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Abstract: Eye-tracking technology has emerged as a valuable tool for evaluating cognitive load in
online learning environments. This study investigates the potential of AI-driven consumer behaviour
prediction eye-tracking technology to improve the learning experience by monitoring students’ at-
tention and delivering real-time feedback. In our study, we analysed two online lecture videos
used in higher education from two institutions: Oxford Business College and Utrecht University.
We conducted this analysis to assess cognitive demands in PowerPoint presentations, as this di-
rectly affects the effectiveness of knowledge dissemination and the learning process. We utilised a
neuromarketing-research consumer behaviour eye-tracking AI prediction software called ‘Predict’,
which employs an algorithm constructed on the largest neuroscience database (comprising previous
studies conducted on live participants n = 180,000 with EEG and eye-tracking data). The analysis
for this study was carried out using the programming language R, followed by a series of t-tests for
each video and Pearson’s correlation tests to examine the relationship between ocus and cognitive
demand. The findings suggest that AI-powered eye-tracking systems have the potential to transform
online learning by providing educators with valuable insights into students’ cognitive processes and
enabling them to optimise instructional materials for improved learning outcomes.

Keywords: AI eye tracking; neuromarketing; higher education; cognitive loads; online learning

1. Introduction

Eye-tracking technology records and assesses cognitive and metacognitive processes
during learning. This technology facilitates the incorporation of diverse learning materials
and is utilised in recording data for dynamic and static parameters. Fixations, a static
metric, represent the student’s focus on the teacher during instruction. When the cognitive
load is high, fixations are reduced [1]. Eye-tracking technology enables students to visualise
various aspects of a learning project within multimedia environments. By examining
these records, educators can identify students’ cognitive load when completing tasks.
AI enhances eye-tracking technology in online learning by leveraging advanced machine
learning and computer vision techniques to improve accuracy, accessibility, and adaptability.
Recent developments in deep learning have enabled eye tracking using standard webcams,
significantly reducing the need for expensive hardware. This advancement allows for more
accessible and scalable eye-tracking solutions, crucial for remote learning environments.
For instance, appearance-based deep learning models have been shown to achieve high
gaze and blink detection accuracy, with a gaze accuracy of 2.4◦ and precision of 0.47◦,
outperforming previous online studies and narrowing the gap between laboratory and
online performance [2].

Moreover, AI models such as convolutional neural networks (CNNs) have been effec-
tively used to interpret biometric data, including eye tracking and EEG, to assess cognitive
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states in online learning environments. These models can provide insights into student
engagement and cognitive activity, which are critical for enhancing educational outcomes.
The CNN model, in particular, demonstrated superior performance in interpreting complex
data patterns, achieving an area under the curve value of 0.98, indicating its potential
for creating more interactive and personalised learning experiences [3]. Additionally,
AI techniques like recursive least-squares estimation (LSE) aid in online learning visual
tracking by improving model adaptation and reducing overfitting risks. This approach
allows for efficient memory retention and fast adaptation, essential for maintaining high
discrimination power in dynamic online learning settings [4,5]. Cognitive load refers to
the mental resources learners must devote to working memory. The information stored
in working memory is limited. Hence, the perception of cognitive load depends on the
cognitive effort and type of task that each learner is required to complete [6]. Cognitive
load is contingent upon understanding the task, its complexity, and the time students need
to resolve it [1]. In this context, the prior knowledge of a student is crucial. When an
instructor identifies the task with the highest cognitive load, it becomes easier to reinforce
understanding. Once this knowledge gap is addressed, there is the potential to achieve
improved learning outcomes. Cognitive load is based on the premise that working memory
cannot process multiple tasks.

As per Sáiz-Manzanares [1], the capacity of working memory is diminished when
it is burdened with several activities. This highlights the significance of instructional
policymakers designing educational materials that minimise cognitive load, as outlined
by [7,8]. Moreover, Liu et al. [8] expounded on the use of eye tracking in optimising
knowledge for students and educators. Online learning relies on multimedia images to
overcome the limitations of inadequate equipment. In this regard, task-relevant graphics
enhance learning, while inappropriate ones hinder the construction of mental models.
These images and graphics demonstrate the importance of visualisation in education as it
promotes student understanding, creativity, and cognitive psychology.

Eye tracking is employed to measure cognitive load in online education. It is also
utilised in different visualisation domains, such as evaluation, visual systems, display
items, and gaze-associated graph visualisation. Eye movement is a crucial visual processing
measure. Numerous researchers have explained the procedures for comprehending eye
tracking and its operation [7]. Typically, eye tracking involves acquiring eye movement
data, selecting an evaluation technique, choosing indicators, and analysing the data. Two
critical aspects of eye movement are saccades and fixations. A saccade refers to the eye’s
movement between fixations, while a fixation is the eye’s initial position. Eye-tracking
technologies are applicable within online environments to provide procedure signals,
particularly for complex visual tasks. The emphasis is on comprehending a student’s focus
of concentration by assessing visual behaviour, and it is an educational tool for improving
task learning and performance.

Eye tracking is a valuable method for assessing students’ cognitive abilities, which
Jamil et al. [9] referred to as achieving automated attention. Jamil et al. [9] also highlighted
the connection between attention, gaze direction, visual fixation, and eye movements. For
instance, it is possible to gauge cognitive involvement by observing a student’s focus and
the teacher’s direction. The greater the concentration, the more engaged the student is. In a
study by Jamil et al. [9], eye tracking was used to monitor students’ focus while completing
tasks on a computer. The results demonstrated that students who successfully solved tasks
concentrated mainly on diagrams related to the task.

Pouta et al. [10] used eye tracking to assess teacher eye movements and student–
teacher interaction in an arithmetic class. The study’s findings revealed that an experienced
teacher will have more intense eye movements and look more into the students’ eyes.
Similarly, Haataja et al. [3] evaluated the relationship between instructor behaviour and
direct eye gaze. The authors utilised eye-tracking movements in a simulation within the
learning environment. The results showed that students’ and teachers’ gaze behaviour



Educ. Sci. 2024, 14, 933 3 of 25

is related to an instructor’s interpersonal behaviour. Both researchers have adopted eye
tracking to investigate student–teacher interactions in natural classroom environments.

Eye-Tracking Case Studies: Examples in Education

Eye tracking in education has been demonstrated to enhance cognitive load through
various case studies. Galovicova and Kremenova conducted the first study at Kennesaw
University in the United States. This study utilised eye-tracking technology to monitor
student attention and understand the connection between focus, gaze patterns, and student
attention in class.

The study participants were natural science lecture students, and the sample com-
prised eight female individuals aged 20. The professor used PowerPoint presentations,
allowing students to print the presentation earlier or download it electronically. The team
recorded inattention or increased attention among the students at regular intervals. The re-
search revealed that the student-testers were active in all formats during teaching, whether
looking at the board, images, or speakers. However, they were inactive when looking at
their mobile phones, walls, or classmates.

A noteworthy finding from this case study was that students spent minimal time
focusing on the educator despite other factors. The students read the PowerPoint images
during the lecture and even looked at their notes. Nevertheless, they followed the professor
whenever he drew something on the board or inserted humour or analogy that referred to
something unique drawn on the board. In this study, new images captured all students’
attention, and the information on the slide attracted their interest. The team assessed the
events surrounding student focus in the first ten minutes of the class. The results showed the
non-linearity of attention and revealed that many factors affected the students’ focus. In this
case study, the teachers used PowerPoint presentations and allowed students to print these
presentations earlier. The students used the presentation as study material, saving money
and time. This case example highlighted the need to eliminate distractions, increase student
attention, and enhance education. Additionally, Dass et al. explored the relationship
between eye movements and academic performance, finding significant differences in
saccade latency between high and low performers. This suggests that eye tracking can be a
valuable tool for assessing student engagement and performance, potentially leading to
more personalised learning interventions [11].

Eye-tracking studies with PowerPoint learning can be used to identify cognitive
load and improve learner engagement, as evidenced by multiple research findings. Eye-
tracking technology provides valuable insights into cognitive load by analysing gaze
patterns and ocular parameters, which can indicate the mental effort required during
learning tasks. For instance, Sáiz Manzanares et al. demonstrated that eye tracking
could identify clusters related to cognitive load in relevant and non-relevant areas of
interest, suggesting its utility in understanding and potentially reducing cognitive load
in educational settings [12]. Moreover, eye tracking can enhance learner engagement by
providing data on how students interact with learning materials. Jaiswal et al. found
that eye tracking could measure engagement levels through indicators such as fixation
duration and pupil dilation during experiential learning tasks. The study highlighted that
students showed higher engagement with video components, suggesting that eye tracking
can inform the design of more engaging learning experiences [13]. Eye-tracking studies
offer a promising approach to understanding and improving cognitive load and learner
engagement in educational settings, including PowerPoint learning, by providing detailed
insights into how students interact with and process learning materials [11–15].

The second instance of eye-tracking research in educational settings aims to create
attention-aware systems (AASs). These AASs identify users’ attention states and transform
human–computer interactions (HCIs) to make them more immersive, effective, and intu-
itive. A student’s focus of attention is precious in HCI applications, including intelligent
spaces and computing environments where users’ intentions and goals are constantly mon-
itored [16]. AASs’ benefits include providing instruction to different learners, evaluating
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student performance, offering feedback when developing curricula, and adding value to
computer-aided teaching methods.

An AAS helps increase a student’s level of attention. An AAS operates on various
principles, often based on human actions, and considers multiple cues, such as sound
sources, eye gaze directions, and physiological signal measures, including eye gaze. An
AAS uses machine learning models and is built on the most prominent brainwave signals
to identify students’ attention spans, providing the potential for prompt alerts to show
deficits in attention levels to online tutors. Based on this case study, it was clear that AAS
remains an effective tool aiding online tutors in evaluating students’ attention levels and
improving online learning performances.

In another significant case study, Chen and Wang [17] created an attention monitoring
and alarm mechanism (AMAM) that used brainwave signals to enhance learning perfor-
mance. The AMAM monitors an individual learner’s attention state and helps online
instructors maintain student attention. The study demonstrated that the AMAM effec-
tively promoted sustained learner attention and learning performance. Furthermore, a
meta-analysis of EEG monitoring, which shares conceptual similarities with the AMAM’s
attention monitoring, found a moderately positive effect on online learning achievement,
particularly in immersive and interactive learning environments [18].

Another notable example was the attention-based video lecture review mechanism
(AVLRM), which utilised eye tracking to produce video segments reviewed according to a
student’s attentional status. The case study results revealed that the AVLRM system, which
employs brainwave signal detection technology, effectively pinpoints video segments
that are essential for adequate review. The case examples highlighted that the attention
model concentrates on multimedia meetings and recording analysis. Overall, the AMAM’s
effectiveness in promoting sustained attention is linked to its ability to focus learners
on relevant information and maintain engagement, critical factors in enhancing learning
performance. The integration of attention mechanisms across different modalities and
contexts underscores its potential as a powerful tool in educational settings [17–20].

2. Materials and Methods

In this study, we analysed the relationship between focus and cognitive demand (CD)
for two online video lectures: one from Utrecht University, which was 2 min and 25 s in
duration, and the other from Oxford Business College (OBC), which was 2 min and 24 s in
duration. Eye tracking in video online learning is a burgeoning area of research that seeks
to enhance understanding of learners’ attentional engagement and cognitive states. Eye-
tracking technology, mainly through inter-subject correlation (ISC) of eye movements, has
shown promise in predicting attentional states in online video learning environments. This
method can assess attention at a finer level beyond simple dichotomies, such as attending
versus distracted states, and is effective regardless of learners’ different learning styles [21].

Testing cognitive demands in PowerPoint presentations in higher education is essential
because doing so directly impacts the effectiveness of knowledge dissemination and the
learning process. Cognitive load theory suggests that presentations with high cognitive
load can impede learning by overloading working memory, leading to decreased retention
and understanding [22,23]. For instance, a study on online mathematics textbooks revealed
that a significant portion of tasks were rated as high in cognitive demand, yet this did not
correlate with improved learner performance, suggesting a need for more nuanced task
design and assessment methods that consider learners’ perspectives [24].

To ensure the validity of our research, we sought out a suitable video from an open
repository that met several criteria: (1) the video had to be created by a university professor
who was visible in the recording, (2) the video had to be published by the university in
an open academic repository with a CC 4.0 license for academic, scientific, and research
purposes, (3) the video had to be less than 3 min in length, (4) the video had to be created for
college students, (5) the video had to contain engaging content to hold the viewer’s atten-
tion, (6) the video could not be more than six years old, and (7) the video had to be filmed
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in high resolution to meet the requirements of our research. We identified the video from
Utrecht University and used it in our study while filming another video at Oxford Business
College that met the same criteria, enabling us to compare the two videos for our research.
We utilised Predict, a neuromarketing eye-tracking AI prediction software (version 1.0),
to evaluate the user experience in online learning. This algorithm, developed in collabo-
ration with Stanford University, incorporates consumer psychology theory, neuroscience
tools, and insights. Predict is built on one of the world’s largest consumer neuroscience
databases, encompassing 100 billion+ consumer-behaviour data points (n = 180,000) from
eye tracking (Eye Tracker: Tobii X2-30, Tobii Pro AB, Danderyd, Sweden). The number of
complete databases confirms the model’s relevance, explaining how the models are built,
which are highly predictive, and how the company will continue to expand their models.
Predict’s model database includes eye-tracking, EEG, and implicit-response data. So far, the
algorithm has only been built on the eye-tracking recordings. The eye-tracking recordings,
taken globally in 15 different consumer contexts (n = 180,000), trained an encoder–decoder
architecture (ConvNext as a pre-trained encoder). The database expands monthly, is yearly
upgraded with 50,000+ participants, and is extended in various consumer contexts as the
AI learns from each research study. The provider has secured a predicate accuracy rate
of 97–99% for attention, the highest in the industry, due to the software’s collaboration
with Stanford University [25]. Measuring focus and cognitive demand in online learning is
essential for creating adaptive, personalised, and effective educational experiences. It en-
ables educators to understand better and support learners’ cognitive processes, ultimately
leading to improved engagement and learning outcomes [24,26–29]. Appendices A and B
provide an example of the partial Predict report. It is worth noting that the software was
developed using real responses and the Eye Tracker Tobii X2-30. The model training details
are as follows: encoded–decoder architecture, ConVNext as a pre-trained encoder, with the
predicted model trained over 30 different models and built on the largest neuromarketing
database of high-quality eye-tracking data from almost 20,000 participants. This database
is updated annually with additional participants. The software provider has secured a
predicate accuracy rate of 95% for attention, the highest in the industry [25,30]. Our primary
objective was to investigate the relationship between Focus (an index of focused attention)
and CD (a quantitative measure of the amount of information to be processed), as we
aimed to comprehend how these variables interact differently for different video lectures.
Integrating cognitive load measurements into learning management systems (LMSs) can
support asynchronous e-learning by providing insights into learners’ cognitive processes.
This can help educators design more effective instructional sequences and manage cog-
nitive load, enhancing learning outcomes [29]. Various analytical frameworks, such as
Bloom’s Taxonomy and the Community of Inquiry, further support the development of
pedagogically relevant measures that can offer valuable insights into cognitive activity
distinct from typical interaction measures [28].

To achieve this, we compared the results and patterns of two video lectures. We
utilised the Focus score in the Predict software, version 1.0, derived from the heat map and
based on “attention dispersion,” a measure of how a viewer’s visual attention is distributed
across different content elements. The Focus score identifies areas where viewers’ eyes are
likely to be concentrated, indicating heightened focus or scattered focus across the content,
suggesting a more dispersed or distracted attention. This software is grounded in a unique
floating window operation that spans a 2 s time frame, ensuring precise, human-like atten-
tion behaviour predictions. By constantly analysing the shifting visual landscape of a video,
this software can highlight those moments and elements most likely to seize a viewer’s
gaze. This technique effectively captures the nuanced lags in human attention, ensuring a
robust alignment of the model’s predictions with actual human eye movement patterns
in video contexts (the related data can be found in Appendices A and B). Integrating eye
tracking with additional technologies and methodologies provides a robust framework
for understanding and enhancing attentional engagement in video online learning. This
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multi-faceted approach not only improves the accuracy of attention assessment but also
supports the development of more effective educational tools and interfaces [2,21,31,32].

We intended to utilise these insights to identify how diverse elements in a video lecture
can predict cognitive loads. Multiple studies have evidenced that multimedia elements
in video lectures can predict higher cognitive loads among learners. The research by Gu
et al. highlights that the onscreen presence of an instructor, whether human or animated,
can enhance learning outcomes by increasing neural synchronisation and engagement in
socio-emotional processing and working memory. However, this also introduces additional
processing demands, suggesting a trade-off between cognitive benefits and attentional
distraction [33]. This indicates that while multimedia elements can enhance learning, they
may also increase cognitive load due to the need for attentional control. Asaadi et al. further
support this by demonstrating that poorly designed multimedia can impose significant
cognitive loads, affecting attention and semantic processing. Their EEG study showed
that cognitive load could be predicted and measured, with higher loads correlating with
decreased attention and delayed processing [34]. Thus, designing a lecture can benefit
from the contribution of neuromarketing research to identify relevant approaches, which
cannot be generalised as they may prove to be a function of the respective subject and
audience. The balance between engaging content and cognitive demands is crucial for
effective multimedia learning [35,36].

By assessing cognitive demands, educators can design slides that facilitate learning by
reducing unnecessary cognitive load and aligning with principles from cognitive psychol-
ogy [23]. Interestingly, while PowerPoint is a prevalent tool in academic settings, studies
have shown that the visual features of presentations are often not optimised, with many
slides being poorly designed and contributing to cognitive overload [23,37]. Furthermore,
the use of visuals in PowerPoint presentations has been found to be predominantly scrip-
tural, indicating a potential underutilisation of visuals that could aid in reducing cognitive
load and enhancing communication [37,38].

To predict CD, the software relies on mathematical foundations that guarantee that
the CD scores exhibit reliability across diverse scenarios, accurately reflecting the cognitive
demand of processing visuals. The software has been constructed upon industry-specific
benchmarks for cognitive demand. It has evaluated scores based on the type of images,
including vertical ones such as a website, print ads, and banners, and horizontal images.
This functionality makes the software highly worthy of use in various forms of neuromar-
keting research [25]. The analysis for this study was conducted using the programming
language R v. 2023.06.0+421. Initially, we assessed the general scores for Focus and Cog-
nitive Demand (CD) for both videos. We compared them to the Attention Video Recall
and Logo Memorability (AVRLM) indexed ranges, a component of our neuromarketing
prediction software algorithm. We also utilised these benchmarks to evaluate each other.
The Focus score detects areas of the content where the audience’s attention is likely to
be concentrated, indicating heightened focus or focus being scattered, suggesting a more
dispersed or distracted attention. This software relies on a novel floating window operation
that lasts for 2 s, allowing for precise and human-like attention behaviour predictions. The
software identifies those moments and elements most likely to capture a viewer’s gaze by
continuously examining the video’s visually changing landscape. This method effectively
captures the intricate lags in human attention, ensuring that the model’s predictions align
accurately with human eye movement patterns in video contexts. As per the tool, scores
ranging from 0 to 24 indicate low Focus, indicating that numerous elements are competing
for attention. In contrast, scores ranging from 75 to 100 indicate high Focus, suggesting that
a single or few narrow areas attract the most attention and are more likely to be noticed.
To predict CD, the software depends on mathematical principles that ensure the scores
exhibit dependability in various situations, precisely reflecting the cognitive demand in
processing visuals. The software has been developed using industry-specific criteria for
cognitive demand. It assesses scores based on various images, such as vertical images like
websites, print ads, and banners, as well as horizontal photographs.
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Similarly, scores ranging from 0 to 24 for CD suggest that the information is too
easy to process, potentially reducing viewing time. Conversely, scores ranging from 75 to
100 indicate high complexity in the information, potentially overwhelming the viewers.

Following the data cleansing process, which focused solely on the Focus and CD scores,
we divided the datasets for both videos into high- and low-Focus-score frames and high-
and low-CD-score frames, using the mean scores as the threshold for these divisions. We
subsequently mapped these points to the timestamps in the video to gain insights into the
underlying reasons for the observed patterns of scores. This was followed by conducting a
series of t-tests for each video, with the first objective being to determine whether there
was a statistically significant difference between the CD scores for the high- and low-Focus
frames, and the second objective being to assess whether there was a statistically significant
difference between the Focus scores for the high- and low-CD frames. Finally, we conducted
Pearson’s correlation tests to examine the relationship between Focus and CD for each of
the videos, both overall and for each condition (high- and low-Focus frames and high- and
low-CD frames).

3. Results

The results of the video lecture at Utrecht University demonstrated a low level of
Focus (mean = 23.803, SD = 17.42) and a moderate level of Cognitive Demand (CD)
(mean = 68.82, SD = 17.75), with scores ranging from 3.29 to 91.44 and 20.86 to 94.69,
respectively. Conversely, the video lecture at OBC revealed a moderate level of Focus
(mean = 43.17, SD = 3.98) and a high level of CD (mean = 83.3, SD = 0.451), with scores
ranging from 30.88 to 53.91 and 80.73 to 83.81, respectively. The mean, standard deviation,
and range of Focus and CD for each condition of both video lectures are presented in
Table 1.

Table 1. Focus and CD means, SDs, and ranges for each condition for both video lectures.

Metrics Focus Cognitive Demand

Magazine Condition Mean SD Range Mean SD Range

Utrecht University

High Focus 40.77 19.34 (23.803, 91.44) 56.04 17.19 (20.86, 85.25)

Low Focus 15.12 6.64 (3.29, 23.8) 75.37 14.09 (36.02, 94.69)

High CD 17.38 8.09 (3.29, 55.89) 81.78 8.64 (68.85, 94.69)

Low CD 31.501 21.903 (5.32, 91.44) 53.3 12.67 (20.86, 68.78)

OBC

High Focus 46.35 2.05 (43.18, 53.91) 83.27 0.53 (80.73, 83.75)

Low Focus 39.85 2.54 (30.88, 43.17) 83.33 0.34 (80.75, 83.81)

High CD 43.11 3.83 (32.01, 53.91) 83.47 0.098 (83.297, 83.81)

Low CD 43.32 4.34 (30.88, 53.64) 82.88 0.66 (80.73, 83.3)

3.1. Utrecht University Video Lecture Insights

In the opening segment of Utrecht University’s video, we observed a low Focus score
for the first 37 s. Given that this section primarily concerned the introduction of the topic, a
low Focus was appropriate, as it helped to maintain the audience’s interest throughout the
lecture. This is reflected in the high zone of the dataset, where viewers were only starting to
become familiar with the subject matter. As the lecture moved on to propose a solution, the
Focus score shifted to the high zone, indicating that the audience was now fully engaged
in understanding the solution. Moreover, ref. [39] suggests that emotional engagement is
related to student cohesiveness and inversely related to teacher support, implying that a
high level of focus might result from effective engagement strategies rather than a sign
of disengagement. Another noteworthy observation was an increase in the CD when an
additional edge was added to the web chart being presented on screen, indicating that the
complexity of the subject matter was increasing and requiring more cognitive processing,
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which may have overwhelmed some viewers. Guo and Chen [40] demonstrate that visual
complexity and task difficulty significantly influence cognitive efficiency, suggesting that
increasing complexity, such as adding an edge to a web chart, could increase cognitive
demand. Similarly, Gwizdka indicates that cognitive load is related to tasks’ objective
and subjective difficulty, which could be extrapolated to adding complexity to visual
tasks [41]. The video featured intermittent but short dips (2–7 s) in Focus. The most
significant of these dips occurred during a graph presentation, suggesting that an event
may have taken place that confused the audience. Additionally, Rekik et al. [42] indicate
that the visualisation format can mediate the impact of content complexity on cognitive
load and learning outcomes, which could be relevant to the presentation of web charts.
In keeping with the low Focus, the data indicate that the Cognitive Demand (CD) was
elevated when the graph was presented, which suggests a lack of clarity for interpretation.
For the moments when some frames displayed high and others low Focus, the observation
indicates that a more significant number of frames pointed towards high Focus compared
to low Focus, indicating an optimisation of attention throughout those moments. Similarly,
most other segments fell within the low-CD category. For the seconds that exhibited a mix
of high and low CD scores, more frames demonstrated a low CD score, again indicating a
positive optimisation. The results of the t-tests revealed statistically significant differences
in both CD scores between the high- and low-Focus groups (t = −33.312, df = 2005.9,
p < 0.001) and Focus scores between the high- and low-CD groups (t = −24.317, df = 1942.9,
p-value < 0.001) (see Figure 1a,b). The relationship between complexity and cognitive load
is nuanced and may be influenced by factors such as task difficulty, visualisation format,
and individual differences among learners [40–42].

The results of all correlation tests, both overall and for each individual condition,
demonstrated solid and significant negative correlations (p < 0.001) between Focus and CD.
For instance, Linnell and Caparos [43] suggest that cognitive and perceptual loads interact
to focus spatial attention, indicating that the relationship between cognitive demand and
focus is not simply inversely correlated but may depend on the context and type of load.
Similarly, Liu et al. [44] found that different types of mental workload (perceptual vs.
cognitive) have opposite effects on fixation-related parameters, which could be interpreted
as focus measures, further complicating the relationship. The correlation scores can be
found in Table 2, and visual representations of the linear relationships between Focus and
CD for all conditions are provided in Figure 2a–e.
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Table 2. Pearson’s correlation scores for each condition for the Utrecht University video lecture.

Condition Pearson’s Correlation Score

Overall −0.697
High Focus −0.695
Low Focus −0.421
High CD −0.761
Low CD −0.686

3.2. OBC Video Lecture Insights

The engagement levels of students during online lectures can vary significantly, with
some students experiencing high focus while others may struggle with low focus. The stud-
ies reviewed provide insights into factors influencing student engagement and strategies
that may enhance focus during online learning. Anand, Gupta, and He et al. highlight the
challenges of online learning and the importance of adapting teaching strategies and pro-
viding learner support services to improve engagement and academic performance [45,46].
Nanda, Alqudah, and Khasawneh demonstrate that personalised learning recommenda-
tions, such as those from an ALBERT-based recommender system and virtual reality field
trips, can enhance student engagement and learning outcomes [47,48]. James et al. and
More et al. suggest that gamification and interactive webinars can significantly improve
student engagement and retention, offering alternative methods to maintain high focus
during online lectures [49,50]. The video lecture presented by OBC revealed numerous
instances of both high and low Focus scores throughout the time span.

However, for the majority of the frames within these time periods, the Focus score was
observed to be high. During the initial seconds of the lecture, when the concept was being
explained with some fillers in the speech, the Focus score occasionally shifted to the low
zone, suggesting minor segments of potential boredom due to the elaboration component
of the information and some breaks in the lecture’s fluency. Boredom is recognised in
educational settings as an achievement emotion that can negatively impact student engage-
ment and academic performance. Studies have shown that boredom is associated with
lower levels of academic motivation and engagement, which can lead to adverse academic
outcomes [51,52]. Moreover, boredom can indicate low student engagement, characterised
by passivity and lack of interest in learning activities [53]. Interestingly, the Focus score
began to recover as the lecture became more fluent, but it did not intermittently shift
again when the information was too elaborated. Additionally, students may not accurately
perceive their teachers’ boredom, yet the perception of teacher boredom can still reduce
students’ learning motivation through increased student boredom [52]. This suggests that
not only the actual boredom of teachers but also students’ perceptions of it are relevant to
student engagement. As for the CD, it remained low for the majority of the introductory
segment of the lecture (17 s). Afterwards, it fluctuated consistently between high and low
CD, indicating a lack of consistency in the level of processing throughout the video lecture.
Chen and Wu suggest that different video lecture types can affect cognitive load, with the
voice-over type inducing a higher cognitive load than lecture capture and picture-in-picture
types [54]. This implies that the style of video lecture presentation may influence the level
of cognitive demand experienced by learners. However, for the majority of the overlapping
seconds between high and low CD, most frames were observed to fall under high CD. It is
worth noting that despite the division of CD into high and low, given the small range, a
very high mean, and a very low SD of CD in the video lecture data, the CD across the entire
video would qualify as high in more absolute terms. The results of the t-tests indicated a
statistically significant difference in CD scores between the high- and low-Focus groups
(t = −4.0862, df = 3016, p < 0.001) but no significant difference in Focus scores between the
high- and low-CD groups (t = −1.3236, df = 1671, p = 0.19) (see Figure 3a,b).
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The correlation test results indicated notable but very weak negative associations for
the overall situation and high Focus and low CD, a weak significant positive association
for high CD, and a negligible positive association for low Focus (p = 0.16). The correlation
scores for all conditions are presented in Table 3, and the linear relationships between Focus
and CD for each condition can be observed in Figure 4a–e.
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Table 3. Pearson’s correlation scores for each of the conditions for the OBC video lecture.

Condition Pearson’s Correlation Score

Overall −0.07
High Focus −0.07
Low Focus 0.04 (not significant)
High CD 0.2
Low CD −0.19
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While the video lecture produced by Utrecht University exhibited a moderate de-
gree of overall Focus and a low level of overall Cognitive Demand, the extent to which
these metrics varied across frames was relatively high, indicating a considerable degree
of inconsistency throughout the video. In contrast, the video lecture produced by OBC
showed a low level of Focus and a high level of Cognitive Demand, with minimal ranges
and low standard deviations, indicating greater consistency for these metrics across the
video. When viewed as benchmarks for one another, it becomes evident that the metrics
can differ significantly based on factors such as the subject matter, content, design of the
lecture, and the lecturer’s delivery style. The scores achieved for Utrecht University’s
video appeared to be influenced by the visual elements displayed on the screen, such as
graphs. In contrast, the scores for OBC’s video were primarily influenced by the lecturer’s
delivery style, such as the elaboration of examples. This observation is not limited to the
qualitative aspect of mapping the scores of individual frames to the events in the video
but also applies to the quantitative aspect of the relationship between Focus and Cognitive
Demand. In the case of Utrecht University’s video, the overall pattern was as expected,
with high levels of Focus accompanied by low levels of Cognitive Demand and vice versa.
This pattern was consistent for both high and low levels of Cognitive Demand. This was
demonstrated by the significant negative correlations observed across all conditions and the
t-tests, which revealed significant differences reinforcing the negative relationship between
Focus and Cognitive Demand. On the other hand, this relationship was more intricate for
OBC. Given the OBC video’s CD being high with a minimal range, Focus exhibited no
disparity across the CD high and low groups; however, while CD scores varied significantly
across the high- and low-Focus groups, the variation in the means was marginal. Notably,
the correlations varied considerably from those of Utrecht University’s video lecture, with
the overall correlation between Focus and CD being significant but very weakly negative,
with this pattern being followed by high Focus and low CD. This suggested that techniques
that encourage more Focus and less CD in combination might help attain optimal attention
during an online lecture of a similar format. The “1 min break” technique, which involves
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intentional breaks with trivia questions, has been shown to help students maintain or regain
focus during lectures, regardless of whether they are online or in-person. This approach is
well-received by students and can be easily implemented across various teaching formats,
suggesting its potential effectiveness in online settings [55]. Moreover, classifying attention
using EEG data highlights the importance of understanding attention dynamics in mul-
timedia lectures. A study found that specific EEG features, particularly in the delta and
theta bands, indicate attention levels, suggesting monitoring and adapting to these signals
could enhance focus during online lectures [56]. To achieve optimal attention during online
lectures, educators should consider employing synchronous teaching methods that allow
for real-time engagement and immediate clarification of concepts, as these have been shown
to reduce cognitive load [57]. Additionally, incorporating cognitive learning strategies that
minimise extraneous load and facilitate information processing can enhance focus [58–60].
It is also beneficial to identify and optimise the cognitive load of specific online learning
tasks [61]. These approaches collectively contribute to a more focused and less cognitively
demanding online learning experience. Moreover, given the fluctuating high and low CD
throughout some segments of the video and the high CD group demonstrating a weak
positive correlation between CD and Focus, it may be inferred that, if balanced, as can be
observed in the low range of CD for OBC’s video lecture, CD’s consistency might motivate
viewers to invest their focus more efficiently if the variation in the CD is limited. The format
of online lectures also plays a crucial role in maintaining attention. Live composite video
lectures, which integrate the instructor’s image with content in real-time, have been found
to enhance attention, positive emotion, and social presence compared to other formats like
voiceover and picture-in-picture. This suggests that the live composite format could more
effectively sustain attention by providing a richer, more engaging learning experience [62].
Additionally, attention-based automatic editing of lecture videos, which tailors content
based on individual attention patterns, has shown promise in reducing cognitive load and
enhancing the learning experience. This method aligns with the need for personalised
learning experiences that cater to individual attention spans, potentially leading to more
effective learning outcomes [63].

4. Discussion

Although using neuromarketing consumer behaviour prediction software has sev-
eral advantages, such as the efficient use of time and resources without compromising
accuracy due to its large training dataset of 180,000 participants, some limitations must be
acknowledged. Firstly, since these consumer behaviour prediction tools are still in their
early stages of development, they only recognise AOIs related to brand-related features,
which depends on the algorithm setup. The Predict software taps into a continuously
updated, state-of-the-art object detection model by leveraging the power of convolutional
neural networks and advanced deep learning techniques through multi-layer perceptrons.
Integrating convolutional neural networks (CNNs) and advanced deep learning techniques,
such as multi-layer perceptrons, is pivotal in developing AI detection models across var-
ious domains. CNNs are renowned for their ability to recognise local features, share
weights, and employ pooling mechanisms, making them highly effective for image detec-
tion tasks [64]. This ensures the platform can detect intricate patterns and recognise various
brands and objects, even in visually complex environments. This capability is underpinned
by extensive training on datasets comprising tens of thousands of distinct logos and object
instances. However, this may not be relevant for educational media such as video lectures,
which can result in the missing of essential metrics such as attention investment on specific
AOIs of relevance due to the inability of the software to e select the elements in the video for
which we want to measure particular attention. Eye-tracking measures, such as gaze time,
provide valuable insights into cognitive and emotional processes, yet they have limitations
in fully capturing metrics like emotional arousal and cognitive load. These limitations arise
from the complexity of human emotions and cognition, which often require multimodal
approaches for comprehensive assessment. Research has shown that eye-tracking metrics,
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including saccades, fixations, and pupil diameter, can correlate with emotional states and
cognitive workload. For instance, Bekler et al. demonstrated significant correlations be-
tween eye-tracking metrics and emotional states in virtual reality environments, suggesting
that variations in eye feature patterns can indicate emotional arousal [65]. The Time Spent
metric, which uses a refined attention-tracking algorithm to model the temporal element of
attention, can be understood through recent advancements in attention mechanisms within
tracking algorithms. The integration of attention mechanisms into tracking algorithms
has been shown to significantly enhance the performance of object-tracking systems by
focusing on crucial features and improving adaptability in dynamic environments [66–69].

The algorithm of Start/End Attention factors in the focus duration, capturing moment-
to-moment fluctuations in consumer gaze across the AOIs during a 5 s exposure window.
The score derived from the cumulative time spent on each attention-orienting item allows
for an evaluation of the endurance of individual elements. However, it is essential to
note that capturing attention within a brief 5 s exposure may be challenging for software
algorithms. Consequently, while this approach is practical for gauging overall attention, it
is insufficient for examining specific attention diversions. To address this limitation, moni-
toring attention in shorter intervals is necessary. Attention has been identified as a crucial
cognitive component, highlighting its significance for effective learning [70,71]. Attention is
closely linked to working memory capacity and information processing speed, fundamental
cognitive characteristics of intelligence. Therefore, it is essential to evaluate attention in
detail, particularly when analysing online educational videos. While acknowledging these
limitations, it is critical to note that they also present opportunities for advancements in AI
eye-tracking neuromarketing consumer behaviour prediction tools. These tools can expand
the incorporation of various attention-orienting items and may be examined with increased
robustness through measures such as pupillometry. Future developments should focus on
incorporating metrics derived from pupillometry to provide more comprehensive insights
into the effectiveness of cognitive processes. Accurate assessments of attention can offer
valuable insights into the effectiveness and potential of cognitive processes, as attention
is a crucial component of learning, intelligence, and information retrieval. Therefore, it is
essential to explore the inclusion of content outlines and examples during the delivery of
online lectures, as well as the use of more comprehensible visual elements, to enhance the
effectiveness of online educational materials [70–72].

5. Conclusions

This groundbreaking study utilised neuromarketing research with AI eye tracking
consumer behaviour software to examine and predict student cognitive demand and focus
during online lectures in an academic setting. Two videos, one from each of two different
universities (Utrecht University and Oxford Business College), were used in the research,
and their duration, video settings, and teacher lecture format were all considered. This
study’s findings emphasise the importance of measuring the content of videos before they
are broadcast to determine how well students will receive them in terms of whether they
will be perceived as overwhelming, dull, or interesting. Several factors can inform this
assessment, including content complexity, information density, and audience engagement
metrics. Firstly, content complexity plays a significant role in how videos are perceived.
According to Zhang et al., content complexity can be estimated by analysing the energy
of prediction residuals, which reflects how predictable or complex a video is. Videos with
higher complexity may increase cognitive load, potentially overwhelming students if not
appropriately managed [73]. Additionally, the concept of information density is critical.
Dokic et al. highlight that high information density in educational videos can lead to
information overload, which can overwhelm students and hinder learning. Their model
for measuring information density, using background subtraction algorithms, provides
a method to predict potential overload and adjust content accordingly [74]. This aligns
with the Limited Capacity Model of Motivated Mediated Message Processing, which
suggests that excessive information can exceed viewers’ processing capacity, leading to
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disengagement [74]. By incorporating consumer eye-tracking prediction models into their
teaching practices, universities and colleges can help their students better comprehend the
material and enable professors and lecturers to produce more engaging videos that do not
cognitively overload students with unnecessary information. As a result, students will be
able to focus more effectively on the critical aspects of the lecture and be more motivated
to learn. This method can help identify content that resonates with audiences, potentially
indicating what students might find interesting or engaging [75].

Our study aimed to investigate the relationship between Focus and Cognitive Demand
(CD) for two online video lectures, one from Utrecht University and the other from Oxford
Business College. Evaluating cognitive demands in PowerPoint presentations in higher ed-
ucation is crucial because it directly affects the dissemination of knowledge and the learning
process. By using the latest neuromarketing technological eye-tracking AI consumer predic-
tion software with the largest neuromarketing database (100+ bn consumer behaviour data
point and 180,000 participants), we enhanced the use of advanced programming models
such as R, Pearson correlations, and t-tests in all our analyses. Our findings revealed a high
correlation between Focus scores and CD in online lectures, influenced by content, design
elements such as web charts and graphs, and the delivery style. For the Utrecht University
lecture, it was suggested that the content flow and slide structure should be designed to
avoid overloading the viewer’s cognitive capacity, allowing them to maintain focus and
understand the topic effectively. On the other hand, the OBC video lecture analysis revealed
that the delivery style can make the relationship between Focus scores and CD more intri-
cate. Unlike the Utrecht University lecture, the OBC video lecture did not follow the typical
pattern of a negative relationship between Focus and CD, suggesting that if a consistent
level of CD is maintained in the moderate range, a higher level of Focus can be promoted.
This finding has significant implications for how educators design and deliver lectures, as
it challenges the prevailing belief that a negative relationship between focus and cognitive
demand is necessary for effective learning. Huang et al. indicate that certain learning
styles may increase cognitive load, potentially affecting learning outcomes negatively [76].
This suggests that for some individuals, increased focus on learning tasks not aligned with
their learning style may lead to higher cognitive demand, which could be detrimental to
learning effectiveness. Feldon et al. also discuss the interaction between cognitive load
and motivational beliefs, suggesting that cognitive load can be seen as a motivational cost,
which might imply that excessive cognitive demand could negatively impact motivation
and focus [76,77] Our study also highlights the importance of employing AI consumer
behaviour prediction eye-tracking software in higher education to place more emphasis
on the learning performance of their students. The use of machine learning algorithms
for predicting student performance is highlighted, suggesting a potential role for AI in
understanding and improving learning outcomes [78,79]. However, ethical considerations
and a comprehensive knowledge of these technologies remain essential for their successful
implementation [3].
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the entire video.
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