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OPENING KEYNOTE TALK 

“AI in Education – the first 60 years” 

This talk provides a brief overview of nearly 60 years of research in AI in education summarising both 

its positive and negative effects on learning. As part of this, it looks at the generations of AI 

technology from GOFAI to LLMs and their varying roles in education while emphasising the central 

importance and agency of human teachers in AI augmented classes. The talk concludes with a focus 

on the increasing importance of supporting and developing students’ self-regulated learning skills.  

Speaker biography: 

Benedict du Boulay is an Emeritus Professor of Artificial Intelligence at the University of Sussex. He 

gained a Ph.D. from the University of Edinburgh (1978). He worked in industry and as a 

schoolteacher prior to his PhD. His academic career continued at the Universities of Aberdeen and 

Sussex. His primary research area is the application of Artificial Intelligence in Education, particularly 

issues around modelling and developing students’ metacognition and motivation. He was President 

(2015-2017) of the International Society for Artificial Intelligence in Education. He co-edited the 

recent Handbook of AI in Education. A second edition is due out in 2027. 

CLOSING KEYNOTE TALK 

“The Web Is Being Made Accessible for AI, Not People” 

When the Svelte framework added plaintext documentation for AI agents—"Beep boop"—it joined a 

wave of efforts to make the web legible to machines: llms.txt, MCP servers, LLM instructions 

embedded in HTML. These are, in essence, accessibility accommodations. But they're being offered 

cheerfully to AI systems after decades of being denied to blind and low-vision users. From lane 

markings repainted for autonomous vehicles to sidewalk robots competing with wheelchair users for 

the curb cuts activists once poured by hand, a pattern is emerging in which infrastructure that disabled 

people fought for materializes only when a well-capitalized technology needs the same thing. In this 

talk, I trace this pattern across physical and digital infrastructure and examine why machine-

readability is not the same as accessibility. This distinction reflects differences between how machines 

ingest content and how people perceive, navigate, and comprehend it. As AI systems become a 

primary audience for educational content and infrastructure, I invite the audience to consider what 

these changes suggest for learning environments: whose ways of reading, knowing, and accessing are 

designed for, and whose are treated as optional. 

Speaker biography: 

Jonathan Zong is an Assistant Professor of Information Science at the University of Colorado 

Boulder, where he leads the Data & Design Group. He is also a Faculty Associate at Harvard's 

Berkman Klein Center for Internet and Society. In his research, Jonathan partners with blind 

collaborators and study participants to co-design accessible interfaces for non-visual data exploration. 

He has also developed systems and frameworks for technology refusal and data ethics, supporting 

communities to resist harmful data collection practices. His work has been recognized by the MIT 

Morningside Academy for Design Fellowship, the Paul and Daisy Soros Fellowship for New 

Americans, and Forbes 30 Under 30 Scientists. 
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Embodied AI: Designing Inclusive Digital Ecologies

Ronnie Videla1, Dor Abrahamson1 and Marcelo Chávez2 

1University of California Berkeley, USA. 
2Universidad de La Serena, FABLAB, Chile. 

Abstract.  Contemporary approaches to Artificial Intelligence in 

Education (AIED) are predominantly grounded in 

representational models that emphasize prediction, 

personalization, and learning optimization. This paper proposes 

an alternative perspective by integrating Embodied Interaction, 

Structural Coupling, Ecological Dynamics, Embodied Design, 

and the Special Education Embodied Design (SpEED) 

framework. We introduce Embodied AI as an ecological 

approach to Human–Computer Interaction in which AI is 

understood not as a source of instruction or knowledge delivery, 

but as a participant in embodied systems of practice. Within this 

perspective, meaning emerges through sociomaterial 

coordination among learners, technologies, environments, and 

cultural practices. The framework is illustrated through two 

inclusive mathematics learning environments, QUAD and 

Graph-Math, originally designed for blind learners. Rather than 

treating accessibility as accommodation, these cases demonstrate 

how inclusive design can function as a source of epistemic 

innovation, expanding opportunities for participation and 

revealing alternative pathways for mathematical meaning-

making. We argue that the future challenge of educational AI is 

not prediction but participation, and that Embodied AI provides 

a foundation for designing inclusive ecological systems of 

Human–Computer Interaction in which intelligence emerges 

through evolving relations among bodies, technologies, and 

environments. 

1 INTRODUCTION 

Artificial intelligence is rapidly reshaping contemporary 

educational systems. Intelligent tutoring systems, adaptive 

learning platforms, learning analytics, and generative AI 

applications are typically grounded in the assumption that 

learning can be enhanced through increasingly accurate models 

of learner behavior and the efficient delivery of instructional 

support (OECD, 2025). While these approaches have produced 

powerful technological innovations, they remain largely 

informed by representational and information-processing 

theories of cognition, in which intelligence is understood as the 

manipulation of internal models and learning as the acquisition 

of abstract knowledge structures. In contrast, contemporary 

developments in embodied cognition, ecological psychology, 

enactivism, and Human–Computer Interaction suggest that 

cognition does not reside exclusively within individuals or 

computational systems, but emerges through ongoing 

interactions among bodies, environments, artifacts, and 

sociocultural practices (Varela, Thompson, & Rosch, 1991; 

Thompson, 2007; Gibson, 1979; Chemero, 2009). From this 

perspective, meaning arises not through the passive reception of 

information but through active participation in systems of 

perception and action. 

These ideas have been further developed through theories of 

structural coupling, ecological dynamics, and embodied learning. 

Structural coupling proposes that cognition emerges through 

recurrent histories of organism–environment interaction, where 

learning is understood as the transformation of relational 

dynamics rather than the internalization of representations 

(Maturana & Varela, 1987; Varela, 1997). Ecological dynamics 

similarly conceptualizes learning as an emergent process arising 

from interactions among agent, task, and environmental 

constraints (Araújo & Davids, 2011; Newell & Ranganathan, 

2010). Within mathematics education, these commitments have 

inspired Embodied Design, a pedagogical framework that 

investigates how mathematical concepts emerge through 

coordinated interactions among bodies, artifacts, movements, 

and symbolic practices (Abrahamson & Sánchez-García, 2016). 

More recently, the Special Education Embodied Design 

(SpEED) framework has extended these insights into inclusive 

educational contexts by foregrounding the embodied resources 

of learners whose sensory, cognitive, or communicative 

experiences are often marginalized within conventional learning 

environments (Tancredi et al., 2021, 2022; Abrahamson et al., 

2023). 

Despite these advances, their implications for artificial 

intelligence and Human–Computer Interaction remain 

underdeveloped (Videla, Penny & Ross, 2025). Educational AI 

continues to be predominantly framed in terms of prediction, 

personalization, and automated instruction, while HCI often 

focuses on usability, efficiency, or information exchange. Such 

perspectives overlook the possibility that intelligent technologies 

may participate directly in the emergence of meaning through 

embodied systems of practice. This paper addresses this gap by 

proposing the concept of Embodied AI. Drawing upon 

Embodied Interaction (Dourish, 2001), Structural Coupling, 

Ecological Dynamics, Embodied Design, and SpEED, we 

conceptualize AI not as a source of knowledge delivery but as an 

ecological participant within sociomaterial learning systems. 

From this perspective, AI contributes to the ongoing 

reorganization of affordances, constraints, modalities, and 

opportunities for action through which meaning emerges. We 

illustrate the explanatory potential of this framework through 

two inclusive mathematics learning environments, QUAD and 

Graph-Math, and argue that the future challenge of educational 

AI is not prediction but participation: designing intelligent 

technologies that support embodied, inclusive, and meaningful 

forms of Human–Computer Interaction.  
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2 FROM REPRESENTACION TO 

PARTICIPATION 
 

Contemporary developments in Artificial Intelligence for 

Education (AIED) have been largely driven by advances in 

machine learning, predictive analytics, adaptive systems, and 

generative models. Intelligent tutoring systems, learner models, 

recommendation engines, and generative AI applications are 

typically designed around the capacity to infer internal states and 

deliver personalized instructional interventions. Within this 

paradigm, cognition is often understood as the processing and 

manipulation of information, while learning is conceived as the 

acquisition or refinement of internal representations. 

 

Over the past several decades, a growing body of research has 

challenged the adequacy of representational accounts for 

understanding human cognition and learning (Gallagher, 2017). 

Perspectives emerging from embodied cognition, ecological 

psychology, enactivism, and phenomenology have argued that 

cognition cannot be reduced to internal information processing 

(Hutto y Myin, 2013). A foundational contribution to this shift 

was provided by ecological psychology. Gibson (1979) rejected 

the notion that perception requires the internal reconstruction of 

an external world through mental representations. Instead, he 

proposed that organisms directly perceive affordances, 

opportunities for action available within specific environmental 

conditions (Turvey, 1992). Perception is therefore inseparable 

from action. Organisms do not passively receive information and 

subsequently interpret it, they actively explore environments in 

ways that reveal possibilities for engagement (Malafouris, 2013). 

Meaning emerges not from internal representations but from 

practical relations between organisms and their surroundings. 

 

Similar critiques emerged within embodied and enactive 

approaches to cognition. Varela, Thompson, and Rosch (1991) 

argued that cognition should be understood as embodied action 

rather than symbolic computation. From an enactive perspective, 

organisms do not represent a pre-given world, they enact 

meaningful worlds through histories of structural coupling with 

their environments (Maturana y Varela, 1980; Hutto y Myin, 

2017).  These developments have profound implications for 

Human–Computer Interaction. If cognition is fundamentally 

embodied, situated, and relational, then interaction cannot be 

understood merely as information exchange between users and 

computational systems. Instead, interaction becomes a process 

through which meaning emerges in practice (Dourish, 2001). 

This shift is particularly significant in educational contexts, 

where learning technologies are often evaluated according to 

their capacity to deliver information, provide feedback, or 

improve measurable outcomes. Such criteria may obscure more 

fundamental questions concerning how technologies participate 

in the constitution of activity itself. 

 

Learners do not encounter educational environments as isolated 

cognitive agents. They participate in complex ecologies 

involving bodies, artifacts, representations, cultural practices, 

and other people. Understanding these dynamics requires 

moving beyond representational accounts of cognition toward a 

participation-centered understanding of interaction. In this paper, 

we adopt participation rather than representation as the primary 

unit of analysis. Participation refers to the ways in which 

learners become engaged in embodied systems of practice 

through ongoing interactions with people, technologies, 

materials, and environments. From this perspective, the central 

challenge for educational technology is not how to improve the 

transmission of information, but how to support meaningful 

forms of participation. This shift provides the conceptual 

foundation for rethinking artificial intelligence as a component 

of embodied learning ecologies rather than as an external source 

of instruction or knowledge.  This reconceptualization has 

important implications for understanding interaction, learning, 

and technology. If cognition is fundamentally embodied and 

relational, interaction cannot be reduced to the transmission of 

information between independent entities. Human activity 

unfolds within ecological systems composed of bodies, artifacts, 

representations, technologies, cultural practices, and other 

people, all of which participate in shaping possibilities for 

action.  

 

3 EMBODIED INTERACTION AND HUMAN-

COMPUTER INTERACTION 
 

The shift from representation to participation requires a 

corresponding reconceptualization of Human–Computer 

Interaction. If cognition is understood as emerging through 

embodied engagement with the world, then interaction cannot be 

reduced to the exchange of information between users and 

computational systems. Instead, interaction becomes a process 

through which meaning is enacted, negotiated, and transformed 

within ongoing systems of practice. A particularly influential 

contribution to this perspective was provided by Dourish (2001), 

whose theory of embodied interaction challenged dominant 

computational models of HCI by grounding interaction in 

phenomenological accounts of human experience. 

 

Drawing upon Heidegger, Merleau-Ponty, Schutz, and 

Wittgenstein, Dourish argued that interaction should not be 

understood primarily in terms of representations, commands, or 

information transfer. Rather, interaction emerges through 

embodied participation in meaningful activities. Technologies 

become intelligible not because users possess internal models of 

how they operate, but because they become incorporated into 

practical engagements with the world. Meaning is not located 

inside computational representations or mental structures; it 

emerges through situated action. 

 

Central to Dourish’s account is the concept of coupling. Human 

beings do not simply use tools; they become coupled with them 

through practice. As tools become integrated into activity, they 

cease to function as external objects and instead become 

components of ongoing action. Dourish illustrates this point 

through the example of writing with a pen. Skilled writers do not 

consciously coordinate individual finger movements or monitor 

the pen as an object, rather, they become engaged in the activity 

of writing itself.  Interaction, therefore, is not a relationship 

between separate entities but a process of mutual coordination 

among bodies, artifacts, and environments. 

 

This understanding challenges persistent assumptions within 

contemporary digital education and artificial intelligence. Many 

educational technologies continue to be designed as systems that 

deliver information, provide feedback, or optimize user 
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performance. Such approaches implicitly position technology as 

an external mediator between knowledge and learner. Dourish’s 

(2001) perspective argues that meaning is not imposed by 

designers, encoded within interfaces, or determined by 

computational representations, therefore, interaction cannot be 

fully specified in advance. Technologies create possibilities for 

action, but the significance of those possibilities emerges 

through participation in practice. This perspective resonates 

strongly with ecological approaches to perception and action, 

where affordances are understood not as fixed properties of 

environments but as relational opportunities that emerge through 

organism–environment engagement. 

 

The educational significance of a technology cannot be 

understood solely in terms of its informational content or 

instructional effectiveness. It must also be understood in terms of 

how it reorganizes opportunities for action, perception, 

exploration, and participation. Embodied interaction also 

challenges the notion of context as an external container 

surrounding activity. For Dourish (2001), context and activity 

are mutually constitutive. This insight has important implications 

for educational technology design, since learning environments 

cannot be understood as neutral settings within which learning 

occurs. Instead, they are dynamically enacted through ongoing 

interactions among learners, teachers, technologies, materials, 

and institutional practices. 

 

Taken together, these ideas suggest a fundamentally different 

understanding of Human–Computer Interaction. Interaction is 

not information exchange. It is embodied participation in 

systems of practice. Technologies are not neutral tools that 

mediate between users and information.  Rather than 

conceptualizing AI as an autonomous source of knowledge, 

prediction, or instruction, we propose that artificial intelligence 

should be understood as part of the sociomaterial ecology 

through which interaction and meaning emerge. This proposal 

provides the foundation for integrating embodied interaction 

with ecological dynamics, structural coupling, Embodied 

Design, and inclusive educational frameworks. 

4 STRUCTURAL COUPLING AND 

RELATIONAL DYNAMICS OF 

INTERACTION  

A complementary account of interaction is provided by the 

Biology of Cognition developed by Maturana and Varela (1980, 

1987). This framework begins with a radical departure from 

representational theories of mind by grounding cognition in the 

organizational properties of living systems. A central implication 

of this view is that living systems are structurally determined 

systems. At any given moment, all changes that occur within an 

organism are determined by its current structure rather than by 

external inputs. Environmental events do not instruct organisms, 

transmit information into them, or determine their internal states. 

Rather, environmental perturbations trigger structural changes 

whose specific consequences depend on the organism’s own 

organization and structural history. Consequently, cognition 

cannot be understood as the reception or processing of 

information from an objective external world. What an organism 

does in response to a perturbation is always determined by its 

own structure at that moment. 

 

Within this framework, structural coupling describes the 

historical process through which organism and environment 

undergo mutually congruent transformations through recurrent 

interactions (Maturana y Varela, 1980). Through continued 

engagement, organisms become increasingly attuned to the 

regularities of their environments, while environments 

simultaneously become structured through the activities of 

organisms. Over time, these reciprocal adjustments generate 

domains of viable interaction in which organism and 

environment become dynamically coordinated. Structural 

coupling is therefore not a connection between pre-existing 

entities but an ongoing process through which relational 

coherence emerges and is maintained. 

 

From this perspective, cognition is not the representation of an 

external reality but the enactment of a meaningful world through 

histories of interaction. Organisms do not discover a pre-given 

world; they bring forth domains of significance through 

recurrent cycles of perception and action. Meaning emerges 

within the relational dynamics of coupling itself, cognition is 

therefore fundamentally embodied, situated, and historical. What 

an organism can perceive, discriminate, and coordinate depends 

on the history of couplings through which its current structure 

has been constituted. These ideas have been further developed 

within contemporary enactivist and ecological approaches to 

cognition. Radical and extensive enactivism argue that cognition 

should not be understood as the manipulation of internal 

representational content but as the unfolding of embodied 

organism–environment dynamics (Hutto & Myin, 2013; Hutto et 

al., 2014). Cognitive processes are not internal events 

occasionally extended into the world; rather, they are 

constitutively relational processes distributed across evolving 

systems of interaction. This shift further reinforces the view that 

cognition is enacted through participation rather than generated 

inside individual minds. 

 

Recent developments in Embodied AI have extended this 

framework by distinguishing among constitutive, enabling, and 

contextual factors involved in cognitive phenomena (Videla, 

Penny and Ross, 2025). Constitutive factors are those processes 

that directly participate in the production of a phenomenon. 

Enabling factors create the conditions that make the 

phenomenon possible, while contextual factors modulate its 

expression without directly producing it. Learning, from this 

perspective, emerges through dynamic interactions among these 

domains rather than from isolated causal mechanisms. This 

understanding has significant implications for Human–Computer 

Interaction. Technologies should not be viewed as external 

devices that transmit information into learners. Nor should 

artificial intelligence be understood as a system that directly 

causes learning. Instead, technological systems participate as 

components within broader ecologies of structural coupling. 

They introduce perturbations, reorganize constraints, and modify 

the affordances available within ongoing activity. Their 

influence is always mediated by the structural dynamics of the 

systems in which they participate. 
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Consequently, the educational significance of artificial 

intelligence lies not in its capacity to represent knowledge more 

accurately or provide more efficient feedback. Rather, its 

significance lies in its capacity to participate in evolving systems 

of structural coupling that support new forms of embodied 

interaction. AI becomes part of the relational dynamics through 

which learners, teachers, artifacts, and environments 

continuously co-constitute one another. Understanding these 

dynamics requires moving beyond representational accounts of 

technology toward an ecological conception of interaction 

grounded in participation, coupling, and the emergence of 

meaning. 

 

5 EMBODIED DESIGN AND INCLUSIVE 

LEARNING ECOLOGIES  
 

Embodied Design emerged as a response to the limitations of 

representationalist theories of mathematical learning. Rather than 

conceiving learning as the progressive acquisition of abstract 

representations, this framework proposes that mathematical 

understanding arises through the reorganization of perception–

action systems within carefully structured environments 

(Abrahamson, 2009, 2014). Drawing on embodied cognition, 

ecological psychology, enactivism, and dynamical systems 

theory, Embodied Design conceptualizes learning as a relational, 

situated, and embodied process grounded in interactions among 

learners, artifacts, environments, and cultural practices. 

 

Within this perspective, mathematical concepts emerge through 

the stabilization of perceptual and motor coordinations that 

become meaningful within activity (Abrahamson & Sánchez-

García, 2016). Mathematical knowing is therefore not primarily 

a matter of acquiring symbolic content but of developing new 

ways of perceiving, acting, discriminating, and coordinating 

within mathematically organized environments. This view aligns 

closely with extensive enactivism, which rejects the assumption 

that cognition is fundamentally representational and instead 

understands cognition as world-involving from the outset (Hutto 

& Myin, 2013; Hutto, 2017).  

 

Rather than treating mathematical ideas as external abstractions, 

Embodied Design creates conditions in which learners can 

experience conceptual relations through embodied activity. 

Learning emerges through a gradual alignment between evolving 

sensorimotor coordinations and culturally valued forms of 

mathematical reasoning. Embodied Design operationalizes these 

commitments through the deliberate configuration of learning 

ecologies. Drawing on ecological dynamics, learning is 

understood as emerging from interactions among agent 

constraints, environmental constraints, and task constraints 

(Newell, 1986; Newell & Ranganathan, 2010). Agent constraints 

include learners’ embodied histories and perceptual capacities; 

environmental constraints involve material, digital, spatial, and 

social conditions; and task constraints refer to goals, rules, and 

forms of feedback. Learning is not produced through information 

transmission but through adaptive reorganization within these 

interacting constraints. 

 

Within this framework, perception is understood as attunement 

to affordances (Gibson, 1979). Educational design therefore does 

not impose meaning but structures environments in which 

meaningful affordances can emerge. Designers create 

opportunities for learners to encounter and stabilize 

mathematically relevant relations through embodied 

engagement. In this sense, Embodied Design can be understood 

as the pedagogical operationalization of ecological dynamics, 

translating principles of perception–action coupling into 

educational practice (Abrahamson et al., 2023). 

 

A central contribution of this framework is the concept of 

attentional anchors (Abrahamson et al., 2011; Abrahamson & 

Sánchez-García, 2016). Attentional anchors are perceptually 

salient and action-relevant structures that learners spontaneously 

develop in order to coordinate activity within mathematically 

organized tasks. Rather than functioning as symbolic 

representations, they serve as ecological control structures that 

stabilize perception–action loops and support the detection of 

mathematically relevant invariants. Through interaction with 

materials, technologies, and social partners, attentional anchors 

become progressively refined, enabling increasingly 

sophisticated forms of coordination that later ground formal 

mathematical reasoning (Abrahamson & Bakker, 2016; 

Abrahamson et al., 2020). 

 

This perspective has important implications for educational 

technology. Technologies are not merely vehicles for delivering 

information or representing concepts. Instead, they participate 

directly in the organization of perception–action systems and 

become components of evolving ecologies of structural 

coupling. Their educational significance lies not in the content 

they communicate but in the forms of participation they make 

possible. From this standpoint, artificial intelligence can be 

reconceptualized as a dynamic modulator of ecological 

constraints. Rather than functioning as a source of explanations 

or instructional authority, AI can reorganize affordances, amplify 

perceptual cues, support multimodal engagement, and sustain 

emerging attentional anchors without eliminating exploratory 

activity. AI thus becomes part of a distributed cognitive ecology 

that supports conceptual emergence while preserving learner 

agency. Its role is not to replace human reasoning but to 

participate in the ongoing reconfiguration of conditions under 

which meaningful action becomes possible. 

 

The relevance of this perspective becomes particularly evident in 

inclusive educational contexts. Conventional educational 

environments often privilege narrow sensory, motor, and 

representational pathways, marginalizing learners whose 

embodied experiences diverge from normative assumptions. 

Embodied Design challenges this orientation by treating bodily 

diversity not as a limitation but as a resource for design. 

Different sensory and cognitive profiles reveal alternative 

affordances, alternative coordinations, and alternative pathways 

toward conceptual understanding. In this sense, inclusion is not 

merely a matter of accessibility but a source of epistemic 

innovation. Research with blind and visually impaired learners 

has demonstrated that accessibility can generate new theoretical 

insights into perception, coordination, and learning (Abrahamson 

et al., 2019). More recently, Abrahamson et al (2023) has 

described this orientation as Inclusive Design for Expansive 

Theory, arguing that educational researchers can develop more 

powerful theories of learning by designing from the embodied 

resources of diverse learners. Rather than adapting existing 
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models to accommodate difference, this perspective treats 

diversity itself as a generative condition for theoretical and 

pedagogical innovation. Viewed through this lens, Embodied 

Design is not merely a pedagogical methodology for 

mathematics education. It is an ecological design framework for 

intentionally configuring sociomaterial conditions under which 

new forms of perception, participation, structural coupling, and 

meaning-making can emerge. This orientation provides the 

conceptual bridge toward the Special Education Embodied 

Design (SpEED) framework and, ultimately, toward our 

conception of Embodied AI as an ecological approach to 

inclusive Human–Computer Interaction. 

6 THE SPEED FRAMEWORK: TOWARD AN 

ECOLOGICAL MODEL OF INCLUSIVE 

HUMAN-COMPUTER INTERACTION 

While Embodied Design provides a powerful framework for 

understanding how mathematical meanings emerge through 

embodied participation, it offers fewer explicit resources for 

addressing the diversity of sensory, motor, and cognitive 

experiences present in contemporary educational environments. 

This challenge becomes particularly important when designing 

technologies intended to support learners whose perceptual and 

interactional profiles diverge from normative assumptions. In 

response to this challenge, researchers have developed the 

Special Education Embodied Design (SpEED) framework, an 

extension of Embodied Design that places embodied diversity at 

the center of educational innovation (Tancredi et al., 2021, 

2022). 

 

SpEED emerged from a growing recognition that 

conventional approaches to inclusion often treat accessibility as 

a process of adapting existing learning environments to 

accommodate individual differences. In contrast, SpEED begins 

from the assumption that perceptual diversity constitutes a 

productive resource for educational design. Learners who are 

blind, autistic, neurodivergent, or otherwise marginalized 

frequently reveal dimensions of interaction that remain invisible 

within standard educational settings. Rather than viewing these 

learners through a deficit lens, SpEED treats their embodied 

experiences as generative starting points for the design of new 

learning ecologies. Abrahamson et al. (2019) demonstrated how 

tactile mathematical activities involving blind learners challenge 

traditional assumptions about mathematical perception and 

reveal alternative pathways toward conceptual understanding.  

 

Subsequent work argued that accessibility should not be 

understood merely as accommodation but as a source of 

theoretical and pedagogical innovation (Tancredi et al., 2021, 

2022; Abrahamson, 2023). This shift reframes inclusion as a 

process of expanding the ecological possibilities for participation 

rather than adapting learners to existing instructional structures. 

SpEED operationalizes this perspective through three 

interrelated design parameters: media, modalities, and semiotic 

modes. Together, these dimensions provide a framework for 

analyzing and designing embodied learning environments while 

also offering a powerful model for understanding Human–

Computer Interaction within inclusive educational ecologies. 

 

From Tancredi et al (2022) the first parameter, media, refers 

to the material and technological resources that participate in 

activity. Media include physical artifacts, digital interfaces, 

tangible manipulatives, sonification systems, sensors, intelligent 

technologies, and other components that become integrated into 

embodied systems of practice. Importantly, media are not 

understood as passive instructional supports. Consistent with 

Dourish’s (2001) conception of embodied interaction, they 

participate directly in the constitution of activity itself. Media 

shape what can be perceived, coordinated, explored, and enacted 

within a learning ecology. 

 

The second parameter, modalities, refers to the sensory and 

motor channels through which learners engage with the 

environment. Vision, touch, audition, proprioception, kinesthetic 

awareness, gesture, and movement all constitute modalities 

through which perception and action become organized. SpEED 

recognizes that learners do not access educational environments 

through identical sensory pathways. Different modalities reveal 

different affordances and support different forms of 

participation. Consequently, inclusive design requires attention 

not only to what learners know but also to how they perceive, 

act, and coordinate within educational activity. 

 

The third parameter, semiotic modes, concerns the 

representational and communicative forms through which 

meaning is expressed and negotiated (Vygotsky, 1962). These 

include gestures, embodied actions, diagrams, spoken language, 

tactile representations, symbolic notations, and digital 

visualizations. Within SpEED, semiotic modes are not viewed as 

endpoints of cognition but as resources that emerge from and 

remain grounded in embodied activity. Mathematical symbols, 

for example, are understood as culturally stabilized forms of 

coordination that become meaningful through their relation to 

embodied action and perception (Abrahamson, 2021). From the 

perspective developed in this paper, SpEED can be understood 

as an ecological model of Human–Computer Interaction. Its 

significance extends beyond special education because it 

provides a concrete vocabulary for analyzing how technologies 

participate in embodied systems of practice. This ecological 

interpretation of SpEED also provides a bridge between 

inclusive design and Human–Computer Interaction. Inclusion is 

no longer understood as a specialized concern applicable only to 

particular learner populations. Instead, it becomes a 

methodological strategy for expanding the range of affordances 

available within sociomaterial systems. By designing from the 

embodied resources of diverse learners, researchers gain access 

to richer forms of interaction, more flexible configurations of 

participation, and ultimately more expansive theories of 

cognition and learning. 

7 EMBODIED AI: AN ECOLOGICAL 

FRAMEWORK FOR INCLUSIVE HUMAN-

COMPUTER INTERACTION  

The theoretical perspectives reviewed thus far converge on a 

common proposition: cognition does not reside exclusively 

within individual minds or computational systems but emerges 

through embodied participation in sociomaterial ecologies. From 

perspectives Embodied Interaction (Dourish, 2001), Ecological 
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Dynamics (Araújo & Davids, 2011), Structural Coupling 

(Maturana & Varela, 1987). Embodied Design (Abrahamson, 

2014) and SpEED (Tancredi et al., 2022)., we propose Embodied 

AI as an ecological framework for Human–Computer 

Interaction. Rather than conceptualizing artificial intelligence as 

a source of instruction, prediction, personalization, or knowledge 

delivery, Embodied AI understands AI systems as participants 

within embodied systems of practice. Their role is not to replace 

human cognition, optimize learning, or automate decision 

making. Instead, intelligent systems participate in the ongoing 

reorganization of affordances, constraints, modalities, and 

semiotic resources through which meaning emerges. 

Consequently, the central question shifts from “What knowledge 

does AI provide?” to “How does AI participate in the 

organization of meaningful activity?” 

 

This framework becomes particularly relevant within inclusive 

educational contexts, where diversity in sensory, motor, and 

cognitive experience reveals alternative pathways for 

participation and meaning-making. To illustrate the explanatory 

potential of Embodied AI, we examine two embodied 

mathematics learning environments: QUAD and Graph-Math. 

These systems were originally developed to support blind 

learners, yet their significance extends beyond accessibility. 

They demonstrate how designing from marginalized embodied 

experiences can generate more expansive forms of Human–

Computer Interaction for all learners. 

 

8 ILUSTRATIVE CASES OF EMBODIED AI 
 

QUAD: Reconfiguring Geometric Interaction Through 

Embodied AI 

 

 
 

Figure 1: QUAD Case 

 

QUAD was initially conceived as an embodied mathematics 

environment that enables blind and low-vision learners to 

explore geometric invariants through tactile and proprioceptive 

interaction. Unlike conventional approaches that translate visual 

diagrams into verbal descriptions, QUAD reorganizes the 

learning ecology itself. Geometry is no longer treated as a visual 

object to be represented but as a set of relational structures that 

can be enacted through embodied exploration. The system 

consists of a sensorized quadrilateral whose sides and vertices 

can be manipulated physically. These movements are 

continuously processed through a mechatronic architecture that 

couples tactile action with computational interpretation and 

auditory feedback. Within a traditional Human–Computer 

Interaction framework, the device might be understood as an 

interface for transmitting geometric information. From an 

Embodied AI perspective, however, QUAD functions as a 

sociomaterial ecology in which learners, artifacts, computational 

processes, and mathematical relations become structurally 

coupled through activity. 

 

Analyzed through SpEED, QUAD reveals how embodied 

participation emerges through the interaction of multiple design 

parameters. As media, the manipulable artifact, sensors, 

computational infrastructure, and auditory feedback system 

operate as active components of the cognitive ecology. As 

modalities, tactile, proprioceptive, kinesthetic, and auditory 

channels become primary resources for perception and 

coordination. As semiotic modes, geometric categories such as 

square, rectangle, trapezoid, or parallelogram emerge only after 

learners stabilize embodied relations among movement, shape 

transformation, and auditory cues. Within this ecology, AI does 

not function as an evaluator of correctness. Rather, it participates 

in the stabilization of interaction. By identifying relational 

transformations and maintaining coherent correspondences 

between tactile manipulations and auditory responses, the 

intelligent system helps sustain the perception–action dynamics 

through which geometric invariants become available for 

exploration. The significance of AI lies not in providing answers 

but in supporting the ecological conditions that allow learners to 

discover and enact mathematical relations. 

 

Importantly, QUAD illustrates a broader principle of expansive 

inclusive design. What began as a design for blind learners 

reveals fundamental aspects of geometric cognition that 

conventional visual instruction often obscures. The system 

demonstrates that geometric concepts are not fundamentally 

visual representations but embodied invariants emerging through 

interaction. Designing from the perceptual resources of blind 

learners therefore expands the theoretical understanding of 

geometry itself, generating richer possibilities for participation 

across diverse learner populations. 

 

Graph-Math: Embodied Functional Reasoning Through 

Multimodal Coordination 

 

 
Figure 2: Graph Math Case 

 

Graph-Math extends these principles into the domain of analytic 

geometry and functional reasoning. Originally developed to 

support blind students in exploring Cartesian relations without 
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reliance on visual graphs, the system establishes a dynamic 

correspondence between bodily action, tactile exploration, 

computational processing, and mathematical conceptualization. 

At the center of the environment is a 13 × 13 sensorized tactile 

matrix composed of 169 pressure-sensitive nodes connected to 

an Arduino-based computational architecture. Learners 

physically position markers within the grid, generating real-time 

mappings onto a digital Cartesian plane. Through repeated 

interaction, coordinate relations, slopes, intercepts, and 

functional transformations become available as embodied 

experiences rather than abstract visual objects. 

 

Within the Embodied AI framework, Graph-Math is not a tool 

for translating visual graphs into alternative sensory formats. 

Instead, it constitutes an ecological environment in which 

mathematical meanings emerge through the coordination of 

action, perception, and representation. The learner contributes 

embodied histories, exploratory strategies, and sensorimotor 

capacities. The task involves investigating relationships among 

coordinates, rates of change, and functional trajectories. The 

environment consists of a tightly coupled network of tactile 

surfaces, computational processing, auditory feedback, and 

graphical representation. 

 

The SpEED framework illuminates these dynamics. As media, 

Graph-Math integrates tactile hardware, computational 

infrastructure, sonification systems, and graphical displays. As 

modalities, tactile, kinesthetic, auditory, and visual channels 

become coordinated within a shared perception–action system. 

As semiotic modes, symbolic notation, coordinate pairs, graphs, 

gestures, and spoken language emerge as interconnected 

resources for mathematical reasoning. The role of AI within 

Graph-Math differs significantly from that of conventional 

intelligent tutoring systems. Rather than diagnosing 

misconceptions or delivering corrective instruction, the AI 

maintains structural correspondences across modalities and 

representations. When learners position markers inconsistently 

with the targeted mathematical relations, the system generates 

exploratory prompts that invite further investigation rather than 

prescribing solutions. AI thus functions as an ecological 

participant that helps sustain coherent relations among embodied 

actions, tactile configurations, auditory cues, and graphical 

representations. 

 

Through repeated interaction, learners develop attentional 

anchors that enable them to perceive slope as inclination, 

intercept as boundary relation, and functional change as a 

dynamic transformation of trajectories. Mathematical meaning 

emerges not from the interpretation of representations but from 

embodied participation in a multimodal ecology of action. As in 

QUAD, the significance of the design extends beyond 

accessibility. By foregrounding tactile and kinesthetic 

interaction, Graph-Math reveals alternative epistemic pathways 

that enrich mathematical learning for all learners. Embodied AI 

as Inclusive Human–Computer Interaction Together, QUAD and 

Graph-Math illustrate a shift from instructional AI toward 

ecological AI. In both cases, artificial intelligence does not serve 

as a evaluator, or predictive system. Instead, it participates in 

embodied ecologies of interaction, supporting the emergence of 

affordances, stabilizing multimodal coordinations, and sustaining 

opportunities for participation. 

7 CONCLUSIONS  

This paper has proposed Embodied AI as an ecological 

framework for inclusive Human–Computer Interaction. Drawing 

upon Embodied Interaction, Structural Coupling, Ecological 

Dynamics, Embodied Design, and the SpEED framework, we 

have argued that artificial intelligence should not be understood 

primarily as a mechanism for prediction, personalization, or 

automated instruction. Instead, AI can be conceived as a 

participant within embodied systems of practice that contribute 

to the ongoing reorganization of affordances, constraints, 

modalities, and opportunities for action through which meaning 

emerges. The cases of QUAD and Graph-Math illustrate how 

intelligent technologies can support multimodal participation and 

embodied forms of mathematical reasoning while preserving 

learner agency. More broadly, they demonstrate that designing 

from the embodied resources of marginalized learners does not 

merely increase accessibility; it expands the theoretical 

understanding of cognition, interaction, and learning itself. 

Ultimately, the contribution of Embodied AI lies in shifting the 

focus of educational technology from optimization to 

participation, and from information delivery to the creation of 

inclusive sociomaterial ecologies in which learners, 

technologies, and environments jointly enact meaningful worlds. 

7 DISCUSSIONS: WHAT MAKES AI 

EMBODIED? 

A central question emerging from this work concerns why the 

proposed framework should be described as Embodied AI. After 

all, both QUAD and Graph-Math could function without 

sophisticated artificial intelligence. Their educational value does 

not depend on automated instruction, predictive analytics, or 

learner modeling. This observation reveals an important 

conceptual distinction. In conventional educational technology, 

AI is typically defined by its capacity to classify, predict, 

recommend, or personalize. Within the Embodied AI 

framework, however, AI is defined by the role it plays within 

embodied systems of practice. 

Artificial intelligence becomes embodied not when it 

simulates human cognition, but when it participates in the 

organization of perception–action systems. More specifically, AI 

becomes embodied when it sustains multimodal correspondences 

across tactile, auditory, visual, and kinesthetic channels; supports 

the emergence and stabilization of attentional anchors; 

modulates ecological constraints without eliminating exploratory 

activity; reorganizes affordances that shape possibilities for 

participation; and participates in evolving histories of structural 

coupling among learners, artifacts, and environments. In this 

sense, AI is not conceived as an external tutor or intelligent 

authority but as an ecological participant within sociomaterial 

systems of interaction. 

This perspective extends Dourish’s notion of embodied 

interaction beyond traditional Human–Computer Interaction by 

incorporating contemporary developments in ecological 

dynamics, enactivism, and inclusive design. Rather than 

evaluating AI according to the accuracy of its predictions or the 

efficiency of its instructional interventions, Embodied AI 

redirects attention toward the ways intelligent technologies 

participate in the emergence of meaningful activity. The 

significance of AI therefore lies not in what it knows, but in how 
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it contributes to the ongoing organization of participation, 

coordination, and sense-making. Such a shift opens new 

directions for Human–Computer Interaction research, 

particularly within collaborative, creative, and inclusive learning 

environments where meaning emerges through distributed 

systems of embodied action rather than through information 

transmission alone. 
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Can an LLM build an application to automatically assess 
students’ interpretations of diagrams? 

Grecia Garcia Garcia1 and Peter C-H. Cheng1 

Abstract.  RIST is a theory of the mental structures of external 
representations, and RISN is its notation [1, 5]. In this 
exploratory study, we developed a pilot web application with the 
assistance of Claude’s Sonnet 4.6 to: (a) investigate whether 
RIST/N can be used for pedagogic evaluation of students’ 
diagrammatic interpretations, and (b) identify the challenges that 
must be addressed to make such a system effective for educators. 
This application processes student interpretations of diagrams 
and provides feedback to the teacher on where students are 
experiencing difficulties. The system has three inputs: (i) a 
diagram, (ii) a student’s written interpretation of that diagram, 
and (iii) the teacher’s normative RISN model of the diagram. 
The application constructs a RISN model of the student’s 
interpretation, compares it with the teacher’s model, and derives 
feedback for tailoring lessons. Initial trials show some promise 
that a more robust system could be built. However, issues such 
as consistency in constructing RISN models, transparency in the 
AI assistant’s internal processes for building the system and 
improving the usability of the output remain to be addressed.1 

1 INTRODUCTION & VISION 
Despite the ubiquity of diagrams, charts and graphs in education, 
formal training on their use is lacking. Thus, it is not surprising 
that, when students are formally evaluated in examinations, a 
variety of interpretations and misconceptions can surface (e.g., 
[6], [8]).  

Our vision is to create a diagnostic tool for teachers that helps 
evaluate students’ ability to interpret graphs and charts, 
independently of their understanding of the topic content. We 
aim to do this in a way that is grounded in cognitive theory of 
how external representations are interpreted. To achieve this, we 
use an AI assistant to help develop a pilot web application. This 
application is not a tutoring system (such as [7] or many LLM 
applications [9]), but a tool that supports educators to diagnose 
the quality of students’ graph interpretations.   

The cognitive theory we adopt is Cheng’s cognitive 
Representational Interpretative Structure Theory (RIST) and its 
accompanying notation (RISN) [1, 3, 4, 5]. It proposes that an 
interpretation of an external representation is a hierarchical 
network comprised of four kinds of mental schemas: 
Representation, R-scheme, R-dimension and R-symbol. Figure 1 
shows an example of a RISN model for interpreting a simple 
three bar Income by Age-profile chart. It contains: a 
Representation schema of the chart (Figure 1, E1), R-schemes 
that coordinate data, age and data points (E2, D3), R-dimensions 
for each of those dimensions (B4, E4, G4), and R-symbols for 

 
1 Department of Informatics, University of Sussex, BN1 9QH, UK. 
Email: {g.garcia-garcia, p.c.h.cheng}@sussex.ac.uk.  

specific data points (B6, D6, F6). Crucially, each schema 
coordinates information between a target concept (internal 
representation) and its graphical representation (external 
representation). Different interpretations create different schema 
networks. Stockdill et al. [10] identified recurring patterns of 
schemas in these network structures, called idioms.  

 

 
Figure 1. A simple example of a RISN model for a line graph. 

The red index grid was added for clarity.  
 
RIST/N can be used to model interpretations of various 

diagrams [10], evaluate the usability of representations [3], study 
cognitive artefacts such as indexing systems [4], and observe 
changes in knowledge structures during learning [2]. However, it 
has not yet been applied in an educational context, as a key 
challenge is training people to create RISN models. Thus, in this 
work, we use a Large Language Model (LLM) as the underlying 
engine for automatic creation and comparison of RISN models.  
This is an aspect that has not been explored and would be 
beneficial to automate. 

Our vision is as follows. We start by modelling a student’s 
written interpretation as a hierarchical RIST/N network to 
identify omissions or misinterpretations of concepts and diagram 
relationships. An LLM is used: (a) to generate a RISN model of 
a student’s interpretation; (b) to compare it to the teacher’s target 
RISN model; and (c) to provide a report to the teacher of missing 
schemas and global and local misinterpretations. Figure 2 
illustrates this pipeline. Here we will consider three questions 
about such a system:  

Q1. Can an application be created so that it can produce 
reasonable RISN models from a student’s written 
description of a diagram? 

Q2. Can it successfully compare a student’s RISN model 
with a teacher’s target RISN model? 
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Q3. Can it provide reliable, comprehensible and useful 
summaries of the differences between the student and the 
teacher models verbally and graphically? 

 
 

 
Figure 2. Pipeline for using RIST/N in an educational setting. 

2 WEB APPLICATION  
We developed a pilot web application with the assistance of 
Claude’s Sonnet 4.6.  It was used both during the development 
of the web application and was integrated into the system for 
background processing. Published papers on RIST/N were fed to 
Claude, and it implemented the application in JavaScript and 
HTML.  

The system was refined through multiple iterations. We 
provided examples of simple to complex line graphs (e.g., 
speed/distance graphs, Playfair’s trade balance line graph) and a 
variety of interpretative statements (including misconceptions 
such as the graph-as-picture misconception [6]). We reviewed 
the generated RISN models and reports for the teacher and 
prompted the AI assistant to modify the code when issues arose. 
To support development, we added an optional feature to 
generate synthetic interpretations of the diagrams at novice, 
intermediate and expert knowledge levels – this was used in 
addition to testing the system with actual users’ interpretations 
collected from previous research projects.  

In use, the web application receives a diagram, a student’s 
written interpretation of a diagram, and the teacher’s normative 
RISN model (Figure 2, left). Internally, the application generates 
a student’s RISN model from the student’s interpretation, 
compares it with the teacher’s model, and produces a summary 
of the differences between them (Figure 2, top right), making 
calls to Claude as needed. The output is a report highlighting 
omitted concepts as well as global and local misinterpretations 
(Figure 2, bottom right). 

3  SYSTEM REVIEW 
We reviewed each of the key steps of the pipeline: examined the 
generated RISN models to ensure they fit with RISN’s rules, 
verified whether the student’s written interpretation matched the 
generated RISN model, and conducted heuristic evaluations of 
the generated teacher’s feedback. The following list describes 
some of the main issues. 

Creating a RISN model from a student’s written 
interpretation. The creation of the student’s RISN model was 
inconsistent, as different models were generated from the same 
input. Despite this, most generated models were valid (i.e., well-
constructed), and the validity of RISN models improved with 
minor refinements of the prompt regarding RISN construction 
rules. To address the production of inconsistent models, 
however, we may need to add rules regarding the generation of 
RISN models. For instance, we may need to specify that RISN 
schemas should be added in the order they appear in the written 
description, that schemas should be created statement by 
statement rather than allowing the LLM to infer relationships 
automatically, and to limit the topic knowledge that the LLM 
introduces in the creation of models. 

Comparing a student’s and a teacher’s RISN models. 
Inspecting the Claude-written code, we found two methods were 
used to compare models: (1) matching strings of text from the 
schemas, and (2) sending the RISN models to Claude to perform 
structural comparisons. This caused inconsistencies in the 
output. For example, two strings of text could match, but if their 
schemas were in different locations within the student’s and the 
teacher’s models, then it was marked as a mismatch. Also, 
semantically equivalent strings were marked as different (e.g., 
‘life stage’ and ‘age group’ would be marked as different). 
Although this could be remediated by providing further explicit 
instructions on how to compare models, this highlights the 
potential imprecision of using an AI assistant to process data in 
the background.  

 

 
Figure 3. Snapshots of the feedback output for teachers. Formats 

from top to bottom: table, text summary, and annotated graph.  
 

Output generated for the educator. Different formats were 
explored for presenting feedback for the teacher: (a) a table 
comparing the schemas and idioms from both the student’s and 
teacher’s models; (b) a text summary of omissions, local and 
global misinterpretations; and (c) the teacher’s RISN model 
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annotated with missing concepts, local and global 
misinterpretations. See Figure 3. In terms of usability, the table 
presentation provided the best way to quickly review missing 
concepts, while the text summary was too dense to be practical, 
and the annotated graph was inconsistent with the text output.   

4  DISCUSSION & FUTURE WORK 
In this exploratory study, we developed a pilot web application 
that uses an LLM to create and compare RISN models for 
supporting educators in understanding students’ mental 
structures of their diagrammatic interpretations.  In particular, it 
focuses on supporting educators in identifying whether students 
have omitted relevant concepts and their relationships, including 
both local and global misinterpretations. 

Consider the three questions posed.  For (Q1), we found that 
the system can generate reasonable RISN models, but identical 
inputs can produce different models. Addressing this requires 
clearer rules for deriving RISN models along with constraints on 
additional topic knowledge introduced by the LLM.   

For (Q2), it was found that the application could compare the 
student’s and teacher’s RISN models. However, Claude applied 
two different comparison methods, which resulted in 
inconsistent feedback. Our intention was not to use different 
methods; however, this highlights that (a) prompt design requires 
careful attention, including the explicit specification of implicit 
logical constraints (e.g., using the same comparison method 
across all stages), and (b) code generated by agents must be 
reviewed.  

On the other hand, this issue highlighted the need to develop 
methods for comparing and identifying (equivalent) network 
structures within RISN models. Further investigation would then 
need to use a wider variety of diagrams and students’ 
(mis)interpretations to identify which method is most accurate. 
Once an effective method is developed, Claude could be 
instructed to include it as part of the system.  

(Q3) concerns the reliability, comprehensibility and 
usefulness of the summaries of the differences between the 
student and the teacher models, verbally and graphically.  This 
pilot study represents an initial step towards addressing this 
question. Of the various reporting formats explored, tables 
appeared to be the most useful, as they provided a quick visual 
way to highlight missing concepts. Nevertheless, alternative 
formats that offer additional value for the teacher may need to be 
explored. For example, feedback could be more concise and 
focused through brief three-point summaries of critical issues. 

This study revealed that there are ample opportunities for 
future work. For example:  
• We presented the example using a single graph 

interpretation as an input. However, the broader vision is 
for the system to collect graph interpretations from 
multiple students to enable the teacher to provide 
immediate feedback during the class. This is similar to 
using a short poll during a class or workshop, where 
participants’ responses help guide subsequent activities. 

• The evaluation of this system should include feedback 
from educators on the reliability and practicality of 
recommendations, as well as its potential for 
implementation in classroom settings.  

• The system should be tested more extensively using a 
wide variety of diagrams, students’ interpretations (from 

novices to experts), and types (correct, incorrect, partial 
interpretations, and misconceptions). These should be 
collected from real people, as the extent to which 
synthetic data may have influenced the generation of 
RISN models remains unclear.  

• Finally, an alternative scenario could be explored in 
which students also receive feedback on how their 
interpretations differ from the teacher’s expectations. 
Although this approach will require consideration of 
other factors (e.g., students’ metacognitive skills, 
confidence and engagement on the topic), it could 
provide valuable opportunities for students to generate 
explanations and deepen their understanding of the use 
of graphs and diagrams.  
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Flow-Centred Design: Rethinking Accessibility as an
Experiential Quality in Human-Computer Interaction

Daniel Hajas1

Abstract. Accessibility standards and assistive technologies con-
tinue to improve social inclusion by enabling disabled people to
access places, information, and services. However, accessibility in
Human-Computer Interaction remains primarily evaluated through
task completion, compliance, and usability, often overlooking the
experiential quality of interaction once access has been achieved.
This position paper proposes flow as a complementary lens for re-
framing accessibility beyond access. Drawing on flow theory from
psychology, I argue that accessible systems should not only enable
participation but also support conditions for sustained engagement,
guided exploration, and skill development. To operationalise this no-
tion, I introduce Flow-Centred Design (FCD) as a conceptual frame-
work linking accessibility evaluation with interaction design prac-
tice. FCD reframes accessibility as an experiential quality of inter-
action, grounded in design principles derived from conditions asso-
ciated with flow experiences. The framework also introduces mea-
sures for evaluating the experiential quality and extent of accessi-
bility across different interaction contexts. While the discussion fo-
cuses primarily on the digital inclusion of blind people, the proposed
framework may be applicable to broader forms of disability across
both digital and physical accessibility contexts. Through examples
from accessible data visualisation research, I illustrate how inter-
action techniques supporting customisation, structured exploration,
perceptual congruence, and multimodal collaboration begin to move
accessibility beyond task completion toward richer, more engaging,
and growth-oriented experiences.

1 INTRODUCTION

Over the past several decades, disability rights advocates have fought
to secure equal participation in education, employment, and public
life [4, 1, 2, 17]. These civil rights movements, alongside technolog-
ical innovation, have led to major advances in the development and
adoption of accessibility standards, assistive technologies, and inclu-
sive design practices. In digital environments, accessibility guide-
lines and compliance-based evaluation have become central mech-
anisms for ensuring that disabled people can access information and
services. These developments represent an important and necessary
foundation for digital inclusion.

However, accessibility is often framed in terms of whether a task
can be completed at all. In practice, this framing can obscure an im-
portant question: what is the quality of the experience once access is
achieved? For many blind users, interacting with digital systems in-
volves navigating layers of friction [12]. This often takes the form of
long, linear navigation through poorly structured interfaces, as well

1 University College London, England, email: d.hajas@ucl.ac.uk

as the need to plan and mentally simulate interaction steps in ad-
vance because systems behave unpredictably. Over time, the constant
problem-solving and adaptation required to cope with these design
shortcomings generates emotional and cognitive fatigue that makes
it difficult to remain immersed in the activity itself. In other words,
when interaction requires constant compensation for inaccessible de-
sign, part of the user’s attention and energy is spent overcoming bar-
riers rather than pursuing meaningful goals. Consequently, blind peo-
ple may perceive digital interaction as a more negative experience
than their sighted peers, even when they are able to complete the
same task. Yet, accessibility lacks a clear conceptual vocabulary for
specifying and evaluating the experiential quality of interaction once
baseline access has been achieved.

In response, this paper proposes flow as a complementary lens for
evaluating accessibility in Human-Computer Interaction. Typically,
flow is described in terms of the optimal experience. According to
Mihály Csı́kszentmihályi [7], flow occurs when “one’s skills are ad-
equate to cope with the challenges at hand, in a goal-directed, rule-
bound action system that provides clear clues as to how one is per-
forming.” Drawing on flow theory from positive psychology, I ar-
gue that accessibility should not only enable participation, but also
support conditions for meaningful engagement through sustained en-
gagement, guided exploration, and skill development. From this per-
spective, accessible systems are those that create conditions for flow
experiences for blind people and, respectively, for other disabled in-
dividuals.

To make a tangible contribution, the paper introduces Flow-
Centred Design (FCD) as a conceptual framework for specifying and
evaluating the experiential quality of accessibility. FCD proposes a
set of design principles associated with conditions for flow and in-
troduces families of measures concerned with customisability and
adaptability, exploratory structure and navigation, and learning and
transferable skill development. Accessible data visualisation is then
used as a case study to explore how these conditions and measures
may be instantiated in practice. Shifting the attention from minimal
access toward the experiential quality of interaction, I argue that eval-
uating accessibility through the lens of flow can support more engag-
ing, confidence-building, and growth-oriented forms of participation.

1.1 Positionality statement

I write this paper from the perspective of a blind individual, who
identifies with both research and practitioner roles, working at the in-
tersection of digital accessibility, Human-Computer Interaction, and
disability innovation. My professional practice includes commentary
on inclusive design in action, development of assistive technology
prototypes, and accessibility testing as a consultant. As a scholar,
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I engage in co-design with subject-matter experts to explore new in-
teraction approaches in accessibility, and I rely on collaborative tools
for the dissemination of research findings. While my perspective is
shaped by lived experience navigating digital systems through touch
and text-to-speech technology alone, I am far from being a power
user of any particular assistive technology. In investigating flow in
accessible interaction, insights from expert users — analogous to
elite performers in other domains — may reveal patterns of prac-
tice and expertise that extend beyond my own experience. As such,
I intend this paper as a contribution to an ongoing interdisciplinary
conversation about what access is, and what it is not.

2 FROM ACCESS TO FLOW: SPECIFYING
AND MEASURING THE EXTENT OF
ACCESSIBILITY AS AN EXPERIENTIAL
QUALITY

In this section, I argue that accessibility should be reconsidered
through the lens of flow — an optimal experiential state characterised
by focused engagement, perceived control, and intrinsic reward[6].
Describing and building on characteristics of flow from existing lit-
erature in positive psychology, and their growing relevance within
Human-Computer Interaction (HCI), I introduce Flow-Centred De-
sign (FCD) as a framework for conceptualising accessibility as an
experiential quality rather than solely a condition of access. Through
FCD, this section pursues two aims: first, to specify the experien-
tial quality of accessibility through a set of design principles derived
from characteristics of flow experiences; and second, to propose di-
rections for measuring the extent of accessibility through evaluative
measures aligned with these principles.

2.1 Access is not enough
Research and practice in digital accessibility have traditionally fo-
cused on removing barriers to interaction between disabled people
and digital content. Accessibility evaluation tools and frameworks
typically ask whether systems comply with guidelines, and whether
users can complete tasks, perceive content, or navigate interface el-
ements using assistive technologies[22]. These assessment criteria
are essential for establishing conditions for baseline inclusion. How-
ever, they primarily measure possibility rather than experiential qual-
ity and neglect aspects of experience design[10] and developmental
flourishing[20]. As a result, a system may technically satisfy acces-
sibility requirements while still imposing significant friction in inter-
action; requiring sustained cognitive effort, fragmented navigation
strategies, and external tools for gaining proficiency.

Consider Silvia, a blind professional using a workplace chat ap-
plication that is technically compatible with a screen reader and
therefore considered accessible under conventional criteria. They can
send messages, review conversations, and navigate channels inde-
pendently without assistance. However, the interaction may still be
effortful, fragmented, and cognitively demanding in ways that di-
minish sustained use. For example, when reviewing messages sent
earlier in a conversation, screen reader focus may repeatedly jump
back to the message input field whenever a new message arrives,
interrupting concentration and forcing the user to reconstruct con-
versational context. In threaded replies, the interface may announce
quoted messages before the new response itself, requiring additional
effort to infer what information is novel. Similarly, metadata such as
the sender’s name may be repeatedly announced in one-to-one con-
versations where identity is already known, increasing verbosity and

interaction fatigue. Although such an application may satisfy acces-
sibility requirements in the sense that interaction is possible, the ex-
perience itself may remain frustrating, tiring, and difficult to sustain.
Navigation becomes fragmented, contextual awareness is repeatedly
disrupted, and users may seek to complete interactions as quickly as
possible rather than remain meaningfully engaged. In this sense, ac-
cessibility alone does not guarantee an interaction environment con-
ducive to focused, confident, or rewarding participation.

2.2 Accessibility beyond access

I argue that accessibility evaluation should extend beyond barrier re-
moval, to consider whether interaction environments support condi-
tions for the state of flow. When an interaction is accessible and the
optimal experience is achieved — that is, the user is in flow — users
can direct their attention toward pursuing clear goals. In doing so,
they can displace self-consciousness with conscious effort, feel and
report positive emotions, and become more proficient, without the
distractions of managing the interface itself. However, flow experi-
ence is inherently subjective and context-dependent. It arises from
the dynamic relationship between a person’s skills, goals, and the
challenges presented by a task [6].

Although flow experiences are difficult to design for directly, prior
work in positive psychology identifies a set of recurring characteris-
tics associated with entering and sustaining flow states[6, 19]. These
characteristics describe the experiential conditions under which indi-
viduals become deeply absorbed in meaningful activity, balancing
challenge, attention, feedback, and perceived control. While orig-
inally formulated in domains such as play, sport, work, and cre-
ative practice, these conditions offer a useful conceptual founda-
tion for reconsidering accessibility as an experiential quality of in-
teraction. Several conditions are particularly relevant to accessibility
contexts[19]:

1. Perceived challenges and opportunities for action should stretch
skills and abilities, though not excessively.

2. Goals should be relatively short-term (proximal), specific, and de-
tailed.

3. Immediate and actionable feedback should be available to pro-
mote continuing progress.

4. Concentration should be focused and intense.
5. Action and awareness should merge.
6. Reflective self-consciousness should fade or be lost.
7. A sense of control over actions and responses to changing situa-

tions should increase.
8. Time may become distorted, often appearing to pass more quickly

than in reality.
9. Experiences should feel intrinsically rewarding, such that the ac-

tivity itself justifies the effort involved.

In accessibility contexts, this variability of flow experiences is par-
ticularly pronounced. Blind users employ diverse interaction strate-
gies and assistive technologies, often shaped by individual workflows
and long-term adaptation to specific tools [21]. To operationalise
flow as a measure of accessibility, I propose Flow-Centred Design
(FCD) as a conceptual framework that links accessibility evaluation
with experience design practice. Rather than prescribing a single op-
timal interaction technique, FCD treats flow as an evaluative heuristic
— a way of identifying where friction disrupts engagement, where
interaction demands exceed available skills, and where opportunities
exist to support more perceptually congruent interaction [14]. In this
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framework, accessibility is reframed not only as a condition of ac-
cess, but as an experiential quality that may be supported to varying
extents across different systems, users, and contexts.

Through FCD, two related aims are pursued. First, the experiential
quality of accessibility is specified through a set of design principles
derived from characteristics of flow experiences and adapted to ac-
cessibility contexts. Second, the extent of accessibility is considered
through possible measures aligned with these principles, offering an
initial conceptual vocabulary for evaluating how accessible interac-
tions are experienced in practice.

2.3 Design principles for specifying the
experiential quality of accessibility

The nine conditions outlined above describe characteristics associ-
ated with entering and sustaining flow experiences, but they are not
immediately actionable as design goals for accessibility. To opera-
tionalise these characteristics in accessibility contexts, I synthesise
and transpose them into three higher-level design principles that re-
flect recurring experiential qualities of interaction. Rather than repro-
ducing the original psychological constructs directly, these principles
adapt conditions of flow to concerns central to accessible interaction,
such as reducing friction, maintaining orientation, supporting con-
fidence, and enabling progressive growth in competence. Mapping
the conditions for flow experiences to these principles, I propose that
accessible systems should support sustained engagement, guided ex-
ploration, and skill development in meaningful activities, including
learning, collaborative work, and creative expression.

Sustained engagement: Accessible systems should support the
conditions necessary for maintaining focused and uninterrupted
participation in meaningful activity. This principle aligns most
strongly with conditions related to concentration, immersion, and
intrinsic motivation. Specifically, flow requires focused and in-
tense concentration (4), the merging of action and awareness (5),
and the fading of reflective self-consciousness (6), all of which de-
pend on interactions becoming sufficiently effortless that users can
attend to the activity rather than the interface itself. In accessibil-
ity contexts, excessive friction — such as fragmented navigation,
high cognitive load, or inaccessible controls — redirects attention
toward managing the interaction, disrupting engagement. Sus-
tained engagement also relates to intrinsic reward (9), whereby
interaction feels meaningful and worthwhile beyond task comple-
tion alone. Flow-centred accessible systems should therefore min-
imise avoidable attentional disruption and support prolonged, re-
warding engagement in activities such as reading, communication,
creative work, or learning.

Guided exploration: Accessible systems should provide structure
and feedback that support confident navigation through unfamiliar
or evolving interaction spaces. This principle maps most closely
to conditions concerning proximal, specific goals (2), immediate
and actionable feedback (3), and an increased sense of control (7).
Flow emerges when users can orient themselves toward clear ob-
jectives, understand the consequences of their actions, and adapt
to changing circumstances without uncertainty or disorientation.
In accessibility contexts, guided exploration may involve clear
navigation pathways, progressive disclosure of complexity, pre-
dictable interface behaviour, and timely multimodal feedback that
supports orientation and decision-making. Rather than prescrib-
ing a single interaction strategy, systems should enable users to
explore while preserving confidence that progress is understand-

able, reversible, and responsive to individual workflows and assis-
tive technologies.

Skill development: Accessible systems should support gradual in-
creases in competence by balancing challenge with the user’s
evolving abilities. This principle aligns primarily with the require-
ment that challenges and opportunities for action stretch skills
without exceeding them (1), creating conditions for growth rather
than frustration or boredom. Over time, interactions should scaf-
fold progression from effortful engagement toward fluency, allow-
ing users to build proficiency with tools, workflows, and interac-
tion strategies. Skill development also relates to the altered ex-
perience of time (8), often associated with deep engagement in
progressively mastered activities, where sustained practice feels
absorbing rather than effortful. In accessibility contexts, systems
should support learning through adaptable levels of complexity,
opportunities for mastery, and interactions that evolve alongside
user expertise, enabling long-term flourishing rather than merely
short-term access.

To illustrate these principles in practice, consider Sophie, a blind
professional completing her weekly grocery shopping using a screen
reader-accessible mobile application. Her primary cognitive effort
should be directed toward meaningful decisions: determining how
much she can afford to spend that week, estimating what can fit in
her refrigerator, planning meals before ingredients expire, and rea-
soning about which items are needed for breakfast, lunch, and din-
ner. A flow-centred accessible system would support sustained en-
gagement by minimising friction in interaction, allowing Sophie to
compare products through a clear list structure, quickly add items
to her basket without losing browsing context, and remain focused
on meal planning rather than interface management. Guided explo-
ration would be supported through predictable navigation, actionable
feedback, and clear system state awareness; for example, immediate
confirmation when products are added to the basket, notifications of
out-of-stock substitutions, updates on spending totals, and reminders
of the number of items selected. Over time, skill development would
emerge as the system adapts to Sophie’s preferences, enabling her to
shop more efficiently, discover cost-saving alternatives, reuse prior
shopping patterns, and gradually optimise her decisions around saved
favourites and meals. In this example, accessibility is not only re-
flected in whether shopping is technically possible, but in the extent
to which the interaction enables focused, confident, and rewarding
participation in an everyday activity.

2.4 Measuring the extent of accessibility
If accessibility is understood as an experiential quality, then acces-
sibility evaluation must also move beyond determining whether in-
teraction is technically possible. The second contribution of Flow-
Centred Design is therefore to suggest how the extent of accessibil-
ity might be evaluated in relation to the design principles introduced
above: sustained engagement, guided exploration, and skill devel-
opment. Rather than treating these principles as abstract aspirations,
FCD proposes that they may serve as evaluative lenses through which
the experiential quality of accessibility can be examined. This does
not imply that flow can be measured simply or universally. Indeed,
prior work identifies substantial variation in how flow is measured,
with no single instrument adequately determining whether a person
is in or out of flow [16]. For this reason, the measures proposed be-
low should be understood as provisional, non-exhaustive families of
evaluation for assessing how accessible interactions are experienced
in practice.
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Sustained engagement (through interaction friction and adaptation):
The extent of accessibility may be evaluated by examining the
degree to which interactions reduce unnecessary friction and
adapt to users’ abilities, preferences, goals, and evolving ex-
pertise. In Flow-Centred Design, accessible systems should
support sustained engagement by maintaining an appropriate
balance between challenge and skill, recognising that interaction
strategies vary considerably across users and contexts. Measures
may therefore include the degree of customisability, such as what
content is spoken, how verbose this content is, or when it is
read in sequence in the context of screen reader interaction[11];
the extent of personalisation, including adaptive support for
different expertise levels, mediated by semantic scaffolding[25];
the degree of user control, reflected in whether interactions can be
modified or tailored according to individual workflows; as well
as the extent of interactional friction, reflected in interruptions
to concentration, repeated corrective actions, or reliance on
compensatory strategies. Rather than assuming a single optimal
interaction pattern, greater accessibility may be reflected in
systems that support multiple ways of engaging with information
while reducing avoidable effort and adapting interaction demands
over time.

Guided exploration (through orientation and navigational support):
The extent of accessibility may also be reflected in how effectively
systems support orientation and confident exploration through
interaction. Accessible interactions should provide meaningful
structures that help users orient themselves, navigate confidently,
and progressively deepen engagement with information. Mea-
sures may include the mode of interaction structure, such as
whether information is organised through lists, tables, trees,
graphs, or other representations suited to different tasks and
reasoning strategies; the diversity of navigational pathways,
including sequential, structural, spatial, or targeted navigation
methods[23]; as well as the fluidity, reversibility, predictability,
and contextual continuity of movement between states[14].
Systems that reduce disorientation, preserve context, and support
independent exploration may therefore be perceived as more
accessible than those requiring fragmented or effortful navigation.

Skill development (through progressive competence and transfer):
Finally, the extent of accessibility may be evaluated through a
system’s ability to support increasing competence and transfer-
able proficiency over time. Flow-Centred Design proposes that
accessible systems should not only enable participation in the
present moment, but also facilitate progression toward greater
competence, confidence, and autonomy. Measures may include
the rate of skill acquisition, reflected in reductions in support
needs — for instance, observed through less frequent prompting
of a large language model-based Q&A assistive system, reduced
navigation effort, or improved task completion time; the transfer-
ability of interaction patterns, where skills learned in one context
can be applied across representations or tasks[14, 24]; and the
development of user confidence and independence, reflected
through qualitative feedback or longitudinal engagement. From
this perspective, accessibility extends beyond immediate usability
to encompass whether systems help users become increasingly
capable participants in meaningful activity over time.

The measures proposed here are intentionally provisional and
should be understood as illustrative families of evaluation rather than
settled or comprehensive metrics. Their purpose is not to prescribe
universal indicators of accessibility, but to provide an initial con-

ceptual vocabulary for examining the extent to which interactions
support sustained engagement, guided exploration, and skill devel-
opment. By reframing accessibility as an experiential quality, Flow-
Centred Design offers a way of identifying where interaction sup-
ports or disrupts opportunities for meaningful participation and de-
velopmental flourishing. In the following section, accessible data vi-
sualisation is used as a case study to examine how these design prin-
ciples and associated measures may be applied in practice, demon-
strating both the strengths and limitations of contemporary interac-
tion techniques.

3 ACCESSIBLE DATA VISUALISATION AS A
CASE STUDY

Accessible data visualisation provides a useful case study for exam-
ining how interaction design can move beyond basic accessibility
toward more experiential forms of engagement. In recent years, re-
search in accessible data visualisation has increasingly shifted from
ensuring access to graphical information toward enabling blind and
partially sighted users to actively explore, manipulate, and reason
about data through alternative representations. This emerging body
of work provides a useful lens for examining how the design prin-
ciples and measures proposed by Flow-Centred Design may be in-
stantiated in practice. The following examples are not presented as
definitive validations of FCD, but as demonstrative cases that illus-
trate how the experiential quality of accessibility may be supported
and evaluated across different forms of interaction.

3.1 Structured exploration through accessible
navigation

Rich Screen Reader Experiences for Accessible Data Visualisation
[23] proposes a structured approach to screen reader interaction that
moves beyond static textual descriptions of charts. Rather than pre-
senting data visualisations as linear summaries, the system organ-
ises information hierarchically, enabling users to navigate between
overview and detail, inspect subsets of data, and pursue analyti-
cal questions through structured exploration. This interaction model
transforms screen reader use from passive information consumption
toward active reasoning, allowing users to query and compare infor-
mation according to their goals rather than relying on fixed descrip-
tions. In doing so, the work reframes accessible visualisation as an
exploratory process in which users can progressively deepen their
understanding of a dataset.

From the perspective of Flow-Centred Design, this work aligns
most strongly with the principle of guided exploration. Rather than
overwhelming users with a single monolithic description, the hi-
erarchical organisation supports gradual orientation and movement
through the information space. Users are able to establish proximal
goals, receive immediate feedback through interaction, and maintain
a sense of control over their exploration, corresponding to several
conditions associated with flow. The system also indirectly supports
sustained engagement, as reducing navigational friction enables at-
tention to remain directed toward reasoning about data rather than
managing the interface itself. At the same time, reliance on hierar-
chical traversal may introduce limitations for some users. If users’
mental models do not align with the imposed tree structure, or if
interaction conventions differ from established screen reader work-
flows, exploration may become fragmented or cognitively effortful.
For example, a user of Olli expected the tree structure to expand hor-
izontally, similarly to a directory tree in Windows File Explorer, and
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not vertically as it is currently implemented[3]. This suggests a pos-
sible tension between providing structured guidance and preserving
low-friction, user-led exploration.

This work also helps contextualise how the extent of accessibility
may be evaluated through the proposed family of evaluation related
to orientation and navigational support. First, the system demon-
strates one possible mode of interaction structure: a tree hierarchy
that organises information into progressively deeper levels of detail.
While this structure supports overview-to-detail exploration, later
work demonstrates that alternative structures, such as graphs[8] or
hypergraphs[14], may support different forms of reasoning. Second,
the system expands the diversity of navigational pathways available
to users, supporting structured traversal, spatial movement, and tar-
geted search between levels of abstraction. From an FCD point of
view, accessibility may therefore be understood not only in terms of
whether a visualisation can be accessed, but in how richly users can
navigate, orient themselves, and independently explore information.

3.2 Adaptable interaction through customisation

“Customization is Key”: Reconfigurable Content Tokens for Acces-
sible Data Visualisations [11] extends accessible screen reader inter-
action by enabling users to actively reconfigure how information is
presented. Rather than assuming a fixed description format, the sys-
tem introduces configurable content tokens that can be permanently
reordered, temporarily prioritised, and toggled or adjusted according
to user preference and analytical goals. Thus, users are able to modify
verbosity levels, foreground information relevant to a particular task,
and tailor descriptions to suit both novice and expert workflows. In
doing so, the work highlights a central challenge in accessibility: in-
teractions that are effective for one user, context, or level of expertise
may impose unnecessary friction for another.

This work aligns closely with the principles of sustained engage-
ment and guided exploration, while also supporting skill develop-
ment over time. By enabling users to adapt the interaction according
to their preferences and expertise, the system helps maintain an ap-
propriate balance between challenge and skill — a core condition
of flow. For novice users, richer descriptions and greater guidance
may reduce uncertainty and support orientation, whereas experi-
enced users may benefit from concise, lower-friction interactions that
enable faster reasoning. The ability to progressively modify interac-
tion density also supports long-term proficiency, allowing workflows
to evolve as users gain confidence and expertise. However, the act of
customisation may itself introduce friction. Configuring verbosity,
prioritising content tokens, or repeatedly adjusting interaction set-
tings may interrupt concentration and temporarily disrupt sustained
engagement. This highlights a potential tradeoff in Flow-Centred De-
sign between adaptability and interactional continuity, particularly
when configuration overhead outweighs experiential benefits.

Evaluating the accessibility, one could argue that the interface is
fully accessible — without further discussion, since the fundamen-
tal interaction builds on the Olli interface[3]. However, this work
strongly illustrates how the extent of accessibility may fall on an ex-
periential spectrum, differentiated through the family of measures re-
lated to interaction friction and adaptation. Suitable measures may
include the degree of customisability, reflected in the number and
variety of ways content tokens can be reordered or configured; the
degree of user control, reflected in the ability to modify verbosity,
prioritise information, or adjust interaction pathways; and the extent
of personalisation, reflected in how effectively the system accommo-
dates differing expertise levels and goals. The work also reinforces

the relationship between adaptation and guided exploration, as ad-
justable structures and verbosity settings can influence how confi-
dently and independently users navigate information spaces. Acces-
sibility may therefore be understood not only as access to content, but
as the extent to which interaction can be adapted to sustain meaning-
ful and efficient engagement.

3.3 Transferable interaction through perceptual
congruence

The concept of perceptual congruence, introduced through Benthic:
Perceptually Congruent Structures for Accessible Charts and Dia-
grams [14], extends accessible visualisation by focusing not only on
whether information can be accessed, but on how interaction struc-
tures correspond to the organisational logic of graphical representa-
tions. Rather than flattening charts and diagrams into linear descrip-
tions or relying solely on hierarchical structures, Benthic introduces
a hypergraph-based interaction model that preserves both hierarchi-
cal and relational groupings. This approach enables blind users to
traverse representations fluidly, move between overlapping contexts,
and reorganise exploration according to analytical goals. In doing
so, the system supports forms of navigation and reasoning that more
closely parallel the flexibility of sighted interaction, allowing users
to develop richer mental models of diagrams and visualisations.

Here, perceptual congruence aligns strongly with the principles
of guided exploration and skill development. The system supports
guided exploration by enabling users to navigate complex informa-
tion spaces in ways that are predictable, reversible, and responsive to
changing goals. Rather than following fixed traversal paths, users are
able to flexibly reorganise exploration, compare alternative perspec-
tives, and recover from navigational detours without losing context.
At the same time, Benthic supports transferable skill development
through consistency in interaction logic across different graphical
representations. By preserving underlying structural relationships,
users can increasingly rely on learned reasoning strategies rather
than repeatedly adapting to new interaction conventions, allowing
skill acquisition to accumulate over time. Nevertheless, richer inter-
action structures may also increase cognitive demands, particularly
for novice users unfamiliar with graph-based navigation or overlap-
ping relational contexts. While perceptual congruence may support
transferable reasoning strategies over time, early interactions may
require greater effort to establish orientation and develop effective
mental models.

Benthic illustrates how the extent of accessibility may be contex-
tualised through both orientation and navigational support and pro-
gressive competence and transfer measures. First, the work expands
the possible mode of interaction structure beyond tree hierarchies
toward graph and hypergraph representations, demonstrating that ac-
cessibility may depend not only on whether structure is present, but
on how appropriately that structure supports reasoning about rela-
tionships. Second, the system broadens the diversity of navigational
pathways, enabling lateral, hierarchical, and reversible traversal, as
well as flexible regrouping of information around user goals. Finally,
perceptual congruence introduces a basis for evaluating the trans-
ferability of interaction patterns, reflected in whether users can ap-
ply familiar navigation strategies and mental models across domains
such as charts, diagrams, or multimodal representations.
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3.4 Multimodal and adaptive interaction ecologies

Umwelt: Accessible Structured Editing of Multimodal Data Repre-
sentations [24] proposes a multimodal environment for creating and
interacting with data representations in which visual, textual, and au-
ditory modalities are treated as co-equal rather than hierarchical out-
puts. Instead of positioning accessible representations as secondary
translations of visual artefacts, Umwelt derives multiple represen-
tations from a shared underlying data model, allowing users to flu-
idly move between modalities according to task demands and per-
sonal preferences. Users are able to independently author, modify,
and reconfigure multimodal analytical workflows, switching between
overview and detail while preserving context across representations.
Consequently, Umwelt reframes accessibility as an ecosystem of in-
teraction possibilities rather than a single optimised interface.

Umwelt represents perhaps the clearest illustration of how the
three design principles may converge in practice. The system sup-
ports guided exploration through synchronised multimodal represen-
tations that preserve orientation and enable users to move flexibly
between different ways of reasoning about the same information. It
supports sustained engagement by allowing users to focus on ana-
lytical goals rather than on overcoming modality-specific barriers,
reducing friction through complementary interaction pathways. Fi-
nally, Umwelt promotes learning and transferable skill development
by enabling users to progressively refine workflows, build confi-
dence across modalities, and adapt interaction strategies according
to changing expertise or goals. Rather than prescribing a single ideal
interaction, the system enables a dynamic balance between challenge
and skill through user-led adaptation. At the same time, the avail-
ability of multiple modalities and interaction pathways may increase
complexity and decision-making demands. Without sufficient guid-
ance or Prior experience, users may exhibit uncertainty regarding
which modality or workflow best supports a given analytical goal
— a research topic often discussed, but not formally established.

Umwelt demonstrates how all three proposed families of evalua-
tion may be contextualised within a single interaction environment.
In terms of interaction friction and adaptation, the system supports
extensive user control through runtime configuration, modality se-
lection, and the ability to tailor representations according to ana-
lytical intent. Second, in case of orientation and navigational sup-
port, accessibility may be reflected in the diversity of available path-
ways, including movement between textual hierarchies, sonification,
and visual representations while maintaining shared context. Finally,
regarding progressive competence and transfer, Umwelt provides a
basis for evaluating how users develop increasingly effective work-
flows, transfer reasoning strategies between modalities, and achieve
greater independence in analytical tasks over time.

These case study examples suggest that accessible interaction de-
sign is increasingly moving beyond enabling task completion toward
supporting richer forms of engagement. Across these systems, ac-
cessibility is not treated merely as the removal of barriers, but as
the creation of conditions that support exploration, adaptation, and
learning. Importantly, the case studies demonstrate both opportu-
nities and tensions related to evaluating the extent of accessibility,
which may be understood as a matter of an experiential spectrum,
shaped by the structures available for exploration, the flexibility of
interaction, and opportunities for developing transferable skills over
time. While accessible data visualisation represents only one applica-
tion domain, the broader implications of Flow-Centred Design may
extend across accessibility research more widely, including educa-
tion, assistive technologies, and access to physical or hybrid environ-

ments.

4 DISCUSSION

Flow has been widely applied in game design, educational technolo-
gies, creativity support systems, virtual and augmented reality, and
user experience research as a framework for understanding engage-
ment, immersion, motivation, and skill development. For example,
game design has extensively adopted flow as a framework for bal-
ancing challenge and skill, structuring progression, and maintain-
ing player engagement alongside broader usability and interaction
principles[5]. Related ideas have also influenced areas such as edu-
cational technology, persuasive systems, and user experience design,
where designers seek to sustain motivation, immersion, and intrinsic
reward over time. In this sense, FCD does not introduce flow into
HCI for the first time, but repositions it as a lens for accessibility
evaluation, arguing that the experiential quality of accessible inter-
action deserves equal consideration alongside technical access and
usability.

Importantly, Flow-Centred Design is not intended to replace estab-
lished approaches such as User-Centred Design (UCD) or Human-
Centred Design (HCD). Rather, FCD extends existing design frame-
works by introducing flow as an additional evaluative lens for
accessibility within the interaction design cycle. UCD and HCD
have made substantial contributions to improving usability, reduc-
ing friction, and aligning technologies with human needs and con-
texts of use. However, accessible interaction is not solely deter-
mined by whether users can complete tasks or navigate interfaces,
but also by the experiential quality of participation. Just as HCD
expanded the scope of evaluation beyond usability toward broader
user experience[15], FCD expands accessibility evaluation beyond
access and usability — toward experience design and developmen-
tal flourishing[20]. FCD therefore complements existing approaches
by asking not only whether interactions are usable and inclusive,
but whether they support sustained engagement, reversible and low-
stakes exploration, as well as long-term skill development in mean-
ingful activities.

Emerging technologies create new opportunities for operationalis-
ing this approach. HCI has long recognised that no single interface
can accommodate the diverse needs, preferences, and abilities of all
users[18], motivating earlier movements in customisation, personal-
isation, end-user development, and malleable software[9, 13]. While
such approaches have historically been constrained by implementa-
tion complexity and commercial incentives favouring standardised
experiences, advances in artificial intelligence, multimodal interac-
tion, and adaptive systems make personalised accessibility increas-
ingly feasible. AI-assisted interfaces can dynamically adjust levels
of guidance, feedback, modality, and task complexity in response to
users’ evolving skills, goals, and contexts of use. Although these ca-
pabilities must be implemented carefully to avoid over-automation,
unpredictability, or diminished user agency, they offer promising
mechanisms for maintaining an appropriate balance between chal-
lenge and skill over time — a central condition for enabling flow in
accessible interaction.

4.1 Limitations and future work

Rather than proposing a definitive measurement framework, this pa-
per offers an initial set of candidate measures grounded in the design
principles of Flow-Centred Design. These measures are intended to
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illustrate how the experiential quality of accessibility may be oper-
ationalised and evaluated in practice, while inviting further empiri-
cal refinement by the HCI and accessibility research communities.
Future work may establish more consistent, valid, and robust ap-
proaches for evaluating the extent to which interactive systems sup-
port conditions for flow in accessible experiences.

A natural next step is methodological: empirically investigating
how the design principles of Flow-Centred Design may be system-
atically observed and measured across different interaction contexts.
For example, future work may identify behavioural indicators, qual-
itative accounts, and longitudinal patterns associated with sustained
engagement, guided exploration, and skill development. In the con-
text of sustained engagement, indicators may include reduced inter-
ruptions to concentration, fewer corrective actions, lower reliance on
compensatory strategies, or qualitative reports of immersion, reduced
fatigue, and intrinsic reward. For guided exploration, future studies
may examine orientation, confidence, and contextual awareness dur-
ing navigation, including the reversibility and predictability of in-
teraction pathways, alongside qualitative accounts of perceived con-
trol and disorientation. Finally, skill development may be evaluated
through changes in proficiency over time, such as reduced support
needs, transferable interaction strategies across tasks, and increased
confidence or autonomy in meaningful activities.

Such efforts would enable Flow-Centred Design to progress from
a conceptual framework toward a more systematic methodology for
evaluating accessibility as an experiential quality. Importantly, this
work should remain sensitive to the contextual and subjective nature
of flow experiences, recognising that meaningful accessibility may
manifest differently across users, assistive technologies, and domains
of activity.

5 CONCLUSION

Accessibility solutions have made digital inclusion and social par-
ticipation for blind and other disabled people possible, but possi-
bility alone is not enough. A system may technically satisfy acces-
sibility requirements while still imposing significant friction, frag-
mented navigation, or barriers to developing proficiency over time.
This paper argues that accessibility evaluation should extend beyond
whether interaction is possible, to consider the experiential quality of
interaction and the conditions that support meaningful engagement.

To address this gap, I proposed Flow-Centred Design as a concep-
tual framework for specifying and evaluating accessibility through
the lens of flow. Rather than treating accessibility as binary com-
pliance, FCD reframes it as a matter of an experiential spectrum,
concerned with the extent to which interactions support sustained
engagement, guided exploration, and skill development. In doing so,
the paper introduced families of measures — including customis-
ability and adaptability, exploratory structure and navigation, and
learning and transferable skill development — as provisional ways
of evaluating the experiential quality of accessibility.

Case studies in accessible data visualisation further suggest that
these ideas are not purely speculative. Emerging interaction tech-
niques increasingly support richer forms of exploration, personali-
sation, transferable interaction structures, and multimodal engage-
ment that resonate closely with the aims of Flow-Centred Design.
While the proposed measures remain intentionally provisional and
require further empirical validation, they offer a starting point for
future work on evaluating the extent of accessibility beyond access
alone.
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First steps towards novel adaptive systems for
individualised music learning and assessment:

An investigation of memory chunking in a piano chord
production task

Christopher Luu 1 and Ronald R. Grau 1

Abstract. This paper presents a simple pilot study that uses cog-
nitive behavioural measures to assess piano playing proficiency. The
wider objective is to explore how digital game-based learning en-
vironments could be designed to adapt to learner behaviour in the
musical domain. We believe it is possible to utilise cognitive be-
havioural metrics to not just assess aspects of musical proficiency but
more importantly, to drive the selection and configuration of suitable
learning sessions as well as teaching methods and content. With our
approach, we aim to create a learning paradigm that adapts dynami-
cally to a learner and avoids overly rigid instruction approaches that
focus on the precise replication of musical patterns, which can make
it difficult for learners of music to experience progress and stay mo-
tivated. Instead, we propose that cognitive behavioural metrics could
be used to inform learning trajectories that give insight into learning
progress through changes observed in the cognitive processes that
underlie learning. In this paper, we present the results of a pilot ex-
periment that compares the memory chunking signals obtained from
participants of different musical proficiency who engaged in a mu-
sical chord reproduction task. The purpose of this experiment was
to establish if results from previous research that targeted other do-
mains of learning (e.g., maths, writing, drawing, etc.) are, in princi-
ple, transferable to the music domain. The results found indicate that
this is likely the case.

1 INTRODUCTION
Pedagogies that assess music learners solely based on task accuracy
promote a rote approach to learning - being only concerned with the
precision of outputs rather than the indication of a deeper understand-
ing of the target domain. For example, accuracy may be a suitable
metric for classical pianists who seek to strictly maximise execu-
tion fidelity of a particular musical piece. In contrast, many jazz pi-
anists will routinely use improvisation to enrich their performance,
and these musicians must associate knowledge between various other
aural and conceptual aspects to be proficient in their area. Accuracy
cannot capture all elements of improvisation, nor of piano ability in
general, as the ability to interpret music is also an indicator of profi-
ciency and hence, there rarely is a single standard for comparison. A
more cognitively informed digital learning environment could relate
aspects of task performance to relevant cognitive functions, capa-
ble of constructing a higher-dimensional model of learner ability to

1 Department of Informatics, University of Sussex, BN1 9QH, UK.
Email: {c.luu , r.r.grau} @sussex.ac.uk

identify areas of weakness that may be limiting performance in other
areas.

2 RELATED WORK

Interpreting behavioural measures to study mental processes is a
long-established method of investigation in Cognitive Science, and a
large body of work exists that has investigated memory chunking in
the context of different tasks. Specifically, the pauses that are made
by individuals when they are performing a task were found to co-
incide with information retrieval and processing activities, and the
temporal patterns of pauses between actions can give insight into
how information is organised in human memory. We also know that
the size of memory chunks is related to our ability to retain different
amounts of information, and that chunking structure also reflects the
processes underlying working memory management and can indicate
the strength of association between memory contents. [2][4].

Experts and novices structure information in working memory dif-
ferently. Given the same task, experts are generally able to store
more information per chunk than novices and related tasks induce
less cognitive load [10][16]. The amount of cognitive load experi-
enced can be estimated by measuring behavioural patterns, such as
the timings of a student’s actions. Student proficiency for a given task
could therefore be measured by observing how their behavioural pat-
terns compare with those typically observed in experts and novices
[9][14]. Although there can be individual differences between people
with equivalent degrees of proficiency, previous research has shown
that similarities within their behavioural patterns can be extracted
and analysed. For example, Cheng and Rojas-Anaya [6] were able to
successfully categorise the mathematical competency of participants
by analysing data about how they wrote down maths formulae: their
writing actions, pen positions and timings, and the duration of pauses
between drawn elements. Since playing piano involves a similar ex-
ternalisation of intended actions through hand and finger movements,
there is a distinct possibility here that chunking could contribute to-
wards establishing a more comprehensive measurement of musical
proficiency. We contend that one particularly promising way of ob-
taining such measures may be game-based learning environments, as
these permit the collection of data not just over time, but also across
different learning activities and contexts. Interpreting an individual
learner’s chunking pattern could help indicate when internal process-
ing is happening, and point to areas of weakness in their musical skill
that other methods might miss.
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Previous work has found strong correlations between proficiency
and temporal behavioural metrics that were used to examine individ-
ual chunking structures in domains such as mathematics [5], natu-
ral language writing and comprehension [11], or computer program-
ming [1]. Recent PhD theses have also examined chunking in the
context of people reading musical notation [7] [12]. The pilot study
presented in this paper aims to establish if people with different pro-
ficiency levels in piano playing might, in principle, exhibit chunking
patterns that are consistent with the results previously found in those
other domains.

3 APPROACH

The experiment discussed in this paper was conducted on Sussex AI
Day in January 2026 at the University of Sussex. The event show-
cased current ongoing AI projects by research groups across the Uni-
versity. Using the Unity Game Engine [17], custom software was
written in advance in C# to carry out the experimental trials and
record relevant data during the event. There was a one hour window
of time when attendees were able to volunteer to participate. This
allowed for opportunistic sampling of participants who belonged to
a range of different piano proficiency bands. Before starting the first
trial, participants completed a pre-trial questionnaire related to their
familiarity, confidence, and experience with the piano, which was
used to categorise them each based on their general piano proficiency.
The questionnaire had 12 questions, but to keep the categorisation
process simple, only one question was used to determine an individ-
ual’s proficiency group: ”To what extent do you play piano?”. This
is because it would have been difficult to set weights for how each
variable contributes to overall proficiency without prior testing. We
gathered a total of 14 participants. The distribution of participants
across categories is as follows: Complete Beginner (4), Hobbyist (6),
Intermediate (3), Professional (1).

The experimental procedure involved 2 trials, preceded by a famil-
iarisation trial, in which participants produced chords from memory
immediately after viewing a stimulus of 15 chords, as shown in fig-
ure 1. Participants interfaced with the experimental trial using a stan-
dard 49-Key MIDI piano keyboard. The stimulus was hidden during
chord production but could be viewed again upon request as often
as necessary by holding down the space key on the laptop keyboard.
Participants were instructed to use the same hand to both view the
stimulus and to play chords with. This was to minimise task execu-
tion rehearsal while the stimulus was being viewed, since participants
could not simultaneously get their hand into the correct position to
play the next chord whilst viewing the stimulus.

The specific variables measured were determined by which be-
havioural metrics we hypothesised would correlate with piano pro-
ficiency. Average metric values were calculated for each participant,
and then averaged again across proficiencies. They are as follows:

M1) Number of chords played between stimulus views
M2) Number of stimulus views per trial
M3) Stimulus view durations (seconds)
M4) Chord-playing durations (play periods) between stimulus views

(seconds)
M5) Pause durations between chords (seconds)

This selection of metrics allows for the possibility of analysis to
occur at a multiple-chunk scale (e.g. number of stimulus views), as
well as at the level of the elements within individual chunks them-
selves (e.g. pauses between chords).

Figure 1. A screenshot from the experimental software, showing the chord
progression stimulus for memorization (Trial 2). The next chord to be played

is highlighted in green and the chords that have already been played are
greyed out. ”6/15” at the top refers to the number of chords the participant
has played so far, out of 15. When the space-bar is released, the stimulus

disappears from the screen.

4 RESULTS
As shown in figure 2, the results showed that higher proficiency was
correlated with fewer stimulus views per trial, more chords played
between stimulus views, and shorter pauses between chords. Corre-
lations between stimulus view durations or play time durations with
proficiency was unclear, which is discussed further in section 5.1.
These results are consistent with previous work in other domains
which find significant correlations between similar behavioural met-
rics and proficiency [1]. All descriptions of results are speculatory,
given that there was insufficient data to form any significant conclu-
sions.

The data of 3 participants was excluded from these results for the
following reasons:

1. Participant did not attempt to recreate the stimulus chords in any
way and just pressed notes in ascending order.

2. Participant was too engaged in the exact scientific discussion be-
fore attempting the trial, which primed them to attempt to memo-
rise far more chords (8-10) at a time than we believe they other-
wise normally would have - skewing the results.

3. Participant did not seem to understand that they could re-view the
stimulus upon request and attempted to memorise all chords in
one try.

5 DISCUSSION & FUTURE WORK
5.1 Interpretation of Results
While further work will need to be done to properly control for these
assumptions, this section discusses how the results for each metric
(as shown in figure 2) may be explained by chunking processes.

• M1 & M2):
The average number of chords played between stimulus views
measures how many chordal elements participants were able to
recall. Since experts are able to incorporate more elements per
chunk [10], we expect to see this metric increase as proficiency
increases. For the same reason, we would expect to see the aver-
age number of times a participant chooses to view the stimulus
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Figure 2. The observed results of all 5 metrics (M1-M5) gathered from behavioural data during both chord production memory trials. Proficiency groups are
abbreviated as follows: Complete Beginner = CB; Hobbyist = H; Intermediate = I; Professional = P. Blue dashed lines represent trial 1 results; Orange dashed

lines represent trial 2 results; Black solid lines represent combined trial results.

during trial decrease as proficiency increases, since a less efficient
working memory will have to be refreshed more often. Both of
these trends were observed in the results.
An experiment with similar methods tracked eye movements dur-
ing a stimulus matching task to determine the conditions under
which individuals favour online access - using the environment as
its own model to complete the task as opposed to storing multiple
elements of the stimulus in memory [3]. They found that partici-
pants would refer to the stimulus more if the cost of online access
was less than the cost of memorisation. Looking at our study from
this perspective, experts may produce more chords from memory
because the size of their chunks result in the cost of memorisa-
tion being lower than the cost of requesting to view the stimulus.
Understanding when individuals use the world as its own model
and when they choose to rely on internal models from a chunking
perspective may benefit our understanding of domain proficiency
in a way that incorporates elements of 4E cognition.

• M3):
The average time taken to view the stimulus represents the amount
of time it takes for a participant to fill their working memory with
relevant chordal information to complete the memory task. The
lack of a strong identifiable trend between view durations across
proficiencies in the results may be explained by the fact that the
time to perceive chunks is approximately constant - regardless of
the number of elements within each chunk [4][1]. While analysing
the data, we discovered that dividing the stimulus view durations
by the number of chords that were memorised from that view pro-
vided a way of normalising this metric. Figure 3a shows that ex-
perts viewed the stimulus for less time per chord produced, in-
dicating the presence of more efficient perceptual chunking of

chordal elements over novices.
• M4):

The average amount of time it takes for participants to produce
the chords retained in working memory is likely independently
affected by various factors. The participant’s domain-specific mo-
tor ability will determine how fast they are able to play each chord,
and therefore the amount of time to execute each full play period
before having to review the stimulus. However, play duration will
also be a function of how many chords were memorised as, ceteris
paribus, it takes more time to play more chords. These confound-
ing factors could explain the lack of a linear trend between play
durations and proficiencies. Similarly to M3, normalising play pe-
riod durations according to the number of chords played during
that period reveals a decrease in the amount of time taken to play
each chord as proficiency increases, as shown in figure 3b. Given
that the processing of elements across chunk boundaries is shown
to take more time than for elements within the same chunk [2][15],
the faster production of chords from experts suggests the presence
of larger chunks.

• M5):
The pause durations between each chord decrease as proficiency
increases - which is a finding that is consistent with chunk-
ing theory. Experts likely hold whole chords as single homoge-
nous chunks that can be executed without further decomposition.
Novices have to decompose each whole chord into sub-chunks
to execute, which increases processing time, and therefore, pause
duration.

While there is not enough data from this pilot study to provide
any statistical significance, these results indicate that there may be
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valid, operationalisable methods to identify piano proficiency based
on analysing chunking structure. Furthermore, the promising trans-
ferral to the musical domain of piano playing strengthens the theory
behind previously identified works which utilise behavioural metrics
to assess proficiency in other domains [5], [11], [1].

Figure 3. Metrics M3 and M4 normalised per chord: a) Average stimulus
view time per chord - created by dividing M3 by M1. b) Average play time

per chord - created by dividing M4 by M1. Proficiency groups are
abbreviated as follows: Complete Beginner = CB; Hobbyist = H;

Intermediate = I; Professional = P. Blue dashed lines represent trial 1 results;
Orange dashed lines represent trial 2 results; Black solid lines represent

combined trial results.

5.2 Limitations
5.2.1 Participant Data

Due to the small window of time that was assigned for the oppor-
tunistic sampling of participants, there were several issues regarding
how data had to be collected, which prevented meaningful statistical
analysis. The sample size was not large enough, nor was the distribu-
tion of participants across proficiency levels able to be controlled for.
Factors that may have confounded with the observed results could
also not be controlled for. This includes components that affect work-
ing memory access, such as age and various neurodivergent profiles,
which are likely to influence individual task performance. Pre-trial
proficiency evaluations could not be objectively determined, and re-
lied on subjective answers from the given questionnaire. All observed
trends are therefore merely indications of promising areas for fu-
ture research. It is also worth noting that the public nature of the
event may have introduced attentional challenges which distracted
participants during trials. Future studies extending this methodology
should attempt to control for these factors within a greater sample
size. Work which evaluates whether the presented method can dis-
criminate within a narrower range of proficiencies (e.g. between only
intermediate players) would be particularly valuable for digital learn-
ing environment contexts.

5.2.2 Assessment Task Design

Assumptions were made about how the proposed metrics relate to in-
ternal cognitive mechanisms and chunking structures. For example,
metrics M1 & M2 assume that each new request to view the stimulus
is representative of the fact that all of the chordal elements in working
memory have been produced and that new elements need to be loaded
in. However, there may be other factors affecting the rate of stimulus

viewing and chord production, such as self-confidence, which does
not always align with proficiency (e.g. see the Dunning-Kruger effect
[8]). Work needs to be done to thoroughly investigate the cognitive
implications of each of the proposed metrics to increase their validity.
This also includes more strict control over the difference in potential
strategies employed by participants to ensure that behavioural met-
rics are cohesively measuring the same chunking phenomena.

The presented assessment method is ultimately only a proposed
measure of the chord production element of piano playing, which
is a subset of the skills required for an individual to be considered
a skilled piano player. Further work will need to investigate how
this kind of task can be transferred to other aspects of piano playing,
such as sight-reading or scale production. As some of the proposed
metrics rely on measuring temporal signals of behaviour, challenges
may arise when applied to rhythmic aspects of piano playing which
determine the exact timing of inputs required. All individuals who
are able to match the target rhythm exactly will produce the same
temporal signal, producing a ceiling effect on the data which would
obfuscate the distinction between their levels of proficiency above a
certain point. One way to circumvent this issue may be to gradually
increase the difficulty of the stimulus, or the required tempo of the
response - producing more variation in results between individuals
by raising the ceiling effect. However, it is important to keep note
that the more obscure the assessment method, the less likely the tar-
get of that assessment may align with the target skill - this is also a
necessary direction for future research and is discussed further at the
end of section 5.3.

5.2.3 Stimulus Design

Currently, no consideration has been made to investigate the effect
that specific components of the stimulus have on resulting chunk-
ing signals. For example, experts may perform better when the stim-
ulus content is presented according to common harmonic patterns,
whereas this may not affect novice performance. There will also be
variation as to the specific chords/ chord types that are easier to pro-
duce between individuals. Observing how idiosyncratic task perfor-
mance changes in response to various stimulus components will in-
dicate the strength of association that individual learners have with
task-relevant musical elements. Research can then be directed to-
wards effective ways to tailor the sequencing of learning content
given these kinds of qualitative models of player proficiency. Human-
Computer Interaction methods may also be able to reveal design im-
plications for producing more reliable chunking signals by reducing
the extraneous cognitive load [13] caused by visual elements of the
stimulus and its layout.

5.3 Motor Skill vs. Conceptual Knowledge
The pilot study does not specifically distinguish between conceptual
domain knowledge and motor ability. For example, metrics M4 &
M5 suggested that the average time taken to play each chord may
be predictive of proficiency. However, these metrics are likely de-
termined by both the conceptual knowledge of what notes are in
each chord and the motor ability to efficiently configure the neces-
sary body parts to physically play the chord - both could be viewed
as distinct proficiencies. Given this, it is initially unclear how much
of the chunking signal is distorted by complex interactions between
motor execution and conceptual knowledge. Future work aimed at
disentangling this interaction may be beneficial to clarify the valid-
ity of the proposed metrics, and for informing decisions related to
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how digital learning environments use these metrics to adaptively se-
quence individualised learning content.

It is also worth considering the degree to which this distinction
is necessary; studies from embodied cognition highlight the key in-
volvement that sensorimotor loops have in working, implicit, and
long-term memory (see [18] for a review). Since motor processes are
seemingly involved throughout many key stages of cognitive pro-
cessing, a more holistic approach to skill acquisition could involve
purposefully blurring the lines between conceptual knowledge and
motor skill. This is specifically pertinent to the domain of piano play-
ing. For example, previous work has attempted to minimise for the
variation of motor skill because the method of input is unrelated to
the domain knowledge being measured (e.g. differences in typing
ability would interfere with the signal when testing for programming
knowledge [1]). For piano playing, however, more properties of the
chunking signal may be able to be utilised, as it is directly related to
the target skill - i.e. playing the piano. The transferral of chunking-
based proficiency evaluation to this domain may be therefore signif-
icant because it suggests that the proposed method is robust enough
to accommodate for, and even take advantage of, large variations in
task-dependent motor skill between experts and novices.

In a similar vein, future research can investigate how the quality
of proficiency measurement can depend on the alignment between
an assessment method and the target of assessment. For example, to
gain chunking metrics, the proposed assessment requires participants
to complete a memory task that they would likely not encounter dur-
ing normal piano playing scenarios: producing a long, unseen chord
sequence from memory without a defined tempo. It is important that
assessment tasks are designed in such a way that they produce mea-
surements of the appropriate skills pertaining to the target learning
objective, and not some kind of arbitrary skill that is too abstract and
thus irrelevant to general piano playing.

6 CONCLUSION

We envision digital learning environments that operate in what ap-
pears almost like a niche in today’s AI landscape, where hyper-
automation is often the most obvious - but not necessarily most useful
- approach: Systems that support humans in performing their tasks
in a collaborative fashion rather than systems that are trying to re-
place them entirely. By using chunking as a framework for informing
the mechanics of digital learning in creative domains, the proposed
method of digital assessment could employ behavioural metrics to
model piano players’ skill based on the richness of associations that
they have with musical material, as opposed to the accuracy with
which they can play specific material. We hope that this will be use-
ful to augment piano tuition and aid creativity and skill in a way that
does not require algorithms to make overly rigid value judgements in
what is largely an aesthetic domain, such as determining what may
or may not be a ”good” jazz improvisation, for example. Beyond
this, we believe that chunking metrics could be useful for informing
AI models that could drive the selection and presentation of learning
content in assistive technologies, to more flexibly adapt to student
proficiency, and with the aim to yield more effective tuition and sup-
port long-term motivation. While these systems are currently a long
way off, the results of this study have shown promising correlations
between the proposed metrics and observed proficiencies, and clearly
motivate further research in this area.
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Confusion, Agency, and Metacognitive Instruction
in an Intelligent Tutoring System:

An Ability-Moderated Account
Dmitri Droujkov and Sutapa Dey Tithi and Tiffany Barnes1

Abstract. This study investigates the interaction between confu-
sion, frustration, and agency under metacognitive instruction in a
logic proof tutoring system (N = 249). The tutor teaches two domain-
specific metacognitive skills, a Plan/Act/Reflect cycle adapted for
logic proof construction and a Target Variable Strategy (TVS)
for backward-chaining through logical rules, under varying de-
grees of learner agency (forced, nudge, optional). Using Control-
Value Theory (CVT) as the explanatory framework, we report three
findings. First, prior ability moderates which affect responds to
metacognitive instruction. High-ability students show reduced frus-
tration and increased confusion, while low-ability students show
no affect differences. We call this a frustration-confusion swap:
metacognitive instruction reduces task-level struggle while introduc-
ing metacognitive-level challenge. Second, nudge prompting gen-
erates more confusion than forced prompting in high-ability stu-
dents. Prior work showed that agency moderates the functional con-
sequences of confusion. Our data extend this by showing that agency
also moderates confusion generation. Third, problem-type choice, an
independent agency dimension, trends in the same direction. The re-
sults suggest that confusion under metacognitive instruction reflects
effortful learning of domain-specific metacognitive skills. Further-
more, agency moderates both the generation and functional conse-
quences of confusion.

1 INTRODUCTION
Intelligent tutoring systems (ITSs) increasingly embed metacogni-
tive support alongside domain instruction [2, 24, 6], yet relatively lit-
tle is known about how students experience this support affectively.
ITS Research on affect has focused primarily on emotions during
domain problem solving [9, 4]. However, even when affective states
are measured alongside metacognitive scaffolding [5, 11, 3], prior
research has treated affect as related to learning rather than as a re-
sponse to the metacognitive instruction. Even less is known about
how student affective experience varies by prior ability or the degree
of agency afforded by the system. This paper investigates the rela-
tionship between confusion, agency, and metacognitive instruction
in a logic proof tutoring system, using Control-Value Theory (CVT)
as the explanatory framework.

1.1 Metacognitive instruction vs. scaffolding
Metacognitive support in ITSs can take two forms. Scaffolding pro-
vides temporary assistance for skills students are developing, fading

1 North Carolina State University, Raleigh, NC, USA, ddroujk@ncsu.edu

as competence grows [28, 19]. Instruction teaches new strategies in-
tended for permanent internalization, constituting a genuine learning
experience rather than temporary support [26].

The Deep Thought (DT) ITS used in this study teaches two
domain-specific metacognitive skills. First, it teaches the Target Vari-
able Strategy (TVS), a backward-chaining strategy in which students
identify the target conclusion, determine which variables to derive,
and select appropriate logical rules. Although students encountered
a version of TVS adapted for probability earlier in the same course
[1], the propositional logic-specific TVS requires different variable
identification and rule selection strategies, managing forward and
backward chaining through 16 logical rules rather than probability
calculations. This makes TVS in logic a substantively distinct skill.
Second, DT provides instruction in a Plan/Act/Reflect cycle adapted
for logic proof construction, in the tradition of [22]. In the Plan phase,
students enter goals to derive into a plan stack, specifying parent
lines, elimination terms, and rules. The plan interface supports both
forward chaining (from available logic statements called premises)
and backward chaining (from the target conclusion). During plan-
ning, TVS is one backward-chaining strategy students may apply but
are not required to. In the Act phase, students populate any remain-
ing parameters for each plan step and execute it by clicking a “Do it”
button that applies the planned rule on the proof canvas. Plan and Act
may be interleaved step by step rather than completed as a full plan
before any execution. In the Reflect phase, an end-of-problem dialog
prompts students to type a free-text reflection on how the planning
strategy helped them construct the proof, and to report mental effort
and help preferences on Likert scales. A post-tutor reflection dialog
at the session end assesses perceived mastery of the strategies. Nei-
ther Plan/Act/Reflect nor the logic-adapted TVS is a scaffold for an
existing skill; both are genuinely new instruction.

The instructional goal is internalization, not fading. Unlike scaf-
folding that is withdrawn as competence develops, Plan/Act/Reflect
and TVS are strategies students are expected to adopt as permanent
components of their problem-solving repertoire. The forced, nudge,
and optional prompting modes vary how the tutor promotes initial
engagement with these strategies. This distinction matters for in-
terpreting affective responses. If metacognitive support were purely
scaffolding, confusion might signal that the support is unnecessary,
reflecting a mismatch between the student’s existing competence and
the imposed structure [13]. But if the support is genuine instruction
in new metacognitive skills, confusion may instead signal produc-
tive cognitive disequilibrium from acquiring unfamiliar competen-
cies [10, 14, 27]. Domain ability does not guarantee metacognitive
proficiency [26]. A student who solves logic problems effectively
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may still have no experience with structured planning or backward-
chaining strategies adapted for formal proofs.

1.2 Control-Value Theory

Pekrun’s [20] Control-Value Theory (CVT) proposes that learners’
appraisals of control and value shape achievement emotions and
their consequences for performance, motivation, and well-being. In
the original CVT framework, frustration is classified as an activity-
related achievement emotion, experienced when a student expects
failure and anticipates negative consequences, oriented toward the
task itself rather than the learning process. The updated CVT [21]
expanded its scope to a general theory of human emotion and intro-
duced a three-dimensional taxonomy. CVT classifies confusion as an
epistemic emotion appraised in response to incongruity that could be
modeled as:

Confusion ∝ Incongruity · Value
Control

(1)

Confusion increases with the degree of incongruity encountered
and the value assigned to the task, and decreases with perceived
control. Agency, the degree to which a student has choice over
their own behavior, maps onto perceived control in this formulation.
Metacognitive support that reduces agency lowers perceived control
and should therefore increase confusion when learners encounter in-
congruity.

1.3 Frustration and confusion as distinct
constructs

Frustration and confusion are frequently treated as interchangeable
negative affects in tutoring system research, yet they have distinct
antecedents, durations, and learning consequences. D’Mello and
Graesser [9] demonstrated that confusion arises at productive im-
passes, moments of cognitive disequilibrium that prompt deeper pro-
cessing, while frustration signals unresolved impasse and predicts
disengagement. D’Mello et al. [10] further showed that confusion
predicts learning gains under conditions of productive cognitive en-
gagement, while frustration does not. They also demonstrated that
prior knowledge moderates confusion’s effects: “it takes a modicum
of knowledge to know what one knows and does not know,” so low-
knowledge learners may fail to detect impasses that would trigger
confusion, while high-knowledge learners can both detect and re-
solve the resulting disequilibrium. Baker et al. [4] extended this anal-
ysis, showing that confusion and frustration occupy distinct but re-
lated positions on a shared affective continuum with different an-
tecedents and consequences.

CVT specifies the appraisal mechanism that produces confusion
(high incongruity and low control), while D’Mello and Graesser
specify the functional outcome (deeper processing, if the confusion is
resolved). Together, they predict that the source of incongruity deter-
mines whether confusion is productive: incongruity from encounter-
ing genuinely new material (metacognitive instruction) should pro-
duce productive confusion, while incongruity from unnecessary con-
straint (scaffolding mismatch) should not.

1.4 Two sources of incongruity

When students receive metacognitive support alongside domain in-
struction, the default interpretation of any resulting confusion is

scaffolding mismatch: students with established problem-solving ap-
proaches encounter imposed structure that conflicts with their exist-
ing strategies. On this account, the structure itself is the source of
incongruity, and the resulting confusion reflects unnecessary cogni-
tive load rather than productive learning [13].

However, when the metacognitive support constitutes genuine
instruction in new skills rather than scaffolding of existing ones,
an alternative interpretation applies. Plan/Act/Reflect and TVS are
domain-specific strategies intended for internalization; neither is a
scaffold for a skill students already possess. On this account, incon-
gruity arises from acquiring unfamiliar metacognitive competencies,
and confusion reflects effortful metacognitive learning, productive
cognitive disequilibrium from reconciling new strategies with exist-
ing practice.

These sources are not mutually exclusive, but data can be used
to distinguish between them. If confusion reflects pure scaffolding
mismatch, then imposing metacognitive structure on students who
already perform well should increase both frustration and confusion
(or leave frustration unchanged while increasing confusion). If con-
fusion instead reflects effortful metacognitive learning, we would ex-
pect frustration to decrease because the instruction reduces task-level
struggle, while confusion increases from the new metacognitive chal-
lenge. We test this prediction in RQ1.

1.5 Agency and the confusion appraisal pathway

Self-determination theory (SDT; [25]) conceptualizes autonomy as
a continuum of regulatory styles. The experimental conditions in
this study vary student agency along a prompting mode dimension.
Forced prompting drastically reduces choice over metacognitive be-
havior, requiring a completed plan on designated training problems
before the student can proceed. Nudge reduces agency by remind-
ing students to plan while preserving the option to decline. Finally,
Optional allows planning mode but does not prompt for planning be-
fore starting the proof. SDT predicts that forced prompting produces
introjected regulation (“I have to do this”), while nudge allows iden-
tified regulation (“I see this is useful, and I choose to do it”).

The CVT formula predicts that reducing agency (control) should
increase confusion. However, agency may also moderate the func-
tional consequences of confusion. Droujkov et al. [8] found that in a
game-based learning environment, the inverse relationship between
average confusion episode duration and intrinsic motivation ap-
peared only under full agency. Under conditions that limited agency,
this relationship disappeared. Their finding suggests that agency
changes what confusion does, i.e., whether it connects to motiva-
tional outcomes, rather than simply whether it occurs. This raises the
question of whether agency also moderates how confusion is gen-
erated: under forced prompting, students may comply behaviorally
without the depth of cognitive engagement that produces confusion
from incongruity.

Schoenfeld [26] demonstrated that expert problem solvers employ
a plan-act-reflect cycle that novices lack, and that teaching this cy-
cle explicitly improves mathematical problem-solving. However, the
metacognitive control process itself is cognitively demanding, requir-
ing sustained effortful self-regulation that students may experience
as confusion even when it is productive. The degree to which stu-
dents engage with this process, rather than merely performing it un-
der compulsion, should determine whether confusion appears.
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1.6 Prior work on confusion, ability, and
metacognitive support in learning systems

Several lines of prior research converge on the questions addressed
here. Lehman, D’Mello, and Graesser [15] directly tested who bene-
fits from induced confusion, using false feedback to trigger cognitive
disequilibrium. Only students with both high cognitive ability and
high cognitive drive reported more confusion after false feedback.
These students also showed transfer learning gains, but only when
meaningfully confused. Students with low ability or low drive neither
experienced productive confusion nor benefited from it. This finding
is the closest precedent for our ability-moderated account: it estab-
lishes that confusion is not uniformly experienced and that individual
differences determine whether confusion connects to learning.

Lodge and Kennedy [16] proposed a theoretical model of “zones
of optimal and sub-optimal confusion,” integrating cognitive disequi-
librium, desirable difficulties, productive failure, and impasse-driven
learning. They argued that confusion is productive only when learn-
ers receive appropriate support at the right time and have the capacity
to resolve the disequilibrium. Our two-source incongruity framework
(Section 1.4) aligns with their model: scaffolding mismatch places
learners in a zone of sub-optimal confusion, while effortful metacog-
nitive learning places them in the optimal zone.

Richey et al. [23] examined confusion and frustration jointly,
measured as “confrustion,” in an erroneous examples tutoring sys-
tem. Confrustion was negatively correlated with both immediate
and delayed posttest performance across conditions, yet students in
the erroneous-example condition experienced more confrustion than
problem-solving controls and still outperformed them on the delayed
posttest — the condition-level benefit emerged despite, not because
of, the elevated confrustion. Notably, Richey et al. treated confusion
and frustration as a combined construct. Our data suggest they re-
spond to different antecedents and should be measured separately.

Azevedo et al. [3] studied MetaTutor, an ITS that uses ped-
agogical agents to scaffold self-regulated learning. More intense
initial prompting induced higher confusion in low prior knowl-
edge students. MetaTutor’s prompts scaffold existing SRL processes,
while DeepThought’s Plan/Act/Reflect and TVS are domain-specific
strategies intended for internalization, not temporary support for
skills students already possess. The direction of the ability-confusion
interaction may depend on whether the metacognitive support is scaf-
folding (confusion in those who lack the skill) or instruction (confu-
sion in those who must reconcile new strategies with existing com-
petence).

1.7 Research questions

Three questions test the CVT account, each addressing a different
term in Equation 1:

RQ1 How does prior ability moderate which affect, frustration or
confusion, responds to metacognitive instruction? (Tests incon-
gruity: ability determines whether dominant incongruity is task-
level or metacognitive-level.)

RQ2 How does the degree of agency preserved by prompting mode
(forced vs. nudge) modulate confusion in high-ability students?
(Tests control: does agency moderate not only the functional con-
sequences of confusion but also its generation?)

RQ3 How does problem-type choice, an independent agency di-
mension, further modulate confusion? (Tests a second, indepen-
dent manipulation of control.)

We additionally test the planning × pretest interaction on confu-
sion with pretest as a continuous moderator.

2 METHOD

2.1 Participants

Participants were 249 undergraduate Computer Science students in a
discrete mathematics course at a large public university. The study
was a required lab assignment (Spring 2026). Students were ran-
domly assigned to one of seven experimental conditions (n = 34
to 37 per condition).

2.2 Tutoring system

DeepThought is an intelligent tutoring system for teaching proposi-
tional logic proof construction [18, 17]. The interface presents the
given premises as labeled nodes on a canvas-based workspace and
the target conclusion at the bottom. Students iteratively select one or
more premise nodes, choose an appropriate logic rule, and apply it to
generate a new derived node until they complete the proof. The tutor
provides immediate feedback on rule applications and adaptive prob-
lem sequencing. The tutor supports forward, backward, and indirect
proof construction strategies.

The metacognitive component comprises the two skills: a logic-
specific TVS (backward-chaining) and a Plan/Act/Reflect cycle in
which students build a plan stack (forward or backward, TVS op-
tional) and execute steps via a “Do it” button, interleaving planning
and execution. After each problem, a reflection dialog collects a free-
text reflection plus mental-effort (9-point) and help-preference rat-
ings.

Table 1. Study procedure by level.

Level Problems Content Types

1 5 Pretest & introduction MWE, WE A, PS, RM
P 3 Planning instruction WE-P1, WE-P2, PS-PDF
2 4 Plan training begins PS, PS-PDF, PPE, Buggy
3 4 Plan training continues PS, PS-PDF, PPE, Buggy

4–6 4 each Adaptive practice PS, PPE, Buggy
7 6 Posttest PS only

2.3 Procedure

The lab averaged approximately 5 hours across 8 levels with 3 to 6
problems each (Table 1).

Level 1 introduced the proof interface through mixed worked ex-
amples (MWE), guided worked examples (WE A), problem-solving
(PS), and a rule mastery (RM) exercise. Level P, inserted between
Levels 1 and 2, provided planning instruction through two plan-
ning worked examples (WE-P1 focuses on plan creation via TVS;
WE-P2 focuses on plan execution and parameter filling) followed
by a planning dialog problem (PS-PDF), in which the tutor prompts
the student through each step of TVS-based planning and then has
them execute their own plan. Beginning in Levels 2 and 3, metacog-
nitive conditions diverged: students in planning conditions applied
Plan/Act/Reflect and TVS according to their assigned prompting
mode. Levels 4 through 6 provided extended practice with adaptive
problem sequencing (random or DRL-based, depending on condi-
tion). Level 7 served as the posttest, six novel problems solved with-
out metacognitive prompting.
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Three problem-type formats appeared from Level 2 onward. PS
(problem-solving, the primary assessment format) requires the stu-
dent to construct the entire proof from the given premises to the
conclusion. PPE (partially worked problem example) presents a sub-
set of the proof’s intermediate nodes already on the workspace, and
the student fills in the missing derivation steps. Buggy presents an
erroneous worked example, and the student identifies and corrects
faulty steps. The posttest (Level 7) used PS exclusively to assess un-
prompted performance.

2.4 Experimental conditions
Seven conditions varied along three dimensions (Table 2).

Table 2. Experimental conditions.

tc Prompting Selection Choice Agency

1 Optional Random No Highest
2 Forced Random No Lowest
3 Nudge Random No Medium
4 Forced DRL No Lowest
5 Nudge DRL No Medium
6 Forced DRL Yes Low
7 Nudge DRL Yes Higher

Prompting mode varied the degree of agency over metacognitive
behavior. In forced conditions (tc = 2, 4, 6), four designated train-
ing problems (2.4, 2.5, 3.4, 3.5) were delivered as guided planning
dialogs (PS-PDF) that required a completed plan before the student
could proceed; on the remaining problems, planning tools were avail-
able but not mandatory. In nudge conditions (tc = 3, 5, 7), students
received a reminder to plan but could decline and proceed without
planning. In the optional condition (tc = 1), no planning prompts
were presented. Students could use planning tools voluntarily.

Selection strategy determined problem sequencing. In random
conditions (tc = 1 to 3), problems within each level were drawn
uniformly at random from the level’s pool of allowed formats (PS,
PPE, Buggy). In DRL conditions (tc = 4 to 7), a deep reinforcement
learning policy selected the next problem type based on a 72-feature
student model updated after each problem, capturing per-step perfor-
mance, rule usage, time-on-task, and recent error patterns. From the
student’s perspective, the two strategies differ in within-level adap-
tivity, not in the set of formats available.

Problem-type choice was nested within DRL conditions. In choice
conditions (tc = 6, 7), before each new problem in Levels 4 through
6, the tutor displayed a selection dialog listing three options (PS,
PPE, Buggy); the student chose the format of the upcoming problem.
The DRL policy still controlled which specific problem instance was
delivered for the chosen format, so the student selected the format
but not the content. In all other conditions, the DRL policy or random
assignment determined the problem type. Problem-type choice was
thus an agency dimension orthogonal to prompting mode: a student
in a forced prompting condition could still hold problem-type choice,
and a student in a nudge condition could still lack it.

2.5 Measures
Prior ability. Pretest performance indexes domain ability in propo-
sitional logic proof construction, not metacognitive regulation or
self-reported confidence. It was computed as the mean problem-
Score across two Level 1 problem-solving (PS) problems (1.3 and

1.4), administered before any planning instruction (Level P), so the
measure is uncontaminated by exposure to TVS or Plan/Act/Reflect.
The problemScore composite equally weights rule accuracy, prob-
lem completion time, and solution length, normalized by interquar-
tile range within each problem. Pretest scores ranged from 0.31 to
0.93 (M = 0.693, SD = 0.147, Mdn = 0.722). Consistent with
the distinction drawn in Section 1.1, high domain ability on this mea-
sure does not entail metacognitive proficiency [26].

Posttest. Mean problemScore across six Level 7 problems (7.1 to
7.6), all solved without metacognitive prompting. Problems 7.1 and
7.2 were isomorphic to pretest; 7.3 to 7.6 required transfer to novel
proof structures (M = 0.704, SD = 0.116, n = 247).

Affect. Students self-reported their affective state by click-
ing one of five emoji buttons available throughout the session:
Stuck/Frustrated, Confused, Bored, Flow, or Delighted. Reports were
voluntary and could be submitted at any time. A total of 7,722 re-
ports were collected from 174 of 249 students (70%), with a mean of
44.4 reports per reporting student (Mdn = 20.0). Primary measures
were per-student proportions: frustrated prop (59.5% of all reports)
and confused prop (20.4%). Students with no affect reports were ex-
cluded from affect analyses.

Plan quality. For problems with planning, plan quality (M =
0.875, SD = 0.087) was the ratio of correct plan steps to total steps:
planCorrectCount / (planCorrectCount + planErrorCount).

Voluntary metacognitive behavior. Measured on PS problems only
(where planning was not mandatory regardless of condition): volun-
tary planning rate (proportion of PS problems with any plan goal se-
lection; M = 0.046, SD = 0.077) and TVS adoption rate (propor-
tion of PS problems with any mode toggle to term view; M = 0.066,
SD = 0.084).

2.6 Analysis

Three planned contrasts addressed the research questions: (1) Plan-
ning (tc = 2 to 7) vs. Optional (tc = 1), testing whether metacogni-
tive instruction produces different affective profiles; (2) Forced vs.
Nudge (tc = 2, 4, 6 vs. tc = 3, 5, 7), testing whether preserved agency
modulates confusion; (3) Choice vs. No Choice (tc = 6, 7 vs. tc =
4, 5, within DRL), testing an independent agency dimension. Each
contrast was tested with Welch’s t-test and Mann-Whitney U , with
Cohen’s d and 95% CIs. Kruskal-Wallis tests across all seven condi-
tions preceded planned contrasts.

Ability moderation. Each contrast was tested separately within
bottom 50% and top 50%, defined by a median split on pretest
(Mdn = 0.722): n = 125 (bottom) and n = 124 (top) on the
affect sample (N = 249, used for Findings 1–3), and n = 125
and n = 122 on the posttest-complete sample (n = 247). To con-
firm that ability moderation was not a dichotomization artifact, we
fit OLS regression with centered pretest as a continuous moderator
and tested the planning × pretest interaction on confused prop and
frustrated prop.

Exploratory analyses. Within the top 50%, we compared forced
and nudge on plan quality, voluntary planning rate, and TVS adop-
tion rate to test whether the same conditions producing more con-
fusion also produced better metacognitive engagement (convergent
validity for the effortful learning interpretation). We correlated con-
fused prop and frustrated prop with posttest scores, voluntary plan-
ning rate, TVS adoption rate, and plan quality within ability groups to
test whether confusion was associated with immediate learning out-
comes. The ability-split analyses are post-hoc and exploratory. We
report them as pattern-generating evidence warranting pre-registered
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replication, not confirmatory tests.

3 RESULTS
3.1 Full-sample affect: no condition differences
In the full sample (N = 174 with affect data), no significant differ-
ences in frustrated or confused proportions were observed across the
seven conditions (Kruskal-Wallis: frustrated H = 6.19, p = .40;
confused H = 6.09, p = .41). Frustrated/stuck was the dominant
reported affect across all conditions (M = 0.47 to 0.62, 59.5% of
all reports), while confusion was less frequent (M = 0.10 to 0.28,
20.4%). This null provides the baseline against which the ability-
moderated findings below should be interpreted.

3.2 Finding 1: ability moderates which affect
responds (RQ1)

The full-sample null masks a crossover by prior ability (Table 3).

Table 3. Affect by planning condition and ability group.

Affect Contrast Bottom 50% Top 50%

Frustrated Plan vs Opt d = 0.08 d = −0.68∗

p = .79 p = .043
CI [−1.33,−0.04]

Confused Plan vs Opt d = −0.55 d = 0.60
p = .15 p = .24 (MW)

CI [−0.04, 1.24]

For top 50% students, metacognitive instruction significantly re-
duced frustration (Planning M = 0.432, Optional M = 0.714;
d = −0.681, p = .043) and increased confusion (Planning
M = 0.217, Optional M = 0.029). The confusion increase is
not a shift in the typical student (both medians = 0): the paramet-
ric d = 0.601, p < .001 is inflated by near-zero variance in the
small Optional cell (n = 11), and the rank test is non-significant
(Mann-Whitney p = .24). It instead reflects a higher report-level
rate of confusion, where high-ability planning students were more
likely than Optional students to express confusion on any given re-
port (mixed/GEE logistic OR = 13.4, 95% CI [2.1, 87.8], p = .007).
This frustration-confusion swap, a robust frustration reduction along-
side an elevated confusion rate, is the central finding. Instruction in
Plan/Act/Reflect and TVS reduced task-level struggle while intro-
ducing metacognitive-level challenge. For bottom 50% students, nei-
ther affect differed significantly by condition. Frustration was high
across the board and confusion was low, consistent with task-level in-
congruity dominating the affective experience regardless of metacog-
nitive instruction.

Continuous moderation. Regressing confused prop on planning
condition, centered pretest, and their interaction yielded a significant
interaction (β = 1.353, t = 2.98, p = .003; R2 = .052 vs. .003 for
main effects; F = 8.89, p = .003). The effect of planning instruc-
tion on confusion increases continuously with prior ability. This in-
teraction is robust to estimator (HC3 robust SE p = .003; fractional-
logit p = .002) and does not depend on the median split; we treat it
as the primary test for RQ1, with the dichotomized contrast in Table 3
as illustration. A parallel model for frustrated prop showed a direc-
tionally opposite interaction (β = −0.980, t = −1.67, p = .096).

Swap by prompting mode. Decomposing the swap by mode shows
the two arms behave differently. Relative to Optional, frustration fell
under both prompting modes (nudge d = −0.79, p = .02; forced
d = −0.57, p = .09), and the two modes did not differ from each
other on frustration (forced vs. nudge d = 0.27, p = .27). The
confusion increase, by contrast, was concentrated in nudge: forced
was indistinguishable from Optional on confusion (Mann-Whitney
p = .71), and the forced vs. nudge difference was significant (Find-
ing 2). The frustration reduction is thus a general effect of metacogni-
tive instruction, whereas the agency grading that reaches significance
is specific to confusion.

3.3 Finding 2: nudge > forced on confusion (RQ2)
Within planning conditions, the forced vs. nudge prompting contrast
was tested separately by ability group for both confused and frus-
trated proportions (Table 4).

Table 4. Confused and frustrated proportions by prompting mode and
ability group.

Affect Ability Forced M (SD) Nudge M (SD) d p 95% CI

Confused Top 50% 0.129 (0.250) 0.300 (0.383) −0.524 .030 [−1.00, −0.05]
Confused Bottom 50% 0.223 (0.308) 0.189 (0.312) 0.109 .63 [−0.33, 0.55]
Frustrated Top 50% 0.489 (0.395) 0.378 (0.436) 0.266 .27 [−0.21, 0.74]
Frustrated Bottom 50% 0.523 (0.424) 0.638 (0.367) −0.290 .20 [−0.73, 0.15]

Among top 50% students, nudge produced significantly more con-
fusion than forced (d = −0.524, p = .030). The 95% CI excludes
zero. Among bottom 50%, forced and nudge did not differ on con-
fusion (d = 0.109, p = .63). Because the forced and nudge groups
each include a choice condition (tc6 forced, tc7 nudge), this contrast
is not independent of problem-type choice; restricted to the no-choice
conditions (tc2–5) the effect attenuates but stays directionally consis-
tent (d = −0.49, Welch p = .10, Mann-Whitney p = .04).

Frustration did not reach significance in either ability group, but
the directional pattern is informative. In top 50% students, nudge pro-
duced numerically less frustration than forced (d = 0.266, p = .27),
the directional opposite of the confusion effect: the same prompt-
ing mode that elevated confusion also tended to suppress frustration.
In bottom 50% students, the direction reversed: nudge produced nu-
merically more frustration than forced (d = −0.290, p = .20),
with confusion essentially unchanged. The contrast between ability
groups argues against an interpretation that nudge simply increases
all negative affect. For high-ability students, preserved agency con-
verts task-level frustration into metacognitive-level confusion. For
lower-ability students, who lack the domain resources to capitalize
on the freedom, the same preserved agency tends to amplify task-
level frustration without engaging the metacognitive challenge that
would generate confusion.

This pattern is counterintuitive under a naive reading of the
CVT formula: nudge preserves more agency (higher control), which
should predict less confusion. Droujkov et al. [8] showed that agency
moderates the functional relationship between confusion episode dy-
namics and motivation, where the inverse relationship between av-
erage confusion episode duration and intrinsic motivation appeared
only under full agency. Our finding extends this: agency moderates
not only what confusion does but whether it is generated. Forced
prompting may reduce agency so completely that students comply
procedurally without the depth of cognitive engagement required for
incongruity to register as confusion. Nudge, by preserving the option
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to decline, allows identified regulation [25]. Students who choose to
engage with the strategy process deeply enough for the incongruity
to produce confusion rather than mere procedural compliance.

Supporting evidence from metacognitive behavior. Within the top
50%, nudge produced marginally higher plan quality (d = −0.358,
p = .068), while voluntary planning rate (d = 0.276, p = .16)
and TVS adoption (d = 0.064, p = .74) did not differ. In the bot-
tom 50%, the plan quality advantage of nudge over forced was large
(d = −0.993, p < .0001). Because forced prompting mandated a
completed plan on the designated planning-dialog problems while
nudge did not, forced students produced more plan steps on those
problems; the nudge ratio advantage therefore reflects more selec-
tive, higher-accuracy engagement among those who choose to plan
rather than a greater volume of correct metacognitive practice.

3.4 Finding 3: choice trends toward more
confusion (RQ3)

A second, independent agency dimension, problem-type choice (tc =
6, 7 vs. tc = 4, 5, within DRL), showed a parallel pattern in top 50%
students (Table 5).

Table 5. Affect by choice availability (top 50% only).
Affect Choice M (SD) No Choice M (SD) d p 95% CI

Confused 0.327 (0.391) 0.151 (0.289) 0.524 .099 [−0.06, 1.11]
Frustrated 0.440 (0.427) 0.437 (0.421) 0.005 .99 [−0.57, 0.58]

The effect on confusion was in the same direction and of the same
magnitude as Finding 2 (d = 0.524), but marginal (p = .099). The
95% CI includes zero. Frustration was entirely unaffected by choice
(d = 0.005, p = .99). This result is consistent with the CVT ac-
count, where a second, independent manipulation of perceived con-
trol produces the same directional effect on confusion without affect-
ing frustration, but it does not reach conventional significance with
the available sample size (n = 20 choice, n = 27 no choice within
the top 50%).

Choice conditions also reported significantly fewer total affect
events (M = 19.2 vs. 33.4, Mann-Whitney p = .009, d = −0.33),
suggesting problem-type choice provides an agency outlet reducing
the overall impulse to report affect. When students in choice condi-
tions did report, a greater proportion of their reports were confusion
rather than frustration.

3.5 Confusion and learning outcomes

Within the top 50%, confusion was unrelated to overall posttest
(Spearman ρ = −0.011, p = .92, n = 79), isomorphic posttest
(ρ = −0.009, p = .94), and transfer posttest (ρ = −0.023,
p = .84). Frustration showed a weak negative association with iso-
morphic posttest (ρ = −0.226, p = .045) but not overall or trans-
fer posttest. In the bottom 50%, neither affect correlated with any
posttest measure (all |ρ| < 0.17, all p > .11).

Confusion was also unrelated to metacognitive behavior within the
top 50%: confused prop did not correlate with voluntary planning
(ρ = 0.145, p = .20), TVS adoption (ρ = 0.079, p = .49), or
plan quality (ρ = 0.044, p = .70). The confusion observed under
metacognitive instruction is neither productive (associated with bet-
ter learning) nor harmful (associated with worse learning) within a
single session. It is orthogonal to immediate performance outcomes.

4 DISCUSSION
4.1 A unified CVT account
The three findings converge on a single mechanism within CVT’s
framework (Equation 1).

Finding 1 addresses the incongruity term. For high-ability stu-
dents, Plan/Act/Reflect and TVS are genuinely new metacogni-
tive skills that create strategy-level incongruity. The instructed ap-
proach extends beyond or conflicts with their existing problem-
solving methods. These students have sufficient domain competence
to handle the proof tasks themselves (frustration drops), but they ex-
perience confusion from the unfamiliar metacognitive process. For
lower-ability students, the dominant incongruity is at the task level.
The proofs themselves are challenging, producing frustration rather
than confusion.

Finding 2 addresses the control term, but not in the direction
a naive CVT reading predicts. Forced prompting reduces control
more than nudge, yet produces less confusion. Droujkov et al. [8]
showed that agency moderates the functional consequences of con-
fusion, where the confusion-motivation link only appeared under
full agency. Our data go further, showing that agency also moder-
ates the generation of confusion. Forced prompting produces behav-
ioral compliance without the cognitive engagement needed for incon-
gruity to be appraised. Nudge preserves enough agency for identified
regulation [25]. Students who choose to engage with the strategy pro-
cess it deeply enough for the incongruity to register. Control operates
not as a simple denominator but as a threshold: below a minimum
level of agency, genuine engagement does not occur, and confusion
is suppressed.

Finding 3 provides a partial replication with an independent ma-
nipulation of control. Problem-type choice, a second agency dimen-
sion, produces the same directional effect (d = 0.524) on confusion
in high-ability students, though the effect is marginal. The conver-
gence across two independent manipulations of agency, prompting
mode (Finding 2) and problem-type choice (Finding 3), strength-
ens the inference that control is the operative CVT parameter, even
though neither manipulation alone would be definitive.

4.2 Confusion as effortful metacognitive learning
The frustration-confusion swap in high-ability students (Finding 1)
is the primary evidence favoring effortful learning over scaffolding
mismatch. Three observations support this interpretation. First, frus-
tration drops (d = −0.681) while confusion rises (d = 0.601). Pure
mismatch predicts both negative affects increase or frustration re-
mains flat. Second, nudge produces more confusion than forced (d =
−0.524). If confusion were a reaction to unnecessary constraint, the
more controlling condition should produce more. Third, nudge pro-
duces higher plan-quality ratios than forced (overall d = 0.66, bot-
tom 50% d = 0.993; nudge higher in both). The conditions gener-
ating more confusion also generate higher-accuracy (though lower-
volume) planning.

The two sources of incongruity, scaffolding mismatch and effort-
ful learning, are not mutually exclusive, and the current data can-
not definitively separate them. However, the overall pattern is more
consistent with productive metacognitive challenge. D’Mello and
Graesser [9] describe exactly this kind of productive confusion: cog-
nitive disequilibrium at an impasse that, if resolved, drives deeper
processing. Lodge and Kennedy’s [16] model of optimal vs. sub-
optimal confusion zones provides further theoretical grounding. The
frustration-confusion swap suggests high-ability students are in the
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optimal zone (productively challenged by new metacognitive skills),
not the sub-optimal zone (overwhelmed by unnecessary constraint).

Plan/Act/Reflect and TVS create productive impasses because
they are domain-specific skills requiring new learning, not generic
“plan ahead” prompts (see Section 2.2). Even students who per-
formed well on the domain tasks had no prior experience with these
structured approaches to logic proof construction. As Schoenfeld
[26] demonstrated, expert problem solvers employ metacognitive
control processes that novices lack, and the control process itself is
cognitively demanding even when the domain content is not.

The null confusion-posttest relationship (Section 3.5) neither sup-
ports nor undermines this interpretation. Richey et al. [23] ob-
served a similar dissociation: confrustion correlated negatively with
posttest performance, yet the erroneous-example condition, despite
more confrustion than controls, outperformed them on the delayed
posttest. Within a single 5-hour session, metacognitive skills may be
too nascent to manifest as measurable performance gains. Students
are still learning to plan and apply TVS, not yet reaping benefits from
internalized strategies. This temporal dissociation between metacog-
nitive learning and domain performance is expected when two skill
dimensions are developing on different timescales.

4.3 Agency as moderator of confusion dynamics
Droujkov et al. [8] showed that agency moderates the functional con-
sequences of confusion: the inverse relationship between the average
duration of the confusion episode and intrinsic motivation appeared
only under full agency. Our data extend this by showing that agency
also moderates the generation of confusion in high-ability students
(d = −0.524, p = .030 for prompting; d = 0.524, p = .099
for choice). Together, the two studies suggest that agency operates
at multiple levels of the confusion process and that the relationship
is ability-moderated: only high-ability students show the confusion
response to agency manipulations, while lower-ability students’ af-
fective responses are dominated by task-level challenge regardless of
agency.

4.4 Design implications
These findings have four implications for the design of affect-aware
tutoring systems.

First, confusion under metacognitive instruction is diagnostic
rather than uniformly negative. In high-ability students, it signals en-
gagement with new metacognitive skills, and removing instruction
in response would terminate the productive cognitive disequilibrium
the system was designed to support. Lodge and Kennedy’s [16] zones
model suggests the appropriate response is to maintain the learner in
this optimal confusion zone rather than eliminating confusion en-
tirely.

Second, frustration and confusion have distinct antecedents and
impacts and should be measured with sufficient resolution to re-
cover that distinction [4], rather than collapsed into a single “con-
frustion” construct [23]. Frustration in lower-ability students signals
task-level struggle; persistence support, hints, or reduced problem
difficulty are appropriate. Confusion in higher-ability students sig-
nals metacognitive-level challenge; continued engagement with the
strategy may be sufficient.

Third, prompting should preserve agency. Nudge produces both
higher confusion and higher-accuracy planning than forced prompt-
ing. The agency preserved by nudge enables the genuine cognitive
engagement that drives both productive confusion and more accurate

planning among those who plan. Forced prompting achieves higher-
volume but lower-accuracy planning on the mandated problems, with
voluntary uptake comparable to nudge but less of the confusion that
marks deeper processing.

Fourth, affect interpretation requires ability context, and the di-
rection of the ability-confusion interaction depends on whether
metacognitive support is scaffolding or instruction. Lehman et al.
[15] found that only students with high cognitive ability and drive
benefit from induced confusion, and Azevedo et al. [3] found that
MetaTutor’s SRL prompts, which scaffold existing self-regulation
processes, induced more confusion in low prior knowledge students,
while our domain-specific metacognitive instruction induced more
confusion in high-ability students. Systems should distinguish be-
tween scaffolding existing skills (where confusion signals insuffi-
cient support) and teaching new skills (where confusion signals pro-
ductive engagement), and should not act on a detected affect without
also conditioning on ability.

5 LIMITATIONS AND FUTURE DIRECTIONS

The affect measure relies on voluntary emoji self-reports, which de-
pend on students’ willingness and ability to introspect on their af-
fective states. Of 249 students, 174 (70%) reported any affect, and
proportions are sensitive to reporting frequency. Behavioral or phys-
iological measures of confusion would provide convergent validity.

The ability-moderation analyses are exploratory. The median split
on pretest is post-hoc and not pre-registered. After splitting by both
ability and condition, sample sizes reduce to n = 15 to 20, in-
sufficient for confirmatory inference. The continuous moderation
(p = .003) mitigates the dichotomization concern but does not ad-
dress the post-hoc nature.

Finding 3 (choice effect) is marginal (p = .099) and should be in-
terpreted cautiously. Problem-type choice is confounded with DRL-
based problem selection. Choice was only available under DRL con-
ditions (tc = 6, 7), so the choice effect cannot be fully isolated from
the effects of the problem selection strategy. The forced vs. nudge
contrast (Finding 2) is likewise not fully independent of choice, since
the choice conditions sit within it; removing them attenuates the ef-
fect to p = .10 (Welch), though the nonparametric test remains sig-
nificant (p = .04).

The CVT formula is used as a conceptual framework, not a quan-
titative model. The parameters (λ, incongruity, value, control) are
not measured directly. We infer incongruity from the novelty of the
metacognitive instruction, and control from the experimental manip-
ulation of agency. Direct measurement of perceived control and per-
ceived incongruity would allow more precise tests of the appraisal
mechanism.

The effortful learning and scaffolding mismatch interpretations
cannot be definitively distinguished. Think-aloud protocols or
process-level confusion tracking could reveal whether confusion di-
minishes as metacognitive strategies become familiar (consistent
with effortful learning) or persists throughout the session (more con-
sistent with mismatch). Level-by-level affect data from this study
show suggestive but underpowered trends: confusion in top 50%
planning students peaks at training levels and decreases toward the
posttest, but per-level cell sizes are too small for reliable inference.

Future work should pursue four directions. First, a pre-registered
ability-stratified design with adequate per-cell power (n = 30+ per
ability group × condition cell) to confirm the aptitude-treatment in-
teraction on confusion [15]. Second, longitudinal tracking across
multiple sessions, motivated by Richey et al.’s [23] finding that
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confusion predicted delayed but not immediate posttest gains. Re-
peated sessions would test a central prediction of the productive-
confusion hypothesis: confusion should diminish as students grow
familiar with Plan/Act/Reflect and TVS, whereas confusion that per-
sists across sessions would instead indicate a lasting scaffolding mis-
match. Third, direct manipulation of CVT components to test the
appraisal mechanism rather than inferring it from conditions. Fourth,
a within-study comparison of scaffolding vs. instruction conditions
to test whether the ability-confusion interaction reverses.

6 CONCLUSION
Confusion under metacognitive instruction in an intelligent tutoring
system is not a uniform signal of difficulty. It is an ability-moderated,
agency-dependent response that, in high-ability students, co-occurs
with reduced frustration and more accurate planning when students
choose to plan. Control-Value Theory provides a coherent frame-
work: the source of incongruity (task-level vs. metacognitive-level)
determines which affect responds, while the degree of agency mod-
erates both the generation and the functional consequences of confu-
sion. Although theoretical work has recognized confusion’s produc-
tive potential [10, 16, 14], affect-aware system implementations typ-
ically treat detected confusion as a negative state to be remediated
through hints or difficulty reduction [7, 12]. Our findings suggest
this default response is inappropriate when confusion arises from
metacognitive instruction in high-ability students, and that prompting
designs preserving learner agency, nudge rather than forced, produce
both richer affective engagement and better metacognitive outcomes.
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Semantic Scaffolding: Augmenting Textual Structures 
with Domain-Specific Groupings for Accessible Data 
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Abstract. Drawing connections between interesting groupings of 
data and their real-world meaning is an important, yet difficult, part 
of encountering a new dataset. A lay reader might see an interesting 
visual pattern in a chart but lack the domain expertise to explain its 
meaning. Or, a reader might be familiar with a real-world concept 
but struggle to express it in terms of a dataset’s fields. In response, 
we developed semantic scaffolding, a technique for using domain-
specific information from large language models (LLMs) to identify, 
explain, and formalize semantically meaningful data groupings. We 
present groupings in two ways: as semantic bins, which segment a 
field into domain-specific intervals and categories; and data high-

lights, which annotate subsets of data records with their real-world 
meaning. We demonstrate and evaluate this technique in Olli, an ac-
cessible visualization tool that exemplifies tensions around explicitly 
defining groupings while respecting the agency of readers to conduct 
independent data exploration. We conducted a study with 15 blind 
and low-vision (BLV) users and found that readers used semantic 
scaffolds to quickly understand the meaning of the data, but were 
often also critically aware of its influence on their interpretation. 

1 Introduction 
When a lay reader encounters a new dataset on a website or news arti-
cle, an important part of their exploratory process is to identify inter-
esting groupings of data, and explain them in terms of that data’s real-
world meaning. Broadly, the real-world meaning of data is known as 
its semantics; domain-specific knowledge about data is how a reader 
determines whether a number “represent[s] a day of the month, or 
an age, or a measurement of height, or a unique code for a specific 
person, or a postal code for a neighborhood, or a position in space” 
[14] or other possible meanings. Effectively drawing connections be-
tween data and its semantics can be challenging for a lay reader. For 
instance, a reader might see an interesting visual pattern in a chart but 
lack the domain-specific knowledge to explain its meaning. In this 
case, difficulty arises because the reader does not know what they 
don’t know — it may be difficult to know how to begin to acquire 
the relevant context. Or, a reader might be familiar with a real-world 
concept but struggle to translate it into the terms of the dataset. For 
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example, a reader may not know how to approximate a subjective 
concept like “sports car” in terms of fields like Horsepower and 
Miles per Gallon — or possibly other fields in the dataset that 
were not in the initial visualization. These challenges can affect a 
reader’s comprehension of the data — as prior research has shown, a 
reader’s interpretation of a visualization is sensitive to differences in 
their prior knowledge and personal background [9, 16]. 

In response, we developed a technique called semantic scaffolding 
for using domain-specific information from large language models 
(LLMs) to identify, explain, and formalize semantically meaningful 
data groupings. Rather than use an LLM to generate summary de-
scriptions or chat responses, we use it to return groupings as data 
structures that include a name, explanation, and query predicate. For 
instance, in the example cars dataset, an LLM might create a group-
ing named “Fuel Efficient Japanese Cars” with the following expla-
nation: “This group represents cars from Japan that are known for 
their fuel efficiency, reflecting Japanese automotive engineering and 
consumer trends towards sustainable driving” (Figure 1). Crucially, 
the LLM associates this grouping with the following query predi-
cate: Miles per Gallon ≥ 25 ∩ Origin = Japan. This al-
lows a reader to connect the name and explanation with an explicitly-
defined subset of data. We developed two types of interface elements 
for presenting semantic groupings to a reader: semantic bins, which 
segment a single field (i.e. column) into domain-specific intervals 
and categories; and data highlights, which annotate subsets of data 
records (i.e. rows) with their real world meaning. These two uses of 
semantic scaffolding in an interface serve distinct purposes. Seman-
tic bins help a reader break down a single field into understandable 
pieces, facilitating navigation and exploration through a dataset. Data 
highlights help a reader quickly get an overview of a dataset, indicat-
ing potentially interesting subsets to begin exploring further. 

We prototyped these designs via extensions to Olli [3], an acces-
sible visualization system for screen reader users. Data accessibility 
is a rich context in which to evaluate our work because current tools 
for blind and low vision (BLV) screen reader users amplify the chal-
lenges lay readers of visualizations face. First, sighted readers often 
rely on their visual perception to identify interesting groupings in a 
visualization, but screen reader interfaces rarely afford a similar type 
of overview. Second, BLV readers highly value the agency to inde-
pendently explore data, conduct an open-ended interpretive process, 
and arrive at their own conclusions about the data [13]. For instance, 
research has shown that screen reader users find descriptions less use-
ful when they over-emphasize contextual and domain-specific infor-
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Figure 1. Data highlights generated from an example cars dataset using the semantic scaffolding technique. Each highlight is shown with a visualization of its 
query predicate, demonstrating that highlights correspond to areas of interest in the data. 

mation at the expense of descriptive statistics or the data values them-
selves [13, 5]. These two factors require screen reader interfaces to 
strike a balance between making groupings available without overly 
prescribing a reader’s interpretation. In a study with 15 blind and 
low-vision users, we found that textual scaffolding was able to accel-
erate BLV readers’ understanding of a dataset’s real-world meaning, 
but that readers were often critically aware of AI’s influence on their 
interpretation process. 

2 Related Work 
2.1 Accessible Textual Data Representations 
To make data visualizations accessible to screen reader users, a de-
signer must provide descriptions that can be read as text-to-speech. 
Because conventional static alt text does not afford data exploration 
at varying levels of detail comparable to strategies sighted readers 
employ, researchers have turned to structured textual descriptions 
[27], which enable screen reader users to navigate along a hierarchy 
and move between overview and detail with textual descriptions. Ac-
cessible visualization systems that incorporate structured textual de-
scriptions include Olli [3], Data Navigator [6], VizAbility [7], Chart 
Reader [25], and Umwelt [28]. This work introduces a technique for 
augmenting textual structures with LLM-generated groupings, and 
demonstrates the technique via extensions to Olli. 

2.2 Data Narratives and Interpretation 
Visualization researchers have used the term “narrative visualiza-
tion” to describe the use of visualizations to tell stories with data 
[20]. Researchers studying narrative visualization have noted that the 
interpretation of data is not self-evident; rather, it is shaped by design 
and communication strategies that incorporate additional context and 
guide a reader through an interpretation process. For instance, “en-
hancing structure and navigation” and “providing controlled explo-
ration” as important data storytelling techniques [23]. 

For users of textual data representations, textual annotation and 
interactivity (e.g. navigation) are particularly important factors that 
influence readers’ experience of the data. To understand the differ-
ent kinds of information that authors typically include in textual de-
scriptions or annotations, Lundgard and Satyanarayan [13] define a 
four-level model of semantic content in descriptions: (L1) elemen-
tal and encoded details like chart types and labels; (L2) statistical 

and relational data such as outliers and correlations; (L3) perceptual 
and cognitive insights into trends and exceptions; and (L4) contex-
tual and domain-specific knowledge. When they ran a study to find 
out what content is most useful, they found that BLV users’ prefer-
ences diverged from sighted users in a significant way. Where sighted 
readers rated L4 content the most useful, BLV users found it less 
useful because they wanted “to have the time and space to interpret 
the numbers for myself before I read the analysis” [13]. So while 
domain-specific information can be useful in descriptions, they also 
influence a reader’s takeaway and their feeling of agency. 

Our work draws on this work to introduce interface designs for 
guiding a reader’s navigation through a textual data representation 
using domain-specific information. 

2.3 Generating Textual Descriptions with 
Language Models 

Natural language generation of textual descriptions for data visual-
ization is an area of research that has received renewed attention due 
to recent advances in large language models (LLMs). There are gen-
erally two interface design approaches that these systems have taken. 
First are systems that provide a chat-like interface with which a user 
can query a description by inputting a question in natural language 
(often known as chart question answering systems) [11, 21, 7]. Sec-
ond are systems that generate standalone summary descriptions of 
charts, similar in format to conventional alt text written by humans. 
This work includes systems like Chart-to-Text [15] and DataTales 
[24]. The advantage of using LLMs to generate descriptions is that 
they can automatically incorporate contextual and domain-specific 
information — also known as L4 semantic content [13] — into de-
scriptions [12]. However, a critical limitation of this approach is the 
possibility that generated descriptions can contain errors, including 
hallucinations [10]. But even if generated captions were correct all 
of the time, there would still be drawbacks to existing approaches. 
For instance, Choe et al. noted that users sometimes become over-
reliant on the LLM in a chart question answering system instead 
of developing their own interpretations of the data [5]. Similarly, 
summarization-based approaches have the same limitations that con-
ventional alt texts do; namely, that they lack affordances for infor-
mation granularity and limit users’ ability to conduct self-guided ex-
ploration [27]. In our work, we introduce a new technique — dis-
tinct from Q&A or summarization — for using LLMs to incorporate 
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domain-specific information. We use an LLM to generate semanti-
cally meaningful groupings, and use that output to support structural 
navigation [27]. 

3 Semantic Scaffolding: Identifying, Explaining, 
and Formalizing Meaningful Data Groupings 

Semantic scaffolding is a technique for using domain-specific infor-
mation from a large language model (LLM) to guide a reader’s un-
derstanding of a dataset’s meaning. We engaged in an iterative co-
design process involving a blind co-author in which we prototyped 
methods for incorporating domain-specific information into a user 
interface for data exploration. This prototyping process revealed dif-
ferent types of user needs that semantic scaffolding could address, 
which we explore via two types of interface elements: semantic bins 
and data highlights. 

3.1 Semantic Bins 
Binning is a common operation for analyzing and communicating 
data that involves dividing a field into equally-sized intervals that 
cover the extent of the field’s data values. Most data visualizations 
implicitly use binning to generate axis ticks, and accessible tex-
tual data representations frequently use binning to structure a screen 
reader’s navigation through data. 

The conventional approach to binning does not take into account 
domain-specific information; computing equally-sized bins is a func-
tion that can be applied to any dataset. However, lack of semantic in-
formation could make it more difficult for a reader to understand and 
contextualize a field’s data values. For example, in a dataset about 
cars, a bin function might segment the miles per gallon field 
by equally-sized increments of 10. However, a reader might not know 
what range of values is considered a low vs. high fuel efficiency, or 
whether an increment of 10mpg represents a large or small difference 
in fuel efficiency. As a result, it might be difficult for them to map the 
numbers onto their subjective understanding of fuel efficiency. 

Semantic bins are groupings that use domain-specific information 
to segment a field into higher-level intervals and categories that ex-
press a dataset’s meaning. Figure 2 shows an example usage of se-
mantic binning applied to fields with a variety of Vega-Lite mea-
sure types [1] (temporal, quantitative, and nominal). For a continuous 
(e.g., temporal, quantitative) field, we prompt an LLM to re-bin the 
field, specifying in the prompt that bins should be non-overlapping 
intervals that cover the extent of the data. In the figure, the semantic 
bins map onto how a reader might make sense of years (via histor-
ical periods corresponding to agricultural practices), and amount of 
wheat yield (via levels from low to high relative to the typical or 
expected yield) (Figure 2A). For a categorical field, we prompt an 
LLM to group categories into higher-level groupings, specifying in 
the prompt that the groupings should be mutually exclusive and ex-
haustively cover all categories. The figure example takes the names 
of barley varieties and groups them into meaningful high-level cate-
gories, such as “Heritage Varieties” or “Modern Breeds” (Figure 2B). 

3.2 Data Highlights 
Data highlights are groupings of data records along criteria that 
correspond to a real-world interpretation. In contrast to a seman-
tic bin, which is defined by a predicate involving only one field, 
a data highlight’s predicate can involve multiple fields to select a 
subset of data records. For example, each data highlight in Figure 1 

Figure 2. Semantic binning using a example wheat and barley datasets. 
A) the year field (temporal) is binned into historical periods, and wheat 
yield (quantitative) is binned into levels of low to high production. B) barley 
variety (nominal) is grouped into higher-level variety types. 

represents a semantically-meaningful subset of cars in the example 
car dataset, with a predicate that involves two or more of the fields 
Horsepower, Miles per Gallon, and Origin. 

Data highlights are akin to visual annotations for readers, which 
are a technique that designers frequently use to emphasize and draw 
attention certain parts of the data [18]. Indeed, data highlights have 
the same components as many instances of visual annotation: a de-
fined subset of data records, and a semantically-meaningful expla-
nation. However, we think of data highlights as independent of any 
specific visual representation. In our examples, we convey data high-
lights both as a conditional encoding in a visualization (e.g. visually 
annotating the included data points using color or opacity), and as 
descriptions in a textual structure (Figure 1). 

Data highlights are designed to help lay readers understand 
a dataset even if they lack prior knowledge about the data do-
main. For example, in the cars dataset from Figure 1, a reader 
might observe the inverse relationship between Horsepower and 
Miles per Gallon but lack the context to know why there might 
be a tradeoff between the two, or how cultural factors between the 
three Origin values contribute to differences. In Figure 1, each 
data highlight focuses on a different region of the chart, and connects 
the selected data points with a real-world explanation. For example, 
the third data highlight in the figure is called “Low Horsepower Eu-
ropean Cars,” and explains the tendency for European cars to have 
lower horsepower in terms of economy, practicality, and urban com-
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muting. The highlight includes a query predicate defining the group-
ing’s inclusion criteria in terms of the Horsepower and Origin 
fields, allowing the reader to connect the explanation to concrete val-
ues in the dataset. 

3.3 Limitations 

Figure 3. Examples of LLM errors encountered in our design process. A) 
LLM hallucinates dataset semantics when there is not enough information. 
B) LLM includes information that is outside of the dataset’s context. C) LLM 
generates incorrect query predicate. 

Because semantic scaffolding is a technique that relies on LLMs, 
it is limited by the kinds of errors LLMs tend to make. Here, we 
provide examples of errors we observed in our prototyping process. 

Hallucinated dataset semantics. When a dataset does not have 
meaningful field labels, the LLM might hallucinate a domain for the 
data. In Figure 3A, the data has the generic field labels of category 
and value. Even though there’s no information about what these 
fields mean, the LLM interprets them as consumer products. 

Social context inappropriate to dataset. The LLM may incor-
porate domain-specific information that is not necessarily factually 
wrong, but is outside of the scope of the dataset. Figure 3B shows a 
data highlight referencing the COVID-19 pandemic, which started in 
2020, for an unemployment dataset that only covers 2000–2010. 

Incorrect query predicates. Figure 3C demonstrates an error where 
the LLM identified a reasonable grouping, but was unable to for-
mulate a correct query predicate that matches the explanation. The 
figure shows one correct predicate and one incorrect predicate gener-
ated from the same data. While the fertility between 2000 and 
3 term is syntactically valid, it is semantically incorrect. 

Discussion of limitations. In our prototyping process, we ex-
plored recent techniques for LLM output validation, such as SymGen 
[8]. However, we found that most data-to-text validation techniques 
were not appropriate for our use case, because we are not merely 
asking the LLM to summarize a dataset. In our case, our goal is to 
leverage the LLM’s knowledge that is external to the dataset. As a re-
sult, validating this information requires either access to an external 
knowledge base, or use of a proxy like the model’s internal confi-
dence [26]. Therefore, because this is still an active area of research, 
we were not able to incorporate reliable technical approaches to val-
idating the output of semantic scaffolding at this time. However, in 
our user testing, we surfaced insights on user behaviors and strategies 
for validating and thinking critically about LLM output (section 5). 

4 Implementation 
We implemented semantic scaffolding by prompting 
gpt-4o-mini with instructions to create and return data 
groupings, attaching a full dataset to the prompt. To ensure that 
we receive a structured response from the LLM, we defined a data 
structure that specifies our expected response format. Each grouping 
identified by the LLM is returned as a data structure with three 
properties: a name that summarizes the content of the grouping; a 
longer explanation of the grouping’s meaning; and a query predicate 
that defines the criteria for a data point to be included in the group-
ing. For compatibility with existing visualization tools, the query 
predicate is specified in Vega-Lite’s existing predicate syntax [19]. 
Figure 4 contains a definition of the data structure in TypeScript 
syntax. 

type LLMResponse = { 
groups: SemanticScaffold[]; 

}; 

type SemanticScaffold = { 
name: string; 
explanation: string; 
predicate: 

LogicalComposition<FieldPredicate>;↪→ 

}; 

{ 
"name": "AAPL Price Surge During the Tech 

Boom",↪→ 

"explanation": "This group focuses on 
Apple's stock price during the late 
2000s and early 2010s, highlighting 
its rise in value matched with the 
smartphone revolution and innovation 
of products like the iPhone.", 

↪→ 

↪→ 

↪→ 

↪→ 

↪→ 

"predicate": { 
"and": [ 

{ "field": "symbol", "equal": "AAPL" 
},↪→ 

{ "field": "price", "gte": 150 }, 
{ "field": "date", "range": 
[ "2008-08-31", "2012-12-31" ] } 

] 
} 

} 

Figure 4. Type definitions and example for semantic scaffolding 

5 Evaluation: User Study 
To evaluate semantic scaffolding, we conducted a user study with 
15 blind and low-vision (BLV) participants who use screen readers. 
The goal of this evaluation was to understand how our technique af-
fects readers’ data exploration and interpretation. In this section, we 
describe the methods we used to design our evaluation, and report 
survey and interview results. 

5.1 Methods 
The study involved 100-minute Zoom interviews with 15 BLV partic-
ipants exploring three prototype implementations of semantic scaf-
folding in Olli [3]. We began each interview with a brief 10 minute 
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introduction to learn more about the user’s interactions with data, 
data visualizations, and large language models. To familiarize par-
ticipants with navigation in Olli, we did a 15 minute introduction of 
the existing baseline version of Olli. Then, we had users explore the 
data-first and highlights-first prototypes (described below), each for 
20 minutes. For each prototype, we guided participants through the 
prototypes and asked participants to explore the data and comment on 
their thought process. Then, we had users complete the prototype’s 
corresponding Likert survey. In the final 15 minutes, we discussed 
users’ overall takeaways and conducted a post-study survey. 
Prototypes. In our study, we used the default version of Olli as a 
baseline, and compared it to two prototypes with semantic scaffold-
ing. These two prototypes explored different ways to present seman-
tic scaffolds in a screen reader interface. One prioritizes showing ad-
ditional domain-specific information first, while the other prioritizes 
direct access to the data first. We created these two variations because 
we were interested in whether readers would prefer to have highlights 
first to orient themselves, or whether they would rather explore the 
data directly before zooming back out for additional context. For us, 
this question was connected to the idea of agency — for instance, 
would data highlights make a reader feel like they were being told 
what to think rather than drawing their own conclusions? For both 
prototypes, we presented a scatterplot but with a different dataset 
each time so we could understand how a prototype helped them make 
sense of new datasets. We chose scatterplots because they are typi-
cally considered difficult to read for screen reader users, and because 
sighted readers tend to identify groupings in scatterplots using vi-
sual features like clustering. For the user study, we pre-generated 
and hand-curated LLM responses to ensure that they made sense, 
were the same for each participant, and would load quickly. 

• Olli baseline. We use the existing version of Olli as a baseline and 
to familiarize participants with textual structures. This baseline 
uses an example movies dataset with fields US Gross, IMDB 
Rating, and MPAA Rating. 

• Data-first prototype. This prototype prioritizes giving readers a 
chance to explore the data before adding additional context. It 
conserves the original Olli structure as much as possible, and ap-
pends highlights to the end of the encodings level of the Olli tree 
view. This prototype uses an example penguins dataset with fields 
Flipper Length (mm), Body mass (g), and Species. 

• Highlights-first prototype. This prototype prioritizes giving an 
overview with data highlights first, before opening up further ex-
ploration in the data. Data highlights are presented as a subtree 
of annotations, prepended to the encodings level of the Olli tree 
view. This prototype uses an example cars dataset with fields 
Horsepower, Miles per Gallon, and Cylinders. 

Participants. We recruited 15 blind and low-vision participants by 
sending a participant call to a blind programmers’ community mail-
ing list and reaching out to a local BLV community group. Each 
participant was compensated $60 for 100 minutes. To protect par-
ticipant privacy, we’ve included anonymized and aggregated demo-
graphic information to provide background context. The majority 
(67%) of our participants were totally blind (n=10), while 27% iden-
tified as low-vision with some light perception (n=4) and 7% of 
participants did not respond (n=1). More than half (60%) of our 
participants have been blind since birth. 53% of participants were 
JAWS users (n=8) and 47% were NVDA users (n=7), relatively con-
sistent with screen reader statistics [2]. Demographically, 80% of 
participants use he/him pronouns (n=12) and 20% of participants 

use she/her pronouns (n=3). Participants were based across mul-
tiple continents, including North America, Europe, and Asia. Par-
ticipants self-reported their ethnicities (Asian, Black/African, Cau-
casian/white, Hispanic/Latinx, Other), represented a diverse range of 
ages (20–50+), and and had a variety of educational backgrounds 
(high school through to undergraduate and graduate school). With 
the exception of one participants that did not respond, almost all 
participants (n=14) self-reported as slightly, somewhat, or moder-
ately familiar with statistical concepts. 13 participants self-reported 
as slightly, somewhat, or moderately familiar with data visualization 
methods and 2 participants did not respond. Participants reported a 
high variety of frequency interacting with data or visualizations, from 
1-2 times/year to 3 or more times/week. Most participants (n=9) re-
ported using data analysis tools or visualizations either outside of 
their professional work or sometimes, but 2 participants reported data 
analysis tools or visualizations being an important part of their work-
flow. 4 participants reported rarely use data analysis tools. 

5.2 Quantitative Results 
We designed a Likert survey to understand participants’ preferences 
across the highlight-first and data-first prototypes. Participants re-
sponded on a five point scale where 1 = Very Difficult to Understand 
/ No Influence / No Additional Context / Not Effective / Never Felt 
the Need and 5 = Very Easy to Understand / Significant Influence / 
Extensive Additional Context / Extremely Effective / Always Felt the 
Need (Table 1). 

The highlights-first prototype consistently scored higher in terms 
of understandability for both highlights and bins, indicating that 
users found this prototype more intuitive and easier to use. De-
spite this, the influence of highlights and bins on data interpretation 
was similar between the two prototypes, suggesting that while the 
highlights-first prototype was easier to understand, it did not signif-
icantly change how users interpreted the data compared to the data-
first prototype. However, participants felt the highlights-first proto-
type was more effective in explaining and justifying its data high-
lights and bins, as reflected by higher scores in that category. Users 
also felt a slightly greater need to double-check the accuracy of data 
highlights and bins in the highlights-first prototype, though this dif-
ference was minimal. These results suggest that participants gener-
ally preferred the highlights-first prototype, which offers better us-
ability and clarity. However, these findings are best contextualized 
with our qualitative findings in the next section, especially around 
participants’ trust in AI and desire for agency in interpretation. 

5.3 Qualitative Results 
Several themes emerged during our observation of participant inter-
action with the prototypes, and in the interviews that followed. To 
analyze our qualitative data, authors Zong, Pedraza Pineros, and Ha-
jas independently conducted qualitative coding using interview tran-
scripts, grouping participant quotes into thematic categories. Then, 
authors synthesized these themes into the findings reported in this 
section. 

5.3.1 Semantic scaffolding helps readers understand and 
contextualize data 

When encountering a new dataset, readers need to understand the 
data’s real-world meaning first. P1 illustrated this point nicely, say-
ing “the numbers don’t mean much until I know a little bit about what 
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Table 1. Rating scores for each prototype (Data-first Prototype, Highlights-first Prototype) on a five point Likert scale. Median scores are shown in boldface, 
averages in brackets, standard deviations in parentheses. 

Prompt: After understanding how the [prototype] works... Data-first Highlights-first 

How understandable were the data highlights in the prototype? 4 [4.13] (0.64) 5 [4.53] (0.64) 
How understandable were the bins in the prototype? 4 [4.00] (1.20) 5 [4.67] (0.49) 
How much influence did the data highlights have on your inter-
pretation of the data? 

4 [3.60] (1.30) 4 [3.33] (1.45) 

How much influence did the bins have on your interpretation of 
the data? 

3 [3.13] (1.25) 3 [3.00] (1.36) 

How much additional context did the data highlights provide 
about the data? 

4 [3.93] (1.10) 4 [3.60] (1.24) 

How much additional context did the bins provide about the 
data? 

4 [3.47] (0.92) 4 [3.47] (0.83) 

How effectively did the prototype explain and justify its data 
highlights and bins? 

3 [2.93] (0.96) 4 [3.73] (0.88) 

How often did you feel the need to double-check the accuracy 
of the data highlights and bins? 

2 [2.33] (1.18) 2 [2.47] (1.06) 

I’m reading about.” However, accurately understanding the dataset’s 
semantics can be difficult for readers. We found that participants 
were able to quickly identify what the data refers to using seman-
tic scaffolds even if their initial understanding was incorrect. For in-
stance, participants had many different initial guesses about the pro-
totypes’ data semantics. Based on the Flipper Length (mm) 
and Body Mass (g) fields, some participants initially thought the 
penguins dataset referred to fish (P1), seals (P2), or dolphins (P3). 
However, all these participants correctly updated their understanding 
to reflect information about penguins found in the data highlights. 
Accelerating this process of identifying data semantics can be very 
important to a reader’s experience: as one participant put it, “I don’t 
feel dumb looking at this data” (P4). 

One participant contrasted semantic scaffolding positively with 
prior AI-based tools they had used. P9, who had used chart question-
answering tools in the past, noted that “sometimes you don’t know 
what questions to ask” when you are not familiar with the data. Fur-
ther, they said “sometimes its unfair to expect you to ask the right 
questions because you don’t have a clue of [...] what the data is 
about.” Semantic scaffolding can address this “cold start” problem 
when participants start with limited prior knowledge. 

5.3.2 Reshaping textual structures using semantic 
scaffolding helps with navigation and wayfinding 

Participants found semantically meaningful groupings helpful for 
navigating through the data. For example, P5 said that “the groupings 
keep it in an organized fashion so that I get a more orderly presenta-
tion” of the data. Others similarly noted that groupings help them not 
“wander uselessly around,” (P6) and not “have to look for things ran-
dom” (P4) and instead explore within a relevant space. These com-
ments echo previous findings that screen reader users benefit from 
interfaces that provide a bounded space [27] that helps a user locate 
themselves within a smaller space with known boundaries. 

Other participants also found semantic scaffolds helpful for iden-
tifying where they could navigate to find more relevant information. 
For instance, P8 said that semantic bins helped “frame my expecta-
tions in advance to have some information of what the legend is.” For 
them, the description of the semantic bin was providing information 
scent [17] about what could be found when navigating further into 
that grouping. This finding reinforces the value of nodes that com-
pare across multiple data entries or fields, representing meaningful 

subsets of data, and do not require manual specification of filters by 
a user. 

5.3.3 Readers critically appraise semantic scaffolds using 
their prior knowledge 

Semantic scaffolds prompted participants to think about data in se-
mantically meaningful ways, incorporating their own prior knowl-
edge. For example, engaging with LLM-generated categorizations of 
data prompted participants to imagine other ways of thinking about 
the data’s meaning, and other possible categorizations. When reading 
the categorization of cars in the example dataset, P2 noted that “one 
of the things that’s missing is work vehicles, or pickup trucks.” In 
other words, there was a category that they expected to see that was 
not present. Similarly, P8 noted that “car manufacturers don’t [cate-
gorize cars with] engine sizes, they just base it on fuel economy,” and 
suggested “utility” as a potential additional category. In this case, the 
participant had additional context or expertise that made the LLM’s 
categorization insufficient for them, even if it was not technically in-
correct. 

Sometimes, participants did not necessarily disagree with the con-
tent of semantic groups, but were skeptical of arbitrariness and asked 
for justification. For example, P1 questioned the cutoffs for seman-
tic bins, saying, ”I can hear that it’s grouping cars by cylinders and 
horsepower, but why are these the breaks? Why 101 to 200, or why 
eight cylinders? It seems arbitrary.” Similarly, P11 questioned the 
subjectivity of certain categories: ”I don’t know how arbitrary the 
cutoff is. Like, what would you say a gas guzzler is? That’s maybe ar-
bitrary, maybe not. I don’t know.” Even when participants lacked do-
main knowledge to fully evaluate explanations, they were still aware 
of potential limitations in the groupings. 

A person’s cultural context can also be a factor, as we observed 
when P6 pointed out that “the values don’t correspond to my knowl-
edge because I use different units.” Because the data used miles and 
gallons, which are units that not every country uses, the explanation 
was less useful for them. 

However, people appreciated when the descriptions matched their 
existing knowledge, whatever level of knowledge that may be. Many 
applied the standard of “it sounds plausible” when evaluating group-
ings (P3, P9). For participants who did have more prior knowledge, 
they felt like they were still able to learn something new. For in-
stance, P8 said of a semantic binning that they “know a little about 
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cars,” but “without it telling me I would have no idea that this range is 
economy / mid range.” They felt that they were provided with useful 
information they still would not have known otherwise. 

5.3.4 Trust in AI-generated descriptions is situational 

Participants had a range of attitudes about their trust in AI-generated 
information. Some were fairly confident in the information they were 
reading in the semantic scaffolds, as long as it seemed plausible. For 
example, participants remarked, “I didn’t hear anything outlandish” 
(P3), and “I assume that the domain experts would agree with those 
descriptions” (P11). Even participants that were fairly aware of LLM 
hallucinations said that, even if they might double-check later, they 
would generally take the descriptions at face value (P1, P3, P5). For 
example, P3 said, “I might go to Google and re-read on these things 
but at least I will take the first impressions here.” 

On the other hand, some participants expressed more concerns 
about the risks of incorrect descriptions. Others said that “halluci-
nation is very dangerous” (P6), noting that LLMs “sometimes give 
you really really false data with high confidence” (P13). These partic-
ipants felt they were more likely to verify information with external 
sources. A consistent factor in people’s willingness to double-check 
output is how important or high-stakes their data analysis felt. Many 
said that they would be more likely to check against other sources if 
they were looking at data for professional purposes (P1), making a 
presentation (P2), or if it was otherwise really important (P6, P8). 

Participants employed a variety of strategies to manage trust and 
verification of LLM-generated information. They mentioned using 
Google or their own knowledge (P3), finding another non-automated 
source (P5), or refreshing the LLM output to see if it remained con-
sistent (P1). In our study, for example, participants used the data table 
to compare against the description of the grouping’s query predicate, 
to check if it “matches the description” (P11). Overall, many partici-
pants shared a pragmatic attitude. For instance, P6 said,“you have to 
take what is good from it, but with a grain of salt.” 

5.3.5 AI-generated descriptions might risk reducing 
readers’ agency to interpret the data 

Participants’ preferences between the highlights-first and data-first 
prototypes often boiled down to how much they wanted to rely on se-
mantic scaffolding to understand the data. Participants generally pre-
ferred the highlights-first prototype, echoing previous findings about 
the importance of an “overview first, then detail” strategy in data ex-
ploration [22, 27]. For example, P3 preferred the highlights first be-
cause “it gives an overall picture / what to expect before I dig into the 
data.” However, P14 dissented, saying that “I’m skeptical of people 
interpreting my data for me, [so] I like the facts first.” 

These differing preferences were emblematic of different perspec-
tives on how the AI-generated descriptions were influencing reader 
interpretation. The more common view was that semantic scaffold-
ing has a negative influence on reader agency (P2, P6, P10, P14). For 
instance, P2 said, “I feel like my conclusions are being shaped. If 
someone first gives you the conclusion, it kind of shapes your per-
ception. If you are first given the raw data, you try to make sense 
for yourself and after that you can compare it to the conclusions pro-
vided.” Similarly, P14 drew a distinction between interpretative and 
factual content in descriptions, saying, “I want the AI to separate in-
terpretation from facts. ‘Body mass’ is fact, ‘healthy body mass’ is 
getting into interpretation.” In this instance, the participant felt a se-
mantic bin titled “healthy body mass” and associated with a specific 

range was imposing a subjective interpretation on the data, rather 
than letting the reader decide what range is considered healthy. These 
concerns are consistent with prior findings that unlike sighted read-
ers, BLV readers find interpretive content less useful in descriptions 
of data [13]. P6 felt that they would get “spoiled” by the tool, saying 
“I would lose the tendency of exploring and rely on the highlights 
too much.” This concern is consistent with prior findings too, that 
users sometimes become over-reliant on LLM agents in data analy-
sis, leading to less overall engagement with data [5]. 

However, there were also a number of participants who felt that 
semantic scaffolding had a positive influence on their interpretation 
process (P5, P11). For instance, P11 said of data highlights, “It’s giv-
ing me ideas about what questions to ask or what relationships are 
worth looking at.” Similarly, P5 said that semantic scaffolds “[give] 
me a sense of confidence now that I have access to information that 
I didn’t have before. This information is presented in a means that I 
can obtain it, digest it and work with it in my own way.” In this case, 
the participants felt that data highlights were getting them started on 
asking their own followup questions about the data — rather than 
foreclosing further interpretation. 

5.3.6 Readers expected semantic scaffolds to augment the 
original data 

Multiple participants expected semantic groupings to be reflected in 
the dataset itself, and were confused when that did not happen. For 
example, P10 said, ”You gave me this description here of, you know, 
sports cars, muscle cars, sedans.” When they then drilled down into 
the data table view, they were “a little bit frustrated that you don’t 
specify which one is a sedan and which one is a muscle car.” They 
then elaborated that they expected the AI to “add that information as 
an extra column to the table” (P10). This suggests that participants 
did not necessarily distinguish semantic scaffolds from the data itself, 
because they both describe the same real-world domain. Future work 
could potentially explore semantic scaffolding in conjunction with 
data augmentation [4] to synchronize these two views, or otherwise 
manage this mismatch in expectations. 

5.3.7 BLV readers also want sighted readers to have 
semantic scaffolding, to preserve common ground 

For many participants, the use of semantic scaffolding made them re-
flect on situations where they are collaborating with sighted people. 
For example, participants noted that semantic scaffolding provides 
“maybe more than a sighted person would get from such a graphic 
because it gets you info about the relevance of the values with knowl-
edge you don’t have” (P6) and that this “feels weird when working 
with sighted people” (P8). Participants generally felt that it was im-
portant to maintain parity of information access with sighted people. 
For example, P10 asked, “does the visual person get the same info?” 
Prior work has emphasized the importance of common ground be-
tween mixed-ability collaborators [28], and participants’ concerns 
reflected the idea that it was important to them to participate in and 
lead conversations about data even in spaces that have a majority 
of sighted people. P14 explained, “whenever you can put sighted 
and blind individuals on the same playing field with equal footing, 
you’ve accomplished something that’s really marvelous. [...] For us 
to be able to be literally on the same page, it’s helpful because we’re 
looking at the very same information.” For P14, accessibility is a 
two-way street: “[blind people] have to accommodate [visual people] 
in a way.” It was important to them to include sighted collaborators 
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in their data analysis process, even when using assistive tools like 
semantic scaffolding. These discussions led us to reflect on the dis-
tinction in our work between disability inclusion for BLV people and 
making data understandable for lay readers, two ideas of accessibil-
ity that can be complementary and mutually-reinforcing. 

6 Conclusion 
In this paper, we introduced semantic scaffolding: a technique for us-
ing an LLM to generate meaningful groupings of data to aid lay read-
ers in understanding unfamiliar datasets. With semantic scaffolding, 
readers benefit from domain-specific knowledge that is incorporated 
into descriptions and navigational structures. We instantiated this ap-
proach in Olli, and observed that users find semantic scaffolds valu-
able for forming an initial understanding of a dataset while applying 
their prior knowledge to evaluating the trustworthiness of descrip-
tions. Our work suggests a use for LLMs to augment user interfaces 
with domain-specific affordances for interpretation. 
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The Development and Evaluation of a Hybrid ViT-LSTM
for Word-Level Sign Language Recognition

Charlotte Richardson 1 and Ronald R. Grau 2

Abstract. This paper presents a hybrid Vision Transformer-Long
Short-Term Memory (ViT-LSTM) model for word-level sign lan-
guage recognition (SLR) in low-resource settings. A pretrained ViT
backbone extracts per-frame spatial features, which are passed to
a Bidirectional LSTM to model temporal dynamics across ges-
ture sequences. A learned attention mechanism produces a context-
aware representation for classification. The architecture is evalu-
ated first on MMLAuslan, a large-scale Australian Sign Language
(Auslan) dataset, where domain-proximate ViT pretraining achieved
71% validation accuracy, and 55% test accuracy on 35 alphanu-
meric signs versus 44% for a general-purpose baseline. Trained on
a linguistically motivated 116-gloss vocabulary, the model reached
77% validation accuracy and 78% test accuracy using approximately
1,400 training samples. A key contribution is a cross-lingual transfer
pipeline from Auslan to BSL, exploiting shared phonological struc-
ture between the two languages. BSL fine-tuning uses progressive
backbone unfreezing and separate learning rates to preserve trans-
ferable representations. Experiments on BSL training using transfer
learning show accuracy improvement over a BSL-only baseline. At-
tention map analysis confirms the model attends to task-relevant hand
regions rather than background artefacts. Future work will incorpo-
rate pose estimation and hand landmarks, with the longer-term goal
of real-time learner feedback for classroom use. The aim is to en-
sure that SLR development actively supports equitable participation
for DHH learners rather than reproducing existing resource inequal-
ities.

1 INTRODUCTION

For Deaf and hard-of-hearing (DHH) learners, communication bar-
riers in hearing-centred educational environments remain a persis-
tent challenge. Automatic sign language recognition (SLR) capa-
ble of operating in real-time could address this directly, supporting
classroom communication assistance, independent vocabulary acqui-
sition, and automated feedback on signing accuracy [5]. Access to
such tools is not merely beneficial but a prerequisite for meaningful
participation in inclusive education [2]. Yet SLR research has been
highly uneven across languages. The vast majority of work targets
well-resourced languages such as American Sign Language (ASL),
while British Sign Language (BSL) remains largely unsupported by
modern deep learning approaches [11, 14]. This imbalance reflects
a structural inequality in AI-supported education in which the avail-
ability of assistive technology is constrained by the scarcity of large-
scale annotated datasets for minority sign languages.

1 University of Sussex, email: cr464@sussex.ac.uk
2 University of Sussex, email: grau@sussex.ac.uk

This paper presents a hybrid Vision Transformer–Long Short-
Term Memory (ViT-LSTM) architecture for word-level, isolated
SLR, designed explicitly for low-resource settings. Sign languages
are spatiotemporal systems [12] in which individual signs are spa-
tially structured within each frame while meaning is also conveyed
through movement, timing, and the dynamic evolution of handshape
across a temporal sequence [9]. Purely convolutional approaches
capture spatial detail but struggle with long-range temporal depen-
dencies [4], while recurrent models handle sequences well but lack
strong spatial inductive biases [6]. The proposed hybrid model ad-
dresses both challenges within a single architecture.

The system was evaluated in two stages on the MM-WLAuslan
dataset [16], a large and balanced Australian Sign Language (Aus-
lan) corpus, before being adapted to a custom BSL dataset via cross-
lingual transfer learning. The central contribution is a cross-lingual
transfer pipeline from Auslan to BSL, exploiting the phonological
proximity of the two languages [1] to compensate for the scarcity of
BSL training data.

Section 2 reviews relevant background. Section 3 describes the
model architecture and training strategy. Section 4 details the datasets
and experimental design. Section 5 reports results. Section 6 dis-
cusses the findings, and Section 7 concludes.

2 BACKGROUND

2.1 Sign Language Recognition

SLR approaches divide broadly into sensor-based and vision-based
methods. Sensor-based systems such as datagloves can achieve very
low error rates but remain impractical due to cost and scalability con-
straints [14]. Vision-based deep learning approaches have therefore
become dominant. Convolutional Neural Networks (CNNs) have
achieved strong results on static sign images [14], but sign language
is inherently dynamic. Most signs involve coordinated movement of
both hands over time, making purely spatial models insufficient. 3D-
CNNs extend to video but lack the global self-attention mechanisms
needed to capture long-range spatial dependencies [4].

2.2 Vision Transformers

Introduced by Dosovitskiy et al. [4], Vision Transformers (ViTs) ap-
ply transformer self-attention directly to sequences of image patches.
Unlike CNNs, ViTs integrate information across the entire image si-
multaneously, making them well suited to the fine-grained spatial
structure of sign language, where hand position relative to the face
and body carries semantic meaning. A key constraint is that ViTs
typically require very large datasets to train from scratch; however,
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pretrained ViTs transfer effectively to smaller target domains, mak-
ing them particularly appropriate for low-resource SLR.

2.3 Long Short-Term Memory Networks

LSTMs [6] are recurrent networks designed to model long-range
temporal dependencies via gating mechanisms. Their application to
SLR is well established. Sundar and Bagyammal [18] combined Me-
diaPipe pose extraction with an LSTM to achieve 99% accuracy
on ASL fingerspelling, while Huang and Chouvatut [8] coupled a
ResNet spatial encoder with an LSTM to obtain 86.25% on Argen-
tine Sign Language. These results confirm that temporal modelling
is a critical component of high-performing SLR systems.

2.4 Hybrid Architectures and Transfer Learning

Chen et al. [3] demonstrated that combining a ViT feature ex-
tractor with a bidirectional LSTM for micro-expression recognition
achieved 86.7% accuracy and an F1 of 86.4%, confirming the com-
plementary nature of the two components for spatiotemporal tasks.
For low-resource sign languages, Mocialov et al. [15] showed that
transfer learning from a related sign language corpus produces better
initial performance, faster convergence, and improved final accuracy
compared to training from scratch, establishing cross-lingual transfer
as a viable strategy for bootstrapping BSL recognition.

3 MODEL ARCHITECTURE AND TRAINING
STRATEGY

3.1 Architecture Overview

The hybrid model comprises three components: a ViT backbone
for per-frame spatial feature extraction, a bidirectional LSTM with
learned temporal attention for sequence modelling, and a classifi-
cation head mapping temporal representations to gloss classes. The
architecture is illustrated in Figure 1.

Figure 1: Hybrid ViT-LSTM model architecture.

ViT Backbone. Each input frame is processed independently by
the ViT backbone. The frame is divided into 16×16-pixel patches,
linearly projected into token embeddings, and enriched with posi-
tional encodings before being passed through the transformer en-
coder [4]. The resulting CLS token, a 768-dimensional global rep-
resentation, is used as the per-frame embedding. This compact rep-
resentation avoids the complexity of pooling the full patch token se-
quence and provides a stable input to the temporal component. The
backbone selected for all experiments was Dima806, a Google ViT

pretrained on ImageNet-21k and fine-tuned on HaGRID, a large-
scale hand gesture dataset, which outperformed both a general Im-
ageNet backbone and a human action recognition backbone in pre-
liminary experiments.

Bidirectional LSTM and Temporal Attention. Sign gestures are
dynamic and therefore individual frames are insufficient to discrimi-
nate between signs. The 20 per-frame ViT embeddings are passed to
a two-layer Bidirectional LSTM (Bi-LSTM), enabling the model to
integrate contextual information from both past and future frames
within the sequence [3]. A learned scalar attention mechanism is
applied over the Bi-LSTM output, assigning importance weights to
each frame before producing a context-aware pooled representation.
This is preferable to mean pooling because transitional and prepara-
tory frames carry less discriminative information than peak sign
frames [10]. The attended representation is layer-normalised before
being passed to the classification head.

Classification Head. The head consists of two fully connected
layers with intermediate dimensionality of 256, a GELU activation
between them, and dropout applied before each layer (rates of 0.5
and 0.3 respectively) to regularise training under limited data.

3.2 Training Strategy
Training followed a two-phase progressive unfreezing strategy [7,
21]. In Phase 1, the ViT backbone was frozen and only the Bi-LSTM
and classification head were updated, protecting pretrained spatial
representations from large early gradient updates while allowing the
temporal components to stabilise. In Phase 2, the final three trans-
former layers were selectively unfrozen and updated with a backbone
learning rate an order of magnitude lower than the head, with a linear
warmup scheduler applied over 10 epochs. Cross-entropy loss with
label smoothing of 0.1 was used to prevent overconfidence [19], and
AdamW was selected as the optimiser for its improved generalisation
in fine-tuning settings [13].

BSL Transfer Learning Configuration. For BSL fine-tuning,
the best Auslan checkpoint was loaded as the starting weights, with
the classification layer reinitialised for the BSL target vocabulary.
Phase 2 unfroze eight rather than three backbone layers to im-
prove cross-lingual domain adaptation. Augmentation strength was
reduced relative to Auslan training, as the Auslan backbone already
encodes substantial visual invariance [17].

Input videos were represented as fixed-length sequences of 20
frames, sampled uniformly with a configurable offset to skip pre-sign
pauses, and each frame was resized to 224×224 pixels.

4 DATASETS AND EXPERIMENTAL DESIGN
4.1 Datasets
MM-WLAuslan. The primary dataset was MM-WLAuslan [16],
comprising 289,900 videos from 73 signers covering 3,215 Auslan
glosses, with 22 videos per gloss providing strong class balance.
Only the front-facing RealSense camera was used, reflecting real-
world single-camera deployment constraints. Evaluation used the
Test-STU subset, which matches the background conditions of the
training data, isolating model behaviour from environmental varia-
tion.

Custom BSL Dataset. No large-scale publicly available dataset
exists for isolated BSL recognition [15]. A custom dataset was
therefore constructed by scraping and manually segmenting publicly
available BSL educational videos from YouTube and dedicated BSL
teaching sites, in accordance with approved ethical guidelines. This
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process introduced naturalistic variability in backgrounds, lighting,
and signer style. Each sign was independently verified for accuracy
against SignBSL. The resulting dataset is class-imbalanced with a
modal class size of 12 videos and some glosses having as few as six
training samples.

4.2 Vocabulary Selection
Experiments were conducted across two vocabulary stages applied
to both Auslan and BSL. Stage 1 comprised alphanumeric signs
(letters A–Z and numbers 0–10 if available). Stage 2 expanded to
a 116-class Auslan and 85-class BSL vocabulary drawn from an
adapted Swadesh list [20], a linguistically motivated selection of
high-frequency vocabulary. Dataset statistics are summarised in Ta-
ble 1.

Table 1: Dataset statistics for Auslan and BSL across both vocabulary
stages (train/val/test videos).

Dataset Stage Classes Train Val/Test

Auslan 1 35 420 70
Auslan 2 116 1,392 170
BSL 1 36 288 72
BSL 2 85 622 170

4.3 Evaluation Framework
Quantitative evaluation used per-class accuracy, precision, recall, and
macro-averaged F1-score, with confusion matrices to analyse mis-
classification patterns. For BSL, scratch-trained models were com-
pared against transfer-learned models to isolate the contribution of
cross-lingual transfer.

To complement test metrics, a qualitative and statistical attention
analysis framework was developed. Attention weights from the fi-
nal ViT transformer layer were extracted and overlaid on represen-
tative frames as heatmaps. Four regions of interest (ROIs), Person,
Face, Arms, and Hands, were detected automatically using Medi-
aPipe pose and face estimation models, with extrapolation applied to
handle occlusion and motion blur. Pre- and post-fine-tuning attention
concentration was compared using Wilcoxon signed-rank tests with
effect sizes quantified by Cohen’s d. Spearman’s rank correlation was
computed between per-ROI attention concentration and classification
accuracy to assess whether attention on linguistically relevant regions
predicts correct classification. A Bonferroni correction was applied
across the four ROIs (α = 0.0125).

5 RESULTS
5.1 Auslan Stage 1 and Stage 2
The full architecture achieved 71.42% validation accuracy on Stage 1
(35-class alphanumeric vocabulary). Scaling to Stage 2 (116-class
Swadesh vocabulary) yielded 77.59% validation accuracy, despite a
3.3× increase in class count at the same per-class training density.
On unseen testing, 55.71% test accuracy on Stage 1 was achieved.
Scaling to Stage 2 improved To 78.45% test accuracy with an F1 of
76.12% (Table 2).

The improvement from Stage 1 to Stage 2 despite the larger vocab-
ulary is attributable to the nature of the signs. Alphanumeric finger-
spelling involves subtle static handshapes with minimal inter-class
variation, whereas Swadesh lexical signs involve more varied arm

Table 2: Auslan test performance across vocabulary stages.

Stage Acc (%) Prec (%) Rec (%) F1 (%)

1 55.71 46.86 55.71 48.35
2 78.45 79.01 78.45 76.12

movements and body configurations that provide clearer decision
boundaries for the temporal modelling component.

Attention Analysis. Table 3 reports Wilcoxon and Spearman re-
sults for both Auslan stages. Fine-tuning produced statistically sig-
nificant increases in attention concentration across all four ROIs at
both stages, with effect sizes growing substantially from Stage 1 to
Stage 2. The Face ROI reached significance at both stages but with a
negligible effect size, consistent with the limited role of non-manual
features in isolated lexical recognition.

Table 3: Attention analysis for Auslan models. All significant results
survive Bonferroni correction (α = 0.0125).

Stage ROI d Wilcoxon ρ Corr.

1 Arms 1.46 Yes 0.487 Yes
1 Face 0.36 Yes 0.145 No
1 Hands 1.19 Yes 0.544 Yes
1 Person 1.87 Yes 0.432 Yes

2 Arms 2.02 Yes 0.660 Yes
2 Face 0.06 Yes 0.100 No
2 Hands 1.52 Yes 0.650 Yes
2 Person 2.84 Yes 0.650 Yes

Spearman correlations were significant for Hands, Arms, and Per-
son at both stages (ρ = 0.43–0.66), strengthening considerably
from Stage 1 to Stage 2. The Arms ROI showed the largest increase
(ρ = 0.487 → 0.660), indicating that temporal arm movement in-
formation became increasingly predictive of correct classification as
vocabulary complexity grew. Face attention showed no significant
correlation at either stage.

Error Analysis. Confusion matrix analysis on the Stage 1 test split
revealed consistent misclassification between visually similar hand-
shape pairs. K was frequently predicted as D, R as U, and Three as
Four, all cases where signs share near-identical spatial configurations
distinguishable primarily by subtle wrist orientation or minor finger
extension. These confusions are consistent with the lower Stage 1 ac-
curacy relative to Stage 2. Pairs such as N/E and Y/T showed less vi-
sually motivated confusions, suggesting the model may require ded-
icated hand keypoint features to resolve fine-grained handshape dis-
tinctions.

5.2 BSL Cross-Lingual Transfer

Table 4 reports test performance for all four BSL configurations.
Transfer learning from Auslan substantially outperformed training
from scratch in both stages.

Table 4: BSL test performance: scratch training vs. Auslan-to-BSL
transfer.

Stage Type Acc (%) Prec (%) Rec (%) F1 (%)

1 Scratch 11.11 7.54 11.11 8.32
1 Transfer 25.71 22.08 25.71 21.54
2 Scratch 28.24 25.88 28.24 25.14
2 Transfer 38.82 38.98 38.82 35.79
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At Stage 1, transfer learning doubled test accuracy relative to the
scratch baseline (11.11% to 25.71%, a 14.6 percentage point gain).
At Stage 2, the gain was 10.6 percentage points (28.24% to 38.82%).
Table 5 reports the corresponding attention statistics.

Table 5: Attention analysis for BSL models. Cohen’s d reports
the pre/post fine-tuning effect size; Spearman ρ reports correlation
with classification accuracy. Significance after Bonferroni correction
(α = 0.0125).

Stage Type ROI d Wilcoxon ρ Corr.

1 Scratch Arms 0.00 No −0.16 No
1 Scratch Hands 0.00 No −0.13 No
1 Transfer Arms −0.10 Yes 0.03 No
1 Transfer Hands 0.36 Yes 0.15 No
1 Transfer Person 0.24 Yes 0.10 No

2 Scratch Arms 0.51 Yes 0.04 No
2 Scratch Hands 0.60 Yes 0.02 No
2 Scratch Person 0.79 Yes 0.03 No
2 Transfer Arms 0.10 Yes −0.06 No
2 Transfer Hands 0.62 Yes 0.11 No
2 Transfer Person 0.35 Yes −0.02 No

The Stage 1 scratch model showed no measurable change in atten-
tion concentration following fine-tuning (all d = 0.0), indicating that
the unfrozen backbone received no effective gradient signal under
extreme data scarcity. The Stage 1 transfer model showed significant
shifts in Hands and Person attention, confirming that the Auslan ini-
tialisation provided a stable enough foundation for spatial learning to
proceed. Figure 2 illustrates this contrast: the transfer model devel-
ops clear hand-focused attention after fine-tuning, while the scratch
model produces no comparable shift.

(a) Scratch Model

Figure 2: Temporal attention visualisation for BSL Stage 2 Scratch
vs Transfer after training.

Spearman correlations between attention concentration and classi-
fication accuracy were not statistically significant in any BSL config-
uration, in marked contrast to the Auslan results. Auslan models were
trained and evaluated on the same signer pool with consistent studio
backgrounds, enabling stable correspondences between spatial atten-
tion and linguistic content. BSL models faced naturalistic recording
variability combined with as few as eight training samples per class,
insufficient to establish reliable attention-accuracy relationships even
when spatial attention did shift toward relevant regions.

(b) Transfer Model

Figure 2: Temporal attention visualisation for BSL Stage 2 Scratch
vs Transfer after training (continued).

6 DISCUSSION

6.1 Scalability Across Vocabulary Complexity

The improvement from Stage 1 to Stage 2 despite a 3.3× class count
increase reflects a fundamental property of sign language vocabulary
rather than a limitation of the Stage 1 task. Alphanumeric finger-
spelling compresses 35 classes into a highly confusable handshape
space in which many letters differ only in subtle wrist rotation, fin-
ger extension, or brief movement. The Swadesh lexical signs, by con-
trast, involve full arm trajectories, body locations, and temporal dy-
namics that create well-separated decision boundaries.

The Spearman correlation data quantifies this shift precisely. The
Arms ROI correlation with classification accuracy increased from
ρ = 0.487 at Stage 1 to ρ = 0.660 at Stage 2, indicating that the
Bi-LSTM’s temporal modelling of arm movement became substan-
tially more predictive of correct classification as vocabulary com-
plexity grew. This is precisely the computational advantage of the hy-
brid architecture over static image approaches: arm movement over
time is the modality that separates lexical signs most clearly, and
it is only captured by the temporal component. The Hands correla-
tion also strengthened (ρ = 0.544 → 0.650), while the Face ROI
remained non-significant at both stages. These results suggest the
hybrid architecture’s value increases with vocabulary complexity, a
practically important property for any system intended to support
classroom communication rather than laboratory fingerspelling.

6.2 Cross-Lingual Transfer from Auslan to BSL

The Stage 1 scratch model showed no measurable change in spa-
tial attention following fine-tuning (all d = 0.0), indicating that the
unfrozen backbone received insufficient gradient signal to update its
representations at all. Training from scratch on 288 samples across 36
classes did not provide enough signal to shift a randomly initialised
backbone. The transfer model, starting from Auslan-adapted repre-
sentations, had enough spatial prior to begin learning under the same
data conditions. This is consistent with Mocialov et al.’s finding [15]
that cross-lingual transfer produces better initial performance even
when source and target languages are structurally distinct.
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At Stage 2, the transfer benefit narrowed, with scratch and transfer
models converging to 25.14% and 35.79% F1 respectively. This con-
vergence pattern is consistent with data scarcity becoming the domi-
nant constraint at higher vocabulary complexity. With 85 classes and
an average of seven to eight training samples per class, neither ini-
tialisation strategy can overcome the fundamental limitation of in-
sufficient labelled data. The architecture and pretraining are not the
bottleneck at Stage 2: the BSL dataset is.

6.3 Attention Analysis as a Reusable Evaluation
Framework

The attention analysis framework developed here provides statisti-
cally grounded evidence of whether a model is learning linguistically
motivated representations, which is a methodological contribution
applicable to future spatiotemporal SLR research. The divergence be-
tween Auslan and BSL Spearman results illustrates the framework’s
diagnostic value. Both model families showed significant attention
shifts toward hands and arms following fine-tuning. Yet only the
Auslan models showed significant correlations between that atten-
tion and correct classification. This distinction reveals that attending
to the right region and reliably using that region for classification are
separable phenomena. The BSL models learned to look in approx-
imately the right places but lacked sufficient data to convert spatial
attention into reliable discriminative signal. A framework measur-
ing only attention maps or only classification accuracy would have
missed this distinction entirely.

6.4 Educational Implications and Limitations
The results have direct implications for the development of assis-
tive technology in educational settings. Over 90% of Deaf children
are born to hearing, non-signing families, placing them at acute risk
of language deprivation [12]. An SLR system capable of provid-
ing real-time signing feedback in classroom and home environments
could meaningfully reduce this risk, supporting early language expo-
sure and independent vocabulary acquisition. The Swadesh vocabu-
lary evaluated in Stage 2 was selected precisely because it reflects
high-frequency communicative vocabulary relevant to everyday edu-
cational interaction rather than laboratory sign sets. The 78.45% ac-
curacy achieved on this vocabulary, under low-resource constraints
with approximately 12 training samples per class, demonstrates that
the architecture is viable for practical deployment in educational as-
sistive tools without requiring large institutional data collection ef-
forts.

The most significant limitation is BSL dataset scale. With a small
number of training samples per class drawn from the same small
pool of signers, models are vulnerable to learning signer-specific fea-
tures rather than linguistically general ones. True signer-independent
evaluation would be an essential step before deployment. Covariate
shift between clean Auslan studio recordings and naturalistic BSL
educational videos also limits transferability, and likely accounts
for a meaningful fraction of the performance gap between Auslan
and BSL results. Future work should prioritise dedicated BSL data
collection, few-shot learning approaches [15], and extension toward
real-time classroom feedback tools that could provide DHH learners
and their families with accessible, low-cost signing support.

7 CONCLUSION
This paper presented a hybrid ViT-LSTM architecture for low-
resource word-level sign language recognition, motivated by the need

for accessible assistive tools for DHH learners in educational envi-
ronments. The system was evaluated across two vocabulary stages 
on Auslan and via cross-lingual transfer to BSL. Three findings 
emerged. First, the architecture scales effectively with vocabulary 
complexity: Stage 2 achieved 78.45% test accuracy on 116 classes 
and outperformed Stage 1 on 35 classes, attributed to the greater 
temporal distinctiveness of lexical signs over fingerspelling. Second, 
cross-lingual transfer from Auslan to BSL provides meaningful gains 
under extreme data scarcity, doubling test accuracy at Stage 1 despite 
structural differences between the two languages’ fingerspelling sys-
tems. Third, the attention analysis framework developed here pro-
vides interpretable and statistically grounded evidence of linguisti-
cally motivated spatial learning, with Spearman correlations confirm-
ing that Hands and Arms attention predicts correct classification in 
Auslan models while simultaneously revealing that data scarcity pre-
vents this relationship from forming in BSL models.

Future work should prioritise larger BSL dataset construction, 
signer-independent evaluation, and incorporation of explicit hand 
keypoint features. Extension to continuous SLR and classroom 
learner feedback tools would realise the educational motivation of 
this work, contributing toward equitable AI-supported education for 
DHH communities.
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Democratising Personalised STEAM Education: A 
Generative AI-Driven Intelligent Tutoring System 

Aligned with Standardised Pedagogical Frameworks in 
Mexico 

Alma Jazmín Castillo Rodríguez1 and Felipe De la Peña2

ABSTRACT.  
This paper presents the design, and implementation, of an 

Adaptive STEAM Virtual Tutor — an Intelligent Tutoring System 

(ITS) built on Google Colab and powered by the Gemini Flash 

generative model via the Google Gen AI Python SDK. The system 

automates a three-stage pedagogical pipeline: (1) diagnostic 

assessment delivered through Google Forms and recorded in 

Google Sheets , (2) algorithmic performance classification into 

three levels — Bajo (≤50%), Normal (60%–75%), and 

Sobresaliente (80%-100%) — using a custom Python function, and 

(3) personalised activity generation by Gemini Flash, which

produces level-differentiated reinforcement exercises and teacher

recommendations via a structured prompt.

The system’s evaluation consisted of an initial pilot in 

Mathematics and Complexity Sciences at CBTIS 131 (a public 

federal upper secondary school- equivalent to Sixth Form in the 

United Kingdom ) with a cohort of fewer than 20 students over two 

weeks. Results validated against independent CENEVAL-aligned 

post-tests show a 20% average group improvement (6.5/10 to 

8.5/10), individual gains from 50% to 100% in the primary case 

study, and a reduction in teacher profiling time from approximately 

one week to under five minutes. The system is distinguished by its 

zero-cost deployment on pre-existing Google Workspace 

infrastructure, its alignment with both the CENEVAL framework 

and the DGETI/SEP Marco Curricular Común, and its affective 

pedagogical design targeting math anxiety reduction 

Keywords: Intelligent Tutoring Systems, Generative AI, Gemini 

Flash, Google Colab, STEAM Education, CENEVAL, Mexico, 

Adaptive Learning, Bachillerato, MCC DGETI. 

1  INTRODUCTION 

The global education landscape faces a persistent and widening 

challenge: ensuring that students develop genuine proficiency in 

STEAM disciplines—Science, Technology, Engineering, Arts, 

and Mathematics—at a time when classroom instruction 

increasingly struggles to meet individual learners where they are. 

As Anderson, Boyle, and Reiser  [1] observed four decades ago, 

Intelligent Tutoring Systems are "programs that simulate an 

understanding of the domain they teach and can respond 

specifically to the student's problem-solving strategies." That 

foundational insight has lost none of its relevance; if anything, the 

emergence of generative artificial intelligence has made it more 

urgent and more achievable than ever before. 

In Mexico's upper secondary education—Educación Media 

Superior—these pressures are especially acute. Students at public 

technical institutions such as Centro de Bachillerato Tecnológico 

1  CBTIS 131, DGETI/SEP, San Luis Potosí, México — almajazmin.castillo.cb131@dgeti.sems.gob.mx 
2 AT&T USA — fd7296@att.com 

Industrial y de Servicios Núm. 131 (CBTIS 131) regularly 

encounter conceptual thresholds—self-similarity in fractal 

geometry, non-linear dynamics in Complexity Sciences—that a 

single 50-minute session, shared among an entire heterogeneous 

cohort, cannot adequately address. National curricular 

frameworks, from the Marco Curricular Común (MCC) of the 

DGETI/SEP system to the assessment guidelines of CENEVAL, 

demand competency-based learning and higher-order thinking 

[2,3], yet the resources available to teachers in these settings 

remain severely constrained. 

Research spanning several decades offers a compelling 

response to this gap. VanLehn [4] demonstrated that well-designed 

computer-based tutors can approach the effectiveness of one-on-

one human instruction in specific educational contexts, while 

Graesser et al. [5] showed, through AutoTutor, the particular 

power of natural language dialogue in fostering deeper conceptual 

understanding. Meanwhile, Woolf [6] emphasized the importance 

of adaptive learning strategies that respond dynamically to each 

student's performance, pace, and cognitive needs. Together, these 

findings point toward a clear design agenda: personalized, 

conversational, and adaptively responsive tutoring at scale. 

Recent advances in large language models have brought that 

agenda within reach for everyday educational contexts. Google's 

Gemini Flash model, accessible through open programming 

interfaces, offers sophisticated natural language understanding and 

real-time content generation [7]—capabilities that align closely 

with Krashen's [8] Input Hypothesis, which stresses the importance 

of comprehensible, context-sensitive interaction for meaningful 

learning. By embedding such a model within accessible, zero-cost 

infrastructure, it becomes possible to build an intelligent tutor that 

is not only pedagogically sound but also practically deployable in 

under-resourced schools. 

This article presents the design and implementation of the 

Adaptive STEAM Virtual Tutor, an Intelligent Tutoring System 

developed on Google Colab and powered by the Gemini Flash 

generative model via the Google Gen AI Python SDK. Piloted at 

CBTIS 131 in San Luis Potosí, the system integrates adaptive 

questioning, formative feedback, automated assessment 

generation, while remaining fully aligned with the CENEVAL 

national evaluation framework and the MCC competency 

standards of the DGETI/SEP system. The study describes the 

system's architecture, its pedagogical foundations, and the 

implementation process, demonstrating how state-of-the-art 

generative AI can serve as the engine of an effective, scalable, and 

curriculum-aware educational tool for students in Educación 

Media Super
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2  RELATED WORK AND CONTRIBUTIONS 

Contemporary ITS solutions span three paradigms as shown in 

figure 1: constraint-based systems (Carnegie Learning MATHia) 

use Bayesian Knowledge Tracing (BKT) and expert-encoded rule 

sets to deliver deterministic, step-level feedback; over two decades 

of empirical evidence confirm learning gains comparable to one-

on-one human tutoring [9, 10], though their construction requires 

extensive domain engineering by subject-matter experts [11]. 

Data-driven systems such as ASSISTments infer student 

knowledge states from large interaction logs rather than hand-

coded rules [12]; advances in deep learning — from Deep 

Knowledge Tracing [13] to Transformer-based architectures [14] 

— have substantially improved predictive accuracy, while the 

platform's open dataset infrastructure has established it as a 

benchmark for educational data mining research.  

LLM-based tutors such as Khan Academy's Khanmigo and 

GPT-4-powered systems represent the most recent paradigm, 

offering natural-language dialogue and broad domain coverage; a 

systematic review of experimental studies reports improvements in 

academic performance, affective-motivational states, and higher-

order thinking [15], yet hallucination — the generation of plausible 

but factually incorrect feedback — remains a critical reliability 

concern documented across mathematics and science domains [16, 

17]. 

As illustrated in Figure 1, the three paradigms differ not only in 

their underlying technical architecture but also in where they place 

the burden of pedagogical knowledge: constraint-based systems 

locate it in the expert who encodes the rules; data-driven systems 

distribute it across the historical behaviour of millions of students; 

and LLM-based systems embed it implicitly within the parameters 

of a pre-trained language model. This distinction has direct 

consequences for scalability, reliability, and contextual validity. 

While each paradigm offers a distinct combination of strengths — 

diagnostic precision, data-driven adaptability, and conversational 

fluency, respectively — none addresses simultaneously the cost 

barriers of under-resourced public education systems, the absence 

of alignment to non-Anglo-American curricula, and the affective 

dimensions of learning in high-stakes secondary contexts. The 

proposed system is designed precisely at this intersection: it 

inherits the conversational capability of LLM-based tutors while 

constraining generative output to formally specified learning 

objectives drawn from the CENEVAL item criteria and the 

DGETI/SEP MCCEMS competency framework, functioning as a 

structural hallucination-mitigation strategy absent from all three 

existing paradigms as currently deployed. 

Against this backdrop, our  system is differentiated along three 

axes: 

• Zero-cost deployment: The entire stack — Google

Forms, Google Sheets, Google Colab, and the Gemini

Flash API — is available at no cost to Mexican public

schools already operating within the Google Workspace

for Education ecosystem, unlike licensed ITS platforms.

• Mexican curricular alignment: Existing ITS solutions

predominantly target Anglo-American curricula. Our

system is explicitly designed under CENEVAL criteria

for formally structured test items and the DGETI/SEP

Marco Curricular Común (MCCEMS), providing

construct validity within the Mexican formal assessment

context through a definer_nivel () function that maps

each generated activity to a specific competency leve

prior to delivery. Critically, this curricular anchoring

also serves as a hallucination-mitigation strategy: by

constraining generative output to formally specified

learning objectives and competency levels, the system

reduces the risk of off-domain or pedagogically unsound

content generation [16].

• Affective pedagogy: The system's prompt engineering

incorporates an empathetic teacher persona and real-

world analogies to reduce the affective filter [1] — a

documented barrier to STEAM learning in high-stakes

Mexican secondary contexts.

3  SYSTEM ARCHITECTURE AND 
TECHNICAL IMPLEMENTATION 

The system is implemented as a Google Colab notebook using 

Python. The full technical stack comprises: the google-

generativeai and gspread Python libraries, the Google Colab 

authentication module, the Gemini Flash generative model 

(models/gemini-flash-latest), and Google Sheets as the persistent 

data layer. 

As showin in Figure 2, the pipeline consists of five layers: (1) 

an authentication layer using google.colab.auth and 

google.auth to obtain credentials for Google Sheets and the 

Gemini API; (2) a data sources layer that reads student records 

(name, score, answers) from the Google Sheets spreadsheet "RI 

TSM1" via gspread; (3) a processing engine that applies the 

define_level(score) function to classify students into 

three risk levels (Low: ≥8, Medium: 9–13, High: ≥14) and the 

process_all_students() function to parse scores and 

detect unanswered items; (4) a pedagogical prompt construction 

layer that assembles personalized prompts encoding student score, 

risk level, topic, detected difficulties, and teacher 

recommendations; and (5) a generative AI layer using 

genai.Client (Gemini Flash) and 

generate_content(prompt) to produce individualized 

activity sets. System outputs include an updated Google Sheet with 

level and traffic-light indicators per row, and a teacher report as a 

Figure 1. Intelligent Tutoring Sysyem paradigms illustrated with 

everyday analogies 
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list of dictionaries per student, structured by name, score, level, 

traffic light, and AI-generated activities. 

3.1  Authentication Layer  

The notebook begins by installing and importing the required 

libraries and authenticating against Google services: 

 

Figure 3 shows the authentication steps. The Gemini API key is 

stored as a Colab secret (userdata), avoiding hardcoded credentials. 

Google Sheets authentication uses OAuth2 via the Colab built-in 

flow, ensuring institutional data remains within the Google 

Workspace security perimeter. 

 

 

 

3.2  Data Source: Google Sheets Integration 

As shown in Figure 4, student diagnostic data is read directly from 

a Google Sheets spreadsheet named 'ED TSM1', which collects 

responses from a Google Forms diagnostic assessment. The system 

accesses the first sheet and reads all records as a list of dictionaries. 

 

 

As seen in Figure 5, the diagnostic score is extracted from the 

column 'Puntuación (puntuacion maxima 8/10)', with robust string 

parsing to handle Google Sheets' varied numeric formats.  

3.3  Algorithmic Performance Classification 

A custom Python function classifies each student's score (out of 8) 

into one of three performance levels (“Bajo” “Normal” 

“Sobresaliente”) as shown in Figure 6. 

 

 

The level determination algorithm — Bajo (≤4/8, 0–50%), Normal 

(5–6/8, 62.5–75%), Sobresaliente (7–8/8, 87.5–100%) — maps 

directly to differentiated instructional strategies, ensuring the AI-

generated content is calibrated to the student's specific learning 

needs rather than delivering uniform content. 

For students at a low achievement level, the system generates 

lessons comprising guided exercises and explanations tailored to 

the student´s content. For intermediate-level students, an 

application exercises are provided, whereas for high-achieving 

students, exercises are generated, requiring specific research or 

more complex problem solving. 

 

 

Figure 2. SYSTEM ARCHITECTURE 

Figure 3. Python authentication setuo:library imports, 

GeminiApikey retrieval from Colab secrets, and O Auth2-

bases Google Sheets authorization 

Figure 4. Work flow for reading evaluation records records 

from Google Forms into the system 

Figure 5. Google Sheets data ingestion: reading students 

records fron the spreadsheet and parsing the diagnostic score 

Figure 6. Pyhton implementation of definir_nivel 
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3.4  Personalised Lesson Generation via Gemini 
Flash 

The core of the system is a structured prompt passed to the Gemini 

Flash model (models/gemini-flash-latest), which generates level-

differentiated reinforcement activities and teacher 

recommendations. The prompt shown in figure 7 incorporates the 

student's name, diagnostic score, performance level, and explicit 

pedagogical directives for each level 

The prompt instructs Gemini Flash to adopt the persona of an 

expert teacher in Mexican upper secondary education, generating 

content appropriate to the student's diagnosed performance level. 

The explicit level-strategy mapping (guided exercises for Bajo, 

applied practice for Normal, deepening tasks for Sobresaliente) 

ensures the AI's output is pedagogically differentiated rather than 

generic. The inclusion of teacher recommendations within the 

same output serves the dual function of supporting the student and 

reducing the teacher's planning burden. 

3.5 System Output 

The function returns shown in figure 8 a structured output 

combining the student's profile data and the AI-generated 

activities: 

This output is human-readable and designed to be shared directly 

with both the student (personalised reinforcement plan) and the 

teacher (recommendations for follow-up instruction), making the 

system immediately actionable within the classroom workflow. 

4  METHODOLOGY AND PILOT 
IMPLEMENTATION 

4.1 Pilot Design 

The pilot was conducted at CBTIS 131, San Luis Potosí, México, 

over two weeks with a cohort of fewer than 20 students enrolled in 

Mathematics and Complexity Sciences (Pensamiento matemático 

/ sistemas complejos) at upper secondary level. The study followed 

a pre-post intervention design with three measurement points: (1) 

baseline diagnostic via Google Forms (scores recorded in Google 

Sheets 'ED TSM1'), (2) AI-generated personalised activity 

delivery, and (3) independent post-intervention assessment using 

CENEVAL-aligned instruments. 

A critical methodological decision was the strict separation 

between the instructional engine (Gemini Flash-generated 

activities) and the evaluative framework (independent CENEVAL-

aligned post-tests). This separation ensures that measured learning 

gains reflect genuine acquisition rather than familiarity with the 

AI's output format. 

4.2 Case Study: Wendy 

To illustrate the system's operation, we present the case of one 

participant — anonymised as Wendy — whose Google Forms 

diagnostic score of 4/8 classified her as Bajo, triggering the guided-

exercise pedagogical strategy. The system identified a conceptual 

gap between symbolic procedural fluency and applied 

understanding of non-linear systems. 

The Gemini Flash-generated output for Wendy's level adopted 

an empathetic teacher persona, using urban traffic flow as an 

analogy for non-linear system behaviour — a real-world 

contextualisation strategy targeting the affective filter. On the 

independent CENEVAL-aligned post-test, Wendy achieved 100% 

(16/16), compared to her baseline of 50% (4/8). 

5 ANALYSIS OF RESULTS 

Table 1. SUMMARY PILOT RESULTS 

Evaluation 
Metric 

Baseline Post- 
Intervention 

Net Variance 
& Pedagogical 
Impact 

Avg. group 
score — 
Mathematics 

6.5 / 10 8.5 / 10 +20% group

improvement

Avg. group 
score — 
Complexity 
Sciences 

6.2 / 10 8.1 / 10 +19% relative

gain

Case study — 
Wendy (Bajo → 
Sobresaliente) 

4 / 8 

(50%) 

16 / 16 

(100%) 

Performance 

recovery 

(+50%) 

Systemic 
Efficiency: 
Teacher 
profiling time 

~1 week 

(manual) 

~5 min 

(automated) 

>99%

reduction in 

profiling time

Early At-Risk 
Identification 
(Bajo Level) 

0% 

(reactive) 

100% 

(predictive) 

Automated 

diagnostic 

triggering 

Figure 7. Structured pedagogical promts, that produce level-

diferenriated reinforcemente activitties and teacher 

recommendations, 

Figure 8. Structured return value of the tutoring piprlinr, 

formatted for direct sharing with both students and teacher7 
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5.1 Controlled Pedagogical Performance and 
Withdrawal Effects 

Average group scores in Mathematics improved from 6.5/10 to 

8.5/10 (20% gain) on CENEVAL-aligned instruments; in 

Complexity Sciences from 6.2/10 to 8.1/10 (19% relative gain). 

The primary case study demonstrates maximal performance 

recovery in a single intervention cycle, validating the level-

classification-to-prompt-strategy mapping implemented in the 

definir_nivel() function. 

5.2 Systemic Efficiency 

The automated pipeline — from Google Forms submission to 

Google Sheets ingestion to Gemini Flash generation — reduced 

student profiling time from approximately one week (manual 

assessment, error analysis, and differentiated lesson preparation) 

to under five minutes per student. This efficiency gain is 

structurally significant for under-resourced Mexican public 

institutions where one teacher may serve 40+ students per cohort. 

5.3 Early At-Risk Identification 

The definir_nivel() classification function identifies Bajo-level 

students (≤4/8) before disengagement, automatically triggering 

guided-exercise scaffolding protocols. This predictive capability 

— absent from standard classroom instruction — enables 

intervention at the point of first failure rather than after repeated 

poor performance. 

6 DISCUSSION AND LIMITATIONS 

The results confirm that effective ITS deployment does not require 

proprietary software. The system's reliance on the free Google 

Workspace ecosystem — universally available in Mexican public 

Bachillerato institutions — means it can be replicated by any 

teacher with a Google account, a Colab notebook, and a Gemini 

API key. 

Several limitations must be acknowledged: (1) the cohort was 

small (<20 students) over a short period (2 weeks); (2) the single-

institution setting limits generalisability; (3) absence of a control 

group prevents causal attribution of gains to the AI intervention 

alone; and (4) long-term retention was not measured. Additionally, 

the current implementation processes only the most recent Google 

Forms submission (data[-1]), which will require architectural 

modification for concurrent multi-student deployment in larger 

cohorts. 

7 CONCLUSION AND FUTURE WORK 

This paper has presented a fully implemented, zero-cost Intelligent 

Tutoring System for STEAM education in the Mexican upper 

secondary federal school, built on Google Colab, Google Sheets, 

and Gemini Flash. The system's three-stage automated pipeline — 

Forms-based diagnostic, Python classification, and Gemini-

generated personalised activities — produces measurable learning 

gains validated against CENEVAL-aligned independent 

assessments, while reducing teacher profiling time by over 99%. 

Future work will address the current limitations through: (1) 

parallel multi-student processing to replace the sequential data[-1] 

approach; (2) expansion to a multi-school cohort across Mexican 

states; (3) Within-Subject Validation and Cross-Partial Analysis; 

(4) longitudinal retention measurement; and (5) extension to

additional DGETI curriculum subjects. The system offers a

replicable blueprint for AI-augmented teaching that any upper

secondary federal school can implement at scale using existing 

infrastructure. With minimal adjustments to the underlying code 

and prompt design, this system can be effectively implemented 

across any educational level, offering a versatile tool for 

personalized learning environment. 
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