how media —including generative 
AI— construct versions of reality. From this perspective, it is nei-
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ther possible to determine in a linear way the socially signifi-
cant consequences of these representations, nor to assume that 
the presence of bias automatically results in harm. Accordingly, 
if generative AI systems reproduce existing systemic injustices, 
an ostensibly “unbiased” depiction of this social reality would 
merely mirror those same inequitable conditions.

For these reasons, the outputs produced by generative AI 
platforms can be understood as situated, partial, and refractive 
perspectives on social reality, rather than purely reflexive ones 
(Risi et al., 2025). As previously noted, there exists a bidirection-
al relationship between code and culture —codes are in the cul-
ture, and culture is in the code (Airoldi, 2021)— underscoring 
how technological artifacts both shape and are shaped by social 
meanings and practices.

It is therefore essential to continue advancing this line of in-
quiry, as algorithms influence how individuals organize socially 
and how opportunities and power are distributed within work-
places and society more broadly (Beer, 2019).

Following this trajectory, our study seeks to further conceptu-
alize the meanings and cultural resonances embedded in genera-
tive AI outputs. Although data on the most common uses of large 
language models (LLMs) remain in flux, it is plausible to assume 
that these systems are increasingly employed as tools that com-
plement —or even substitute— human cultural production, both 
in the creation of content (for education, journalism, advertising, 
and communication more generally) and in the consumption or 
interpretation of such content.

Our interpretative assumption is that these outputs are not 
created from scratch by machines. Rather, they are generated by 
algorithmic models designed by humans and trained on datasets 
composed of user-produced materials —posts, photographs, vid-
eos, and other forms of digital content. These datasets constitute 
human-generated data, encompassing the symbols, languages, 
imaginaries, and representations shared within a specific society.

Accordingly, our research aims to explore the relationship 
between the outputs of generative AI and the representational 
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models they draw upon —models that are themselves rooted 
in the collective substratum of common sense. Specifically, our 
study seeks to:

-	 investigate how generative AI platforms reproduce so-
cietal characteristics, particularly those related to social cat-
egories such as the intersections between work, gender and 
stereotypical characteristics (e.g. certain types of clothing or 
accessories);
-	 critically examine the widespread attribution of certain 
generative AI outputs to the notion of bias, which risks ob-
scuring the shared responsibility of both technology compa-
nies (in the production process) and broader cultural systems 
(in shaping these representations).

To explore these representations, we conducted an experi-
mental study using generative AI tools to produce both textual 
and visual outputs related to various occupations and everyday 
activities. Our approach followed an experimental perspective 
based on the systematic creation of prompts designed to query 
platforms built on Large Language Models (LLMs) and Text-to-
Image (TtI) systems. Each AI text generator produced one nar-
rative output per prompt, while the image generators produced 
four images for each prompt.

A total of 56 prompt-based interactions were carried out in 
April 2025. The prompts were intentionally simple and designed 
to elicit straightforward representations, such as:

“Tell me a short story about a… (e.g. engineer)” “Tell me a short 
story about a person…(e.g. who drives a truck)”
“Generates an image of a… (e.g. caregiver)” / “Generates the 
image of a person… (e.g. cleaning the house)”

Using prompts in Italian, we generated 14 “typical” short 
stories or scripts via ChatGPT 3.5 and 42 visual outputs (a total 
of 168 images) using Midjourney, Copilot (currently Microsoft 
Bing Image Creator powered by DALL·E 3), and Leonardo.ai 
(based on Stable Diffusion). The selected professions and activ-
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ities included, among others, politician, doctor, engineer, nurse, 
caregiver, influencer, gamer, computer programmer, lawyer, and 
baby-sitter, as well as activities such as cleaning the house, driv-
ing a truck, and changing a diaper.

Unlike previous studies, our prompts were formulated in Ital-
ian to explore linguistic and cultural nuances in representation. 
We deliberately used occupational terms whose grammatical 
form does not vary by gender —so-called ambigenere [ambigen-
der] words (e.g., giornalista [journalist], insegnante [teacher])—
or those expressed through the “generic masculine” form (over-
extended masculine genre - maschile sovraesteso), such as chirurgo 
[surgeon] or president [surgeon], commonly used in Italian to 
refer to gender-unspecified or mixed-gender groups.

The selected AI platforms are emblematic of the main gener-
ative tools currently in widespread use. ChatGPT, launched in 
late 2022 as a conversational interface for OpenAI’s GPT mod-
els, has become one of the most popular text generation systems, 
reportedly reaching around 800 million weekly active users by 
2025 (DemandSage, 2025). Midjourney, launched in July 2022, 
has emerged as a leading AI-driven visual generation platform, 
with over 21 million registered users on its Discord communi-
ty (ElectroIQ, 2025). DALL·E 3, introduced by OpenAI in April 
2022, remains one of the most widely adopted image generation 
models, primarily integrated into ChatGPT and Microsoft Bing’s 
Image Creator. Leonardo AI, built upon the Stable Diffusion 
architecture (and its enhanced version, SDXL), combines open-
source diffusion models with proprietary fine-tuning tools such 
as “Alchemy,” enabling greater creative control and higher-qual-
ity results. Stable Diffusion itself, released as open source in Au-
gust 2022, employs a latent diffusion architecture to transform 
text prompts into detailed images and has been adopted across 
commercial, entertainment, and creative industries (ScienceDi-
rect, 2024).

From a methodological perspective, this research employs 
AI-generated images within a visual sociology framework, draw-
ing specifically on the “sociology with images” approach (Fac-
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cioli & Losacco, 2010; Harper, 1988). Recognizing the recursive 
nature of algorithmic processes, we consider these outputs as 
products of socio-technical systems, shaped by both algorithmic 
structures and the intentionality of human users. In this sense, 
the outputs reflect the algorithmic individuation processes (Prey, 
2018) of the researchers who designed the prompts.

We argue that this analytical exercise lies at the core of the 
interpretive and qualitative paradigm in social research. The act 
of interpretation—namely, the identification of symbolic mean-
ings—is inevitably mediated through a dual process: human (via 
the researcher’s gaze) and machinic (through algorithmic per-
sonalization, platform code, and training data).

4. Some results from the experimental research of 
representational patterns in generative ai platforms.

By generating and analyzing empirical examples, we contend 
that any research involving generative AI inherently becomes 
an investigation of the platform itself —an autoethnographic in-
quiry (Markham, 2024). The socio-technical and discursive-ma-
terial nature of generative AI systems makes their outputs insep-
arable from the medium that produces them.

Our study demonstrates that social representations embed-
ded within AI-generated content can perpetuate implicit pat-
terns of representation and, in doing so, contribute to their rein-
forcement. A particularly relevant area of analysis concerns the 
relationship between occupational and gender roles, which illus-
trates how societal norms shape career choices and workplace 
dynamics, often reproducing entrenched gendered, racial, and 
social stereotypes (Smith, 2019; Secondulfo, 2015).

Accordingly, we selected 14 prompts typologies to generate 
short stories and images depicting specific professions and ac-
tivities, in order to examine and comment on the representations 
embedded within the resulting outputs. 

Below are a few examples in which these representations ap-
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pear, in our view, most clearly stereotyped —though still consist-
ent with the broader distinctions and inequalities that character-
ize contemporary society.

The following output, produced by ChatGPT 3.5, associates 
“a person who practices medicine” with a “typical” Italian gen-
eral practitioner —male— and reinforces the familiar rhetoric of 
caring for the patient rather than the disease (a trope we refrain 
from commenting on here).

Fig. 1 Text generated with Chat GPT 3.5, March 2025 – prompt “Tell me a short 
story about a person who works in the medical profession”.

If, instead, we ask GPT-3.5 to write a story about “a person 
who assists an elderly individual,” the result we obtain features 
“Sara”, a woman working as a caregiver.

Fig. 2 Text generated with Chat GPT 3.5, March 2025 – prompt “Tell me a short 
story about a person who cares for an elderly person”.
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Using the term badante [car-
egiver] (which in Italian is gen-
der-neutral, having neither a 
masculine nor a feminine form), 
the following outputs were gen-
erated through AI image-gener-
ation platforms. The resulting 
images depict, in almost all cas-
es, women —most of whom dis-
play Afro or East Asian physical 
features.

Another example is the profession of the computer engineer. 
The AI-generated outputs consistently portray young white men, 
distinctly masculine in appearance and often wearing glasses. 
These results remain remarkably similar across different AI im-
age generator tools.

Fig. 3 Image generated with Microsoft 
Bing – DALL-E3, April 2025 – prompt: 
“badante”.

Fig. 3 Image generated with Midjour-
ney, March 2025 – prompt: “badante”
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Fig. 3 Image 
generated with 
Microsoft Bing – 
DALL-E3, April 
2025 – prompt: 
“computer 
engineer”.

Fig. 4 Image 
generated with 
Midjourney, March 
2025 – prompt: 
“computer 
engineer”.
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Below are examples of outputs generated from prompts de-
scribing “people performing specific activities” using the AI image 
generator Leonardo.ai (powered by the Stable Diffusion model). 
The prompt “a person cleaning the house” produced the image 
of a smiling woman wearing an apron and latex gloves, while the 
prompt “a person managing a company” resulted in the depiction 
of a middle-aged or senior man dressed in a suit and tie.

Fig. 5 Image generated with Leonardo.ai, March 2025 – prompt: “a person 
cleaning the house”.

Fig. 6 Image generated with Leonardo.ai, March 2025 – prompt: “a person 
managing a company”.
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Although the analyzed sample is non-probabilistic, we synthe-
sized the representations of different social groups across profes-
sions and activities prompted in the experiment into a summary 
table.

In the generated texts, the presumed age of the “protagonists” 
was not explicitly stated in most cases. When age was specified, 
the narratives predominantly referred to young individuals, while 
about 40% included references to “experienced” or senior figures. 
Slightly fewer than half of the characters were women.

In the generated images, most subjects were portrayed as mid-
dle-aged white men. A smaller proportion depicted young women 
—typically in roles such as nurses or influencers— with only about 
30% of all images showing non-Caucasian individuals, mainly in 
caregiving or domestic positions (e.g., caregivers, babysitters).

Within digital and technical professions (such as computer 
programmers or engineers), three-quarters of the representations 
featured men, most of whom appeared young. An interesting, 
though unsurprising, finding is that among mid- to senior-level 
professionals, approximately 70% were men, around 65% were 
middle-aged or older, and none were non-Caucasian.

A potential avenue for future research would involve a com-
parative analysis with recent Italian labor market data (e.g., 
ISTAT statistics) to assess how these representational patterns 
correspond to, or diverge from, actual occupational distributions.

Occupation/tool Women Young Non-Caucasian 
individuals

Managerial/executive 
positions

31% 36% 0%

Digital professions 34% 82% 19%
Caring professions/
activities (no doctor)

87,5% 45% 75%

AI text generators 45% 61% 
(55% not 
esplicit)

(100% not esplicit)

AI image generators 37,5% 41% 31%
Tab. 1 Representation of diverse groups in AI-generated 56 contents across.
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All counts provided in this section are descriptive statistics 
intended solely to characterize the sample; no inferential conclu-
sions should be drawn from these figures.

5. Concluding remarks

Although our findings constitute an initial step towards de-
veloping qualitative methodologies for studying generative AI 
as socio-technical systems, we observe that it offers opportuni-
ties to explore the strong intersections of technology, society, and 
culture.

Conducting social research through GenAI poses different 
challenges given the opacity of these artifacts. We see how Ge-
nAI generates visual content informed by social norms, offering 
a valuable framework for researchers to investigate social rep-
resentation, often stereotyped.

We live in what we might consider a society of cultural syn-
thesizers, a daily social context platformized and flattened by the 
functioning of machines and their habitus (Airoldi, 2021), with a 
series of expectations and affordances that guide the user expe-
rience. Generative AI not only produces texts, images, and vide-
os - therefore cultural content imbued with knowledge, cultural 
visions, and biases - but it also re-produces the perception that 
subjectivities have of themselves and others, common sense, and 
relational and organizational, personal, and professional modes.

Furthermore, these platforms fuel hegemonic representa-
tions (Pronzato, 2023), granting or denying visibility to specif-
ic social categories and privileging some structures of meaning 
over others. Recent research converges on the processes of social 
representation remediated by generative AI, based on LLM. The 
result is (stereotyped) representations that regenerate a certain 
type of common sense, the reproduction of crystallized narra-
tives.

In this scenario, AI-based systems therefore appear to pro-
foundly redefine temporal, and therefore identity, cultural, and 



Beyond Bias: Understanding Social Representations, by E. Risi  169

work dynamics within complex organizational systems.
We have found the potential to use GenAI outputs as visual 

content for research; but we must also clarify the limitations of 
doing sociology with AI-generated images, because this research 
protocol is a situated process, mediated by algorithmic personal-
ization. Each researcher could therefore obtain different outputs, 
depending on the searches they have already conducted or on 
the profiling the algorithm performs. In this sense, our study un-
doubtedly has a qualitative and interpretive approach.

While our research explores specific representations of social 
groups in AI image generation, it is necessary to acknowledge 
inherent limitations that can condition the interpretations of our 
findings. Consequently, we encourage future research to extend 
beyond this study, exploring a broader range of models to vali-
date or challenge our further findings.

What lies in between the input and the output is not transpar-
ent and neutral, but rather the outcome of value-laden practices 
that contribute to the socialization of artefact. In this sense, “ma-
chine learning systems encode a peculiar sort a machine habitus” 
(Airoldi, 2021, p. 28).

Even when organizations aim to leverage unbiased algorithms 
to reduce discrimination, we argue that such gender and racial 
biases in representation are problematic, especially when these 
biases are amplified beyond real-world disparities and are worse 
than the status quo. For example, portraying primarily men may 
potentially dissuade the next generation of female and black 
professionals and hinder efforts to promote equity, diversity and 
inclusion. Generative AI should benefit all of humanity and be 
shaped to be as inclusive as possible, at least not amplifying the 
biases in the status quo. Rather than reflecting, or even amplify-
ing, the existing biases of today’s world, these tools should as-
pire to shape a better future that reflects equality and fairness.

However, as we have said, GenAI platforms thus seem to pro-
vide a situated, partial, and refractive perspective on social real-
ity, rather than a purely reflexive one. It is therefore important to 
work not only on biased algorithms, but also on the disparities 
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and discrimination of the society that produces them.
In our research, we have shown how AI-generated outputs 

can be used by researchers. Specifically, we have used them as 
tools to critically read their content, in terms of (stereotypical) 
representations of professions or roles. However, they are also 
useful for stimulating critical awareness in users (or students, in 
our role as teachers) of how and why this content is generated 
and how algorithmic models function (Risi & Briziarelli, 2025)..

In fact, the ways in which users’ relate with media products 
and technologies has been explored as a topic by different ac-
ademic traditions: from digital sociology (Lupton, 2015), audi-
ence research (Livingstone, 1993; 2019), communication studies 
(Markham, 1998) and human-machine interaction studies have 
thus investigated how individuals make sense of media content 
and the functioning of technologies, as well as how these arte-
facts are employed in everyday life and professional activities.

Generative AI, as all the Technologies, emerges within social 
life in situated practices through which individuals agentically 
relate with them for their own aims (see Bonini and Trerè, 2024).

A media reception analysis lens may investigate how individ-
uals decode GenAI systems; although most users may not know 
how such GenAI tools function, they construct sensemaking pro-
cesses in this regard which can be important to investigate to 
understand how people adopt and use a certain GenAI tool. To 
use Stuart Hall’s terms, whether users completely adhere to such 
a representation, or to negotiate or oppose the values ​​underlying 
the functioning and type of outputs produced by these systems.

This is another fruitful area of ​​research to be developed.
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Framing AI in the audiovisual industries 
on LinkedIn

by Anouck Butraud-Assathian1, Jaércio da Silva2 , Cécile Méadel3 

Introduction 

Amid an abundance of discourse on the effects of artificial 
intelligence (generative, algorithmic, and robotic), oscillating 
between alarm and enthusiasm (Bender & Hanna, 2025) how 
do professionals in the culture and creative industries navigate 
these often polarised positions? In this sector, and in the audio-
visual field particularly, debate over the use of such tools has 
been intense. Actors and screenwriters, for example, have voiced 
acute concerns about automation and digital replication in the 
film industry, anticipating that these developments may proceed 
without effective oversight or financial compensation. These ar-
guments were articulated, notably, during the 2023 Hollywood 
strike (Halperin and Rosner, 2025) and, more recently, in contro-
versies surrounding the animated film Critterz4, slated for release 
in 2026 (which OpenAI reportedly intends to submit to Cannes). 
Such episodes have brought to the fore wide-ranging questions 
about the future of work in cinema and audiovisual production, 
as generative AI tools, such as ChatGPT and DALL·E, become 
readily accessible to the public and continue to improve in out-
put quality.

These anxieties, often expressed as fears of the “replacement 

1	  Chaire PcEn/CES, Paris 1 Panthéon-Sorbonne University
2	  Carism, Paris-Panthéon-Assas University
3	  Carism, Paris-Panthéon-Assas University
4	  Toonkel, Jessica. ‘Exclusive | OpenAI Backs AI-Made Animated Fea-
ture Film.’ Wall Street Journal, 8 September 2025, consulted on 11 October 2025 
at the following address: https://www.wsj.com/tech/ai/openai-backs-ai-ma-
de-animated-feature-film-389f70b0. 
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of humans by machines”, partly stem from the imaginary of sci-
ence fiction, and imaginary, that in a revealing paradox, is in-
voked precisely to assert its own obsolescence: “AI is no longer 
a science-fiction technology”. Such apprehensions attribute to 
these tools an almost autonomous, if not magical, capacity to act. 
The sociology of translation (actor-network theory) has long de-
constructed the notion of machine autonomy, showing instead 
the “Seamless-Web Systems” (Hughes, 1979) through which in-
novation takes shape in a process that inseparably intertwines 
the technological and the social, an instance of “heterogeneous 
engineering” (Law, 1986). These approaches have also illuminat-
ed the gap between the programmes of action inscribed in ma-
chines, what Madeleine Akrich (2006) terms their scripts, and the 
dynamic, transformative character of their actual uses. Informa-
tion and communication technologies, in particular, reveal a per-
sistent tension between the intentions of designers and the open, 
plural and unpredictable environments in which these tools 
circulate, contexts marked by differentiated practices, repurpos-
ings, and appropriations, as well as formats and situations that, 
in turn, act upon the instruments themselves (Chateauraynaud 
and Lamy, 2025).

The integration of AI into work routines has provoked almost 
dramatic questioning across a wide range of sectors and indus-
tries (Brey, 2017). Virtually all forms of salaried labour are now 
reflecting on the implications of delegating tasks, modes of or-
ganisation, and even decision-making processes to artificial enti-
ties (Attencourt et al., 2025). This research5 focuses on the cultural 
and creative industries, and more specifically on the audiovisual 
sector. It examines the narratives that professionals construct 
around generative artificial intelligence tools within the context 
of their professional practices. The analysis draws on publicly 
expressed discourses concerning these issues, situated within a 

5	  Research conducted as part of Styx, a project targeted by the PEPR 
ICCARE. Hosted by the PcEn chair at Paris-Panthéon-Assas and Paris1-Pan-
théon-Sorbonne universities, Styx receives government financial support un-
der the France 2030 programme (ANR-23-PEIC-0006).
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broader climate of change, emulation, and unease.
Our article identifies these narratives within a profession-

al-oriented social networking platform: LinkedIn. This choice is 
grounded in the fact that the platform has established itself as 
a key space for public expression, where users engage through 
a diversity of formats, primarily text, but also videos, photo-
graphs, and graphic creations, and interact with one another on 
current issues, often to enhance or extend their visibility (Car-
don, 2009, 2008). LinkedIn represents a professional communi-
cation arena, notably characterised by the overrepresentation of 
highly educated users (Bastin, 2015; Bastin and Francony, 2016), 
where various objectives intersect: networking, skills promotion, 
and continuous learning (Bridgstock, 2019). The platform is par-
ticularly widespread in environments where digital technolo-
gies are highly prevalent and intensively used (Rajkumar, 2022). 
This multi-purpose dimension makes LinkedIn a relevant field 
for observing how visibility discourses are constructed around 
technological innovations such as artificial intelligence (Dupont 
and Perticoz, 2016). Through LinkedIn, users articulate discours-
es of expertise, experiential narratives, job and service offers, 
news and event announcements, and professional imaginaries, 
thereby contributing to the shaping of representations of gener-
ative artificial intelligence, putting it into words, questioning it, 
and expanding its perceived possibilities within their respective 
fields of activity.

Given the diversity of tools and the breadth of professions 
and practices involved, this chapter, as previously noted, focuses 
on a specific segment of the cultural industries: the audiovisual 
industry, whose characteristics appear particularly relevant to 
our research question. It constitutes, first and foremost, a notably 
complex example of a market economy, characterised by high 
production costs, a continual pursuit of economies of scale, and a 
close interconnection between creation, technological innovation, 
and commercial logics. The audiovisual field also encompasses 
a wide range of professional groups —producers, screenwriters, 
writers, camera operators, editors, sound engineers, among oth-
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ers— making it a fertile ground for analysis due to the multi-
plicity of perspectives it offers. Finally, this industry maintains a 
long-standing and intimate relationship with digitisation, which 
continually transforms and reorganises its production methods, 
modes of distribution, and economic models (Farchy, 2022).

Methodology
Our analysis is based on a French-language corpus compris-

ing 11,526 posts and 9,235 comments on those same posts, col-
lected from LinkedIn using keywords related to artificial intel-
ligence and audiovisual production6. Among these, 95% of the 
posts contain more than 100 characters, with an average length 
of around 1,400 characters, and none exceeding 3,000. It is not 
surprising that, within the specific “vernacular” of this platform 
(Gibbs et al., 2015), texts are not subject to formal constraints 
and tend to prioritise responsiveness in exchanges, hence being 
generally longer and more developed than those found on X/
Twitter. However, the topic of generative artificial intelligence 
appears to encourage authors to produce particularly elaborate 
and argumentative posts. The comments themselves can also be 
relatively substantial and, far from being limited to automatic 
reactions, go beyond mere expressions of approval or thanks (see 
Figure 1): nearly half exceed 50 characters, often including a link, 
a remark, a question, a piece of advice, or a contact request; and 
nearly 15% consist of several sentences forming a paragraph of 
at least 200 characters.

6	  After exploratory work, the following equations were examined for 
2024 and 2025: Audiovisual AI, AI cinema, AI video editing, AI screenwriting, 
AI creativity, AI digital platform, AI dubbing, AI video dubbing, AI content 
creator, AI-augmented creativity, AI film scriptwriting, AI visual storytelling, 
AI sound design, AI audiovisual transformation, generative animation, AI vi-
deo, AI imaging, audiovisual innovation, cinema innovation, AI filmmaking, 
AI technology for creators. 
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Fig. 1 Distribution of the number of characters per comment (1) and per post (2)

In total, 7,656 authors produced the posts included in the cor-
pus. In 85% of cases, these authors contributed only a single post. 
The authors of both posts and comments were also analysed: we 
collected 8,298 “biographies,” that is, the self-descriptive texts 
users include on their LinkedIn profi les as personal introduc-
tions. These self-defi nitions vary widely, from simple profes-
sional titles such as “Computer Engineer”, or the more general 
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“Technology and AI specialist”, to brief mentions of their com-
pany, such as “PricewaterhouseCoopers (PwC)”. Others provide 
more elaborate descriptions of their occupations, skills, services, 
or professional trajectories, often blending French and English 
in what Laurence Allard (2017) terms a “hybrid digital writing 
style”, informally combining text, images, symbols, hashtags, 
emojis, and/or GIFs: 

Webmaster, growth-hacker, old web hand  & creator of 
cash-machines. I boost revenues  with #CRO, #SEO, #SEA, 
#SMA and plenty of tricks. #DigitalMarketing.

For some, it is not a self-presentation but rather a service off er: 

A Commitment: 30% mini fewer problems in 3 to 6 months 
70/30 = A proven managerial balance 
A Commitment: 30% mini fewer problems in 3 to 6 months 

 A Human approach to 
Operational Excellence 
70/30 = A proven managerial balance 

 200+ sites supported 
 A Human approach to 

 Founder of 
7030.fr®.

The data on posts and author biographies, summarised in 
Figure 2, were collected in November 2024 and again in mid-
May 2025. The posts were published between 19 October 2022 
and 15 May 2025. In 2025, the number of comments collected is 
signifi cantly lower, while the number of posts is higher; this dis-
crepancy is due to LinkedIn’s policies, which restrict large-scale 
scraping. The collected data were pseudonymised in accordance 
with the GDPR: profi le names and URLs were deleted after the 
collection phase, and only the information necessary for analysis 
(skills, experience, posts, and comments) was retained.

Categories Total number

Collected posts 11 526

Comments collected from posts 9 235

Unique author biographies collected 8 298

Fig. 2 Summary of corpus data 
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The approach adopted follows the framework of Digital Meth-
ods (Rogers, 2013; Marres, 2017), which entails considering dig-
ital platforms both as research objects and as empirical fields, 
while taking into account their specific technical constraints and 
operational logics.

In the first stage, an initial corpus was constructed based on 
the search equation “AI+  audiovisual”. Qualitative analysis of 
this preliminary set then allowed the identification of other key-
words recurrently used by LinkedIn users, which in turn broad-
ened the scope of collection and nearly doubled the size of the 
original corpus. We observed that the number of posts retrieved 
per keyword varied greatly, with a median of 204 posts per term.

For data extraction, we used Phantombuster and TexAu, auto-
mation tools that execute scripts (known as Phantoms) to interact 
with web interfaces. One of these scripts was configured to sys-
tematically collect posts and their associated comments. However, 
automation does not imply that data collection is straightforward. 
LinkedIn enforces numerous technical restrictions: the maximum 
number of posts accessible per search URL is limited to one thou-
sand. To address this limitation, we adopted the following pro-
cedure: for each selected keyword, we copied the corresponding 
LinkedIn search URL, connected a LinkedIn account through the 
automation tools, and executed the query. In some cases, the col-
lection process extended over several days, as the first thousand 
results were retrieved daily. The data were then cleaned and struc-
tured using Python libraries (Pandas and nltk). Thematic analysis 
was conducted using a Latent Dirichlet Allocation (LDA) topic mod-
elling approach with the Scikit-learn machine learning library, after 
text vectorisation with CountVectorizer. The results were visualised 
with pyLDAvis. Additionally, we examined word frequency dis-
tributions (using Pandas and collections.Counter) and generated bi-
grams and trigrams to analyse word co-occurrences. 

Associated professions Categories

artist, author, creative, content 
creator, design, digital design, 
music, video

Creative and artistic roles
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project manager, director, boss, 
marketing, multi-activity Managerial and strategic roles 

teacher-researcher, coach-trai-
ner-consultant, student Academic and educational roles 

communication, community 
manager, journalist Communication and media roles

tech professions, webmaster Technical and digital roles 

administration, law, finance, HR Administrative, legal and financial 
roles

Fig. 3 Summary of professional categories of post authors in the corpus 

To understand who expresses themselves on LinkedIn, we 
grouped similar profiles according to the terminology they used, 
thereby identifying the professional roles associated with the au-
thors of the posts and organising them into six categories (see 
Figure 3): creative and artistic; managerial and strategic; academ-
ic and educational; communication and media; technical and 
digital; administrative, legal, and financial. Given the diversity 
of self-presentation styles on the platform, these categories re-
main partially heterogeneous; nonetheless, they provide a useful 
overview of the professional landscape of users discussing gen-
erative artificial intelligence on LinkedIn. For the annotation of 
biographical descriptions, an initial sample of over one thousand 
profiles was manually classified into several thematic categories 
corresponding to their professional sector or group (see Figure 
3), thus forming a training dataset. Based on these annotated 
data, we trained an automatic classification model using Distil-
BERT (from the Transformers library), which was subsequently 
employed to automatically assign a category to all other biogra-
phies in the corpus.

We also used the text-mining software Gargantext7 (Delanoë 

7	  Version 007 White Kefir



Framing AI in the audiovisual industries, by A. Butraud-Assathian, J. da Silva, C. Méadel  183

et al., 2023), which, through natural language processing and 
complex network analysis operations, enables the structuring of 
thematic clusters by analysing term co-occurrences—that is, the 
simultaneous presence of two or more words within the same 
statement. The tool identifies thematic sets (clusters) in the form 
of a network of co-occurring terms, optionally adding a spatial 
or temporal dimension.

Finally, we calculated the Herfindahl–Hirschman Index (HHI) to 
assess the degree of concentration of certain themes within the 
discourse, measuring whether a small number of actors or terms 
dominate the discussions. This approach does not rely solely on 
quantitative or computational analysis: the posts, comments, 
and biographies were also subject to close qualitative reading, 
allowing for a deeper understanding of the uses, perceptions, 
and obstacles observed within the corpus. Overall, the analysis 
emerged from an iterative process between qualitative readings 
and automated results.

Results

The analysis of posts discussing artificial intelligence in re-
lation to the audiovisual sector on LinkedIn reveals a discourse 
that is broadly positive, and in some cases even enthusiastic. Far 
from the forms of moral panic observed in other media spaces 
(Crépel and Cardon, 2022), these discussions are framed within 
a logic of valorisation: the term “innovation” ranks among the 
most frequently used, followed closely by “creativity.” One of 
the most recurrent arguments concerns the efficiency of AI tools, 
commonly presented as “an innovation that enables greater speed 
and reduces repetitive tasks,” thus “freeing up time” for activities 
perceived as more creative or strategic.

In the comments, specifically, in the subset of 62 comments 
that explicitly mention ChatGPT, enthusiasm is not universal: 
roughly one-third express concerns about data confidentiality, 
model efficiency, or the potential replacement of professionals. 
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Such concerns can be illustrated by the following comment: “we 
are not all destined to become AI labourers.”

Generative artificial intelligence thus appears in the posts as 
an operator of generalities: on LinkedIn, everyone who writes or 
reads these posts and comments is presumed to use it, mobilis-
ing it for a wide range of diverse and often diffuse purposes. This 
is, at least, the implicit assumption of the authors, who refer to 
artificial intelligence across highly varied topics, even when it is 
not central to their discussion. At the same time, LinkedIn itself 
functions as an operator of generalities insofar as it encourages 
overarching discourses in which authors propose a global view of 
the domains they address. Posts on the platform thereby become 
spaces through which users display their expertise, demonstrate 
their understanding of issues surrounding AI and, more broadly, 
technological innovation. Generative AI also seems to operate as 
a connector, a thematic anchor through which users expand their 
networks and increase both their readership and the visibility of 
their participation, as reflected in performance indicators such as 
likes, comments, views, and shares.

To complete the picture, it is worth noting the experimental 
nature of artificial intelligence. OpenAI, for instance, took four-
teen months to publish its Prompt Engineering Guide, a manual 
designed to optimise results obtained from language models —a 
delay that no large-scale industrial product could afford with-
out provoking criticism of irresponsibility (Legrand and Boullier, 
1991). Other technologies have likewise been released to society 
for large-scale testing without their consequences or risks being 
fully anticipated, nor lingering doubts resolved. Ibo van de Poel 
(2017) uses the expression “learning-by-experimentation” to re-
fer to the knowledge that emerges continuously during the ex-
perimentation of a technology. The discourse on AI observed on 
LinkedIn must therefore be situated within this unstable context 
of ongoing experimentation. 

Within this context, marked by the experimental status of 
technologies, digital platforms tend to encourage ambiguous 
or simplified imaginaries (Bucher, 2018). The interventions of 
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LinkedIn users cannot rely on a shared, structured framework 
in which technological advances are collectively acknowledged 
and integrated. They are thus often led to speculate, expressing 
views that engage only the speaker. Such instability may in turn 
encourage users to think diff erently, to explore alternative narra-
tive possibilities, and to imagine new ways of applying AI with-
in the cultural industries.

Fig. 4 Gargantex network analysis visualizing term co-occurrences and 
clustering themes into semantic communities

The thematic analysis of our corpus conducted with the Gargan-
text co-occurrence software reveals three interrelated poles, forming 
a discursive network in which the boundaries between professions, 
technologies, and purposes become blurred (see Figure 4).
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The first two poles concern content creation. In the first (Pole 
1), generative AI appears as a resource for content creation, en-
compassing discussions of tools and creative processes, the for-
mats involved, and the various stages of production. The second 
(Pole 2) places greater emphasis on the economic dimension of 
content creation, focusing on major industry actors, spaces of cir-
culation, and policy-related issues —such as progress, environ-
mental considerations, inclusivity, and even ethics.

In a rather unusual way for this type of analysis, a third pole reartic-
ulates and interconnects the themes of the first two in an entangled 
structure (see Figure 5). This cluster is heterogeneous, addressing si-
multaneously professions (social media manager, webmaster), content 
creation (creator, creation, content, videos, image), technologies (Google, 
ChatGPT, deep learning), economic aspects (management, marketing, 
entrepreneurship, reduced cost), forms of critique (problems, bullshit, 
resistance), and training (learning, workshop, webinar). It appears em-
blematic of the way LinkedIn users discuss generative artificial intel-
ligence tools in relation to the cultural industries.

We hypothesise that, within the audiovisual field, these dis-
courses reflect a moment of appropriation of a still unstable tech-
nology —a phase characterised by enthusiasm, curiosity, and a 
will to experiment, but also by uncertainty regarding the uses 
that are emerging or yet to be defined. While generative AI is 
broadly perceived as an “unavoidable opportunity,” its practical 
contours remain to be explored.

With this initial overview established, our results can be or-
ganised around three main axes.

First, we observe a strong preference for widely accessible, 
mainstream technological tools, as illustrated by the omnipres-
ence of ChatGPT and Google. This indicates that users primarily 
discuss general-purpose solutions already integrated into nu-
merous creative processes.

Second, in a context where academic training programmes in 
AI remain limited, and where the alarmist discourse of some ac-
ademics regarding students’ use of generative AI, largely ampli-
fied and circulated by the media, continues to spread, new forms 
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of non-degree training (outside of the academic institution) are 
emerging (particularly within the third pole). These take various 
formats such as coaching sessions, workshops, or short training 
days8, specifi cally adapted to the audiovisual sector

Third, the skills most prominently highlighted concern con-
tent creation in fi elds that traditionally entail high technical entry 
costs, due to the complexity of the software involved. The posts 
emphasise that AI simplifi es many tasks, making graphic design 
and coding skills more accessible to a broader audience. The 
analysis of this third pole thus reveals the diversity of discourses 
and positions articulated around the use of generative AI within 
the audiovisual domain.

Fig. 5 Close-up on Pole 3 of the Gargantext mapping

8  One publication even goes so far as to announce: ‘Would you like to 
learn about AI too? Nothing could be simpler: for €150, you can be trained in 
four hours ’. 
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 1. The dominance of market leaders

In the fi eld of audiovisual software, users tend to turn towards 
products off ered by dominant market players, and only rare-
ly highlight more specialised tools (see Figure 6). The authors 
mention a variety of AI systems in their posts. Unsurprisingly, 
ChatGPT overwhelmingly dominates in terms of the number 
of mentions, with its presence further increasing between 2024 
and 2025 —likely due to the wide range of functionalities it pro-
vides. Claude and Gemini are also cited with growing frequency, 
whereas Copilot remains relatively stable.

Fig. 6 Percentage of AI mentions in posts 

Among more specialised AI tools, particularly those used for 
image or video generation, MidJourney is the most frequently 
mentioned, although its prominence is declining. It is followed 
by Runway, DALL·E, and HeyGen, which remain less well 
known to the general public.

Overall, these professionals, who identify themselves as spe-
cialists in audiovisual production, AI, or computing, refer pri-
marily to the most popular and general-purpose tool, ChatGPT, 
and only marginally to more specialised ones9.

9 The AI Barometer 2025 published by the French National Centre for 
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When looking more specifi cally at computing-related terms, 
we observe that programming languages such as Python top the 
list of mentions, alongside HTML, which, although not a pro-
gramming language, remains the most commonly used language 
for creating web pages, particularly among non-specialists. More 
recent or specialised languages, such as JavaScript, Julia, or Rust, 
are mentioned far less frequently. This indicates a preference for 
versatile, widely used, and general-purpose tools (see Figure 7).

Fig. 7 Total number of mentions of programming languages in the posts

In conclusion, the strong presence of accessible, mainstream 

Cinema and the Moving Image (CNC) reveals that the adoption of artifi cial 
intelligence tools in the audiovisual industry remains limited and uneven. 
Among professionals who use these tools, ChatGPT is by far the most widely 
used (82%), confi rming its position as the main gateway into the world of AI. 
On the other hand, specialised tools, whether dedicated to writing, post-pro-
duction, image generation or voice, are only used by 10 to 20% of respondents. 
Furthermore, nearly 45% of professionals say they have never tested an artifi -
cial intelligence tool, illustrating a still cautious adoption and a curiosity focu-
sed on the most accessible uses rather than on technical or business applica-
tions. Source: CNC Artifi cial Intelligence Observatory, document consulted on 
11 October 2025 at the following address: https://www.cnc.fr/professionnels/
observatoire-de-lintelligence-artifi cielle_2390539. 
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tools in the analysed posts highlights a process of appropriation 
largely driven by non-specialised services. Ease of use, simplified 
access, and brand recognition appear to take precedence over the 
promotion of more technical solutions tailored to specific needs, 
particularly those related to audiovisual professions or emerg-
ing technological challenges. This trend can be partly explained 
by the high visibility of these tools, their wide online availabil-
ity, their versatility, and their freemium access models, not to 
mention the abundance of tutorials that facilitate their adoption. 
However, it also indicates that tools specifically designed for the 
audiovisual field, such as Genario, mentioned only about thirty 
times, have yet to achieve widespread use or full legitimacy. Fi-
nally, this conclusion must be considered in light of the medi-
um through which these discourses unfold: does LinkedIn itself 
not encourage the expression of more accessible, generalist ap-
proaches? The self-presentation of authors, which we now turn 
to analyse, seems to reinforce this hypothesis.

2. Lay knowledge and the evangelisation of AI

A textual analysis of how authors present themselves on the 
platform reveals a strong concentration of terms such as “digi-
tal,” “marketing,” “communication,” “manager,” and “expert” 
(see Figure 8). These terms correspond to generalist or overar-
ching professional positions, with very few highly specialised 
experts, even though the cultural and creative industries (CCIs) 
are typically characterised by a great diversity of professions and 
service providers. The professionals in our corpus who express 
themselves on LinkedIn thus tend to adopt hybrid positions, 
combining elements of technology, leadership, and manage-
ment. In the still highly unstable field of generative AI applica-
tions to the CCIs, those who speak out occupy multiple, over-
lapping roles that resist clear categorisation, relying instead on 
broad, cross-cutting skill sets. This reflects a broader pattern of 
career hybridity common in these sectors (Baillargeon & Cout-
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ant, 2019), where professional qualifi cations are fl uid and diffi  -
cult to classify (Menger, 2014).

Fig. 8 Most frequently mentioned words in user biographies derived from the 
analysed posts 

The messianic rhetoric surrounding the digital sphere fi nds 
a distinctive expression on LinkedIn through the promotion of 
informal, informal training programmes (Hoblingre & Audran, 
2017). In a context where academic provision remains limited, 
and where the integration of generative AI (GAI) into traditional 
curricula is still weak, albeit widely debated, an alternative, less 
formal model is emerging online. This model introduces a new 
mode of legitimising expertise, bypassing traditional education-
al institutions and embedding itself within dynamics of visibili-
ty, engagement, and infl uence-seeking.

In our corpus, several private institutions, such as DIXIT, Tech 
School of Business France, 5 Formation, The Media Faculty, and Series 
Mania Institute, promote their training off ers (workshops, thematic 
courses, conferences, study days, MBAs, etc.) as rapid solutions to 
the urgent need to learn about AI for those working in audio-
visual production. Among such initiatives, fi lm schools like the 
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CLCF (Conservatory of Film and Fiction (France)) have introduced 
master’s programmes focused on “the opportunities opened by gen-
erative AI,” promising to “understand, master, and exploit generative 
AI in your projects”, sometimes in the space of a single day. There 
are also public actors, such as INA Campus, which offers profes-
sional training sessions to help screenwriters familiarise them-
selves with Genario.

These programmes, often taking the form of short, intensive 
introductions (spanning a few days), masterclasses, or hands-on 
workshops, but also sometimes longer online modules lasting 
several weeks, share a common feature: the promotion of imme-
diately applicable, practice-oriented skills: 

What if you took your content to the next level? At DigitaWeb, 
we help you make the most of HubSpot’s full video potential.

Four weeks to explore the art of prompting, productivity, creati-
vity —and to build your own AI agents.

Here are 9 game-changing AI tools that will save you time and 
boost your productivity.

These initiatives promote a learning logic centred on flexibili-
ty and immediate applicability, illustrating an approach to learn-
ing and digital acculturation that operates through synthesis and 
popularisation —that is, through the rapid digestion of complex 
technical content. For instance, ESAIP (Engineering School for a Re-
sponsible Future, (France)), a recognised but relatively low-profile 
engineering school, announces that it can, in a single day, “reveal 
the inner workings of this revolutionary technology.” Others, such as 
La Salle in Metz, offer longer courses, though within more gen-
eralist educational settings. At the individual level, some of the 
LinkedIn authors in our corpus present themselves as initiators 
aiming to introduce professionals to the digital sphere through 
tutorials, thematic newsletters, and experience sharing:

As a professor of marketing and event communication, I am con-
vinced that the integration of generative artificial intelligences 



Framing AI in the audiovisual industries, by A. Butraud-Assathian, J. da Silva, C. Méadel  193

(AI) can transform the way we work. That’s why, in my Web 
4.0 courses, I explain how to use these tools intelligently—both 
effectively and creatively.

Join the newsletter to keep up with everything about graphic de-
sign, art, and mastering the Affinity software (you’ll find the link 
in the comments). You’ll get tips, tutorials, and plenty of inspira-
tion to boost your creativity!

Last month, I revealed the scraping method used by Heads of 
Growth who follow Jordan Chenevier. Today, I’m offering the 
next phase for free (AI Qualification).

The professionals offering such training are not directly con-
nected to, or at least do not identify with, the traditional pro-
fessions of the audiovisual sector (such as screenwriter, editor, 
camera operator, production manager, or sound engineer). In-
stead, they emphasise the versatility of their career paths and the 
diversity of their skill sets, presenting themselves, for example, 
as marketing and innovation consultants, AI facilitators, or spe-
cialists in communication strategy and digital marketing.

We are thus confronted with forms of primarily operational 
knowledge, which appear to function without reference to any 
theoretical foundation, regardless of the task envisaged for gen-
erative AI. This raises the question of whether LinkedIn is be-
coming a fertile ground for the emergence of “evangelists” con-
tributing to the construction of a messianic rhetoric surrounding 
digital technologies (Errecart, 2015). In our previous mapping of 
the development of the metaverse in the French public sphere, 
we highlighted the emergence of “consulting agents”, self-pro-
claimed experts who seek to establish their legitimacy by posi-
tioning themselves as intermediaries between technological in-
novation and the general public, using social media and other 
dissemination tools such as podcasts to assert their authority and 
visibility (Da Silva and Méadel, forthcoming). These consult-
ing agents appear to be highly active on LinkedIn, consistently 
adopting the role of promoting innovation through unques-
tioned technological tools and approaches.
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 3. AI as a gateway

In the posts from our corpus, AI is presented as a kind of bait 
with strong attractive power, as it is said to facilitate access to 
digital services that normally require demanding specialised 
skills. This is particularly noticeable in the case of desktop pub-
lishing (DTP) tools such as Adobe Photoshop, Illustrator, and 
Premiere Pro, which are among the most frequently mentioned 
tools in the posts analysed. Figure 9 shows the number of men-
tions of these art direction tools in the corpus. It was built from 
a database listing the commonly used DTP tools in artistic and 
graphic creation.

Fig. 9 Total number of mentions of art direction tools in the posts 

Mastering software such as Adobe Photoshop or Adobe Illus-
trator requires specialised technical knowledge, involving not 
only specifi c training but also advanced computing skills and a 
form of craftsmanship. This mastery can be further strengthened 
by even basic knowledge of art history and visual arts. The posts 
in our corpus argue that generative AI tools (GAIs) facilitate 
access to these software environments and help lower the skill 
threshold required. They simplify access to functionalities that 
were once reserved for well-defi ned professional groups (camera 
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operators, photographers, editors, special-effects creators, etc.) 
working in more traditional sectors such as film, video games, 
animation, and television.

However, even though short-form videos have become an 
omnipresent format on social networks, their production has not 
erased the boundary between amateur and professional creation: 
full mastery of video production still requires specific skills in 
editing and post-production. Yet, tools integrating AI promise to 
reduce these entry barriers, granting access to advanced func-
tionalities for less technically skilled users.

The automation of tasks such as image correction or format 
resizing is part of a broader trend towards the simplification of 
creative processes (Dubois and Bobillier-Chaumon, 2009), where 
users can delegate certain technical operations to artificial intelli-
gence. This dynamic also contributes to the success of tools such 
as Canva and Adobe Express. Hutapea et al. (2024) show that, in 
the field of education, Canva functions as a tool of digital litera-
cy, facilitating guided production of infographics, posters, pres-
entations, animations, and videos.

This evolution aligns with broader transformations in infor-
mation and communication technologies (Méadel, 2019), par-
ticularly those associated with the smartphone (Nova, 2019). The 
latter, by concentrating functionalities for recording, processing, 
publishing, and archiving images, sounds, and videos, has be-
come a mobile and personalised production studio. The integra-
tion of AI into smartphone operating systems —such as Gemini 
for Android— illustrates this logic: these assistants allow users 
to automatically edit their photos through simple commands. AI 
thus becomes a marketing argument, by making previously re-
stricted functionalities widely accessible.

Moreover, users who discuss AI on this platform tend to 
broaden the scope of use beyond the audiovisual sector alone, 
embedding their reflections within a wider framework of multi-
media content creation using diverse digital tools. The analysed 
posts frequently reference professions such as community man-
ager, graphic designer, or web designer, revealing a gradual shift 
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in the stakes of AI towards practices of visual communication, 
online community management, and digital design.

Finally, it is worth noting that the third cluster in our mapping 
also addresses voice cloning, in a similarly simplified and acces-
sibility-oriented approach.

Conclusion and discussion

This chapter examines how audiovisual professionals discuss 
and position themselves toward generative AI on LinkedIn. First, 
we showed the predominance of accessible, mainstream tools 
over specialised audiovisual systems, reflecting a logic of gen-
eral technological literacy rather than sector-specific expertise. 
Second, we highlight the rise of hybrid professional identities 
and informal learning circuits, where self-proclaimed experts, 
consultants, and training providers contribute to the evangeli-
sation of AI through short courses, tutorials and promotional 
narratives. Third, we observed how generative AI is framed as 
a gateway to advanced creative tools, lowering perceived en-
try barriers to software historically associated with specialised 
audiovisual crafts. Across these sections, a common dynamic 
emerges: generative AI is mobilised less as a deeply integrated 
production technology than as a symbolic resource for visibility, 
legitimacy, and adaptability within the sector.

Posts related to AI in the audiovisual field shared on LinkedIn 
are used primarily by users to signal their “professional skills” 
and their ability to keep pace with digital transformation. Users 
align their digital identities with widely recognised and accessi-
ble technological tools (such as ChatGPT and Python) rather than 
emphasising the transformations, contributions, or challenges 
associated with specialised software or creative projects. Overall, 
this gives predominance to well-known, easily communicable, 
and operational skills. It is therefore difficult to determine wheth-
er generative AI in the audiovisual sector is being concretely in-
tegrated into innovative projects, or whether its mention merely 
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reflects a performative stance, adopted by professionals wishing 
to display both their opinions and their up-to-date competen-
cies. LinkedIn thus appears as a social networking platform for 
technological self-promotion, shedding light on broader cultural 
practices that shape professional identities today.

The discourses observed are generally positive in tone, some-
times tinged with concern, yet with a limited presence of critical 
or highly specialised perspectives, often giving way to simplified 
approaches and an implicit technological imaginary. The content 
of these posts oscillates between two main discursive regimes.

The first, generalist in nature, addresses generative AI in 
broad terms, associating it with promises of transformation or 
injunctions to “get involved”, on the model of “you have to dive 
in,” “don’t wait”, within a discursive register that often borders 
on the “technosolutionism” described by Morozov (2013). These 
discourses, frequently vague, tend to conflate diverse technolo-
gies, uses, and issues, reflecting a high level of generality and a 
certain confusion characteristic of the early stages of collective 
appropriation of a new technology.

The second regime, much more circumscribed but also rar-
er, focuses on a specific tool, API, or concrete application, often 
presented through training offers, tutorials, or service proposals. 
Dubbing, the subject of nearly 800 posts, constitutes a particularly 
revealing example: it is the focus of posts that detail usable ap-
plications, share experiences, address technical, legal, and social 
challenges, highlight advantages and drawbacks, and explain 
training modalities. 

Taken together, these findings suggest that LinkedIn currently 
functions less as a space documenting mature adoption of gen-
erative AI in audiovisual workflow than as a platform where 
professionals publicly perform technological awareness and ad-
aptability. The symbolic value of AI as a sign of creative agility, 
digital literacy, and professional modernity precedes its stable 
and consolidated integration into audiovisual production prac-
tices. 
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AI Ethnography: A Methodological 
Proposal for the Analysis of Vernacular 

Prompting Practices
by Gabriella Taddeo

1. Artificial Intelligence and the Methodological Turn

Artificial intelligence now occupies a central position in the 
infrastructure of everyday life and in contemporary knowledge 
production devices. This widespread presence requires the so-
cial sciences to rethink the analytical categories they use to de-
scribe agencies, mediations and processes of signification. Algo-
rithms are increasingly understood as complex socio-technical 
assemblages, in which human and non-human actors, regimes 
of knowledge, organisational practices and material devices that 
support and direct action are intertwined (Gillespie 2016; Seaver 
2017; Lange, Lenglet and Seyfert 2018). In this context, the metho-
dological question becomes immediate: how can we observe and 
interpret social life when its expressions are filtered, produced 
or co-produced by computational procedures that often operate 
below the threshold of ordinary attention?

A well-established line of thinking emphasises the structu-
ral opacity of algorithms. The literature has shown that data se-
lection chains, model optimisations and distribution strategies 
are difficult to understand for those who are not involved in their 
design. Often, observers can only access inputs and outputs, 
while the intermediate zone remains inaccessible or poorly do-
cumented, with significant consequences for the verifiability of 
explanations and the accountability of the actors involved (Pa-
squale 2015; Burrell 2016). In the face of this opacity, limiting 
analysis to observable performance alone risks reducing the phe-
nomenon to a superficial level. The challenge is to make visible 
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the translation steps that underpin the functioning of the system.
Seaver (2017) observed that much of the work on AI tends to 

reproduce conceptual pairs that separate people and machines 
or culture and technology. These polarities unduly simplify eco-
logies of practice where actors influence and reshape each other 
(Airoldi 2021). A more useful approach considers the connections 
and synergies between heterogeneous elements, avoiding oppo-
sitional frameworks and valuing the relational character of so-
cio-technical configurations. Latour’s proposal goes precisely in 
this direction: to follow substitutions, associations and shifts of 
interest along the chains that make up scientific and technical 
objects, paying attention to moments when stabilisations are still 
in progress, when devices are not yet fully consolidated and their 
perimeter remains negotiable (Latour 1987). This type of approa-
ch explicitly places artefacts within circuits of actors, institutions, 
infrastructures and knowledge that support their production, 
circulation and legitimisation.

Within this horizon, ethnography returns to occupy a cen-
tral role. Quantitative methods and large-scale measuremen-
ts, based on computational analysis, provide useful images of 
phenomena, but struggle to convey the situated contexts and 
practical grammars through which people and systems encoun-
ter each other (van Voorst and Ahlin, 2024). Recent literature 
shows how overly positivist approaches tend to elide conditions 
of use, power asymmetries, and value regimes that structure in-
teractions with AI (Rahwan et al. 2019; Adadi and Berrada 2018; 
Marda and Narayan 2021; Poell et al 2021). Ethnography, with 
its focus on practices, relationships and interpretations, allows 
us to piece together the picture, as it focuses on the local mea-
nings and affective economies that emerge in the ordinary use 
of systems (Sartori and Theodorou 2022) and provides the tools 
to focus on the vernacular, relational and affective dimensions of 
algorithmic interaction (Marda and Narayan 2021; Sartori and 
Theodorou 2022; Barassi 2024). 

Ethnographers have therefore focused on both the production 
and reception of algorithmic systems. Research on the production 
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side has shed light on the influence of professional norms, or-
ganisational configurations and work cultures which, especially 
in technology districts, guide design processes and define what 
is considered a good technical result. Studies on companies and 
development communities have highlighted models of horizon-
tal organisation, project centrality, self-realisation rhetoric and 
competitive dynamics that shape metrics, objectives and engi-
neering solutions (Noble 2018; Turner 2009; Marwick 2013). On 
the reception side, numerous contributions have shown how 
users develop adaptive practices and vernacular representations 
to navigate algorithmic logics (Bishop 2019; Bonini and Gandini 
2019; Siles et al 2020; Ziewitz 2016). Awareness of opacity some-
times generates frustration, as in the context of platform work, 
where the mechanisms for assigning tasks and profile visibility 
are difficult to decipher and directly affect economic opportuni-
ties, to the point of creating experiences of automated manage-
ment that are perceived as punitive (Rosenblat 2018; Bonini and 
Trerè 2024). At the same time, shared interpretative repertoires 
emerge, such as algorithmic imaginaries that guide expectations 
about the logic of the system (Bucher 2016; Baym 2018) and word 
of mouth among peers that consolidates operational advice and 
visibility tactics (Gillespie 2016).

A related line of inquiry concerns forms of relational inte-
raction with conversational agents and generative systems. Se-
veral studies have therefore been conducted on so-called social 
AI, dedicated to analysing the relational affordances of genera-
tive models such as ChatGPT, but also dedicated conversational 
AI tools, such as Replika, Character.ai, and voice assistants (De-
pounti and Natale 2025). In these environments, users engage in 
exchanges that activate specific projections, roles and codes of 
conduct, with effects that touch on the emotional and identity 
spheres.

Christin (2020) proposes three operational steps suitable for 
using ethnography in algorithmic contexts: observing how al-
gorithmic mediation reorganises social and institutional rela-
tionships; comparing sectors and platforms to isolate recurring 
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characteristics and relevant differences; using the same algori-
thmic tools to broaden access to the field and support forms of 
theoretical sampling, for example by exploiting recommenda-
tion systems to explore networks of content or connected actors. 
These strategies offer concrete ethnographic resources for circu-
mventing opacity and connecting areas of the field that would 
otherwise remain invisible.

To situate this approach more precisely within the broader 
landscape of digital research, it is useful to draw on the tradi-
tion of digital methods as developed by Rogers (2017). This per-
spective emphasizes the methodological potential of studying 
digital media environments as epistemological infrastructures 
that can be repurposed for research. In this framework, the ope-
rational logics of the web —such as recommendation algorithms, 
tracking protocols, and profiling systems— are treated as native 
methodological resources. By aligning inquiry with the affordan-
ces and constraints of these systems, digital methods propose an 
embedded mode of investigation that leverages the medium’s 
own mechanics while also rendering them visible and open to 
critique.

While digital ethnography focuses primarily on digital envi-
ronments as contexts for social interaction, and platform ethno-
graphy studies the infrastructural and regulatory logics that go-
vern digital platforms, the AI ethnography outlined here focuses 
on the semiotic, affective, and interpretative interaction between 
users and generative models. Incorporating this orientation into 
AI-focused ethnographic research allows for a more grounded 
understanding of how algorithmic systems structure user beha-
vior and generate meaning. At the same time, it invites reflection 
on the methodological implications of adopting tools and pro-
cedures shaped by the same logics —raising questions about 
bias, visibility, and the conditions of individual creativity within 
computational environments. AI ethnography shares the focus 
on material and infrastructural conditions, but invests above all 
in the act of observing the practices as interpretative operations. 
The writing of the prompt into the AI systems, for example, in-
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tertwines intentions, linguistic resources, aesthetic expectations, 
prior knowledge of the system, and hypotheses about the future 
behaviour of the model. Observing the work that takes place at 
this meeting point allows us to see how users articulate cultural 
sensibilities and regimes of meaning, and how these sensibilities 
are reorganised through interaction with AI. In this sense, Mar-
da and Narayan’s (2021) emphasis on the importance of linking 
statements to actions finds a meaningful application in the obser-
vation of prompting practices, where thoughts are materialized 
through the technology of writing and shaped by it —often more 
so than by the other affordances embedded in generative AI pla-
tforms.

This is the context for the AI ethnography proposal developed 
here within the “Prompting reflexivity”  project. It is an experi-
ment dedicated to observing how users of museums and cultural 
institutions use text-to-image AI to reflect on, define and expand 
the scope of their creative practices. The research proposal focu-
sed on the practices with which people use generative models, 
on negotiation with interfaces, and on the processes by which 
users define and redefine their creativity and reflexivity in the 
operational space opened up by generative text-to-image AI en-
vironments.

In the field of studies on creativity and computational art, and 
more recently on art generated with the aid of generative AI tools, 
the literature often tends to evaluate the final products and their si-
milarity to the canons of human creativity (Natale and Henrickson 
2022; Mazzone and Elgammal 2019). Much scientific attention has 
therefore been devoted to the reception of AI-generated products: 
for example, with the development of various methods and tests 
to measure the level of creativity of AI-generated products, or the 
public’s perception of the quality of these products compared to 
artefacts generated by humans alone (Grassini and Koivisto 2024). 
An important concern underlying these works is to verify whether 
and how machines can be perceived as substitutes for human cre-
ativity, and what, therefore, their role is within creative economies 
and contemporary aesthetic practices. 
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Compared to this approach, which focuses mainly on advan-
ced artistic fields and professional creative practices, my research 
has instead concentrated on observing vernacular practices, i.e. 
those of users who do not have a particular artistic background, 
are not involved in professional cultural production circuits and 
therefore use generative AI in conditions of spontaneous explo-
ration, everyday micro-tasks and leisure time.

The objective of this inquiry was to develop a methodologi-
cal approach capable of closely attending to the ways in which 
users interacted with generative text-to-image AI environmen-
ts, with particular attention to the interpretative labor that sur-
rounds each generated output. This includes the lexical adjust-
ments made during prompting, the anticipations projected onto 
the system, the moments of disappointment or surprise, and the 
negotiations between the user’s intended style and the aesthetic 
conventions inscribed in the model’s training data.

Central to this investigation was the attempt to trace how in-
dividual creative trajectories unfolded in relation to, and were 
progressively shaped by, the specific affordances and constraints 
of generative systems. Rather than viewing outputs as static en-
dpoints, the focus was placed on the dynamic interplay betwe-
en user intention, system feedback, and the evolving semantics 
of the prompt—a process through which meaning is iteratively 
constructed within a technologically mediated creative space.

From this perspective, contributions on human–object inte-
raction provided with an anchor that allowed me to consider 
generative systems as actants with which users entertain prag-
matic and symbolic ties (Latour 2007; Pink et al. 2016). Callon’s 
(1986) concept of enrolment has also proved particularly useful. 
Each prompting session involves alignments, translations and 
trials of strength that define roles and responsibilities among the 
people, models, interfaces and institutions involved. Describing 
these steps means following the negotiations that allow a cer-
tain arrangement to stabilise, sometimes only temporarily, and 
to produce results that are recognised as legitimate or desirable.

The aim of my ethnographic investigation was to explo-
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re the interaction with generative AI along two interconnected 
dimensions. On the one hand, I conducted close observation of 
the participants’ behaviors to capture the semiotic, operational, 
and emotional nuances of their engagement: subtle gestures du-
ring prompt formulation, moments of hesitation in response to 
unexpected outputs, recurring strategies of refinement, expres-
sions of trust or suspicion toward the system’s interpretative ca-
pacity, and the ways in which results were accepted, rejected, or 
negotiated in light of personal desires and imaginaries. In paral-
lel to this observational work, I collected and analyzed the ma-
terial traces of the interaction —namely, the prompts produced 
at each step of the process. These textual artifacts were treated 
as situated expressions of thought and intention, through which 
participants translated and reformulated their ideas in dialogue 
with the system. Developing an interpretive methodology for 
this corpus allowed me to trace the evolution of user reasoning, 
affect, and symbolic positioning as they unfolded across succes-
sive iterations. The prompts thus served both as analytical evi-
dence and as a window onto the shifting semantics of creativity 
in algorithmic environments. 

2. The AI Ethnography Setting: Participants, Methods, and 
Analytical Design

The fieldwork that informs this reflection was carried out 
through a series of laboratory-based workshops conducted 
between 2022 and 2024 in schools, museums, and cultural insti-
tutions across northern Italy. In defining the characteristics of the 
participant sample, and in accordance with the ethical protocols 
established for the study and agreed upon with participants, all 
biographical and socio-demographic data were anonymized. 
Only general information —such as age, gender, and profes-
sional role— was recorded, to provide minimal but meaningful 
context for interpreting the observed practices.

A total of fifty-two participants, ranging in age from eleven to 
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fifty-five, took part in short, intensive sessions designed to explo-
re the creative and interpretive dimensions of human–AI inte-
raction. The sample was deliberately heterogeneous, including 
students, museum visitors, and educators, all of whom took part 
on a voluntary basis. Of the participants, twenty-six identified as 
female, twenty-four as male, and two as non-binary.

The ethnographic design adopted the model of “short ethno-
graphy,” as outlined by Pink and Morgan (2013): a temporally 
condensed yet deeply reflexive fieldwork strategy that prioriti-
zes intensity and depth over duration. Each workshop became a 
dense ethnographic field in itself —a space where sensory, cogni-
tive, and emotional aspects of human–machine interaction could 
be observed in real time. The limited timeframe heightened 
emotional involvement and made visible the improvisational 
nature of participants’ engagements with AI, an element often 
overlooked in long-term procedural studies. Despite the value 
of extended fieldwork, shorter periods are not inherently less in-
sightful. As Pink and Morgan (2013) note, short ethnographies 
can yield moments of intense meaning and valid insight (Marcus 
and Okely, 2007; Vad Karsten, 2019).

Each workshop session lasted approximately two hours and 
followed a three-part structure. Participants were first introdu-
ced to the open-source text-to-image AI tool Easy Diffusion. They 
were then prompted to respond to a stimulus word—such as 
otherness, happiness, anger, future, or friendship —by generating 
images reflecting their personal interpretations of such concept. 
They were free to modify, iterate, or abandon their prompts as 
they wished, producing as many outputs as time allowed.

The workshop framework used text-to-image AI tools like 
Stable Diffusion, for activating creative elaboration and cultu-
ral reflection on a given topic. Text-to-image AI systems enable 
users to convert textual instructions (i.e., prompts) into images. 
These images are influenced by several parameters, including 
style descriptors (e.g., gothic, brutalist, Art Nouveau) and software 
settings that determine fidelity to the original prompt and level 
of detail.
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While such AI tools are revolutionizing image production in 
both professional and artistic domains (Manovich and Arielli 
2024; Oppenlaender 2023; Khutsishvili 2024), far less is known 
about how non-expert, everyday users engage with them. The-
refore, the workshops employed image generation and visual 
creativity as means to activate visual thinking and foster identi-
ty- and culture-based reflection on selected themes.

Each session was thus dedicated to exploring a culturally 
sensitive concept and how it was interpreted and experienced 
by each participant. The use of AI was adapted by integrating 
the method of photo-elicitation into the participatory and creative 
context of AI-generated imagery. Participants’ textual interpreta-
tions of each concept —iteratively reworked through sequences 
of prompts— served as a new method for collecting data and 
reflexivity, emotional involvement, and cultural negotiation 
about a sensitive topic.

The confrontation with the visual outputs generated by the 
system functioned as an additional stimulus, acting as visual eli-
citation to further deepen participants’ reflections on the topic. 
For example, one workshop explored how participants imagine 
the exotic, the distant, or the foreign. Using both textual prompts 
and visual adjustments (style, lighting, color, etc.), participants 
were invited to generate and refine AI-produced representations 
of these issues. From this starting point, participants were encou-
raged to use text-to-image AI reflexively to generate contempo-
rary visions of the exotic, co-constructed through dialogue with 
algorithms and mediated by interface affordances.

As Tota (2024) states, “we are what we see, and we see what 
we are.” Text-to-image AI enables us to imagine, create visual 
visions, and, through them, reflect on our present, our society, 
and ourselves. Participants were thus asked to produce personal 
visual elaborations of what they considered the exotic, the other, 
or the distant —using text-to-image AI iteratively, refining and 
reworking their images to sharpen their visions and deepen their 
critical engagement.

The aim of the workshops was not to promote AI as a tool for 
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trivializing or flattening cultural imagination —a potential risk if 
used uncritically— but rather to present it as a means for exerci-
sing cultural, identity, and creative agency through visual thin-
king (Arnheim, 2023). Visual language, in this context, enables 
forms of expressiveness not accessible through purely verbal or 
analytical reasoning (Ong and Hartley 2013).

Importantly, it is in the back-and-forth transition from text 
(prompt) to image -and back from image to revised prompt- that 
a new form of creativity and experience of the world can emer-
ge. The images of the other, the distant, and the exotic generated 
during the workshops, for example, allowed participants to per-
sonally and contemporarily reimagine the concept. This facilita-
ted critical reflection through both the exploration of media texts 
and inclusive creative elaboration, made accessible by the low 
technical barriers of AI tools.

In fact, comparing the results obtained allowed users to di-
rectly connect their imagination, defined and shaped by the 
words of the prompt, with the visual output, often the result of 
the incorporation of visual styles, stereotypes and cultural ima-
gery absent from the user’s original intent but present, and cle-
arly visible, as evidence of the visual heritage and ideological 
affordances contained within the image datasets on which the AI 
model is based.

During the sessions, I alternated between roles —facilitator, 
observer, and interlocutor— collecting both textual traces of in-
teraction (a corpus of 5,630 prompts) and field notes documen-
ting gestures, reactions, and comments. At the end of each ses-
sion, I held brief debriefing conversations in which participants 
reflected on their experiences, expressed moments of surprise or 
frustration, and described how they tried to “make the AI un-
derstand.” In each workshop, the generated images were shared 
and discussed collectively. I, as moderator, posed questions such 
as: Did the images match your initial mental vision? If not, what was 
different or unexpected? Were there surprising or unintended visual 
elements that sparked new ideas or emotions? This sharing and di-
scussion process proved crucial for collecting interpretive data 
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about participants’ textual and visual choices. 
From a methodological standpoint, the analysis combined 

computational and ethnographic tools. On the quantitative side, 
the vast number of interactions was archived and systematized. 
Each user’s textual flow of prompts was matched with the cor-
responding string of image outputs from the AI system. Using 
an open-source tool like Stable Diffusion allowed back-end ac-
cess and anonymous archiving of session data, comprising all 
the prompts generated, time, and also the technical parameters 
and settings activated in each step of prompting. These quanti-
tative records were complemented by field notes of participant 
interactions, helping to clarify emotional responses or intentions. 

The whole material was thus analyzed using a combination 
of methods. Quantitative tools provided schematic summaries 
of each participant’s semantic “journey” across prompts and 
their evolution throughout the session. To trace semantic chan-
ges between prompts, I applied cosine similarity —a linguistic 
metric that quantifies the degree of continuity or rupture in mea-
ning across texts. Scores range from 0 (no textual overlap among 
the sequence of prompts produced by the user) to 1 (identical 
text along the prompts of the session). By calculating this metric 
for each participant’s session, I could map whether their promp-
ting behavior remained stable, adaptive, or discontinuous. I used 
AI itself —namely GPT-4— to create Python scripts that automa-
tically computed semantic similarity across prompt sequences. 
Cosine similarity provided a quantitative mapping of individual 
semantic trajectories, indicating the degree of continuity or di-
scontinuity in the formulation of prompts. These numerical va-
lues were placed within a qualitative framework in which in situ 
observations, participant comments, and post-session conversa-
tions allowed meaning to be attributed to the patterns detected. 
AI was therefore employed also as an analytical tool, capable of 
supporting interpretation through the processing of large textual 
corpora —in this case, the full set of prompts generated during 
the workshop sessions. While helpful, these quantitative indices 
were not central to interpreting creative trajectories but triangu-
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lated with qualitative data from fi eld notes and participant inter-
view: without this contextual insight, changes in textual prompts 
would remain opaque. 

This methodological synthesis —of metrics, notes, and refl exi-
ve engagement— constitutes the foundation of what I call AI eth-
nography: a multimodal, cross-temporal method for studying 
creativity and meaning-making in AI text-to image environmen-
ts. Figure 1 summarises the proposed methodological approach, 
from data collection to analysis and interpretative assets.

Fig. 1 Methodological path of AI ethnography 

3. Observing the Process: An Ethnography of AI vernacular 
creativity

Analysis of the results revealed numerous useful elements 
for interpreting the socio-cultural trajectories of users. The wor-
kshops revealed a heterogeneous landscape of practices that de-
fi ed neat categorization. Participants interacted with the AI in 
ways that refl ected not only their technical skills, but also their 
broader cultural orientations toward technology, authorship, 
and creativity. Prompting emerged as a performative negotia-
tion-part instruction, part conversation, part trial-and-error le-
arning.

In some cases, participants approached the system with cu-
rious trust, using it as a playful generator of visual surprises. 
Children in particular often accepted the AI’s suggestions wi-
thout extensive modifi cation, laughing at its bizarre combina-
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tions or expressing delight in its unpredictability. Their prompts 
typically remained semantically stable, indicating a posture of 
acceptance toward the AI’s interpretive logic. In one session, an 
eleven-year-old exclaimed, “It knows better than me what hap-
piness looks like.” This innocent yet telling remark encapsulates 
the displacement of agency characteristic of what might be ter-
med hegemonic decoding (Hall 2007) -moments when users inter-
nalize the AI’s aesthetic as natural or even superior to their own.

A passive acceptance of the visual outputs generated by arti-
ficial intelligence —characterized by minimal or entirely absent 
engagement in prompt refinement— was not limited to youn-
ger users. On the contrary, a similar orientation emerged across 
adult participants as well, pointing to the presence of a dominant 
interactional model in which the technological system is percei-
ved as an autonomous and unquestionable authority in the ima-
ge-making process.

In several cases, as also documented in field notes, adult users 
explicitly attributed the quality of the generated output solely 
to the software, displaying a tendency to delegate the creative 
initiative entirely to the system. This posture was often accom-
panied by a lack of interest in the expressive potential of prompt 
design, which was not approached as a space for intervention or 
co-construction, but rather as a technical step to be executed ef-
ficiently in order to obtain a visually satisfying product, without 
significant interpretive or experimental investment.

Such an attitude can be interpreted as a form of techno-cultu-
ral subordination, in which the algorithm’s authority appears to 
neutralize the user’s ability to critically negotiate the image-ge-
neration process. The underlying imaginary seems to reflect a 
conception of AI as a competent agent in its own right, before 
which the user’s role is reduced to that of a mere activator or 
spectator of the result.

From an ethnographic perspective, this relational configura-
tion between human and machine reveals not only a limitation in 
terms of creative engagement but also a culturally salient dyna-
mic that intersects digital literacy, epistemic trust in technology, 
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and the internalization of externally driven logics of production. 
Identifying these behavioral patterns offers a means to critical-
ly interrogate the asymmetries that shape human-AI interaction 
and to explore the social and symbolic conditions that influence 
such orientations, beyond generational distinctions.

Both cases appear to suggest a possible correlation between 
certain age groups —specifically children around 11–12 years old 
and adults over 40— and lower levels of digital literacy, which 
are reflected in less articulated forms of interaction with genera-
tive systems. This condition seems to be associated with a less 
structured understanding of prompting as a creative practice, 
and with a more limited or less self-aware interpretation of one’s 
role in the interaction with AI.

A reduced familiarity with the languages and operational 
logics of digital environments often translates into difficulty in 
recognizing the prompt as an active semiotic space through whi-
ch users can exercise interpretive and design-oriented control 
over image generation. Within these age groups, the prompting 
experience tends to be configured more as consumption than as 
co-production, and the subjective contribution to the final output 
is often underemphasized or seen as secondary to the efficiency 
attributed to the system.

This observation does not imply a deterministic generaliza-
tion but points to the importance of further investigating the 
intersections between age, digital competencies, and creative 
agency in AI interaction contexts. Such inquiry can illuminate 
how these factors shape users’ creative posture and influence the 
ways in which they assign meaning and value to their participa-
tion in generative processes.

By contrast, many adolescents and some adults adopted 
more strategic, negotiating behaviors. They began with intuitive 
prompts, observed the resulting images, then revised their in-
puts to better match their internal vision. Some struggled to ba-
lance descriptive precision with creative openness-learning, for 
example, that overly specific prompts often produced clumsy, 
literal interpretations, while vagueness led to generic clichés. 
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This iterative movement between command and interpretation 
formed the dialogic heart of the workshop experience: a dyna-
mic exchange of meanings across the semiotic threshold between 
human intention and algorithmic processing.

A particularly revealing moment occurred when a participant, 
aiming to represent the concept of freedom through the image of 
a street artist spray-painting a graffiti piece, noticed that all the 
AI-generated outputs featured a male protagonist. In response, 
he chose to explicitly specify a female subject in the prompt, de-
liberately “pushing” the system to produce a different kind of re-
presentation. As the participant explained, this choice was meant 
to evoke “an even greater idea of freedom,” since “you always 
see graffiti writers associated with men.”

In this brief statement lies a powerful cultural critique: an 
awareness that the model’s visual imagination reproduces gen-
der bias embedded in its training data. Such episodes demon-
strate how vernacular prompting can become a space for micro-
political reflection, where users confront the cultural constraints of 
algorithmic representation and attempt -sometimes successfully, 
sometimes not- to resist them.

Other participants engaged in playful opposition. Rather than 
pursuing refinement or coherence through the prompts, they 
used the AI to create absurd juxtapositions: historical figures 
reimagined as superheroes, animals drinking beer, mythologi-
cal scenes turned into cartoons. These acts of semantic subversion 
expressed a form of creative autonomy, asserting users’ freedom 
in the face of the model’s predictive logics. In these cases, the 
creative activity of prompting appears closely intertwined with 
the cultural consumption styles of the participants, particularly 
among younger users from Generation Alpha. The expressive 
strategies observed often involved a casual, sometimes delibe-
rately incoherent use of language, evoking aesthetic tendencies 
linked to non-sense, digital Dadaism, and the hyper-saturated, 
fragmented dynamics of what is commonly referred to as brain-
rot humor (Owens 2025). These forms circulate widely within so-
cial media environments frequented by this age group, where 
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absurdity, paradox, and visual excess constitute a recognizable 
cultural grammar.

The participants’ approach to prompting suggests a cultu-
rally situated relationship with technology oriented toward 
open-ended experimentation rather than toward the production 
of structured outcomes. Interaction with AI took the form of a lu-
dic and performative experience, where narrative coherence and 
productive finalization were often displaced by more explora-
tory, disjointed, and deliberately eccentric expressive modes. Wi-
thin this framework, prompting functioned as a way to inhabit 
an alternative space —one where dominant logics of efficiency, 
optimization, and performance could be temporarily suspended. 
For these users, generative technologies offered an occasion to 
cultivate imaginaries shaped through excess, ambiguity, and the 
seemingly chaotic accumulation of visual and conceptual ele-
ments. Generativity was experienced as a process without fixed 
direction, where sense-making coexisted with paradox, break-
down, and surprise.

These dynamics reveal a different mode of engagement with 
artificial intelligence that resists standardized models of compe-
tence or technological agency. Prompting emerges as a situated 
expressive act, closer to symbolic play than to intentional design, 
and open to affective and semiotic experimentation that exceeds 
the boundaries of instrumental use. From an ethnographic per-
spective, this invites us to consider prompting not merely as a 
technical operation but as a cultural practice through which al-
ternative relational modes with technology —and more broadly, 
with language and imagination— come into view.

Yet even in these moments of rebellion, the AI’s aesthetic 
grammar remained present —hyperreal textures, cinematic li-
ghting, symmetrical compositions— demonstrating that resi-
stance was always partial, entangled with the very system it sou-
ght to escape.

Across all sessions, a clear continuum of co-agency emerged 
-a spectrum ranging from submission, to negotiation, to defian-
ce- punctuated by moments of surprise, irritation, and discovery. 
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The creative process unfolded as a multilayered dialogue betwe-
en competing imaginaries: the experiential world of the user and 
the statistical world of the algorithm and the often stereotyped 
imagery of the visual datasets. Ethnographic observation made 
visible the subtle ways users internalize, adapt to, or contest al-
gorithmic aesthetics —how they recognize themselves (or fail to) 
in the images returned by AI systems. 

The results observed during the workshops provide a detai-
led response to the initial research questions, highlighting how 
prompting practices are influenced by diverse relational postu-
res towards AI (submission, negotiation, resistance), digital skil-
ls, and cultural attitudes towards technology. Diverse modes of 
creativity emerge: from passive acceptance of images, to strategic 
aesthetic experimentation, to playful subversion of the system’s 
outputs. These dynamics allow us to understand how users attri-
bute meaning to their creativity in an algorithmically mediated 
context.

The opportunity to directly observe participants during the 
various sessions revealed that the processes of dialogue, co-cre-
ation and technological reflexivity often took on an emotional 
dimension, activating dynamics of interaction and confrontation 
with the technological system that led to reflections on values, 
emotions and identity. The use of highly symbolic concepts wi-
thin the workshops —such as happiness, friendship and the fu-
ture— as an initial stimulus for creative production certainly fa-
cilitated the emergence of these dynamics. Added to this was a 
further component of involvement, attributable to the possibility 
of visualising representations of one’s ideas in an immediate and 
accessible form through the technologies used. This combination 
of elements produced a significant emotional response across the 
board from participants, highlighting how interaction with au-
tomatic visual generation tools can trigger complex processes of 
personal and symbolic re-elaboration, even beyond strictly ope-
rational or functional purposes.
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4. Limitations and perspectives of the Method

AI ethnography is a research practice that, rather than offering 
definitive answers, opens up spaces for reflection on the ways in 
which people interact, attribute meaning and renegotiate their 
imaginaries in algorithmic environments. The reflective nature 
of this practice involves also the epistemic position of the resear-
cher, who is called upon to confront his/her own interpretative 
tools, analytical categories and the very limits of understanding.

In this context, the use of quantitative metrics to analyse tex-
tual prompts —for example, through the analysis of lexical fre-
quency, syntactic patterns or the semantic evolution of terms— 
can provide a useful contribution in heuristic terms. These tools 
make it possible to identify recurrences, formal variations and 
general trends within user-machine interactions, offering an ini-
tial mapping of the expressive behaviours and linguistic strate-
gies employed. However, on an interpretative level, these data 
often prove insufficient to grasp the complexity of the transfor-
mations that take place in the creative process. In fact, metrics do 
not convey the situated meaning of semantic changes, nor are 
they able to account for the experiential and relational dimension 
of interaction, which develops over time and in the specific con-
text of each workshop.

The integration of these analyses with qualitative methods 
of observation and listening —such as the analysis of field no-
tes that emerged during the  interviews and the participant ob-
servation— is therefore necessary in order to construct a more 
articulated understanding of the phenomenon. It is precisely in 
the triangulation between different levels of analysis that we can 
attempt to approach the complexity of prompting as a cultural 
practice, which cannot be reduced either to its technical compo-
nent or to its textual surface. Prompting, in fact, takes the form 
of a space of negotiation between the user’s intentions, the affor-
dances of the system, and the unpredictability of responses, in 
which affective, aesthetic, and symbolic elements are deposited.

From this perspective, the use of quantitative tools should be 
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anchored to a theoretical framework capable of restoring promp-
ting as an emerging, situated and relational process. Metrics, as 
in this case cosine similarity among the prompts, risk producing 
a flattened image of the creative process, eluding the deeper 
transformations that take place during the sessions: shifts in me-
aning, reconfigurations of identity, moments of impasse or reve-
lation, which manifest themselves through language but cannot 
be reduced to it.

Furthermore, the laboratory environment in which the re-
search takes place raises additional methodological issues. The 
structured and reflective nature of the setting can significantly 
influence the behaviour of participants, who tend to elaborate 
responses that are perceived as socially appropriate or culturally 
desirable. This type of reactivity, if not recognised, can lead to 
misleading interpretations. It is therefore essential to maintain 
a critical stance towards the methodological device itself, consi-
dering it not only as a space for observation but also as a context 
that co-produces the conditions of interaction and, consequently, 
the data collected.

A key element to consider concerns the position of the re-
searcher, who played the dual role of workshop facilitator and 
ethnographic observer. This configuration has inevitable episte-
mological implications: the presence of the researcher and her 
guiding role may have influenced the course of the sessions and 
the participants’ expressive choices. To mitigate this risk, a dia-
logical approach was adopted, in which moments of collective 
reflection and final debriefings allowed participants to verbalise 
their emotions, surprises and intentions. Furthermore, the ethno-
graphic notes took into account the performativity of the context 
and the possible reactivity of the actors, considering them as an 
integral part of the data co-production process.

A possible development of the methodology could consist in 
broadening the field of observation to natural contexts of use, 
in which prompting practices emerge spontaneously and are 
not mediated by pedagogical or experimental purposes. In such 
environments, which are less constrained by the expectations of 
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the setting, different forms of relationship with the system may 
emerge, marked by other levels of urgency, ease or conflict. Ac-
cess to these contexts, however, poses further ethical and logi-
stical challenges related to privacy, platform variability, and the 
difficulty of tracing stable interpretative paths.

Ultimately, ethnographic research in algorithmic environmen-
ts requires constant adaptation and methodological reflection, in 
which a variety of analytical tools —both quantitative and qua-
litative— are mobilised in order to achieve a critical and contex-
tualised understanding of the cultural practices being observed. 
It is not a question of finding a definitive synthesis between com-
putational models and cultural interpretation, but rather of inha-
biting the field of tension between these two poles, accepting 
their incompleteness as an integral part of the cognitive process.

The proposed methodological framework, based on a hybridi-
sation of brief ethnography, computational analysis and critical 
reflection, is designed to be adaptable to multiple research con-
texts. The ease of implementation of the tools used (open-source 
software, short workshops, participatory methodologies) makes 
it replicable in educational, museum, training and social research 
settings. Furthermore, the device can be extended to the obser-
vation of spontaneous practices in unstructured digital contexts, 
to explore everyday and unmediated uses of generative AI. This 
extension will require methodological recalibration —especially 
in terms of access and privacy— but opens up promising pro-
spects for the study of algorithmic creativity as a widespread and 
situated cultural practice.
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AI-Augmented Anticipatory Ethnography: 
Envisioning, Design Fiction and 

Generative AI for Co-Creating Eutopias
by Agnese Vellar, Matteo Fogli

AI Disclaimer

The authors use generative artificial intelligence broadly 
across research and writing activities, guided by two comple-
mentary dimensions: AI Literacy, as defined by the EU AI Act 
(understanding principles, ethics, and recognizing risks and op-
portunities), and AI Fluency, per Anthropic (strategic interaction 
through delegation, description, discernment, and diligence).

Generative AI has been employed as a co-creation tool to 
expand analytical perspectives, synthesize literature, refine ar-
guments, and improve expository clarity. The authors maintain 
full responsibility for methodological, interpretative, and ethical 
choices, ensuring that every claim is validated through authori-
tative sources and critical reflection, in coherence with the crea-
tive co-intelligence approach proposed in the paper itself.

1. Imagining Preferable Futures in the Era of Technological 
Acceleration

The advent of generative artificial intelligence has accelerat-
ed technological processes with significant societal impact, in-
creasing complexity and volatility. Researchers, designers, en-
trepreneurs, and leaders in HR, transformation, and innovation 
now face new opportunities and challenges that require updated 
methods and skills. In an era where uncertainty is the only con-
stant, the ability to imagine alternative scenarios and critically 
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interrogate the present is crucial for organizations and profes-
sionals who develop future visions.

Those who study cultures can become privileged observers of 
emerging dynamics. With the right tools, they can detect signals 
from the future. For sociologists and ethnographers, the task is 
no longer simply to observe the present, but to intercept weak 
signals, latent tensions, and unexpressed desires that prefigure 
possible futures and guide them toward preferable ones.

This role can be fulfilled by interdisciplinary groups that bring 
together design anthropology (Sampson, 2021), futures thinking 
(McGonigal, 2022), and design fiction (Dunne & Raby, 2013). De-
sign anthropology helps design innovative, people-centered, in-
clusive solutions. Futures thinking imagines non-existent scenar-
ios and invents new possibilities, while design fiction constructs 
worlds and narratives to help people experience them as if they 
were real.

From this perspective, the future becomes not something peo-
ple wait for or endure, but:

a project [that starts from] recognizing underlying trends that 
require adaptation or transformation of human life through in-
novation. And acting accordingly. With Method (De Biase, 2024, 
p. 34).

For Luca De Biase, this method is Futures Design Think-
ing, born from the intersection of Design Thinking and Futures 
Thinking. It involves three stages (De Biase, 2024, p. 300):

1.	 analysis of current trends
2.	 multi-stakeholder discussion on possible ideas and their 

consequences
3.	 prototyping ideas, defining results, and collecting feedback

The ability to prototype future scenarios is enabled by specu-
lative design and design fiction, which make the future not only 
thinkable but experienceable, stimulating public debate and 
opening spaces for co-creating preferable worlds.
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Design thus transcends its purely functional dimension to as-
sume a central role in social imagination and world-building. It 
becomes a collective process that interweaves strategy, technolo-
gy, art, and futures studies.

How can we combine the depth of ethnographic observation 
with the imaginative power of fiction? What role can artificial 
intelligence play in this process? This contribution presents 
“AI-Augmented Anticipatory Ethnography” as a methodologi-
cal frontier for social research and innovation. By integrating hu-
man creativity and artificial generativity, this approach enables:

•	 new ways of thinking to address uncertainty, complexity, 
and accelerating change

•	 new methods of empirical research and inclusive, partici-
patory design suited to rapid technological innovation

The goal is to orient change toward desirable scenarios, lev-
eraging all available agency or developing new agency through 
Futures Design Thinking methods. This multi-phase approach 
begins with cultivating AI Fluency and futures literacy and 
moves through speculative design to participatory imaginative 
co-creation.

2. Futures Thinking for a NAVI World
2.1 AI Fluency and Futures Literacy for Navigating a NAVI World
For decades we have lived in a VUCA world (Volatile, Un-

certain, Complex, Ambiguous), which has evolved into NAVI 
(Non-linear, Accelerated, Volatile, Interconnected) as defined by 
EY (2025).

NAVI’s Non-linear dimension amplifies volatility through 
sudden tipping points that disrupt markets. Its Interconnection 
characteristic intensifies complexity: geopolitical crises, climate 
change, and technological disruptions act inseparably. The sys-
tem is in constant Acceleration. Artificial Intelligence acts as a 
multiplier, catalyzing the transition from VUCA to NAVI. Ac-
cording to the European Commission (2024), an AI system is:
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a machine-based system that is designed to operate with varying 
levels of autonomy and that may exhibit adaptiveness after de-
ployment, and that, for explicit or implicit objectives, infers, 
from the input it receives, how to generate outputs such as predi-
ctions, content, recommendations, or decisions that can influen-
ce physical or virtual environments (EU, AI Act, 2024, Art 3(1)).

AI systems are the engine of the NAVI world. They:
•	 accelerate volatility through continuous innovation and 

tipping points
•	 generate epistemic uncertainty due to their complex, 

opaque decision-making (black box)
•	 intensify complexity through human-AI interactions
•	 introduce semantic ambiguities in outputs
AI not only reflects VUCA characteristics but amplifies them 

into NAVI, posing new challenges for creators, researchers, and 
users.

The World Economic Forum (2023) identifies technological 
acceleration, economic uncertainty, and geopolitical fragmenta-
tion as forces redefining production processes and competencies. 
While AI, robotics, and automation increase demand for digital 
literacy, global instability makes soft skills essential: continuous 
learning, creative thinking, mental agility, and resilience. These 
are among the fastest-growing competencies expected by 2030.

Two complementary dimensions emerge: AI Literacy and AI 
Fluency. AI Literacy, according to the EU AI Act, comprises un-
derstanding AI principles, ethical impacts, and recognizing risks 
and opportunities:

AI literacy should equip providers, deployers and affected per-
sons with the necessary notions to make informed decisions re-
garding AI systems. Those notions may vary with regard to the 
relevant context and can include understanding the correct appli-
cation of technical elements during the AI system’s development 
phase, the measures to be applied during its use, the suitable 
ways in which to interpret the AI system’s output, and, in the 
case of affected persons, the knowledge necessary to understand 
how decisions taken with the assistance of AI will have an im-
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pact on them. In the context of the application this Regulation, AI 
literacy should provide all relevant actors in the AI value chain 
with the insights required to ensure the appropriate compliance 
and its correct enforcement. Furthermore, the wide implementa-
tion of AI literacy measures and the introduction of appropriate 
follow-up actions could contribute to improving working condi-
tions and ultimately sustain the consolidation, and innovation 
path of trustworthy AI in the Union.” (EU, AI Act, 2024, Art 4).

AI literacy is both technical and civic, protecting rights and 
promoting democratic control. But literacy alone is insufficient. 
AI Fluency, per Anthropic (2025), is a more advanced competen-
cy involving strategic interaction with AI, effective prompting, 
critical output evaluation, and responsible action. AI Fluency in-
volves four capabilities:

•	 delegation: deciding when to involve AI while maintain-
ing strategic control

•	 description: formulating clear, contextualized instructions
•	 discernment: critically evaluating AI outputs for errors 

and biases
•	 diligence: using AI ethically and responsibly
AI Literacy and AI Fluency together enable active digital cit-

izenship and evolved professionalism, shifting users from pas-
sive to active roles while integrating rights protection and hu-
man agency.

Beyond these operational competencies, Futures Literacy 
(UNESCO) offers tools to imagine alternative scenarios. It invites 
exploration of different futures to break free from limiting nar-
ratives. Learning to use the future as a critical lens enables rec-
ognition of opportunities and alternatives that would otherwise 
remain invisible. Futures Literacy develops through participa-
tory learning processes that explore multiple future narratives, 
fostering appreciation of diversity and comfort with uncertainty. 
It strengthens agency and empowerment, enabling individuals 
and communities to become active protagonists in constructing 
desirable futures.

2.2 The Role of Futures Studies and Different Types of Futures
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In a context of growing uncertainty accelerated by AI, de-
veloping the capacity to imagine multiple futures with an op-
timistic yet critical perspective is crucial. UNESCO emphasizes 
future-proof thinking literacy, particularly relevant for those de-
veloping innovative projects: public administrations, R&D com-
panies, researchers, and designers.

Futures Studies, drawing from over fifty years of applied 
research, particularly from the Institute for the Future in Cali-
fornia, offer rich methodologies for cultivating a future-positive 
mindset and co-designing desirable scenarios.

Three fundamental principles underlie Futures Studies: the 
future is plural, not singular; “futures thinking” can be exercised 
and learned; and everyone has agency to orient the future to-
ward what they deem preferable:

Thinking about the future is also about imagining. It’s about 
transforming how we think. It’s about creating a map to the fu-
ture and looking for the big areas of opportunity. We like to think 
about transformations, for example, in learning and work, and 
how they get connected and intertwined in various ways. And 
then we start thinking about zones of opportunity. How can we 
shape the future to make it more equitable? How can we ampli-
fy learning outcomes? What do we need to do to achieve these 
outcomes? The future doesn’t just happen to us. We have agency 
in imagining and creating the kind of future we want to live in, 
and we can take actions to get us there. (Gorbis, 2019, p. 30)

To map multiple futures, Hancock and Bezold (1994) propose 
the Futures Cones model with four types:

•	 possible: anything that could happen, without limits im-
posed by current reality

•	 plausible: what is realistic or credible, considering availa-
ble knowledge and technologies

•	 probable: what is most likely to happen, based on current 
trends and data

•	 preferable: those we would want realized, as collective 
intention

McGonigal (2020) adds “preferred” futures, what an individ-
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ual or group wants for themselves. While “preferred” futures 
concern individual or small team desires, “preferable” futures 
have a broader social connotation oriented toward common 
good, considering ethics, social values, and sustainability.

2.3 Developing Futures Thinking and Urgent Optimism
Jane McGonigal (2020, 2022) centers her methodology on the 

vision that everyone can actively shape their preferred future. 
Her approach prepares people to face uncertainty and change, 
providing practical tools for personal transformation and devel-
oping a future-positive mentality. McGonigal has developed Fu-
tures Thinking tools that enable people and teams to exercise key 
competencies for navigating continuous change:

•	 continuous Learning: cultivating constant curiosity and 
actively seeking new knowledge and skills

•	 agility: adapting rapidly to changes and acting effective-
ly in uncertain situations

•	 creativity: imagining what doesn’t yet exist and invent-
ing new possibilities

•	 optimism: believing today’s actions can positively influ-
ence the future

•	 critical thinking: maintaining a lucid, realistic vision
•	 empathy: understanding people’s hopes and fears
McGonigal particularly explores Urgent Optimism as a mind-

set that combines future anticipation with motivation to act im-
mediately, even amid obstacles:

Urgent optimism doesn’t mean staying up all night worrying. It 
means jumping out of bed each morning with fire inside, ready 
to act. Urgent optimism is knowing you have unique agency, ta-
lents, skills, and life experiences to create the world you desire. 
(McGonigal, p. 30, 2022)

Urgent optimism is a balanced sentiment recognizing future 
challenges while maintaining lucid confidence (McGonigal, 
2021). It comprises:

•	 psychological flexibility: rapidly adapting to new sce-
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narios, embracing change as constant
•	 realistic hope: confidence in influencing the future while 

recognizing risks and limits
•	 future power: agency, the conviction that one’s actions 

can generate concrete impact
If urgent optimism is the prerequisite for thinking like a fu-

turist, the mental process activates when “time spaciousness” 
emerges. The awareness of having sufficient time for what truly 
matters favors reflection, planning, and conscious action, ena-
bling the shift from “first-person imagination” to “third-person 
imagination” projected into the future (typically 10 years). When 
episodic future thinking is active, the brain changes perspective 
and temporarily opens the mind to discovery. This isn’t escapism 
but a way to interact more deeply with reality, exploring oth-
erwise invisible risks and opportunities. It helps us ask crucial 
questions: Is this the world I want to wake up in? What do I need to 
be ready? Can I change something today to make this future more or 
less probable?

The next step is imagining a future scenario, a detailed de-
scription of a possible world where at least one element differs 
radically from today:

A specific story set in a future forecast. It describes what we mi-
ght see, feel and experience if we woke up in that forecast.  A sce-
nario describes the future as if it were already real. It can take the 
form of a short story, a news article, a comic, a film, a documen-
tary from the future…. any form you can use to tell a story, you 
can use to share a scenario. Scenarios are important because they 
help us imagine the future more vividly. They give us concrete 
possibilities to evaluate – do I want this future? What would I do 
in this future. (McGonigal, 2020)

Having developed and empirically tested methods and tech-
niques for exercising a futures-positive mindset, urgent optimism, 
and developing future scenarios, Futures Thinking emerges as a 
fundamental discipline for addressing contemporary complexi-
ty, uncertainty and acceleration. Developing agency and orient-
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ing visions toward desirable future scenarios means overcoming 
linear prediction and embracing multiplicity. Futures thinking 
becomes a design compass, orienting the future not only toward 
what is achievable but especially toward what is desirable.

3. Anticipatory Ethnography and Design Fiction
3.1 Speculative Design and Design Fiction: Imagining Utopia
Futures Design Thinking is a multi-phase approach: in the 

first phase, methods and tools from Futures Studies cultivate fu-
tures literacy and urgent optimism, enabling agency, imagina-
tion and a future-positive mindset; in the second phase, the ap-
proach adopts Speculative Design methods to conduct research 
and design future scenarios. In Speculative Design, the design-
er’s goal is not to create products and services that address spe-
cific needs or solve problems, but to facilitate collective processes 
and mediate among needs, values, and future visions. Anthony 
Dunne and Fiona Raby (2013), leading speculative design theo-
rists, invite us to move beyond problem-solving toward prob-
lem-finding: design should not only respond to existing needs 
but also raise questions, challenge assumptions, and open spaces 
of possibility. Design practice becomes “social dreaming”, creat-
ing a collective dream nourished by imagination, empathy, and 
the capacity to critically interrogate the status quo:

As we rapidly move toward a monoculture that makes imagi-
ning genuine alternatives almost impossible, we need to experi-
ment with ways of developing new and distinctive worldviews... 
If our belief systems and ideas don’t change, then reality won’t 
change either. To be effective, the work needs to contain contra-
dictions and cognitive glitches. Rather than offering an easy way 
forward, it highlights dilemmas and trade-offs between imper-
fect alternatives. Not a solution, not a “better” way, just another 
way. This is where we believe speculative design can flourish—
providing complicated pleasure, enriching our mental lives, and 
broadening our minds... It’s about meaning and culture, about 
adding to what life could be, challenging what it is, and provi-
ding alternatives that loosen the ties reality has on our ability to 
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dream. Ultimately, it is a catalyst for social dreaming. (Dunne & 
Raby, 2013, p. 189)

To open dialogue around possible worlds, we must make 
the future tangible and experienceable. Design fiction combines 
prototyping, narration, and critical reflection to transform fu-
ture scenarios from abstractions into concrete experiences. Julian 
Bleecker (2009), a design fiction pioneer, defines it as the inten-
tional creation of “diegetic prototypes”: objects, documents, ar-
tifacts that exist only within a narrative but invite observers to 
suspend disbelief and imagine the world they belong to.

These objects function as theatrical props: the point is not 
believing they’re real but allowing imagination to explore the 
social, cultural, and ethical implications of the innovations they 
represent. Exhibitions, installations, publications, videos, and 
digital content become spaces for dissemination and confronta-
tion, where the future becomes an object of public discussion and 
collective negotiation. Design fiction is not only a tool for visual-
izing change but a device for enabling “social dreaming,” mak-
ing reality more malleable and fostering multiple micro-utopias.

Design fiction draws on literature, cinema, art, philosophy, 
and social sciences to construct fictional worlds, utopias, dysto-
pias, thought experiments, and counterfactuals. The intention is 
to “misalign” thinking, stimulate imagination, and spark public 
discussion. The ambiguity between real and unreal becomes a 
resource: keeping the field of possibilities open means avoiding 
both pure realism and pure fantasy to explore the gray zones and 
uncertainties that traditional methods often ignore.

Design fiction is useful for exploring and communicating fu-
ture scenarios, but Dörrenbächer et al. (2020) note it often priv-
ileges dystopian or ironic narratives, risking reinforcement of 
negative, unconstructive imaginaries. In other cases, it closes 
into an elitist authorial dimension, with designers as sole protag-
onists and participants relegated to passive spectators. To over-
come these limitations, Dörrenbächer et al. propose an approach 
oriented toward positive, participatory, contextualized design 
fiction. In this perspective, participants are no longer mere re-
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cipients of pre-packaged scenarios but co-authors of utopias and 
“from within” evaluators of lived experiences. Dörrenbächer et 
al. propose a three-phase co-creation process:

•	 imagining utopia: participants project themselves into 
sustainable, positive scenarios, identifying emotions, values, and 
technologies that would make the future desirable

•	 enacting utopia through co-construction: materializing 
utopia through roles, contexts, and concrete actions. Participants 
act in the fictional world, negotiating conflicts and experiencing 
social dynamics

•	 evaluating utopia from within: evaluation happens 
“from within” the fiction. Participants reflect on their experienc-
es, assuming characters’ viewpoints and commenting on tech-
nologies, emotions, and lived dynamics

This positive design fiction method enables collection of mul-
tiple insights describing multifaceted scenarios, useful for un-
derstanding people’s needs, expectations, and frustrations.

3.2 Anticipatory Ethnography: Observing Future Worlds
If design fiction allows us to construct and immersively ex-

perience future worlds, the study of practices, emotions, and 
dynamics emerging in these worlds can be approached with 
innovative ethnographic methodologies. Dörrenbächer et al.’s 
proposal to evolve design fiction toward a participatory process 
moves in this direction. Parallel to this, Lindley et al. (2014) sug-
gest Anticipatory Ethnography as an evolution of Design Eth-
nography that can unite design fiction’s imaginative freedom 
with ethnography’s methodological rigor.

Design Ethnography adapts classic ethnography to design 
needs, basing itself on situated observation of the present to gen-
erate insights for designing the near future. It anticipates future 
use scenarios but bases them on observable signals, behaviors, 
and emerging practices in the present. Design fiction, conversely, 
is free from temporal constraints but often lacks rigorous meth-
ods for systematic application in real contexts.

Anticipatory Ethnography emerges from the synergy be-
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tween these practices: it extends ethnography’s temporal scope, 
enabling observation and analysis of future worlds construct-
ed through design fiction, while providing design fiction with 
methodological rigor. Lindley, Sharma & Potts propose three op-
erational modes:

•	 studying the design fiction creation process by observing 
the creative team

•	 studying public interaction with the fiction, observing 
reactions and reflections

•	 studying the fiction’s content itself, analyzing the nar-
rative world as an ethnographic field; this mode involves direct 
ethnographer immersion in the artifact

Anticipatory Ethnography creates a “discursive space” where 
designers, researchers, and stakeholders can dialogue about 
preferable, plausible, and possible futures, generating actionable 
insights not only about the near future but also more distant tem-
poral horizons. This perspective transcends predictive linearity 
and values the imaginative, participatory, and critical dimension 
of social research.

While traditional ethnography privileges the “here and now,” 
risking crystallization of the status quo, Anticipatory Ethnog-
raphy overcomes this constraint. Through diegetic prototypes, 
design frees itself from temporal constraints and explores dis-
tant, plural futures. Ethnography provides rigorous methods for 
observing, analyzing, and evaluating interactions with fiction-
al worlds, making design fiction more operational and relevant 
for real design. This perspective enables suspension of disbelief, 
generation of insight-driven future dialogues, and transcend-
ence of traditional “situatedness,” enabling new temporal and 
conceptual freedom for ethnographic research.

4. AI-Augmented Anticipatory Ethnography: The Orbyta 
Tech Method

4.1 The Futures Design Thinking Framework Developed by Orbyta Tech

Developing technology is insufficient if it doesn’t bring real 
value to people and organizations. With the spread of genera-
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tive AI, global tech companies have pursued a techno-financial 
race focused on creating and dominating new markets, often ne-
glecting to evaluate actual impact. In this context, local technol-
ogy developers, though influenced by big tech logic, are called 
to question their role in guiding sustainable adoption, develop-
ment, and diffusion of emerging technologies.

Orbyta Tech, a tech enabler supporting organizations in dig-
ital transformation now enhanced by AI, has questioned its role 
and the importance of innovating its approach to technology de-
velopment. Through interdisciplinary dialogue led by the mar-
keting department involving HR, design, business development, 
and technology delivery areas, a Futures Design Thinking meth-
od has been developed and tested to support organizations in 
developing a mindset suited to addressing challenges and im-
agining preferable scenarios for people and organizations. The 
heart of this method is envisioning processes, which enable peo-
ple to imagine and concretely visualize possibilities, strengthen-
ing the intention to develop personal and team paths and inno-
vation projects oriented toward preferable futures:

Envisioning is based on a very simple idea: it’s much easier to 
achieve something if you can visualize yourself already achie-
ving it (Tan, Goleman, Kabat-Zinn, 2012).

This pathway becomes preparatory for a more traditional 
Design Thinking process, one aimed at developing alternative 
services, products, and business models. But not before first un-
leashing new imaginative possibilities, disrupting the status quo 
of how organizations are managed and solutions are developed, 
and establishing a participatory process that brings key stake-
holders together to envision and debate future scenarios. Only 
then can innovation, whether technology-enabled or not, truly 
take root and generate positive change.

For this reason, we developed an integrated Futures Design 
Thinking framework comprising three phases:

•	 Futures Thinking: the crucial, essential phase where 
co-design participants are challenged and guided to develop a 
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future-positive mindset through Futures Thinking and AI Fluen-
cy workshops. They use Orbyta Tech’s “Postcard From Futures” 
toolkit to envision their own or their team’s preferable future. 
This phase serves as a gym for exercising a new mindset and 
testing at the micro level (personal or small groups) the creative 
processes that will be developed at the macro level in the next 
phase. The final output is an artifact, the “Postcard From Fu-
tures”, which participants take with them as a visual reminder of 
their intentions to embrace future with a positive attitude.

•	 Futures Design Thinking: the central phase where, ap-
plying Speculative Design and Anticipatory Ethnography, de-
sign fictions and artifacts of possible scenarios are imagined and 
enacted, then reactions are observed, emotional experiences are 
collectively reflected upon, and preferable futures are negotiated 
at the macro level. The final outputs are diegetic artifacts (videos, 
prototypes, fictional documents) that make future scenarios tan-
gible and enable participants to experience and evaluate them 
from within, generating actionable insights for design.

•	 Design Thinking: following the imaginative opening of 
Futures Design Thinking, after unlocking mindset and choosing 
preferable futures, a more traditional design thinking phase can 
be initiated involving design of solutions or innovative projects. 
The outputs include prototypes, business models, and imple-
mentation plans that bring preferable futures to life.

Across all three phases of the framework, generative AI is 
used to amplify human capabilities and skills. It’s simultaneous-
ly genuinely generative, giving participants demiurgic powers, 
and a tool for operational efficiency, compressing participation 
timelines and making it easier to keep working teams in a state 
of flow (Nakamura & Csikszentmihalyi, 2009). It enables map-
ping broader and more numerous perspectives than participants 
could generate alone, offering insights and directions that multi-
ply possibilities and open up original, diverse scenarios. Beyond 
these uses, generative AI serves as an envisioning tool through-
out all framework phases: starting from the development of pref-
erable scenarios, AI-enhanced image, video, and digital interface 



AI-Augmented Anticipatory Ethnography, by A. Vellar, M. Fogli  239

production tools allow for the creation of concrete artifacts that 
are visually and emotionally impactful. Thanks to generative AI, 
methodological tools from the Futures Thinking and Speculative 
Design traditions, like envisioning, design fiction, and artifacts, 
can be created rapidly, more affordably, and with greater effec-
tiveness, expanding both their potential and contexts of use.

4.2 Cultivate a Future-Positive Mindset: Unlock Your Mind and 
Envisioning

The first phase of the Futures Design Thinking process aims to 
cultivate a future-positive mindset, an urgent optimism, includ-
ing toward competencies needed to address change. Through 
envisioning exercises, storytelling, and AI-enhanced creation of 
metaphorical scenarios via “Postcard From Futures” artifacts, 
people deconstruct fears, reflect on their competencies, and im-
agine their futures. As McGonigal (2022) suggests, developing 
“urgent optimism” means training the capacity to imagine fu-
ture scenarios and act immediately to make them possible. The 
future scenario addressed is personal or team-related, discussing 
both purpose and competencies for realizing it, particularly ref-
erencing key soft skills identified by the World Economic Forum 
(2023) and UNESCO (2024) that are exercisable through Futures 
Thinking: agility, continuous learning, creativity, empathy, criti-
cal thinking, optimism.

Operationally, this process occurs through Orbyta Tech’s 
“Postcard From Futures” toolkit. The toolkit involves a four-
phase process with various analog and AI-enhanced creativity 
tools developed by Orbyta Tech:

1.	 Unlock Your Mind: using Creative Cards, people con-
front images representing possible dystopias, interrogate their 
fears, and are called to act to overturn them. They discover that 
every dystopia can be unlocked and behind it lies a metaphorical 
representation of a preferable future.

2.	 Sketch The Storyboard: using Creative Cards, The Sto-
ryboard canvas, and sketching techniques, people undertake an 
imaginary journey toward their preferable future, drawing on 
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the Storyboard (guided by Creative Cards) three key elements of 
the hero’s journey they protagonist:

a.	 The Place To Be: the journey’s destination, the preferable 
scenario representing their chosen purpose

b.	 The Spirit Animal: the guide animal they want to accom-
pany them

c.	 The Power Object: the soft skills useful for best facing 
the journey

3.	 (AI)Generate Your Envisioning: starting from the story-
board and using generative AI image creation tools, people cre-
ate “Postcard From Futures” that can be printed and become a 
personal or collective visual reminder of the preferable future.

4.	 Send Your Intention: on the postcard’s back, people 
write their intention toward a future vision oriented to realizing 
personal or group purpose.

This toolkit can be applied in team building or AI Fluency 
workshops or as the initial part of innovation processes. In the 
latter case, the Futures Thinking phase continues with Futures 
Design Thinking and enables implementation of AI-Enhanced 
Anticipatory Ethnography.

4.3 Experience the Fiction: AI-Enhanced Anticipatory Ethnography 
and Artifacts

Within the Futures Design Thinking framework, people first 
develop a futures-positive mindset and exercise the envisioning 
mental process typical of Futures Thinking. From this mindset 
training, people are better prepared to engage in a participatory 
AI-Enhanced Anticipatory Ethnography process aimed at devel-
oping preferable scenarios related to an organization, market, 
product innovation, business model, or social impact project.

Preferable scenarios are not pure fantasy abstractions but are 
anchored to emerging possibilities because they’re generated 
from signals in the present. For this reason, preferable scenari-
os are an alternative to both dystopias (dis-topos = “bad place”) 
and “utopias” (ou-topos = “non-existent place”) and can be de-
fined as “eutopias” (eu-topos = “good place”). Eutopia construc-
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tion starts from identifying signals of change, things happening 
today that could be clues to the future:

A signal of change is anything already happening today that 
could be a clue to the future. A signal shows how something 
could be different. It makes you say, “Aha! That’s new. That’s 
weird. I haven’t seen that before.” It sparks curiosity. It might be 
a new invention, product, business, behavior, the first successful 
demonstration of a new technology, the first major failure of an 
old technology, a new law, new kind of crime (verbatim from in 
person seminar, also in McGonigal, 2022 rephrased).

Eutopic scenarios and diegetic artifacts are built and created 
from collected signals: videos, installations, AI-generated proto-
types, “future” documents. Following Dunne & Raby (2013) and 
Bleecker (2009), design fiction artifact creation is not only visual-
ization but critical and social practice. Design fiction artifacts are 
narrative prototyping tools that suspend disbelief and test solu-
tion desirability from within the diegetic world, exploring social, 
cultural, and ethical implications of innovations. As proposed by 
Lindley, Sharma & Potts (2014), diegetic worlds thus created are 
ethnographic fields for observing future worlds, studying the 
creative process and public interaction with narrative content. 
Even more interesting is using AI to deliberately create “imper-
fect” or “broken” artifacts. Deliberately problematic AI-generat-
ed scenarios stimulate “anticipatory realism”: participants, con-
fronting imprecise or dystopian representations, draw on their 
experience to correct, enrich, and make proposed scenarios more 
realistic (Pink et al., 2025). Imperfection becomes a catalyst for 
critical reflection and co-creation.

In this process, ethnography plays a central role, offering rig-
orous tools for analyzing emerging dynamics that apply partic-
ipant observation techniques and interviews with users, stake-
holders, and involved communities. The ethnographic method 
applies both in the signal collection phase and in the design fic-
tion field observation phase, aiming to identify frontier practic-
es and habits, validate scenarios and prototypes through direct 
interaction, and collect feedback and insights to guide design. 
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Evaluation occurs from within the fiction and co-created scenari-
os. Participants reflect on their experiences, assuming characters’ 
viewpoints and commenting on technologies, emotions, and 
lived dynamics. This approach enables collection of ambiguous 
and complex viewpoints, enriching future understanding.

The AI-Enhanced Anticipatory Ethnography method unfolds 
through workshops and observation, following this process:
•	 Alternative Futures: people question certainty elements of a 

market or topic, then overturn them by hypothesizing alter-
native futures

•	 AI-augmented Signal Scanning: for each alternative future, 
signals are sought in the present of that possible technolog-
ical, regulatory, or social evolution. Signal research occurs 
through both desk methods augmented by AI (regulations, 
startup investments, patents) and field methods through 
ethnographic observation and in-depth interviews. Insights 
from ethnography are signals of change and thus empirical 
elements from which to build scenarios. Before doing so, par-
ticipants are asked to discuss and select signals they imagine 
could lead to preferable futures

•	 Eutopia Co-Design: starting from selected signals, partici-
pants co-design eutopic scenarios with AI’s generative sup-
port, while keeping humans in the loop for ethical consider-
ations. They collaboratively constructs a future world where 
the identified signals have evolved positively

•	 AI-Augmented Artifacts Creation: using generative AI tools 
(text, image, video generation), diegetic artifacts are created 
that make the eutopic scenario tangible and immersive

•	 Enactment and Anticipatory Ethnography: participants ex-
perience the scenario, enacting roles and dynamics within 
the fiction. The ethnographer observes behaviors, reactions, 
and emerging interactions

•	 From Within Evaluation: evaluation occurs from within the 
fictional experience. Participants share reflections, emotions, 
and considerations about the lived scenario

•	 Insights Synthesis: insights collected are synthesized to 
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guide design of real solutions, products, services, or policies 
aligned with preferable futures.

This method enables rigorous exploration of future scenarios 
through an approach that combines imagination and empirical 
observation, leveraging AI as an enabling tool for creation and 
experimentation while maintaining humans at the center of the 
design and evaluation process.

5. Conclusions

The Futures Design Thinking method, and particularly the 
AI-Augmented Anticipatory Ethnography approach, represents 
an advanced methodological response to challenges posed by 
technological acceleration and the growing complexity of the 
NAVI (Non-linear, Accelerated, Volatile, Interconnected) world. 
By integrating futures thinking, speculative design tools, antic-
ipatory ethnography, and generative artificial intelligence, this 
approach enables exploration of future scenarios in an articulat-
ed, inclusive, and participatory manner.

Epistemologically, the method breaks with the tradition of lin-
ear, deterministic prediction, embracing the plurality of futures 
as a resource for knowledge generation. As highlighted in Fu-
tures Studies and the Futures Cones model (Hancock & Bezold, 
1994), the future is not singular but multiple: possible, plausible, 
probable, and preferable. AI-Augmented Anticipatory Ethnogra-
phy operates precisely within this perspective, enabling eutopia 
co-creation through immersive and narrative practices.

Ethically, the centrality of “human in the loop” grounds deci-
sions in participants’ experience and sensitivity. Scenario co-cre-
ation and “from within” fiction evaluation, as proposed by Dör-
renbächer et al. (2020), enable a culture of shared responsibility, 
where social, cultural, and ethical implications of innovations 
can be discussed in protected, narrative environments.

Methodologically, Orbyta Tech’s framework is founded on 
synergy between AI and human intelligence, where AI acts as a 
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radar for identifying signals and patterns, while humans inter-
pret and attribute meaning, as suggested in the Creative Co-In-
telligence Manifesto (Meaningfool, 2025). This collaboration 
amplifies exploration and synthesis capacity while maintaining 
human control over value choices.

Finally, organizationally and socially, the method functions 
as a powerful transformative learning engine. The artifacts pro-
duced, from “Postcard From Futures” to design fictions, are not 
mere outputs but epistemic devices that activate new practices, 
languages, and visions. In line with McGonigal (2022), develop-
ing a future-oriented mindset and “urgent optimism” becomes 
fundamental for addressing uncertainty and generating positive 
impacts.

In summary, AI-Augmented Anticipatory Ethnography rep-
resents a methodological frontier capable of combining analyti-
cal rigor, design imagination, and ethical responsibility, offering 
concrete tools for exploring, co-creating, and testing preferable 
futures in participatory and creative ways. This approach pro-
vides concrete tools for addressing complex problems, antici-
pating changes, and generating positive impacts in society and 
organizations. Experimentation with participatory practices, 
construction of dialogue spaces, and valorization of diverse per-
spectives become key elements for promoting responsible and 
sustainable innovation.

References

Anthropic (2025), AI Fluency: Framework & Foundations. Learn to col-
laborate with AI systems effectively, efficiently, ethically, and safely, 
https://anthropic.skilljar.com/ai-fluency-framework-founda-
tions 

Bleecker, J. (2009), Design Fiction: A Short Essay on Design, Science, Fact 
and Fiction, Near Future Laboratory.

De Biase, L. (2024), Apologia del futuro, Luiss University Press.
Dörrenbächer, J., Laschke, M., Löffler, D., Ringfort, R., Großkopp, S., 

Hassenzahl, M. (2020), Experiencing Utopia. A Positive Approach to 



AI-Augmented Anticipatory Ethnography, by A. Vellar, M. Fogli  245

Design Fiction, in CHI 2020 Extended Abstracts.
Dunne, A., Raby, F. (2013), Speculative Everything: Design, Fiction, and 

Social Dreaming, MIT Press.
EU, AI Act (2024), https://ai-act-service-desk.ec.europa.eu/en/ai-act/

recital-20; https://eur-lex.europa.eu/legal-content/EN/TXT/
HTML/?uri=OJ:L_202401689 

EY (2025), What if disruption isn’t the challenge, but the chance,  https://
www.ey.com/en_gl/megatrends/what-if-disruption-is-not-the-
challenge-but-the-chance 

Gorbis, M. (2019), 5 Principles for Thinking Like a Futurist, EDUCAUS-
EREVIEW https://er.educause.edu/articles/2019/3/five-prin-
ciples-for-thinking-like-a-futurist 

Hancock, T. and Bezold, C. (1994), Possible futures, preferable futures, in 
Healthcare Forum Journal, Vol. 37/2, pp. 23–29.

Lindley, J., Sharma, D., Potts, R. (2014), Anticipatory Ethnography: Design 
Fiction as an Input to Design Ethnography, in EPIC Proceedings.

McGonigal, J. (2020), How to Think Like a Futurist, Stanford Universi-
ty Continuing Studies, https://www.coursera.org/specializa-
tions/futures-thinking 

McGonigal, J. (2021), https://urgentoptimists.org/
McGonigal, J. (2022), Imaginable: How to See the Future Coming and Feel 

Ready for Anything, even Things That Feel Impossible Today, Tran-
sworld Digital.

Meaningfool (2025), Manifesto pratico della co-intelligenza creativa, 
https://www.meaningfool.it/ 

Nakamura, J., & Csikszentmihalyi, M. (2009), The concept of flow. In Sny-
der, C. R., & Lopez, S. J. (Ed.)., in Oxford handbook of positive 
psychology. Oxford University Press, USA. 89-105.

Pink, S., Korsmeyer, H., & Lyall, B. (2025), Generative AI and Bro-
ken Futures, in Qualitative Inquiry, 0(0). https://doi.
org/10.1177/10778004251358070 

Sampson, O. (2021), A Case for Design Anthropology for Creating Hu-
man-Centered AI, in Cultural Anthropology, https://www.cu-
lanth.org/fieldsights/a-case-for-design-anthropology-for-creat-
ing-human-centered-ai 

Tan, C., Goleman, D., Kabat-Zinn, J., (2012), Search Inside Yourself: The 
Unexpected Path to Achieving Success, Happiness (and World Peace), 
HarperOne

UNESCO (2024), Futures Literacy & Foresight, https://www.unesco.
org/en/futures-literacy 



246  AI-Augmented Anticipatory Ethnography, by A. Vellar, M. Fogli

World Economic Forum (2023), Future of Jobs Report, https://reports.
weforum.org/docs/WEF_Future_of_Jobs_2025_Press_Release_
IT.pdf 



Bios  247

Alessandra Micalizzi
Pegaso University - SAE Institute (Milan)
alessandra.micalizzi@unipegaso.it; a.micalizzi@sae.edu
Alessandra Micalizzi is an Associate Professor of Sociology of Cultural and 
Communication Processes at the Department of Psychology and Health 
Sciences of Pegaso University, where she directs the Research Center in Digital 
Humanities and its doctoral program. She also teaches at SAE Institute, where 
she lectures in Sociology of New Media. Her research interests include users’ 
practices of technological appropriation, gender studies applied to the cultural 
and creative industries, and videogames as socio-cultural spaces of interaction 
and empowerment.

Lara Balleri
Pegaso University - Digital Humanities Centre

lara.balleri@unipegaso.it
Lara Balleri is a PhD student in the XXXIX cycle of the Digital Humanities 
program at the Unipegaso Telematic University. As a social-pedagogical educator 
and pedagogist, she is a member of several research groups and serves as a 
teaching tutor in General and Social Pedagogy at the IUL Telematic University 
of Studies. Her main research topic is narrative in its autobiographical form. 
She has authored several publications, available at: https://orcid.org/0000-
0002-1808-8640.

Leonard Busuttil
University of Malta

leonard.busuttil@um.edu.mt
Prof. Leonard Busuttil (ORCID: https://orcid.org/0000-0003-3779-891X) is an 
academic and associate professor at the Faculty of Education, University of 
Malta, where he coordinates research and teaching in Computing education. 
His scholarly work spans generative AI in education, unplugged and 
constructionist approaches to computational thinking, and the pedagogical 
use of digital and game-based learning. His recent research explores how large 
language models reshape dissertation supervision practices, qualitative data 
analysis, and academic research cultures in higher education. Prof. Busuttil 
has extensive experience supervising postgraduate research, and supporting 
educators in navigating the methodological, ethical, and epistemic implications 
of AI-supported inquiry. He leads CPD initiatives for secondary teachers 
and university educators on the responsible integration of generative AI in 
teaching, learning, assessment, and research. He is also involved in institution-
wide AI literacy programmes. His work foregrounds equitable, transparent, 
and critically reflective AI adoption in academia, advocating for supervisory 
practices that preserve interpretive ownership while leveraging AI’s analytical 
affordances.



248  Bios

Rosienne Camilleri
University of Malta

rosienne.camilleri@um.edu.mt
Dr Rosienne Camilleri is a Senior Lecturer in the Department of Early 
Childhood and Primary Education at the University of Malta. Her research 
examines high ability and gifted education, inclusive pedagogy, childhood 
transitions, and learning identity in early childhood and primary education.  
More recently her scholarly work looked into digital practices and experiences 
in early childhood and explored how emerging technologies, including 
generative AI, shape research practices, academic writing, and supervisory 
pedagogy.  Alongside her academic role, she is a warranted couple and family 
therapist. Her relational and systemic orientation informs both her teaching 
and her supervision philosophy, shaping a holistic approach to learner support, 
identity formation, and the development of researcher autonomy.

Giulia Coppo
University of Padua
giulia.coppo@phd.unipd.it
Giulia Coppo is a PhD student in Sociology at the University of Padua. Her 
work addresses political communication and critical AI studies, with attention 
to professionalisation and AI-mediated practices in political marketing and 
social research. Previously, she has analysed local councillors’ strategies, 
parties’ digital media use, and politicians’ online visibility. She is the author 
of "Le maschere degli eletti: la natura e le forme della comunicazione politica 
locale" (2022, Epokè edizioni).

Matteo Fogli
Orbyta Tech
matteo.fogli@orbyta.it
Matteo Fogli is the Manager of the Digital Innovation Area at Orbyta Tech. 
Formerly founder, CEO and CTO of MODO, a web development and 
performance agency focused on fast, accessible and modern digital products, 
he brings a strong background in web performance, user experience and cross 
disciplinary product delivery. Over more than thirty years he has worked as 
product manager, project manager, business manager and creative developer, 
supporting organizations in designing high performing digital platforms and 
in adopting a performance driven culture. He is a pragmatic problem solver 
and a passionate technology consumer, committed to creating better online 
experiences through disruptive technologies and customer centric innovation.

Azaleah Mohd Anis
RySense Ltd

azaleah.anis@rysense.sg
Azaleah Mohd Anis is a qualitative researcher with 5 years’ experience in 
qualitative research. Specialised in conducting in-depth interviews, she 



Bios  249

has also conducted focus groups and run studies with various qualitative 
methodologies such as eye-tracking and online diaries. She also has experience 
with speaking to vulnerable and minority peoples such as at-risk youths and 
caregivers of special needs persons.

Nadia Olisa
RySense Ltd

nadia.olisa@rysense.sg
Nadia Olisa is currently Head of Qualitative Research & Business Partnerships 
at RySense Ltd. She set up the qualitative practice in RySense for running of 
focus group discussions as well as the set-up of new technologies such as eye 
tracking as complementary technological capabilities to qualitative research for 
the organisation. She currently leads the Qualitative team at RySense and trains 
qualitative researchers in moderation and running of focus groups, ethno-
related and behavioural studies on social research. At RySense, she works with 
various government stakeholders to design and implement qualitative studies 
on public policy and public feedback in Singapore. Prior to joining RySense, 
Nadia hails from the private sector specialising in behavioural and public 
policy communications. She has more than 10 years in the industry having 
completed several qualitative projects with major commercial agencies and 
government institutions.

Elisabetta Risi
IULM University - Milano

elisabetta.risi@iulm.it
Elisabetta Risi is Assistant Professor at IULM University in Milan, where she 
teaches courses in social research methodology and in the sociology of cultural 
and communication processes. Previously, she taught at IUVSE in Venice 
and Verona, and at NABA and IED in Milan. In 2007, she earned a PhD in 
"Information Society" from the University of Milan-Bicocca and subsequently 
held a postdoctoral fellowship and research grant at IULM University in Milan 
on projects dedicated to social research in the field of Internet Studies, with 
a particular focus on the socioeconomic processes arising from the spread of 
digital platforms and artificial intelligence.

Caterina Sapone
Pegaso University - SAE Institute (Milan)
caterina.sapone@unipegaso.it
Caterina Sapone is a PhD student in Digital Humanities at the Department 
of Psychology and Health Science of Pegaso University. She is a memeber of 
LAHTI Lab in Milan. Her research is interdisciplinary, combining cognitive 
psychology, education, and user experience to explore human-technology 
interaction, with a focus on VR environment and GenAI tools. Her interests 
include motivation, literacy and socio-cultural factors that shape the interaction 
with technology.



250  Bios

Gabriella Taddeo
University of Turin

gabriella.taddeo@unito.it
Gabriella Taddeo is Associate professor of Sociology of Cultural and 
Communication Processes at the University of Turin, where she teaches 
Digital Media Theory and Techniques, Sociology of Communication and 
Social Interaction Design. She is the author of over 50 publications in national 
and international journals, on the subject of digital media, social media 
studies and informal learning strategies through the digital spaces. She has 
also recently published: Social. L’industria delle relazioni (Einaudi, 2024) and 
Persuasione Digitale. Come persone, interfacce, algoritmi ci influenzano online 
(Guerini scientifica, 2023). On the subject of artificial intelligence, she has 
recently published: Taddeo G. (2024) “Artificial intelligence literacy: aspetti 
sociali e educativi di una nuova frontiera dell’educazione”, in Ricucci R. and 
Rosa A. (eds.), Didattica per Competenze e Orizzonti Educativi, Pensa Multimedia, 
Lecce and “Prompting reflexivity: the use of artificial intelligence as a tool for 
identity and cultural exploration” (2025) in Novomisky and Le Voci Sayad 
(eds) Alfabetización mediatica y Informacional en la era de la Inteligencia Artificial, 
Comunicar ediciones, Madrid.

Agnese Vellar
Orbyta Tech

agnese.vellar@orbyta.it
Agnese Vellar is a Marketing Manager for the tech enabler Orbyta Tech. With a 
background in social research, community building and digital innovation, she 
helps people and organizations shape their vision and turn it into positioning 
strategies, marketing plans and community based innovation projects. She has 
carried out research and taught communication and innovation at Politecnico 
di Torino, Università di Torino and IED, and has worked with startups, unicorns 
and technology driven companies. She believes in the possibility of building 
preferable futures, in AI augmented creativity and in the value of emotions 
within business processes.







Media, Communication 
& Socio-cultural Processes

Poche. La questione di genere nell'industria culturale italiana
a cura di Alessandra Micalizzi
ISBN 9791255440130, prima edizione: giugno 2023, pagg. 296.

Play seriously. The Transformative Power of Video Games
Preface by Fabio Viola
edited by Alessandra Micalizzi
ISBN 9791255440345, first edition: dicembre 2023, pagg. 204.

Forme di produzione nelle industrie creative e culturali. Confini e significati
a cura di Rebecca Paraciani, Lorenzo Cattani
ISBN 9791255440505, prima edizione: giugno 2024, pagg. 252.

The Amplification of Sense
by Sascia Pellegrini
ISBN 9791255440666, first edition: december 2024, pagg. 292.

Digital Journalism. Transformations, Challenges, and Innovations 
by Özgür Yılmaz
ISBN 9791255440741, first edition: june 2025, pagg. 200.

Artificial Intelligence and Social Research: Methods, Contexts, Imaginaries
edited by Alessandra Micalizzi
ISBN 9791255440895, first edition: december 2025, pagg. 239.





Give a look to our books at





Finito di stampare da
Services4Media Srl 

viale Caduti di Nassirya, 39 
70124 Bari


