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Abstract: The measurement of real-time cognitive load remains challenging in e-learning 
environments, while self-report measures provide limited insight into learners' moment-to-moment 
cognitive responses. This study examines whether combining eye-tracking and physiological 
monitoring can provide such an objective account across different instructional content formats.  A 
Tobii Pro Fusion eye tracker and Polar heart rate sensor were used in a within-subjects study where 
52 participants engaged with four types of educational content: text-heavy linear, text-heavy non-
linear, graph-heavy linear, and graph-heavy non-linear. Based on gaze patterns, heat maps, and 
heart rate data, two main reading strategies emerged: F-pattern readers (n = 23, 44%) and Z-pattern 
readers (n = 29, 56%). Graph-heavy content was associated with longer completion times and higher 
physiological markers of cognitive effort.  Heart rate increases of more than 30% over individual 
baseline were consistently associated with periods of higher cognitive strain, suggesting a possible 
threshold for adaptive instructional intervention.  Mean heart rate rose from 92.08 bpm for text-heavy 
linear material to 122.75 bpm for graph-heavy non-linear content, indicating greater physiological 
engagement as instructional complexity increased.  Although these results suggest practical 
directions for adaptive e-learning systems, learning analytics dashboards, and content delivery in 
LMS platforms like Moodle, Blackboard, and Canvas, they are a foundation rather than definitive 
design rules because this was an exploratory, descriptive study. Based on this, three outputs are 
proposed: a real-time intervention protocol framework, a personalisation model based on objective 
learner profiling, and evidence-based content creation guidelines. 

Keywords: adaptive learning, cognitive load, digital learning environments, e-learning design, 
eye-tracking, multimodal learning analytics, physiological sensing. 

 

Introduction 

Digital interfaces for learning have expanded rapidly since the pandemic, making the 
optimisation of online content format a progressively important area for research and design. This 
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paper proposes three outputs: a real-time intervention protocol framework, a personalisation model 
based on objective learner profiling, and evidence-based content creation guidelines (Tyng et al., 
2017). The deployment of digital interfaces has surged since the pandemic, making online content 
format optimisation a critical area for study and design (Limniou et al., 2021). Despite significant 
advancements in educational technology, a large gap remains between current sensing capabilities 
and practical instructional design. Although multimodal data streams, particularly physiological 
measures and visual attention data, offer a potential way to close this gap (Bustos-López et al., 2022; 
Hwang et al., 2018), these streams have not been widely translated into specific, useful 
recommendations for e-learning designers. We present a multimodal investigation of how four 
distinct instructional content formats affect learner attention, cognitive load, and engagement, and 
we translate those findings into practical frameworks for adaptive e-learning design. Specifically, we 
contribute:  

1. Evidence-based identification of cognitive load differences across four instructional 
content formats commonly encountered in LMS platforms.  

2. Multimodal indicators of learner engagement that can serve as proxies for adaptive 
instructional decision-making. 

3. Practical design recommendations for adaptive e-learning systems, including real-
time intervention protocols and personalisation strategies.  

The study is positioned at the intersection of multimodal learning analytics, cognitive load 
theory, and adaptive instructional design, three fields whose integration holds significant promise 
for the future of digital education. 

Research Problem 

The increased use of digital learning environments has made it essential to explore how 
learners interact with different types of educational content. Questionnaires and performance 
assessments are traditional methods for measuring engagement and cognitive load, but they are 
subjective and do not reflect learners' experiences during implementation. The growing shift toward 
technology-based learning makes this issue timely and requires a scientifically grounded approach 
to supporting learners and developing educational materials. The solution to this issue may benefit 
society by providing a more efficient, accessible and personalised digital learning experience 
through a deeper understanding of how learners interact with material and process information. 
From a scientific point of view, this research will contribute to the developing field of multimodal 
learning analytics and combine eye tracking and psychophysiological measurements. Although 
previous studies have examined eye-tracking or physiological measures independently, limited 
research has integrated both approaches across different educational interface designs. 
Consequently, the problem remains insufficiently explored. This study advances current knowledge 
by investigating how learners interact with text-heavy and graph-heavy content presented in linear 
and non-linear formats, providing new insights into attention patterns, cognitive load, and evidence-
based educational design. 
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Research Focus  

This study uses eye-tracking and physiological monitoring technology to examine how various 
instructional content designs affect learners' attention, cognitive load, and engagement. 

To determine how visual attention patterns and physiological reactions differ across formats, 
the study examines how students interact with four instructional interfaces: text-heavy linear, text-
heavy non-linear, graph-heavy linear, and graph-heavy non-linear material. The study pays particular 
attention to relationships between fixation behaviour, reading preferences, and heart rate variations 
as markers of cognitive processing and mental strain. 

The groundwork of this scientific approach of the authors is based on the concept that through 
the application of multimodal learning analytics, one can get a scientifically valuable insight into the 
behaviour of the learners, something which is not possible through traditional assessment 
techniques. This study is designed to enhance flexible learning environments, develop evidence-
based guidelines for designing educational content and create personalised learning experiences. 

Research Aim  

This study aims to generate meaningful correlations among eye movement measures, 
physiological responses, and learner engagement profiles through four types of educational content 
interfaces: (1) text-heavy linear, (2) text-heavy non-linear, (3) graph-heavy linear, and (4) graph-heavy 
non-linear. These four interface types cover the broad spectrum of learning materials used in digital 
learning environments, such as lecture slides, research reference pages, process diagrams, and 
concept maps. 

The study’s multimodal approach is intended to generate outputs directly relevant to 
developing adaptive learning systems and LMS platforms, such as recommendations for content 
format selection, real-time intervention protocols, and personalisation strategies based on objective 
learner profiling.  

Research Questions 

Three formal research questions guide this study: 

RQ1: How do linear and non-linear educational interfaces influence learner visual attention 
patterns as measured by eye-tracking? 
RQ2: How do text-heavy and graph-heavy educational interfaces affect cognitive load as 
indexed by physiological and attentional indicators? 
RQ3: Can multimodal learning analytics provide actionable indicators to inform adaptive 
instructional design decisions for digital learning environments? 
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Literature Review 

One of the key challenges in education is accurately assessing cognitive load and engagement 
in real time. Traditional methods, such as self-reporting, testing, and observation, often fall short of 
capturing a student's cognitive and affective state in real time (Fuentes et al., 2021). Cognitive load 
is also shaped by the delivery medium, with recent reviews reporting systematic differences between 
computer- and paper-based learning and assessment (Pengelley et al., 2025). Combining 
physiological data (heart rate) and eye-tracking data (heat map, gaze plot) makes it possible to better 
observe how students interact with different learning resources and identify cases of overload and 
disengagement. 

Cognitive Load Theory and Multimedia Learning 

As working memory capacity is limited, Cognitive Load Theory (CLT) distinguishes three 
categories of load that instructional design must manage: intrinsic load, arising from the inherent 
complexity of the learning material; extraneous load, arising from poorly designed instructional 
elements such as confusing navigation or disorganised information; and germane load, the mental 
effort devoted to schema construction and meaningful learning (Sweller, 2011). 

Mayer's Cognitive Theory of Multimedia Learning (CTML) extends CLT to digital settings, 
proposing that learning is most effective when verbal and visual channels are synchronised, and 
unnecessary processing is minimised (Mayer, 2009). This study empirically tests the CTML prediction 
that graph-heavy or non-linear interfaces may impose additional, unnecessary load when visual 
complexity and navigation demands compete with processing instructional content. Self-Regulated 
Learning (SRL) theory further contextualises these findings: learners differ in their capacity to monitor 
and regulate their own cognitive states, and multimodal analytics can offer an external scaffold that 
compensates for gaps in metacognitive awareness (Banihashem et al., 2025; Zimmerman, 2002). 
Taken together, CLT, CTML, and SRL provide the theoretical basis for treating eye-tracking and 
physiological data as proxies for cognitive and affective engagement. In this study, we link eye-
tracking and physiological indicators to CLT dimensions as follows: prolonged fixation durations or 
repeated regressions may signal elevated intrinsic load; excessive scanning between areas of 
interest (AOIs) is interpreted as a marker of extraneous load; and systematic attention to key 
instructional cues, combined with a moderate and stable heart rate, suggests germane load 
engagement. 

Eye-Tracking in Educational Research 

Eye-tracking equipment allows researchers to examine attentional allocation and cognitive 
processing across visual learning environments by recording eye movements and gaze points (Sola 
& Qureshi, 2024). In educational research, heat maps and gaze patterns are frequently used to 
characterise reading behaviour, identify areas of focus, and detect attention shifts. Two patterns are 
particularly relevant to this study: Z-pattern reading, involving diagonal movement from the top-left 
toward the top-right and typically associated with visually structured materials, and F-pattern 



©Copyright 2026 by the author(s) This work is licensed under a Creative Commons Attribution 4.0 International                                       
License. 

 
 

 
 

	30 

reading, where attention is concentrated across upper sections before moving vertically down the 
left side, commonly observed in text-heavy interfaces. 

Recent research highlights the growing value of eye tracking in education. Ke et al. (2024) 
demonstrate its potential to link visual attention with learning objectives and evaluate digital 
interfaces, while Chytrý et al. (2025) highlight its usefulness for examining reading behaviour, 
attention allocation, and cognitive processing in digital learning environments.  Witt et al. (2024) 
further demonstrate how gaze-based evidence can examine differences in attention allocation and 
decision-making between expert and novice teachers. 

Eye tracking has also increasingly been applied to cognitive-load assessment and adaptive 
learning.  Sola and Qureshi (2024) demonstrate how real-time gaze analysis could support dynamic 
content adaptation and cognitive-load management in online learning.  Jamil et al. (2023) combined 
eye tracking with brain activity measures to investigate information processing, while Turčáni et al. 
(2024) used scalable eye-tracking technology to examine reading comprehension of multimedia-
enhanced instructional texts among computer science students. Collectively, these studies support 
the value of gaze-based analytics for understanding learner attention and cognitive processing. 

Physiological Measures in Learning Contexts 

Heart rate (HR), heart rate variability (HRV), and galvanic skin response (GSR) index the 
emotional and cognitive state of learners: elevated HR is associated with increased cognitive load 
during demanding tasks, while reduced HRV reflects heightened attention and stress-management 
demands (Becerra et al., 2025; Francisti et al., 2023). Multimodal physiological monitoring is 
increasingly used to assess learner states in real time. Zangeneh Soroush and Zeng (2023) show how 
HRV and GSR can identify stress in learning environments, and Becerra et al. (2025) note that 
physiological signals capture learner states that behavioural data alone may not reveal. Al-Nafjan 
and Aldayel (2024) further support GSR as a marker of autonomic arousal, and Iarlori et al. (2024) 
demonstrate the potential of wearable sensors to monitor cognitive workload and support adaptive 
decision-making. 

These signals are also shaped by factors beyond cognitive load, including individual 
physiological variability, movement, temperature, and emotions unrelated to the task. HR, HRV, and 
GSR findings therefore require cautious interpretation, particularly where thresholds are researcher-
defined rather than statistically validated on larger samples; the present findings are treated as 
suggestive patterns warranting further investigation rather than definitive evidence of cognitive or 
emotional state. 

Integration of Multimodal Data in E-Learning 

Combining eye tracking with physiological data offers a more complete picture of learner 
behaviour than either modality alone (Giannakos et al., 2019; Wang et al., 2025). Wang et al. (2025) 
combined portable eye tracking with facial emotion detection in digital game-based vocabulary 
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learning and identified distinct fixation sequences and attention patterns linked to language ability. 
Such multimodal approaches are increasingly being extended into adaptive and intelligent learning 
systems that fuse multiple data streams to model learner states and optimise instructional delivery: 
Alkhatib et al. (2025) propose an AI-driven semantic fusion framework for adaptive e-learning that 
links heterogeneous learner data to dynamic system responsiveness and tailored content delivery, 
while Ramesh and Jayashree (2024) present a framework for incorporating multi-layered learning 
styles into adaptive e-learning environments to customise instructional routes and improve 
engagement. 

Yürüm (2025) provides a broader methodological assessment of technology-enhanced 
multimodal learning analytics in higher education, underscoring the value of combining behavioural, 
physiological, and interactional data in next-generation educational analytics, while Tirumanadham 
et al. (2025) demonstrate that integrating multimodal data with machine learning can improve 
student performance prediction. Multimodal techniques of this kind have now been applied across 
problem-solving tasks, multimedia learning environments, and adaptive learning systems (Ramesh 
& Jayashree, 2024; Tirumanadham et al., 2025; Yürüm, 2025). Despite this progress, three gaps 
remain, and the present study addresses them. First, most prior research examines a single content 
type. In contrast, this study systematically compares four formats across two structural dimensions 
(text/graph × linear/non-linear), covering most material types found in typical LMS-based learning. 
Second, non-linear exploration in digital environments has received comparatively little attention 
relative to linear information flows. Third, translating multimodal data into concrete e-learning 
design recommendations, particularly for adaptive systems, remains limited. 

Materials and Methods 

This study examines the relationship between cognitive load, reading behaviour, and 
physiological response across four types of educational material, combining eye-tracking and heart-
rate measurement to assess participant engagement. The design is within-subjects: each participant 
completed all four instructional conditions (text-heavy linear, text-heavy non-linear, graph-heavy 
linear, graph-heavy non-linear), with presentation order counterbalanced across participants to 
control for order and fatigue effects. Ethical approval was obtained prior to data collection, and all 
procedures followed the University's research ethics guidelines. 

A total of 120 participants remained for the study after six datasets were eliminated because 
calibration accuracy did not meet the predetermined level. To improve the ecological validity of the 
results across educational contexts, we purposefully selected a wide range of ages (18–65) and 
educational backgrounds, including university students, adult learners, professionals in 
development programs, and members of the online learning community. Initially, G*Power 3.1 was 
used for an a priori power analysis with a statistical power of 80% and an alpha level of .05. However, 
a sensitivity power analysis was carried out using the final sample size of 52 people because 
participant recruitment had already been completed. While smaller effects might not have been 
consistently detected, the analysis showed that the study was appropriately powered to find 
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medium-to-large effects (e.g., correlations of around r = .39 or bigger). In educational research, 
where comprehensive multimodal data collection frequently yields moderate sample sizes, the final 
sample of 52 participants is congruent with exploratory eye-tracking and physiological studies. 

Participants wore  Polar OH1 wrist-mounted heart rate sensors (as shown in Figure 1). Baseline 
physiological measures were recorded before task commencement, providing individual reference 
values critical for interpreting proportional heart rate change. Participants were seated in front of a 
Dell laptop equipped with a Tobii Pro Fusion eye tracker at a standardised distance of 50–95 cm. 
Following a calibration procedure using Tobii Pro Lab, the presentation order of the four 
instructional panels was counterbalanced across participants to minimise order effects. Areas of 
Interest (AOIs) were defined by logical content divisions (headings, diagrams, body text). Eye-
tracking data were recorded using a fixation threshold of 100 ms and a saccade velocity exceeding 
30°/s. 

Figure 1 

Experimental setup showing participant positioning, Tobii Pro Fusion eye tracker, laptop, and Polar 
OH1 heart-rate sensor used for multimodal data collection. 

 

Participants completed tasks involving four types of instructional material: (A) text-heavy with 
linear flow, (B) text-heavy with non-linear flow, (C) graph-heavy with linear flow, and (D) graph-heavy 
with non-linear flow. A comprehension question of increasing complexity followed each material. 
The comprehension questions were developed to assess participants' understanding of the 
instructional material immediately after each content panel. Each question directly reflected the 
learning objectives presented in its respective interface and was reviewed before data collection to 
ensure consistent scope and difficulty across the four instructional conditions. As each instructional 
panel contained a single comprehension question, internal consistency measures such as 
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Cronbach's alpha were not applicable. Participants completed one comprehension question 
following each instructional panel. Responses were collected as part of the experimental dataset to 
confirm task completion and engagement with the instructional material.  

Although these responses were recorded, the present study focused on eye-tracking and 
physiological measures; therefore, comprehension scores were not included as outcome variables 
in the statistical analyses reported here.  Participants were assigned up to ten minutes, with early 
completion permitted. This time constraint was deliberately chosen to mirror typical online learning 
modules, ensuring ecological relevance. Eye-tracking data were recorded continuously throughout, 
and participants were shown a playback of their gaze data upon completion. 

The Tobii Fusion Eye Tracker captures gaze data at a sampling rate of up to 250 Hz, supporting 
detailed analysis of fixation patterns, saccades, and scan paths. In this study, it measured: (1) fixation 
duration, as an indicator of attention and local cognitive load; (2) gaze heatmaps, to visualise AOI 
engagement; and (3) scan paths, to characterise information processing sequences across content 
formats. 

In Figure 2, the IoT biometric sensor, developed and validated in-house (Nalli et al., 2023), 
included an ESP32 microcontroller with a Wi-Fi module, a pulse sensor for HR detection, and GSR 
sensors for sweat level detection, housed in a 3D-printed wearable casing with an independent 
power supply. The device collected approximately 200 records per minute and logged them to a 
MySQL database via a PHP connection. The Polar OH1 wrist sensor provided cross-validated BPM 
readings and enabled live HR monitoring during task completion. To minimise physiological 
confounding factors, participants completed the study individually in a controlled laboratory 
environment under consistent environmental conditions. Participants remained seated throughout 
the experiment and were instructed to avoid unnecessary body movement during data collection. 
Baseline heart-rate values were recorded before the experimental tasks, allowing subsequent 
interpretation of changes relative to each participant's resting state rather than relying solely on 
absolute heart-rate values. Although individual physiological differences and external influences 
cannot be eliminated, these procedures reduced non-task-related variability in the recorded 
measurements. Continuous participant-level GSR data were retained throughout data collection, 
enabling the participant-level inferential analyses reported in the Results section below; heart-rate 
data were recorded and analysed at the panel level only, as per-panel segmentation was not 
captured at the point of collection. 

 

 

 

 



©Copyright 2026 by the author(s) This work is licensed under a Creative Commons Attribution 4.0 International                                       
License. 

 
 

 
 

	34 

Figure 2 

Wearable IoT physiological monitoring system incorporating heart rate (HR) and galvanic skin 
response (GSR) sensors used for multimodal data collection during the experimental sessions. 

 

Results and Discussion 

Gaze Patterns and Educational Applications 

Figure 3 depicts participants' gaze interactions with the four content panels, revealing distinct 
attentional patterns for each format.  

Participants who looked at Panel A (text-rich, linear) showed clusters of fixations near important 
textual elements, indicating a structured reading approach and an F-pattern, as described in Table 
1.  This format had the lowest average completion time (2-4 minutes) and the lowest cognitive load 
measures, suggesting it is suitable for teaching basic concepts and processes. Participants looking 
at Panel B (text-rich, non-linear) showed scattered fixation points with consistent shifts between 
elements, suggesting exploratory reading and use of bold text and central images as navigation 
points.  This pattern can be associated with non-linear digital spaces where people look for 
information, such as wiki pages or research references.  According to CLT theory, extraneous load 
can result in scattered fixations. 

Panel C (graph-heavy, linear) showed participants engaging primarily with graphical elements 
in a sequential left-to-right flow, largely bypassing accompanying text. This structured visual 
processing pattern is well suited to explaining processes and illustrating cause–effect. Panel D 
(graph-heavy, non-linear) produced the most widely dispersed fixations, reflecting self-directed 
exploration consistent with discovery-based learning approaches. This format was associated with 
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the highest average completion time (8.5–10 minutes), indicating the greatest attentional and 
processing demands. 

Linear layouts (Panels A and C) consistently promoted structured, predictable engagement 
patterns; non-linear layouts (Panels B and D) elicited exploratory behaviour requiring greater 
navigational support. These findings address RQ1 and suggest that layout structure may influence 
visual attention patterns. 

Figure 3 

Overall gaze plots illustrating participants' visual attention patterns across the four instructional 
content formats (text-heavy linear, text-heavy non-linear, graph-heavy linear, and graph-heavy non-
linear). 

 

Table 1 

Average participant time and educational applications for each layout type 

Layout Content Type Avg. Time Cognitive Load 
Level 

Educational Application 

A Text-heavy, linear 2–4 min Low–Moderate Lectures, procedures, 
foundational concepts 

B Text-heavy, non-
linear 

5–6.5 min Moderate Wiki resources, research 
materials, reference docs 

C Graph-heavy, linear 7–8 min High Process diagrams, SDLC flows, 
cause–effect visuals 
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D Graph-heavy, non-
linear 

8.5–10 min Very High Interactive simulations, concept 
maps, advanced analytics 

 

Reading Style Identification: Personalising Educational Delivery 

The heat map analysis specifies that linear content supports F-Type learners by preserving the 
sequential processing pathway they rely on, whereas non-linear content risks disrupting that 
pathway; graphical, non-linear content, by contrast, suits the exploratory processing pattern of Z-
Type learners. These two processing preferences have direct implications for e-learning content 
design: hierarchical structure, headings, numbered lists, and sequential organisation best suit F-
Type learners, while multiple entry points, graphical representation, and visual anchors better serve 
Z-Type learners (Figure 4). A dual-path approach that presents the same content both sequentially 
and as a visually networked structure offers one way to accommodate both reader types without 
real-time monitoring. Beyond answering RQ1, these findings provide practical design guidance for 
LMS-based content development. 

Figure 4 

Gaze maps illustrating the two dominant reading strategies (F-type and Z-type) identified from 
participants' eye-tracking data, demonstrating differences in visual attention distribution and 
navigation behaviour. 

 

Heat Map Analysis 

Figure 5's heat map visualisations supported the reading-style differences visible in the gaze 
plots. F-Type readers (n = 23) showed dense fixation on titles, introductory text, and sequential AOIs 
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within linear panels, but more dispersed attention in non-linear formats, consistent with additional 
extraneous load when their preferred sequential pathway is disrupted. Z-Type readers (n = 29) 
showed more evenly distributed fixation across AOIs in all content types, reflecting an exploratory 
style that aligns particularly well with non-linear formats and supports flexible navigation and 
selective information retrieval consistent with SRL. The visual complexity of graph-heavy non-linear 
content appears to suit Z-Type readers' natural processing style, potentially encouraging germane 
load through active model formation. 

All four content panels show a clear trend toward higher average heart rates. The panel with 
the most graphical information (D) shows the highest average heart rate levels. The observed 
patterns suggest an association between graph-heavy, non-linear materials and increased cognitive 
demand. However, without replication in larger samples and inferential statistics, the heart rate levels 
discussed below should not be considered universal intervention requirements for learners. Despite 
the limited number of data points (four in total), the strong relationship (r=0.90) between peak heart 
rate levels and completion time should be interpreted with caution. 

For this dataset, three threshold bands were identified as particularly significant for 
instructional purposes. For this dataset, three researcher-defined threshold bands were explored. 
Increases of approximately 20% above individual baseline were treated as an indicative lower-
demand range, while increases approaching 30% and 50% were explored as potential markers of 
increasing cognitive demand. These thresholds are exploratory and require support in larger, 
prospectively structured datasets. Higher heart rate increases, close to 30% from individual baseline 
values, consistently appeared alongside longer task completion times and increased dispersion in 
gaze distribution, pointing to developing cognitive load. Heart rate increases of 50% or higher from 
individual baseline values indicated the highest cognitive load in the content presentation 
conditions (Panel D). These observations, if confirmed by further research, can form the basis of real-
time adaptive interventions within the LMS systems with physiological data monitoring capabilities. 
Such an application would need to be calibrated to individual baseline values and integrated into 
content delivery systems that can dynamically adjust task difficulty. 

Table 2 

Heart Rate Summary by Content Panel 

Panel Content Type Mean HR 
(bpm) 

HR Range 
(bpm) 

Indicative 
Load Level 

Implications for E-Learning 

A Text-heavy, linear 92.08 53–150 Low–Moderate Suitable for foundational 
content; low scaffolding 
required 



©Copyright 2026 by the author(s) This work is licensed under a Creative Commons Attribution 4.0 International                                       
License. 

 
 

 
 

	38 

B Text-heavy, non-
linear 

99.35 48–180 Moderate Navigation support 
recommended; consider 
progress indicators 

C Graph-heavy, 
linear 

114.06 46–180 High Scaffolding and worked 
examples recommended 

D Graph-heavy, 
non-linear 

122.75 53–180 Very High Reserve for advanced 
learners; extensive adaptive 
support needed 

 

Table 2 summarises mean heart rate by panel: 92.08 bpm (Panel A, text-heavy linear), 99.35 
bpm (Panel B, text-heavy non-linear), 114.06 bpm (Panel C, graph-heavy linear), and 122.75 bpm 
(Panel D, graph-heavy non-linear), indicating that graph-heavy materials were associated with higher 
physiological demand than text-heavy materials in this sample. Analysis of Figure 6 (fixation intensity 
vs mean HR scatter plot) demonstrated that high fixation intensity corresponded with elevated mean 
heart rates, providing a descriptive indication of convergence between the eye-tracking and 
physiological measures as a combined approach to cognitive load assessment in e-learning 
contexts. 

The panel-level heart rate comparisons above remain descriptive: per-participant physiological 
data were not segmented by panel at the point of collection, so a repeated-measures inferential test 
across Panels A-D was not possible. However, we conducted participant-level inferential analyses on 
the concurrently collected GSR (skin conductance) data (N = 50), a physiological signal separable 
from panel-specific effects because it was recorded continuously across the task. Paired-samples 
tests comparing early-task and later-task GSR (t(49) = -0.42, p = .677), a linear trend test across the 
task (t(49) = -1.16, p = .252), and a baseline-versus-task comparison (t(49) = 0.16, p = .873) all 
returned non-significant results, with small effect sizes (|d| < 0.06 throughout). This null result 
suggests that GSR alone may not be a sufficiently sensitive marker of cognitive load escalation in this 
paradigm, and it means the panel-level HR pattern reported above should be interpreted as a 
descriptive trend rather than a statistically confirmed effect pending duplication with prospectively 
panel-segmented physiological data. 
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Figure 5 

Heat maps illustrating fixation density for F-type readers across the four instructional content formats 

 

The findings provide exploratory implications for e-learning design, adaptive learning systems, 
and learning analytics practice. This section discusses the implications of the findings for digital 
educational settings in the context of the theoretical framework introduced in the Literature Review. 

Interface Structure, Visual Attention, and Cognitive Load Theory 

The eye-tracking data align closely with CLT and CTML predictions about the distinct cognitive 
demands imposed by structural and modal differences between content types. Graph-heavy non-
linear content (Panel D) produced the most scattered fixation data, the highest average heart rate, 
and the slowest completion times. This convergent pattern is consistent with elevated extraneous 
load resulting from the dual demands of extracting and processing instructional content and 
navigating complex visual structures. According to Mayer (2009), learning efficiency is decreased 
when unnecessary processing uses up cognitive resources that could be used for generative and 
necessary processing. In contrast, text-heavy linear material produced structured, predictable 
fixation sequences and the lowest physiological signs of demand (Panel A). This aligns with CLT 
expectations about the advantages of logical, in-order-arranged teaching materials for handling 
intrinsic load, especially for students encountering new material. These findings suggest that text-
heavy, sequentially structured formats may be appropriate for foundational and procedural content, 
while graph-heavy or non-linear presentations may require additional support. 

The increased fixation density and elevated heart rate observed in graph-heavy, non-linear 
content suggest that visual complexity may increase extraneous cognitive load when learners must 
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simultaneously navigate and interpret multiple information sources. This aligns with Sweller’s (2011) 
redundancy effect and the split-attention effect in CLT: when textual and graphical elements are 
poorly integrated or require simultaneous cross-referencing, cognitive demand escalates 
disproportionately to instructional benefit (Sweller, 2011). 

Reading Style Differences and Personalised E-Learning Design 

Identifying two main reading patterns, F-pattern (n = 23, 44%) and Z-pattern (n = 29, 56%), has 
practical implications for individualised content design in e-learning platforms. This distribution is 
broadly consistent with prior research on reading behaviour on information-heavy websites, lending 
ecological validity to the LMS-based results reported here. Accounting for such individual 
differences matters because learner styles have been shown to influence performance in self-
instructional online courses (Oliveira et al., 2023). F-Type learners' preference for structure and order 
may reflect self-regulation and prior-knowledge factors, though this interpretation remains 
speculative at this stage; Z-Type readers, by contrast, appear to rely on visual support, multiple 
content pathways, and graphic integration to support their exploratory approach. For LMS systems 
serving heterogeneous user groups, a dual-path design that presents the same content both 
sequentially and as a visually networked structure offers a practical way to accommodate both reader 
types without real-time monitoring. Where real-time eye tracking is available, F/Z classification could 
be explored as a learner-profiling approach, enabling adaptive content presentation based on the 
profile revealed during calibration. 

Proposed Adaptive E-Learning Intervention Framework 

Based on the exploratory patterns observed in this study, a conceptual adaptive intervention 
framework can be proposed for future validation. Patterns of heart rate threshold identified in this 
study, though requiring larger samples and inferential confirmation, suggest a practical model for 
an adaptive intervention system with three responsive stages relative to each participant's baseline: 
at HR up to 20% over baseline, content delivery proceeds unchanged, indicating appropriate 
engagement; at HR approaching 30% over baseline, the system could insert a formative check, 
worked example, simplified content, or progress indicator; at HR around 50% over baseline, more 
direct intervention is warranted, such as pausing progression, offering direct explanation, or 
redirecting to simpler content. Eye-tracking data could complement this system by using scattered 
fixations, excessive AOI transitions, or sustained regressions, which may signal emerging cognitive 
overload before physiological thresholds are reached, enabling earlier adaptive responses. This 
architecture is technically compatible with existing LMS platforms such as Moodle, Blackboard, and 
Canvas via plugin-based extension, browser-accessible eye-tracking APIs (e.g., WebGazer.js), and 
low-cost wearable heart rate monitors; the main barriers to deployment are organisational (data 
governance, instructor training, consent protocols) rather than technological. 

Figure 6 shows a positive correlation between fixation intensity and mean heart rate, a widely 
used indicator of cognitive effort, engagement, and physiological arousal. The regression line rises 
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as fixation intensity increases. Participants with fixation intensity scores of 4.0-4.5 showed higher 
mean heart rates (approximately 114-123 bpm) than those with scores of 2.5-3.0 (approximately 92-
100 bpm). The red markers represent the four panel-level observations, and the shaded band 
represents the 95% confidence interval for the regression line; its width reflects the limited number 
of data points and signals a need for further statistical analysis before the strength of this relationship 
can be established with confidence. 

Figure 6. 

Relationship between fixation intensity and mean heart rate, illustrating the association between 
visual attention and physiological indicators of cognitive demand 

 

Learning Analytics Dashboards for Educators 

Beyond real-time adaptive systems, the multimodal data streams investigated in this study have 
strong potential as inputs to educator-facing learning analytics dashboards. Visualisations of 
aggregate fixation patterns, cohort-level heat maps by content type, and alert flags for learners 
whose physiological indicators suggest sustained high demand could help instructors make 
evidence-based decisions about content revision, targeted re-teaching, and formative intervention 
timing. The usability of such educator-facing tools is a key design consideration, since the learnability 
of authoring and analytics interfaces directly affects teacher adoption (Roldán-Álvarez et al., 2016). 
Such dashboards could support a shift from mostly retrospective analysis toward more prospective 
monitoring: instructors would have access to real-time engagement signals during content 
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interaction rather than reviewing performance data after assessments, allowing for earlier and more 
targeted intervention. This is particularly relevant for asynchronous online learning contexts, where 
instructors have no real-time visibility of learner states. 

Alignment with Self-Regulated Learning Theory 

The reading style differences and adaptive response architecture described above also have 
implications for Self-Regulated Learning (SRL) theory. These reading patterns may reflect differences 
in self-regulatory behaviour; however, SRL capacity was not directly measured in the present study: 
they rely on external content structure to guide their processing and may lack the metacognitive 
strategies to navigate non-linear environments productively. Z-Type readers’ exploratory behaviour, 
by contrast, may reflect higher SRL capacity, enabling them to construct their own learning pathways 
through visually complex environments. Multimodal analytics could serve a scaffolding function for 
lower-SRL learners by externalising the monitoring and evaluation components of self-regulation: 
the system monitors cognitive load and provides adaptive prompts that substitute for or supplement 
the learner’s own metacognitive awareness. This framing extends the present findings beyond 
instructional design and into the broader domain of learner support in digital environments. 

Conclusions and Implications 

This study demonstrates the potential of multimodal learning analytics by combining eye-
tracking and physiological monitoring to support evidence-based instructional design decisions in 
digital learning environments. Across four educational content formats, consistent differences 
emerged in visual attention patterns and physiological indicators of cognitive demand, with graph-
heavy non-linear content associated with the highest attentional and physiological load and text-
heavy linear content with the lowest. Two dominant reading strategies were identified, with direct 
implications for personalised LMS content design. 

These findings should be read as preliminary evidence consistent with Cognitive Load Theory 
and Mayer's Cognitive Theory of Multimedia Learning, rather than as definitive causal claims. The 
heart rate threshold patterns identified here require replication with larger samples and inferential 
statistical validation before they could serve as universal intervention criteria. Even so, the 
convergent patterns across the eye-tracking and physiological data streams provide a coherent 
foundation for an adaptive e-learning intervention architecture, with practical relevance for LMS 
design, learning analytics dashboard development, and personalised content delivery. 

Future work should evaluate these approaches in authentic online and classroom learning 
environments, incorporate direct measures of learning performance, and investigate integrating 
multimodal indicators into adaptive learning systems compatible with existing LMS platforms. The 
methodology established here by combining Tobii Pro eye-tracking with wearable IoT physiological 
sensing across multiple instructional content types provides a replicable framework for this next 
phase of research. 
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Several limitations should be considered when interpreting the findings and their 
generalisability. 

• Laboratory environment: Although the controlled laboratory setting was necessary to ensure 
equipment reliability and data quality, it may not fully reflect real-world learning 
environments, where factors such as motivation, distractions, and social interaction can 
influence learner responses. Future research should therefore validate these findings in 
authentic classroom and online settings to assess their ecological validity.  

• Sample size and physiological subsample: The sample of 52 participants provides a useful 
basis for preliminary analysis but limits statistical power and generalisability. Future studies 
should therefore use larger and more diverse samples to strengthen the reliability of the 
findings. 

• Threshold: The heart rate threshold levels (20%, 30%, 50% above baseline) mentioned in this 
study are researcher-defined. The criteria were not validated by other methods (NASA-TLX 
ratings, etc.), so they cannot be used as a general criterion. 

• Single institution: All participants were students at a single university (UK). 

• Heart rate confounds: Heart rate is influenced by factors beyond cognitive load, including 
physical movement, ambient temperature and emotional arousal unrelated to the learning 
task. Without concurrent measurement of these confounders, heart rate cannot be treated as 
a pure index of cognitive demand. 

• Physiological individual variability: Individual differences in baseline heart rate and 
physiological reactivity mean that population-level thresholds may not be appropriate for all 
learners. Personalised baselines, as used in this study, partially address this, but real-world 
deployment will require further individualisation strategies. 

Suggestions for Future Research 

The present study establishes a foundation for a multimodal approach to evidence-based e-
learning design, yet several important directions remain for future investigation. 

First, longitudinal tracking of how multimodal engagement indicators evolve as learners 
develop domain expertise would help distinguish between cognitive overload and productive 
cognitive challenge, thereby refining the interpretation of physiological thresholds. Understanding 
these developmental trajectories over time is essential for building adaptive systems that respond 
appropriately to a learner's changing needs as their proficiency grows. 

Second, future work with sufficient sample sizes should incorporate inferential statistical 
analysis to strengthen empirical validation. This could include ANOVA or Kruskal–Wallis tests on eye-
tracking metrics such as fixation count, dwell time, and area-of-interest transitions by content format, 
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as well as repeated measures ANOVA on heart rate data across panels, accompanied by effect size 
reporting such as Cohen's d and eta-squared. 

Third, controlled studies incorporating direct learning performance measures, including 
retention tests, transfer tasks, and competency assessments, are needed to establish the relationship 
between multimodal indicators and actual learning gains. Linking physiological and behavioural 
indicators to measurable learning outcomes would move the field beyond correlational observation 
toward causal understanding of how attention and cognitive load shape learning. 

Fourth, research into scalable and low-cost implementation would broaden the practical reach 
of this approach. Investigation of browser-accessible eye-tracking solutions, such as WebGazer.js, 
alongside consumer-grade wearable devices, would support the development of low-resource 
implementation protocols suitable for deployment across diverse institutional contexts, particularly 
those with limited technical infrastructure. 

Finally, automated integration with learning management systems represents a critical 
translational step from research to practice. Developing and pilot-testing plugin-based adaptive 
modules for platforms such as Moodle, Blackboard, or Canvas, which would operationalise the 
intervention protocol described in the Methodology and Results sections, would bridge the gap 
between experimental findings and everyday educational application. 
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