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Abstract. Supporting students’ reading comprehension is demanding
for teachers, as they have limited insight into the reading processes of
each student while they are reading. Although eye-tracking and artifi-
cial intelligence (AI) approaches offer strong potential to generate such
insights, they remain difficult to deploy and apply in actual classroom
practice. A key limitation lies in the lack of a structured approach to
translate gaze data into pedagogically sound, classroom-ready, action-
able insights for teachers. In this paper, we address this gap with a
proof-of-concept mapping that connects the Cognitive Theory of Multi-
media Learning (CTML) processes—selecting, organizing, and integrat-
ing—and their associated eye-tracking metrics with specific Al methods
and HCI-driven visualizations. In this ongoing work, we present an ini-
tial mapping derived from a literature review: we identify eye-tracking
metrics associated with CTML processes and propose preliminary con-
nections to Al methods and HCI-driven visualizations. Drawing on this
mapping, we illustrate our approach with a concrete example from a
PISA task. We argue that this structured approach is a necessary step
toward designing more targeted applications, moving from gaze data to
feedback that teachers can use. By grounding technical and design choices
in CTML, this mapping aims to support the development of Al-enhanced
tools that are technically sound and pedagogically relevant.
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1 Introduction

Reading comprehension is a central component of education and a cognitively
demanding learning process [18]. Educational practice places heavy demands on
teachers, limiting their ability to monitor individual learners’ needs during learn-
ing. Eye-tracking offers real-time access to otherwise unobservable data about
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how learners attend to, process, and integrate instructional material. Yet, eye-
tracking data are inherently rich and complex, requiring substantial processing
and interpretation before they can yield meaningful educational insights [10].
Despite technical progress, no structured approach exists to translate raw eye-
tracking data into pedagogically sound, classroom-ready insights that teachers
can act upon. In this ongoing work, we address this gap with a proof-of-concept
mapping that links multimedia learning processes to established eye-tracking
metrics, Al methods for automated inference, and HCI visualizations for teacher
dashboards. Based on an overview of existing research, we present an initial
mapping and illustrate it with a concrete example from a Programme for In-
ternational Student Assessment (PISA) [14] reading task. We argue that this
structured approach is a necessary step toward designing targeted applications
that move from eye-tracking data to actionable teacher feedback. By grounding
technical and design choices in CTML, this mapping aims to support the devel-
opment of AT tools that are both technically sound and pedagogically relevant.

2 Background and Related Work

2.1 Multimedia learning and eye-tracking

The Cognitive Load Theory (CLT) posits that learning is constrained by the
limited capacity of working memory [16], which acts as a filter of how much
information can be attended and processed simultaneously. Instructional design
that aligns with these constraints can support learning, whereas ineffective de-
sign can hinder it by overloading cognitive processing [16]. Building on CLT, the
Cognitive Theory of Multimedia Learning (CTML) emphasizes the dual-channel
architecture of working memory and its interaction with both instructional ma-
terials and long-term memory. It explains how visual (i.e., images in a text) and
verbal information (i.e., text) are selected and organized into coherent mental
representations, and integrated with prior knowledge. Learning is understood to
occur when learners successfully identify relevant information, construct appro-
priate mental models, and connect these models to existing knowledge structures.
Successful learning thus depends on three active processes: selecting, organizing,
and integrating [12]. Although these three processes are crucial for successful
learning, they remain highly invisible for teachers. Grounded in the eye-mind
assumption that what we look at reflects ongoing cognitive processing [9], eye-
tracking offers a window into these otherwise invisible processes. Eye movements
consist of fixations (periods of relatively stable gaze on a stimulus) and saccades
(rapid shifts between stimuli) [19].

Importantly, prior research has linked specific eye-tracking measures to each
CTML process [15,3]. For selecting, the focus is on whether learners attend to
task-relevant information, typically captured through metrics such as time to
first fixation, early fixation patterns, and fixation proportions on task-relevant
vs. irrelevant areas. For organizing, the focus is on how learners process and
structure information into mental representations, reflecting the experienced cog-
nitive load. This process is measured through fixation duration, total fixation
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count on structural elements, pupil size, and dwell time on task-relevant sections.
For integrating, the focus is on how learners connect information with prior
knowledge, examined through transitions between areas of interest, rereading
patterns, and scanpaths. Although the associations between eye-tracking mea-
sures and CTML processes offer a common framework, their operationalization
is not always straightforward, as the same measure can be interpreted differently
depending on the specific task and learning material [3].

2.2 Al and HCI for Eye-Tracking in Multimedia Learning

Recent advancements in Al have enabled the automated classification of specific
reading behaviors and reader profiles [2]. Furthermore, AT models can estimate
real-time cognitive effort and task engagement [6]. These capabilities provide a
foundation for structuring eye-tracking metrics around CTML. In this section,
we provide an overview of how Al and HCI methods can be structured around
the three CTML processes to translate eye-tracking metrics into pedagogically
actionable feedback. The methods described are illustrative examples, each rel-
evant to a particular scenario associated with a given process, rather than an
exhaustive or universal mapping.

For the selecting process, readers must distinguish between relevant and ir-
relevant information, Discriminative models, such as RoBERTEye-Fizations [7],
utilize word-level features to decode information-seeking goals by distinguishing
deep reading from scanning. Regarding the organizing process, advanced archi-
tectures like Time-aware Long Short-Term Memory (T-LSTM) autoencoders [6]
can extract latent features from fixation sequences to identify behavioral reader
profiles. Simultaneously, the Real-Time Index of Pupillary Activity (RIPA) [1]
can provide a continuous indicator of cognitive load and mental effort during
reading. To support the integrating process, AI models can analyze the connec-
tions between relevant areas of interest through scanpath analysis. Algorithms
like MultiMatch [5,8] can provide quantitative scores for scanpath similarity,
while Generative Al [4] can synthesize these into reports for teacher.

From an HCI perspective, these outputs can be rendered accessible via dash-
boards (e.g., VAAD [13]) which provide interactive attention heatmaps. Frame-
works like MetaDash [17] employ layered storytelling, allowing teachers to over-
lay pedagogical layers (e.g., a “mistakes” or “arousal” layer) over a student’s activ-
ity timeline to pinpoint cognitive breakdowns [11]. This can further be enhanced
by Generative Al agents that synthesize complex multimodal traces into struc-
tured narrative reports, linking behavioral reader profiles directly to educational
standards to provide actionable instructional recommendations while reducing
the teacher’s burden of manual data analysis [4]. Despite the emergence of such
advanced AI and HCI methods, there remains a lack of a systematic mapping
that aligns these computational techniques with core multimedia learning pro-
cesses towards transforming complex metrics into structured, narrative insights
for teachers and educators.
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3 Proposed Approach

Building on previous research which consolidates empirical links between CTML
processes and eye-tracking metrics [3,15], we extend this framework by adding
candidate Al methods for automated analysis and HCI visualizations designed
to make cognitive processes interpretable for teachers. This serves as an initial
demonstration of how such a mapping can bridge the interpretative gap be-
tween eye-tracking data and instructional action. We illustrate the feasibility of
this approach through the Galapagos Islands PISA task (Table 1), a multi-page
digital reading task where students navigate a simulated website to locate, or-
ganize, and evaluate information. This requires learners to dynamically select
relevant facts across four tabs ("About”, "Animals", "Conservation” and "Vol-
unteer"), organize them into a coherent understanding of the ecosystem, and
integrate information across multiple sources. For teachers, this mapping aims to
transform eye-tracking data into explanatory pedagogical insights that pinpoint
exactly where a cognitive breakdown occurs—be it a selection failure (missing
key information), organization difficulty (struggling to structure content), or an
integration breakdown (failing to connect related representations).

Table 1. Proof-of-concept mapping of CTML processes to task requirements, scenario
descriptions, eye-tracking metrics, candidate Al methods, and possible HCI solutions.

Process |PISA-Task Re-[Scenario ET Met-|Candidate Al|Possible HCI Solu-
quirements rics Method tion

Selecting [Search for and|Student Time  to|RoBERTEye- Attention Heatmaps:
select relevant|misses key [first fix-|Fixations to decode|highlights zones of|
information from|information |ation, information-seeking |attention on relevant
the  "Animals" fixation goals [7] text [13]
and "Conserva- duration
tion" pages proportion

Organizing |Construct and ac-|High cog-|Total dwell| T-LSTM to extract|Layered Storytelling:
tivate the mental|nitive load|time, pupil{latent features from|overlay pedagogical in-
representations |detected dilation, |temporal sequences|formation over activity
of the selected fixation [6], RIPA as indicator|timelines [11]
texts and images sequences |of cognitive load and
within and across mental effort [1]
both pages

Integrating | Connect the[Student does|Number of|MultiMatch and KLD|Narrative Assessment:
mental represen-|not connect|transitions,|for scanpath compari-|LLM agents to synthe-
tations to make|information |scanpath [son [5,8] size traces and trans-
inferences and|from different late into structured re-
reflect on  the|pages ports [4]
content

‘We demonstrate the application of this mapping with a specific question item
from the Galapagos Islands PISA task: "The ’Animals’ and ’Conservation’ pages
present facts and details about animals and conservation efforts in the Galapagos
Islands. Why does the Galapagos Reservation Society focus on this information
on two pages?". To correctly answer this item, students must locate information
on separate pages (selecting), structure the facts about conservation programs
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into a coherent understanding (organizing), and reflect on how the information
shape their purpose (integrating).

4 Discussion and Conclusion

This paper presented a proof-of-concept mapping that connects the CTML pro-
cesses with eye-tracking metrics, candidate Al methods, and possible HCI visual-
izations. Its main contribution is a structured conceptual bridge between multi-
media learning theory and the technical design of Al-enhanced teacher support
tools. Rather than treating gaze data, Al-based analysis, and dashboard de-
sign as separate components, the mapping illustrates how these can be aligned
to generate pedagogically meaningful insights into students’ learning processes.
The presented approach aims to offer an interdisciplinary mapping that fosters
further collaboration across multimedia learning, eye-tracking, Al, and HCI re-
search. By bridging these fields, this mapping can support an integrated investi-
gation of how learning processes can be captured, interpreted, and supported by
digital technologies. Future versions of the mapping should incorporate task de-
mands, learning characteristics, and the interaction among multiple eye-tracking
indicators, as these factors strongly influence the interpretation of eye-tracking
measures and the related learning processes. To address this, future work will
extend our mapping by conducting a systematic mapping across multimedia
learning, eye-tracking, AI, and HCI research, followed by expert validation with
developers, researchers and teachers in authentic educational contexts.
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