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1. Introduction

Undoubtedly, eye tracking has undergone a fundamental transformation over the
past decade. Previously, it functioned as a laboratory instrument requiring specialist
hardware, controlled illumination, and chin rests. Today, it is a technology deployed
across neuroscience, education, architecture, consumer research, clinical diagnostics, and
human–computer interaction. This expansion has been driven by concurrent advances
on two fronts. First, algorithmic methods for extracting reliable signals from raw gaze
data have matured. Second, domain-specific knowledge about gaze behaviour in applied
contexts has accumulated. The collected papers in this Special Issue reflect both trajectories.
Together, they illustrate a field navigating the productive tension between methodological
rigour and applied ambition. The Special Issue curated a wide array of eye tracking studies,
which demonstrate the field’s diversity. This breadth resolves into two explicit, coherent
organising principles that are worth emphasising because they carry implications for how
eye tracking research is evaluated and how it should be designed.

The first organising principle concerns the direction of inference. Eye tracking studies
can be oriented “inward” by using gaze, pupil response, and oculomotor events as proxies
for internal states. These include cognitive load, affective arousal, attentional strategy,
or linguistic processing difficulty. In this case, the dependent variable of interest is a
process within the observer. The visual stimulus serves as the instrument of elicitation.
Alternatively, eye tracking studies can be oriented “outward”. This involves deploying the
same measurements to evaluate external objects, stimuli, environments, or communication
designs. In this case, the observer’s gaze is the instrument. The object of investigation is
the stimulus itself. This distinction contrasts eye tracking as a window into cognition with
eye tracking as a tool for design evaluation.

The second organising principle concerns methodological infrastructure. Gaze data
must be correctly acquired, segmented, and represented before it can serve the inferential
direction. Several contributions of the Special Issue address that foundational layer directly,
such as the classification of eye movement events from time-series signals, the generation
and augmentation of eye-image data for gaze estimation, and the characterisation of how
low-level oculomotor parameters respond to stimulus properties. These works do not
belong to a single applied domain, but instead form the substrate on which the applied
work depends.

A third, less-structured but equally valid reading of the Issue worth mentioning is the
reading organised by the domain of deployment. Across fifteen studies, eye tracking is
applied to translation cognition, reading development, music and text interaction, urban

Appl. Sci. 2026, 16, 4915 https://doi.org/10.3390/app16104915
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landscape perception, architectural colour, public health communication, financial market-
ing, and food retail. This breadth is not incidental—it reflects the progressive normalisation
of eye tracking as a general-purpose behavioural measurement tool, analogous in scope
to questionnaire-based methods, but with access to temporal and spatial dimensions of
attention that self-reporting cannot provide. The significance of that normalisation, and its
methodological obligations, is taken up in the concluding remarks.

2. Methodological Foundations: Signal, Estimation, and
Oculomotor Characterisation

The value of any eye tracking study depends on decisions made prior to domain
interpretation. These include how raw positional data are segmented into meaningful
events and how gaze direction is estimated from image input, as well as how oculomotor
behaviour is characterised under controlled conditions. The accurate classification of eye
movement events (fixations, saccades, smooth pursuits, etc.) has long been one of the
field’s core technical challenges. Although threshold-based algorithms are still widely used,
their susceptibility to noise, sampling rate, and individual differences remains a significant
concern that may compromise a study’s conclusions.

Birawo and Kasprowski (contribution 1) address this problem with a hybrid deep-
learning architecture combining two-dimensional convolutional neural networks and long
short-term memory layers. Their key contribution is systematic: rather than proposing a
single feature set, they evaluate all combinations of velocity, acceleration, jerk, and direction
as inputs, identifying which combinations drive classification performance for each event
type. The finding that velocity combined with direction (augmented by acceleration or
jerk) substantially improves post-saccadic oscillation detection is important because PSOs
are frequently conflated with short saccades or fixation onsets by classical algorithms. The
residual difficulty with PSO detection simultaneously marks an open problem for future
work. This paper establishes a benchmark and a feature selection rationale that will be
important for future research.

While Birawo and Kasprowski (contribution 1) focus on temporal signal classifica-
tion, Katrychuk and Komogortsev (contribution 2) examine gaze estimation from images.
Appearance-based gaze estimation (i.e., inferring gaze direction from the visual appearance
of the eye region rather than from corneal reflection geometry) requires large, diverse
training sets that are expensive to collect. Thus, their proposed solution improves gaze
estimation; the release of the accompanying dataset extends the article’s value beyond
its immediate experimental findings. This work is representative of a broader move in
the field toward data-efficient methods that reduce the cost of entry for gaze estimation
research, with implications for low-cost and webcam-based eye tracking implementations.

3. Eye Tracking as a Window into Cognition

The majority of the presented works in this Special Issue employ eye tracking, partic-
ularly pupillometry, to access internal cognitive and affective states that are not directly
observable. These states include cognitive load, translation effort, reading difficulty, emo-
tional reactivity, and attentional strategy during complex tasks. The corresponding works
are characterised by an inferential approach: gaze is the measuring instrument, while the
phenomenon of interest lies within the observer.

3.1. Cognitive State and Attentional Processing

Genova et al. (contribution 3) investigate how the statistical learning of visual regular-
ities shapes oculomotor behaviour across repeated exposure. Participants differentiated
visual pattern pairs whose order was repeated six times (over three sessions), while fix-
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ation duration and saccade amplitude values, as well as saccade number and fixation
count, were collected across sequential epochs. The stimulus manipulation varied the
frequency of occurrence and the presence of common chunks, with bottom-up salience
held approximately constant, so that observed shifts in eye movement parameters could be
attributed to top-down attentional processes driven by learning. Results show a progres-
sive increase in fixation duration and a decrease in saccade amplitude across experimental
blocks. This reflects the canonical transition from ambient to focal processing as knowledge
of stimulus structure accumulates. More unexpectedly, saccade number increased while
fixation count decreased, a dissociation the authors interpret as narrowing attentional focus
combined with reduced memory load once the relevant stimulus characteristics have been
determined. This work tracks the temporal dynamics of statistical learning as it unfolds
within the experiment rather than measuring its outcome in a subsequent test phase, using
oculomotor parameters as continuous indices of an ongoing cognitive transition from
uncertainty-driven exploration to knowledge-guided focal analysis.

Wu et al. (contribution 4) establish the empirical relationship between pupil dilation
and subjective workload ratings (NASA-TLX) across two task types, including a visual
tracking and a laparoscopic visuomotor task. Their results indicate a moderate positive
correlation applicable to both types. The higher cognitive demands of the laparoscopic task,
which requires coordinated visuomotor processing, produced larger pupil responses and
higher NASA-TLX scores, while task repetition systematically reduced both. The moderate,
rather than strong, correlation is informative. It quantifies the gap between conscious
participant reports and autonomic system registrations, which is important for applied
contexts. In such settings, workload monitoring must be both sensitive and interpretable.
This work serves as a methodological anchor for pupillometry work, confirming the
measure’s validity while specifying its precision limits.

Gugerell et al. (contribution 5) extend the pupillometry framework to a more complex
inferential territory with a simulated clinical interview. In this interview, cognitive load
(single vs. dual task) and emotional content (neutral vs. negative interviewee responses)
are manipulated independently. Their central question focuses on whether automatic
cognitive load tracking via pupil size remains reliable when emotional processing varies.
This has direct implications for any real-world deployment of pupillometry outside the
laboratory. Their results confirm that pupil size reliably discriminates high from low
cognitive load. However, this discrimination is attenuated under negative emotional
content. The implication is that pupillometry-based load monitoring requires emotional
context to be either controlled or co-measured, a constraint that significantly affects study
design in clinical, educational, and operational settings. The clinical interview framework
enables deployment in a professional environment, while the implemented approach
prioritises immediate practical application over future research directions.

Sáiz-Manzanares et al. (contribution 6) extend the multimodal approach furthest. They
integrate eye tracking with skin conductance and psychogalvanic response in a virtual
laboratory setting. Then, they apply supervised and unsupervised machine learning to
identify cognitive load components. Their sample includes health sciences and biomedical
engineering students. This population and educational context place the paper at the
intersection of cognitive measurement and learning environment design. The finding
that viewing a task preview before execution increases the relative load while decreasing
intrinsic load has direct instructional design implications. The proposal of an explanatory
model with acceptable fit indices moves the contribution from descriptive toward structural.
This ambition is not common in eye tracking studies. Its success here invites replication
across different task domains. This work also functions as a methodological bridge since it
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uses cognitive state measurement to derive conclusions about instructional design. Hence,
this study participates in both the “inward” and “outward” frames simultaneously.

Liu et al. (contribution 7) deploy pupillometry in Rhesus macaques performing a
face-fixation task. By recording pupil size responses to faces varying in species, emotional
expression, viewing angle, and orientation, they demonstrate that macaques show differen-
tial autonomic responses. Specifically, these responses occur during exposure to carnivore
faces and negative conspecific expressions. These findings align with threat detection
predictions from comparative cognition. The negative correlation between pupil size and
gaze duration on particular stimulus categories indicates that longer visual engagement
does not directly reflect greater interest. Instead, approach and avoidance motivations pro-
duce distinct oculomotor signatures. Beyond its comparative findings, this work validates
pupillometry as a tool for non-verbal and non-cooperative subjects. This methodological
contribution is relevant to developmental, clinical, and animal cognition research, all of
which require measures that circumvent verbal report.

3.2. Reading, Language Processing, and Educational Contexts

Eye tracking has a long history in reading research, where the temporal and spatial
precision of eye tracking data provides access to incremental language processing in ways
that reaction time or comprehension tests cannot.

Andreou and Gkantaki (contribution 8) examine whether background music modu-
lates text comprehension and visual processing patterns in undergraduate readers. Specif-
ically, they compare the effects of preferred music, non-preferred music, and café noise.
Their finding that fixation measures remain stable across auditory conditions while reading
performance declines under non-preferred music dissociates early visual processing from
downstream comprehension. This is theoretically significant; it suggests that auditory
distraction does not disrupt the oculomotor mechanics of reading but does impair the
cognitive processing that reading supports. The implication for study design in reading
research is that fixation-based measures alone may miss comprehension effects that are
mediated at a post-perceptual stage. This work provides a clean template for follow-up
studies with larger and more diverse populations, utilising a design that systematically
varies auditory conditions while holding text difficulty constant.

Wang et al. (contribution 9) use eye tracking and keystroke logging to examine how
novice Chinese–English translators distribute cognitive resources depending on translation
direction. Their study of 24 postgraduate translation students finds that the two directions
impose structurally different cognitive demands. In English-to-Chinese translation, source
text reading is relatively light, while target text production, particularly under prolonged
fixation, increases cognitive load. The pattern reverses in Chinese-to-English translation,
where producing the English target is less demanding than simultaneous source-target
processing. One of the study’s findings is a systematic perception gap: most participants
believed comprehending the English source was their primary cognitive burden during L2-
to-L1 translation, while objective data showed they were expending far greater resources
on Chinese target production than they recognised. The authors attribute this to the
automaticity of native-language output, which conceals its actual processing cost. These
findings have direct implications for translator training, particularly regarding how self-
report methods are used to assess cognitive load.

Ceple et al. (contribution 10) examine whether oculomotor performance in non-
reading tasks, such as saccades, smooth pursuit, and fixation stability, differs between
children with and without reading difficulties. Their large-scale study involved 377 children
between the ages of 6 and 13. Their results indicate no statistically significant difference
in oculomotor performance between the groups. This challenges the body of dyslexia
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literature that attributes reading difficulties to oculomotor deficits. The authors argue that
previous positive findings may reflect participant selection artefacts rather than genuine
group differences. The use of a validated reading assessment tool (Acadience Reading) and
a school-based recruitment strategy strengthens the ecological validity of these findings,
reporting no significant oculomotor differences. The contribution of this work does not lie
in detecting an effect, but rather in carefully delineating its absence.

4. Eye Tracking as a Tool for Design Evaluation

The contributions reported in this section reverse the inferential direction. Rather than
using gaze to diagnose cognitive states, they use it to evaluate the perceptual effectiveness
of designed artefacts and environments, including buildings, urban landscapes, advertise-
ments, packaging, and financial communications. The observer’s attention is not the object
of study; it is the measuring instrument applied to external objects. This reorientation has
practical consequences: the relevant metrics shift from pupil diameter and cognitive load
indices toward area-of-interest fixation proportions, time-to-first-fixation, and total dwell
time on specific design elements.

4.1. Built Environment and Urban Landscape Perception

Wang and Fu (contribution 11) investigate how residents and tourists allocate vi-
sual attention to elements of dense urban landscapes viewed from elevated observation
decks, combining eye tracking with psychometric scales measuring aesthetic response and
place identity. Their findings indicate that residents and tourists show similar oculomotor
patterns when viewing the same scenes, but divergent perceptual responses to specific ele-
ments. This separates the bottom-up attentional pull of salient features from the top-down
interpretive processes shaped by familiarity and belonging. The relationship between the
aesthetic evaluation of specific elements—such as the colour vividness of water, mountains,
and landmarks—and place identity scores has direct implications for heritage preservation
and urban planning. It identifies which visual attributes carry the heaviest psychological
weight for different user groups, providing information that cannot be recovered through
behavioural observation or questionnaires alone.

Wang et al. (contribution 12) apply eye tracking towards the evaluation of colour com-
binations on building facades. Using digitally modelled residential buildings in Shanghai’s
Yangpu District with systematically varied hue, brightness, and saturation combinations,
they cross-validate physiological indicators (fixation duration, count, and area-of-interest
metrics) against subjective quality ratings. Their principal findings provide actionable guid-
ance for architectural colour specification. Specifically, they demonstrate that brightness
differences drive visual quality more strongly than hue differences. However, they also find
that large hue variations can achieve high evaluations when paired with appropriate bright-
ness and saturation contrasts. The mathematical support for colour combination outcomes
represents a level of quantitative rigour unusual in architectural perception research and
exemplifies how eye tracking can move design evaluation from preference-based intuition
toward empirically constrained decision-making.

4.2. Visual Communication, Advertising, and Consumer Behaviour

Milošević et al. (contribution 13) examine whether monochromatic illustrations in-
crease visual attention to public health advertisements targeting young people, comparing
text-only and illustrated versions of alcohol- and tobacco-prevention messages. Their con-
sistent and direct results show that illustrated advertisements attract more fixations, longer
dwell times, and higher noticeability than text-only equivalents, regardless of the topic.
The use of eye tracking in this study functions as a validity check on design assumptions
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that practitioners often make without empirical grounding. Furthermore, this finding adds
to the growing body of evidence that visual embellishment in health communication serves
a purpose beyond mere aesthetics, as it fundamentally determines whether a message is
processed at all.

Pluskota et al. (contribution 14) deploy eye tracking, individual in-depth interviews,
and text mining towards the examination of how young consumers perceive promotional
and informational messages from cooperative banks. The study’s primary contribution
lies in its multi-method design. By triangulating oculomotor data with verbal and textual
analysis, the authors can distinguish what attracts attention from what is consciously
processed and retained, and further separate both from what participants are able or
willing to articulate. Their results indicate that excessive text and visual complexity provoke
negative reactions and disengagement, whereas infographics and colour are strongly linked
to brand recognition.

Malheiros et al. (contribution 15) shift the evaluative context from communication to
retail product choice, examining how visual attention to quality cues in fresh and cooked
beef influences purchase probability among Brazilian consumers. The study’s integration
of eye tracking with a discrete choice model, in which nine hypothetical products vary
across multiple attributes simultaneously, allows the authors to connect fixation metrics
directly to choice outcomes instead of treating attention as a proxy for preference. For fresh
beef, colour dominates both attention and choice; for cooked beef, tenderness, price, and
flavour cues drive fixation patterns and purchase likelihood. The differential attention
profiles across product types demonstrate that visual salience is category-specific and
cannot be generalised from one food context to another, a finding with implications for
product labelling strategy and in-store communication design.

5. Concluding Remarks and Future Perspectives

The contributions of the Special Issue collectively show eye tracking as a genuinely
interdisciplinary technology, not in the sense that the same tool is applied uncritically
across different fields, but in the more demanding sense that its deployment now requires
field-specific knowledge of what gaze data can and cannot reveal in a given context.

Several cross-cutting observations warrant emphasis, starting with the contributions
in Section 2, which make clear that the methodological substrate of the field remains an
active research front. Event detection is not a solved problem, as evidenced by a proposed
CNN-LSTM approach that improves on classical algorithms but leaves PSO classification
with limited accuracy. However, as the field moves toward image-based estimation and
complex machine learning models, the need for “explainable AI” in eye tracking becomes
paramount to ensure that automated insights remain theoretically grounded. While specific
augmentation strategies address data scarcity, the gap between laboratory-grade and head-
mounted or webcam-grade data remains a barrier to broad ecological deployment in
naturalistic settings.

In Section 3, the contributions reveal a consistent and underappreciated finding that
self-reports diverge from physiological measurement in systematic, context-dependent
ways. Researchers show that translators’ introspective accounts of their cognitive effort
are directionally biassed by task structure, while another study only finds a moderate
correlation between NASA-TLX scores and pupil dilation. Equally significant is the role
of eye tracking as a vital bridge to understanding non-verbal or non-cooperative subjects,
such as infants, macaques, or clinical populations with reading difficulties. By eliminating
the requirement for verbal report, these studies demonstrate that oculomotor data can
provide access to cognitive processes that would otherwise remain hidden.
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Finally, the contributions in Section 4 make an implicit case for eye tracking as a
standard tool in design evaluation, analogous to the role that usability testing plays in
interface design. Studies of building colour, urban landscape, health advertising, financial
communication, and food retail all demonstrate that eye tracking data can discriminate
between design alternatives in ways that preference ratings alone cannot. What they
also demonstrate is that the inferential chain from gaze to preference to behaviour is not
automatic, as attention is a necessary but not sufficient condition for positive evaluation
or purchase, and the contributions that integrate eye tracking with choice models or
psychometric scales extract, correspondingly, richer conclusions than those relying on
fixation metrics alone.

The domain-level reading of the Special Issue, covering eye tracking applied across
translation cognition, dyslexia, music and reading, urban perception, architectural colour,
public health advertising, financial communication, food retail, and comparative animal
cognition, carries a final implication. The normalisation of eye tracking as a general-
purpose behavioural measure creates methodological obligations that the field has not
yet fully codified. Reporting standards, minimum sample sizes, and the conditions under
which particular metrics are valid proxies for particular constructs all require domain-
specific guidance that does not yet exist in consolidated form. Several works in this Special
Issue contribute to that codification implicitly through their methodological transparency,
yet explicit meta-scientific effort in this direction would accelerate the field’s capacity to
accumulate knowledge across studies. That remains, perhaps, the most productive frontier
that this Special Issue leaves open.
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Abstract: Event detection is the most important element of eye movement analysis. Deep
learning approaches have recently demonstrated superior performance across various
fields, so researchers have also used them to identify eye movement events. In this study,
a combination of two-dimensional convolutional neural networks (2D-CNN) and long
short-term memory (LSTM) layers is proposed to simultaneously classify input data into
fixations, saccades, post-saccadic oscillations (PSOs), and smooth pursuits (SPs). The first
step involves calculating features (i.e., velocity, acceleration, jerk, and direction) from
positional points. Various combinations of these features have been used as input to the
networks. The performance of the proposed method was evaluated across all feature
combinations and compared to state-of-the-art feature sets. Combining velocity and di-
rection with acceleration and/or jerk demonstrated significant performance improvement
compared to other feature combinations. The results show that the proposed method,
using a combination of velocity and direction with acceleration and/or jerk, improves PSO
identification performance, which has been difficult to distinguish from short saccades,
fixations, and SPs using classic algorithms. Finally, heuristic event measures were applied,
and performance was compared across different feature combinations. The results indicate
that the model combining velocity, acceleration, jerk, and direction achieved the highest
accuracy and most closely matched the ground truth. It correctly classified 82% of fixations,
90% of saccades, and 88% of smooth pursuits. However, the PSO detection rate was only
73%, highlighting the need for further research.

Keywords: event detection; eye movement types; deep learning; feature extraction

1. Introduction

Eye tracking is highly interdisciplinary and can be used in numerous fields, including
cognitive science, psychology, neurology, engineering, medicine, and marketing [1,2]. The
application of eye tracking in human–computer interaction allows disabled people to
interact with a computer through gaze [3]. Eye monitoring can also be used to track car
drivers [4] or pilots [5].

Extracting events from eye movement data is the most important step for automated
visual behavior analysis and for many applications [6]. The movement of the eye is typically
divided into several types of events. The most important is fixation, a low-speed movement
that occurs when the person focuses their eyes on an object. The purpose of fixation is to
stabilize the object in the fovea for clear vision [7]. Saccade is a high-speed eye movement
from one fixation to another [8]. A smooth pursuit (SP) event is performed only when
the eyes follow a slowly moving object [9,10]. Post-saccadic oscillation (PSO) events are
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rapid oscillatory movements that may occur immediately after a saccade. They can be
described as instabilities that appear at the end of a saccade and are characterized by a
slight wobbling movement that leads to fixation after a saccade [10,11].

The problem of automatic detection of eye movement events has been studied for
many years. However, it is associated with many challenges. For instance, raw eye-tracking
data frequently consist of disturbances and noise, which may make it difficult for detection
methods to identify events correctly. Moreover, differentiating between PSOs, SPs, fixations,
and saccades, as well as finding precise onsets and offsets of events, may be difficult even
for manual coders, and there is evidence that there are differences in event classification
even between experienced coders [12,13].

Today, event detection is performed by processing raw eye-tracking data with special-
ized detection algorithms. Threshold-based and fully automated event detection algorithms
have been used in previous works. For a long time, two broad classes of threshold-based al-
gorithms have been used to detect eye movement events. The first class includes dispersion
threshold-based algorithms that detect fixations [14]. The most popular dispersion-based
algorithm is the I-DT algorithm by Salvucci and Goldberg [15]. These algorithms detect
events, assuming that, for the fixation, the raw recorded data must fit in a spatial box
for a specified minimum time. The second category is the velocity-based algorithms that
focus on detecting saccades. The most popular velocity-based algorithm is the I-VT algo-
rithm [16,17]. These algorithms classify eye movement data by calculating velocities and
comparing them with a predefined threshold. Although the algorithms above differentiate
between fixations and saccades only, Komogortsev et al. [18] proposed the first automated
event detection method that may also be used to classify smooth pursuits. Larsson et al. [19]
proposed another threshold-based approach for identifying fixations and smooth pursuits
during intersaccadic intervals. The approach performed the classifications in three stages,
as follows: a preliminary segmentation evaluating the characteristics of each such segment
and reorganizing the preliminary segments into fixations and smooth pursuit events. This
approach was proposed to address the misclassification between fixations and smooth
pursuits. However, like all other threshold-based approaches, this approach also requires
the end users to set threshold parameters manually, and the three-stage identification
process makes the approach complex and time-consuming.

As event detection involves classifying each raw gaze sample into a separate class
(event), applying machine learning algorithms to this task seems straightforward. Several
attempts have been published using machine learning and, specifically, deep learning
techniques to perform event detection [20–22]. Details are provided in the Section 2.

However, currently available event detection methods are unable to detect fixations,
saccades, PSOs, and smooth pursuits simultaneously. In this study, we proposed a com-
bination of 2D-CNN with an LSTM deep learning model that simultaneously identifies
fixations, saccades, PSOs, and smooth pursuits. We aim to find the combination of features
that gives the best results for different events. We compared the proposed model for
different sets of features extracted from the raw data and with the baseline method, which
is the most similar to our approach, presented in [21]. We made this comparison on two
levels, i.e., a sample level and an event level. Finally, we evaluated event measures for
the proposed methods and compared them to the results of manual classification. The
event-measuring metrics were the number of events and the mean duration of events. We
tested the performance of our methods on the publicly available dataset described in the
Section 3.

This work has significant practical implications for eye-tracking applications. For
example, in human–computer interaction (HCI), accurate eye movement classification can
improve gaze-based interfaces, enabling smoother and more intuitive user experiences. In
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medical diagnosis, the precise identification of eye movement events can help in the early
detection of neurological disorders such as Parkinson’s disease or multiple sclerosis, where
abnormalities in eye movements serve as critical diagnostic markers. By improving the
classification performance for multiple eye movement events simultaneously, this model
could provide more reliable and detailed eye-tracking analytics, facilitating advancements
in both HCI systems and clinical diagnostics.

The main contributions of the paper are as follows:

• Testing the performance of the models for different feature sets consisting of velocity,
acceleration, jerk, and direction.

• Creating a model that simultaneously classifies four types of events, i.e., fixations,
saccades, smooth pursuits, and post-saccadic oscillations.

• Comparison of the usability of different features in classifying specific events.
• Proposing the use of event statistics as a simple tool to evaluate the quality of a model.

The remainder of this paper is structured as follows: The related work is reviewed in
Section 2. Section 3 describes the dataset used in this study, including its characteristics and
potential biases. The proposed method is discussed in Section 4. Results and discussion are
presented in Section 5. Section 6 evaluates the proposed methods using event measures.
Finally, the paper concludes in Section 7, where future directions are outlined.

2. Related Works

Event detection can be performed manually by human coders or algorithms. In manual
event detection, one or more human experts classify raw eye-tracking data into different
event types based on subjective threshold values. Manual event classification is still treated
as a “golden standard” [12]. However, manual classification is ineffective at classifying eye
movement events. Firstly, it is time-consuming, and secondly, different coders might also
use distinctive subjective selection regulations that give different results [23].

Threshold-based methods were the first automated eye movement event classification
algorithms and are still frequently used [15]. For example, Salvucci and Goldberg evaluated
five different threshold-based event detection algorithms that were introduced by different
authors. The evaluation was based on spatial and temporal criteria. The algorithms were
namely, I-VT, I-DT [15], I-HMM [24], I-AOI, and I-MST [15]. The I-DT is a simple eye
movement event detection algorithm that distinguishes fixation and saccade points based
on the dispersion of subsequent sample coordinates. The algorithm classifies gaze samples
as elements of fixation when they are located within a spatially limited area (for example,
0.5◦) for the minimum allowed fixation duration [25]. It follows the assumption that fixation
points generally occur close to each other. The saccades are then implicitly classified as
everything else [15]. However, dispersion threshold methods poorly detect fixations and
saccades when the signal is noisy [26]. Therefore, choosing the optimum threshold greatly
impacts the classification performance and can lead to biased results and misclassifications.

The I-VT event detection algorithm is another threshold-based algorithm and the
foundation for automated, objective standard event detection. Many studies have adopted
this approach [27,28]. It assumes that saccadic eye movements are characterized by high
velocity, and fixational movements by low velocity [15]. However, just like I-DT, the classic
I-VT method is designed to classify eye-tracking input data into fixations and saccades
only. The other event types, like smooth pursuits, post-saccadic oscillations, and noises, are
not considered. Finding the optimum threshold value is also challenging.

One of the main problems with threshold-based event detection methods discussed
in this section is that they can only identify fixation and saccade movements. In order
to address this problem, Komogortsev and Karpov [18] proposed the first ternary auto-
mated event detection methods. The methods classify raw eye-tracking data into fixations,
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saccades, and smooth pursuits. The methods are I-VVT, I-VDT, and I-VMP. The I-VVT
algorithm identifies fixations, saccades, and smooth pursuits (SPs) by first applying the
I-VT algorithm to classify fixations and saccades using the existing threshold, then using
one more threshold to distinguish SPs from fixations. The I-VMP algorithm distinguishes
smooth pursuits from fixations using the movement direction. The I-VDT algorithm inte-
grates both I-VT and I-DT to classify fixations, saccades, and smooth pursuits. As in I-VVT,
I-VDT first applies the velocity threshold to classify saccades and fixations, and then the
dispersion threshold is applied to distinguish fixations and smooth pursuits. The drawback
of these methods is that they are still threshold-based, so the user must manually set the
optimum threshold values. In addition, the identification process is done in two steps and
requires two optimum threshold values.

Finding the optimum threshold value in threshold-based event detection methods is
challenging, as threshold values vary depending on the type of task, data quality, and the
user. In order to address these issues, Ref. [29] proposed an automated velocity threshold
data-driven event classification method. The algorithm can find the threshold adaptively
and avoid the influence of noise by using adaptive VT values, considering different levels
of noise occurrence. It also detects glissades as separate event types. However, glissades
are detected based on duration only, which may lead to short saccades being classified as
glissades or long glissades being classified as saccades. The algorithm can identify fixations,
saccades, and glissades only. It does not consider smooth pursuits.

Threshold-based event detection methods require several threshold parameters, and
finding the optimal values can be challenging. Machine learning and deep learning ap-
proaches can address these problems by applying end-to-end, fully automated event
detection without human intervention or manually setting parameters like thresholds.
These approaches are becoming popular in eye movement event detection. For instance,
Ref. [30] proposed a fully automated eye movement event classification using a random
forest classifier. The method classifies the input data into fixations, saccades, and PSOs.
According to the authors, the machine learning approach outperforms other event detec-
tion methods. However, this method does not consider the important event type (smooth
pursuit). The other fully automated event detection method was proposed in [22]. It is
based on a deep convolutional neural network that predicts probabilities for each sample
to belong to a fixation, saccade, or smooth pursuit based on a sequence of gaze samples.
The approach uses the signal’s frequency to classify the data into event types. The method
classifies fixations, saccades, and smooth pursuits only. The comparison is done with
velocity and dispersion threshold algorithms only.

Ref. [21] showed another example of applying deep learning to event detection. The
proposed network combines a 1D convolutional network with a BLSTM layer. It classi-
fies raw eye movement data into fixations, saccades, and smooth pursuits. Individual
feature sets used for the model are raw xy coordinates, speed, acceleration, and direction.
According to the authors, the combination of direction and speed provided good results.
Acceleration as an additional feature did not improve the average event classification,
probably because it cannot be used to distinguish smooth pursuits from fixations. The algo-
rithm identifies fixations, saccades, and smooth pursuits. It does not consider PSO event
types. Another deep learning approach in [31] is proposed for online event classification
for fixations, saccades, and smooth pursuits.

In summary, there have been many attempts to utilize machine learning and deep
learning for eye movement event detection. However, to the authors’ knowledge, none
of them attempted to combine the four eye movement features used in this work or to
develop a model that simultaneously classifies eye movement data into four event types,
i.e., fixations, saccades, smooth pursuits, and post-saccadic oscillations.
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3. Dataset

To train and test the model, a manually annotated eye-tracking dataset was used,
which had also been used in many previous studies [9,21,22,30]. The dataset was recorded
with a Hi-Speed 1250 eye tracker from SensoMotoric Instruments at 500 Hz. The data
were labeled by two manual raters, Marcus Nyström (MN) and Richard Andersson (RA),
and annotated into six event types, i.e., fixations, saccades, PSOs, smooth pursuits, blinks,
and undefined.

The subjects were presented with static images, video clips, and simple moving dot
stimuli. The evaluation focused on the video domain with event classes including fixations,
saccades, PSOs, and smooth pursuits, as the study was centered on these four types. Image
viewing and moving dot data were not included because image viewing datasets lacked
smooth pursuit events, and the moving dot domain did not contain a time-stamp feature,
which was essential to calculate features such as velocity, acceleration, and jerk, which
are key features in building the model. Six files with video stimuli were selected for the
experiment, containing a total of 16,952 gaze samples. Among these, 36.4% of the samples
were labeled as fixations, 6.8% as saccades, 3.1% as PSOs, and 53.6% as smooth pursuits.
The statistics of the files are shown in Table 1.

While this dataset has provided a robust foundation for evaluating the model, potential
biases are acknowledged due to the focus on video stimuli and the exclusion of other
stimulus types, such as static images and text reading. Eye movement patterns can vary
significantly across different tasks and stimulus domains. This limitation may affect the
generalizability of our approach to tasks outside the video domain. Additionally, although
the dataset was annotated by expert raters, potential inter-rater variability could introduce
annotation bias. Future work will explore cross-domain evaluations to further assess the
robustness of the proposed method.

Table 1. The description of files used to evaluate the models.

Files Fixations Points Saccades Points PSOs Points SPs Points

File 1 625 65 101 819
File 2 962 339 134 1611
File 3 932 59 99 520
File 4 1401 390 107 2748
File 5 1158 156 38 1468
File 6 1100 147 50 1523

4. Proposed Method

In this study, a combination of 2D-CNN and LSTM was proposed to classify raw eye
movement data into eye movement events. The CNN part filters the input data, and the
LSTM part classifies the pre-processed data into event types. A similar approach to Startsev
et al. [21] was used. Before feeding the input to the network, velocity, acceleration, jerk,
and direction were calculated from the raw positional coordinate points (x, y). The model
classified each input data sample into one of four classes: fixations, saccades, PSOs, and
smooth pursuits. Heuristic measures were then applied to the classifier’s output, such as
merging nearby fixation points and determining the duration and number of events to
produce the final events.

Unlike most event detection methods, the proposed approach simultaneously classifies
fixation, saccade, PSO, and SP. Identifying PSOs in the presence of fixations, saccades, and
smooth pursuits is particularly challenging due to their similar movement behaviors.
Because of this, PSOs are frequently misclassified when only velocity is used. For example,
PSOs may resemble fixations because of the small oscillatory movements in fixations. They
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can also be misclassified as saccades due to their similar velocity behaviors. In order
to address these issues, the model incorporates not only velocity but also higher-order
derivatives of velocity as features. In addition, the impacts of different feature combinations
on event detection accuracy were evaluated.

4.1. Network Architecture

The proposed model is a combination of CNN and LSTM approaches. Such an archi-
tecture is frequently referred to as a long-term recurrent convolutional network (LRCN) [32].
The model takes a sequence of samples, and then subsequent convolutional layers are used
to extract features that are important for further classification. While the original work [32]
worked with images, our model works with eye movement data samples containing prepro-
cessed attributes such as velocity or acceleration. The features extracted from the input data
by the convolutional layers are then passed as a sequence to the recurrent layers. Recurrent
layers function as a memory-based network. Their subsequent outputs are generated based
on the current input, and all inputs proceed in a sequence. In contrast to [21], only the last
output of the network is used. Thanks to the combination of convolutional and recurrent
layers, the network is able to utilize both spatial and temporal features of the signal.

Therefore, the network takes a stream of samples as input. Each sample is a set of different
eye movement features, such as direction, velocity, and their higher-order derivatives. The
stream of samples is analyzed in windows of 50 samples (which gives a time span of 100 ms in
our dataset). To obtain a prediction for each sample, the window moves over the sequence one
by one, and the sample in the middle of the window is classified according to the neighboring
samples. The network comprises different layers, precisely three convolutional layers with 32,
16, and 16 filters and a kernel size of 5. After the convolutional layers, a permute function
reshapes the CONV2D output into an LSTM input shape, two LSTM layers with 32 and 16
units, batch normalization layers, and a dense output layer. A sequence of samples with a
shape of 50xN, where N is the number of features for each feature’s combination, serves as
the input to the network. The network architecture is shown in Figure 1.

Figure 1. Architecture of the proposed network.

The model was evaluated using a leave-one-file-out cross-validation approach. In
each fold, one file was reserved for testing, while the remaining files were used for training.
Sequences of 50 samples were created from the raw data to form input windows for the
model. The model was compiled using the RMSprop optimizer with the default learning
rate of 0.001, categorical cross-entropy as the loss function, and categorical accuracy as the
evaluation metric. During training, the model was trained for 25 epochs with a batch size
of 50. For each training iteration, the labels were binarized using LabelBinarizer to encode
the categorical labels into a one-hot format.

4.2. Feature Extraction

The main goal was to determine which features and feature combinations would
correctly classify fixations, saccades, PSOs, and smooth pursuit events simultaneously.
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The features used for classification were velocity, acceleration, direction, and jerk. It was
hypothesized that velocity and direction alone were insufficient to distinguish PSOs due to
the overlapping nature of different event types. For example, velocity and direction were
used in [21], and it worked well, but only for fixation, saccade, and smooth pursuit detection.
The velocity feature can distinguish saccades from fixations and smooth pursuits because
fixations and smooth pursuits are low-velocity, and saccades are high-velocity movement
types. Additionally, direction can distinguish smooth pursuits from fixations due to the
uniform distribution of direction in fixations but not in smooth pursuits. However, using
only velocity parameters to distinguish fixations from smooth pursuits will not work
correctly, as both fixations and SPs are low-velocity movement types. Saccades and PSOs
will also be misclassified, as both are high-speed movement types.

Because different features were important in classifying different events, tests were
performed to verify which combination of features gave the best event detection results.
Velocity, acceleration, and jerk were calculated from the raw x, y, coordinates, as shown in
Figure 2, while the direction was calculated as shown in Equation (1).

Directioni = atan2(xi+1 − xi, yi+1 − yi) (1)

(x1, y1)︸ ︷︷ ︸
p1

, (x2, y2)︸ ︷︷ ︸
p2

,
. . .
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︸ ︷︷ ︸
d2
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Figure 2. Calculation of features.

4.3. Performance Evaluation

Currently used fully automated event detection algorithms cannot simultaneously
detect all four events (i.e., fixations, saccades, PSOs, and smooth pursuits). Additionally,
there is no standard performance metric for eye movement event detectors [33]. So, for a
fair comparison, it is recommended that they be compared using the same metrics (either
against other algorithms or against the same algorithm under different conditions), using
an applicable evaluation method [33].

Threshold-based methods were not considered for comparison, as they are statically
designed for specific event types based on the threshold value. For example, I-DT and
I-VT are designed to detect fixation and saccades only. However, the dataset used for
evaluation is annotated with four different event types. Therefore, comparing our method
with threshold-based methods would be unfair.

The method was compared with the one most similar to ours, as presented in [21].
This method also used a neural network built from a combination of CNN and LSTM layers,
but they used 1D-CNN and BLSTM layers. Another difference was that their model output
a sequence of event points, while ours classified only one point at a time. In addition, their
method was designed to identify only fixations, saccades, and smooth pursuits. It did
not consider PSOs, which were tricky to distinguish from fixations, saccades, and smooth
pursuits due to their behavioral overlap with these event types.

To compare their model with ours, the model was reimplemented, and the final layer
was changed to return only one value, as in ours. In addition, a 50-sample window was
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used as input to the model. The model was then trained on the same data as used in
our experiments.

However, the primary purpose was to compare the same model for different feature
sets. This comparison was made on the following two levels: sample-level and event-level.
For the sample level, the output of the trained model was compared with the ground
truth, and classic measures such as the F1 score and Cohen’s kappa were calculated for
each sample. Furthermore, the corresponding confusion matrices for each combination of
features—i.e., velocity (V), acceleration (A), direction (D), and jerk (J)—were analyzed.

Classification of single-gaze data points is just the first step in event detection [9].
The next step is to join identically classified neighboring points to form eye movement
events. The process is visualized in Figure 3. There are many possible measures to
compare such results. However, there is no commonly accepted measure for this event-
level comparison [33]. Therefore, we compared general event statistics, i.e., the number of
events and their mean duration. We believe that such information gives a reliable way to
compare different results.

Figure 3. Merging neighboring events. F, S, PSO, and SP stand for fixation, saccade, post-saccadic
oscillation, and smooth pursuit, respectively.

The train and test dataset split was done using the leave-one-file-out (LOFO) cross-
validation method to avoid biased and overestimated model performance using a single
test set, because we repeatedly fit a model to a dataset containing n-1 files. In our case, six
files from the dataset described in Section 3 were used.

5. Results and Discussion

In this section, the results and discussions on the impacts of various feature combina-
tions on the classification performances of different eye movement events are presented.
Direction plays a crucial role in identifying smooth pursuit (SP), as it captures the change
in the direction of eye movement, which is key to distinguishing SP from other event types.
Velocity is essential for distinguishing saccades from fixations and smooth pursuits, as it
provides a clear differentiation between high-speed and low-speed movements. Addition-
ally, acceleration and jerk contribute significantly to detecting post-saccadic oscillations
(PSOs), as they help to separate PSOs from other movement types based on their rapid,
oscillatory nature. Our analysis shows that combinations of velocity, acceleration, jerk, and
direction (such as VAJD, VAD, and VJD) improve classification performance, particularly
for PSO detection. We also found that while the absence of jerk in the VAD combination did
not significantly affect performance, the lack of velocity in the AJD combination severely
impacted the model’s ability to correctly classify events.

The performances of different models are presented in Tables 2 and 3. The models
using different feature combinations were compared with the ground truth (human coders)
as a reference. The baseline model with velocity and direction features, originally used
in [21], was also evaluated for fixation, saccades, and smooth pursuit classification. Preci-
sion and F1 score were calculated for the proposed models. In order to measure the overall
agreement between the manual coders and the proposed methods, Cohen’s kappa was
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calculated between each manual coder and the proposed methods. Moreover, confusion
matrix analysis was used to analyze the performance of the models.

The experiment started with the combinations of VD and AD feature combinations,
which were used in the baseline method [21]. It was discovered that the AD feature combi-
nation exhibited very low event detection performance due to its inability to distinguish
fixations from smooth pursuits and PSOs from all other event types. A combination of ve-
locity and direction (VD) can identify saccades and PSOs, as velocity can identify saccades
from fixations and smooth pursuits. However, the VD combination performs poorly in
identifying PSOs due to their speed-related behavior being similar to that of saccades.

The results show that using acceleration or jerk in addition to velocity and direction
helps the model to distinguish PSOs from other event types. This implies that the model’s
classification performance with the VAJD, VAD, and VJD feature combinations is superior to
that of the AJD, VD, and AD combinations. Not surprisingly, the AJD feature combination
cannot classify all event types, especially PSOs. This implies that combining velocity and
direction with acceleration and/or jerk shows significant performance improvement for all
event types, including PSO.

Table 2. Comparison of F1 score (F1) for each event type, mean F1 score, and mean Cohen’s kappa (K).

F1 Score

Algorithms Fixations Saccades PSOs SPs Mean F1 Mean K

VAJD 0.792 0.918 0.815 0.80 0.83 0.733

VAD 0.803 0.914 0.818 0.803 0.834 0.735

VJD 0.798 0.908 0.795 0.805 0.826 0.723

VD 0.772 0.914 0.797 0.794 0.819 0.708

1D-CNN-BLSTM [21] * 0.667 0.72 - 0.663 0.7 0.50

1D-CNN-BLSTM(VD) ** 0.52 0.79 0.61 0.61 0.63 0.48

AJD 0.644 0.679 0.468 0.641 0.608 0.526

AD 0.37 0.543 0.31 0.464 0.42 0.235
* The 1D-CNN-BLSTM row shows the results reported in [21], classifying the three event types—fixation, saccade,
and SP—using the VD feature set on the dataset used in this paper. ** The 1D-CNN-BLSTM (VD) refers to our
changed and re-implemented version of their model (classifying four events).

Table 3. Precision of each event type and feature combination. We compare the performance of the
proposed model with different feature combinations.

Precision Score

Algorithms Fixations Saccades PSOs SPs Mean Precision

VAJD 0.766 0.937 0.935 0.733 0.842

VAD 0.788 0.919 0.935 0.739 0.845

VJD 0.778 0.917 0.921 0.735 0.837

VD 0.7642 0.919 0.932 0.717 0.833

1D-CNN-BLSTM(VD) 0.64 0.78 0.79 0.56 0.69

AJD 0.607 0.642 0.804 0.559 0.765

AD 0.517 0.458 0.617 0.371 0.490

As the results show, feature selection significantly impacts the event classification
results. On the one hand, velocity is crucial for correctly detecting saccades from fixations
and smooth pursuits. Hence, these events have low scores for AD and AJD sets. On the
other hand, velocity is not sufficient to correctly distinguish between fixations and SPs, as
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both are low-speed movement types. Therefore, the direction is used to detect fixations
from SPs. A classic VD set performs better than the former sets for SPs, but its performance
is still low for PSOs. Adding acceleration and jerk improves the general performance of the
models, especially for PSO detection. A comparison of VAD, VJD, and VAJD sets shows
that both acceleration and jerk have a similar impact on the results, and their combination
is only marginally better than using only one of them (see Tables 4 and 5).

A comparison with the results of the 1D-CNN-BLSTM model on the same dataset, as
reported in [21], shows that our model performs better and can also distinguish the PSO
events. Our modified implementation of the same model does not perform well. However,
one of the reasons may be that we changed the model to return only one value instead of
the sequence, and skipped the model optimization step.

Table 4. Accuracy for each file and feature combination for each file in the LOFO cross-validation.
We compare the performance of the proposed model with different feature combinations and the
state-of-the-art approach.

Accuracy Score

Features File1 File2 File3 File4 File5 File6

VAJD 0.75 0.85 0.78 0.85 0.92 0.92

VAD 0.76 0.85 0.78 0.85 0.92 0.92

VJD 0.75 0.84 0.77 0.85 0.92 0.92

VD 0.72 0.83 0.762 0.84 0.92 0.92

1D-CNN-BLSTM(VD) 0.59 0.57 0.55 0.62 0.61 0.66

AJD 0.59 0.74 0.74 0.54 0.79 0.89

AD 0.69 0.47 0.48 0.58 0.18 0.62

Table 5. Cohen’s Kappa for each file and feature combination for each file in the LOFO cross-
validation. We compare the performance of the proposed model with different feature combinations
and the state-of-the-art approach.

Cohen’s Kappa

Features File1 File2 File3 File4 File5 File6

VAJD 0.60 0.73 0.64 0.73 0.86 0.85

VAD 0.61 0.73 0.63 0.73 0.85 0.85

VJD 0.58 0.72 0.62 0.73 0.86 0.86

VD 0.51 0.70 0.61 0.72 0.85 0.80

1D-CNN-BLSTM(VD) 0.31 0.35 0.25 0.33 0.08 0.40

AJD 0.34 0.54 0.57 0.28 0.64 0.80

AD 0.48 0.21 0.19 0.30 0.04 0.19

Misclassifications Analysis

In this section, the misclassifications between events for each feature set are discussed
using the confusion matrices, which help to analyze which events were mistaken for others
in each feature set.

The confusion matrix analysis for the combinations of AD and VD features is shown in
Figures 4a and 4b, respectively. Each row in the matrices shows the percentage of samples
for a given event that were classified as the event shown in the corresponding column. The
results for the AD combination clearly show that fixations and smooth pursuits are often
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confused (45% of fixations are classified as smooth pursuits). Moreover, the recall of PSOs
is very low, and most of the actual PSOs are misclassified (only 21% are classified correctly).

(a) confusion matrix for AD (b) confusion matrix for VD

Figure 4. The confusion matrix for AD and VD feature combinations.

The velocity and direction (VD) combination shows a noticeable improvement over
the AD combination. The combination significantly improves the performance of fixations,
saccades, and smooth pursuits. However, its performance in correctly identifying PSOs
from fixations and smooth pursuits is lower. So, we propose using the VAJD, VAD, AJD, and
VJD combinations to improve PSO identification performance and reduce misclassifications
between PSOs and other event types.

Combining velocity and direction with acceleration and/or jerk improved the overall
identification performance for all event types compared to other feature combinations, es-
pecially for PSO detection. However, the performance of PSO identification is still low, and
many PSO points are misclassified as fixations and smooth pursuits. The results for these
feature combinations are shown in Figure 5. For example, the results of the VAJD feature
combination in Figure 5b show that 11% of PSOs are misclassified as smooth pursuits and
11% as fixations. The VAD and VJD feature combinations perform approximately the same
as VAJD.

(a) confusion matrix for VJD (b) confusion matrix for VAJD

Figure 5. The confusion matrix for VJD and VAJD feature combinations.

In addition, experiments were conducted with combinations without velocity or
jerk. A combination of VAD and AJD features was used for the experiment. The results
in Figure 6a show that the absence of jerk in the VAD combination does not decrease
performance. Regarding the effect of velocity, the AJD in Figure 6b shows that the absence
of velocity significantly affects the overall performance. The results imply that combining
acceleration and jerk with direction (and with the absence of velocity) does not improve
overall performance for all event types.
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(a) confusion matrix for VAD (b) confusion matrix for AJD

Figure 6. The confusion matrix for VAD and AJD feature combinations.

6. Event Measures

As stated in Section 4.3, classifying each gaze point as a specific event was just the
first step in event detection. The next step was to merge the neighboring points with the
same classification into one event, as shown in Figure 3. In this way, events with their own
properties were created. For instance, fixations were characterized by a location (calculated
as the mean or median of gaze points), as well as an onset and offset, while saccades and
smooth pursuits were defined by their start and end points.

The main problem with all threshold-based methods is their high susceptibility to
outliers. When one gaze point in the middle of a fixation is classified as any other event, it
automatically divides the fixation into two separate fixations. The popular solution is to
merge subsequent fixations based on their low spatial and temporal distance. However,
this introduces two more thresholds that must be manually assigned.

Machine learning-based algorithms are more robust to this problem as they classify
gaze points, taking into account not only the sample’s properties but also its neighborhood.
However, the problem still exists. To analyze this phenomenon for our results, we merged
the neighboring event points to form events. Then, for each event type, we calculated two
metrics, that is, the mean number of events and the mean event duration.

The results in Table 6 show the number of events and mean duration of events for
different combinations of features and ground truth (manual coding).

Table 6. The event measures detected in the test data for different feature combinations by both man-
ual annotation and the proposed model. The column event measure shows the list of event-measuring
metrics, and the columns VAJD, VJD, VAD, AJD, VD, and AD are the results for feature sets.

Metrics VAJD VAD VJD AJD VD AD GT

Mean No. of Fix 12.5 13.5 14.5 48 18.3 40 10

Mean No of Sacc 14.6 15 15 37 15.3 47.5 15.5

Mean No. of PSOs 11.3 11.3 11.1 19.6 11 26.1 11

Mean No. of SP 9.8 10.8 11.5 58.5 15.3 71 7

Mean FIX-dur 217.2 209.1 203.1 49.3 158.2 23.9 226

Mean Sac-dur 25.1 25.3 25.0 17.4 24.9 25.5 24

Mean PSO-dur 16.8 16.3 16.8 11.0 17.0 11.7 16

Mean SP-dur 403.8 366.2 365.2 60.5 280.3 73.0 508

Generally, our methods find more fixations than GT, which probably means that some
actual fixations are classified as two or more separate fixations by the model. This is
especially visible for AD and AJD combinations, where the number of detected fixations is
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about five times larger than it should be. A similar situation can be observed for smooth
pursuits. Not surprisingly, when more separate events were detected, the mean durations
of events were shorter.

The results show that the calculations of event-level statistics, such as the number and
duration of events, may reveal additional information about the quality of the model. For
instance, the confusion matrix of the VD model in Figure 4b suggests that its performance
is similar to (or even better than) the VAD, VJD, and VAJD models for smooth pursuit
detection. However, event-measuring metrics in Table 6 show that using the VD model
resulted in the creation of much smoother pursuit events than for the VAD, VJD, and VAJD
models and a shorter duration of these events. So, it may be assumed that the smooth
pursuit detection performance of the VD model is lower than that of the VAD, VJD, and
VAJD models, even when the sample-level accuracy is better.

As a conclusion from the results, the proposed models with feature combinations
VAJD, VAD, and VJD perform approximately the same, outperforming AJD, VD, and AD
feature combinations.

7. Conclusions and Future Works

A deep learning method was proposed to extract eye movement events from raw
eye-tracking data. The main objective of this study was to identify the best feature sets for
building a model that simultaneously classifies four event types. The velocity, acceleration,
jerk, and direction characteristics were used. Combinations of these different features were
used to detect events.

The classification performance of the proposed model across different feature com-
binations was compared with that of the state-of-the-art model. The results revealed that
combining velocity and acceleration with either direction, jerk, or both jerk and acceleration
features significantly improved performance compared to other feature sets. This indicated
that the VAJD, VAD, and VJD feature combinations outperformed the AJD, VD, and AD
feature combinations.

Furthermore, we analyzed the impact of each feature on the detection of specific events,
i.e., fixations, saccades, PSOs, and smooth pursuits. To the best of our knowledge, this is
the first fully automated event detection method that simultaneously classifies fixations,
saccades, PSOs, and smooth pursuits. The event measures for the proposed methods were
also evaluated and compared with the manual classification results. The event-measuring
metrics included the number of events and the mean duration of events.

Obviously, the work carries certain limitations. Our results, even for the best-
performing models, are far from perfect, and there is room for improvement. In particular,
the accuracy of the PSO classification is relatively low. In this paper, we focus on the
analysis of the best combinations of different features. The next step should be to use the
best-performing feature combinations to build more robust models. Future work will focus
on extending the research through an extensive analysis of various network architectures
and hyperparameters. Furthermore, more data will be used for training to further improve
the model’s performance.

As stated in the performance evaluation section, comparing different algorithms with
different conditions and objectives is difficult [33]. Therefore, we were only able to compare
the proposed models with the one that was the most similar to ours. However, this model
originally did not consider PSO events, so the comparison was not entirely fair. No model
was found that automatically classifies all four events.

In addition, it would be valuable to test the performance of the algorithms using other
datasets. Specifically, this work focuses on video stimulus datasets labeled with fixations,
saccades, PSOs, and smooth pursuits. Therefore, testing the models on other types of data
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could tell more about the generality of our methods. Since PSOs are the most problematic,
future work will analyze how they differ across different types of stimuli and attempt to
develop models tailored to specific types.

The other line of enhancement is based on improving the accuracy of the PSO classifi-
cation in the presence of fixations, saccades, and smooth pursuits. The proposed method
improves existing methods by simultaneously classifying fixations, saccades, PSOs, and
SPs. However, we believe that the proposed approach can be further optimized in such a
way that the accuracy of the PSO is taken into account.
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Abstract: Data augmentation is commonly utilized to increase the size and diversity of training sets
for deep learning tasks. In this study, we propose a novel application of an existing image generation
approach in the domain of realistic eye images that leverages data collected from 40 subjects. This
hybrid method combines the benefits of precise control over the image content provided by 3D
rendering, while introducing the previously lacking photorealism and diversity into synthetic images
through neural style transfer. We prove its general efficacy as a data augmentation tool for appearance-
based gaze estimation when generated data are mixed with a sparse train set of real images. It
improved the results for 39 out of 40 subjects, with an 11.22% mean and a 19.75% maximum decrease
in gaze estimation error, achieving similar metrics for train and held-out subjects. We release our
data repository of eye images with gaze labels used in this work for public access.

Keywords: eye-tracking; gaze estimation; machine learning; generative adversarial networks; data
augmentation; style transfer

1. Introduction

Eye-tracking (ET) is a technology that at its core enables the estimation of the eyeball’s
orientation with respect to a chosen frame of reference. In the most general case, it means
solving this estimation problem relative to the subject’s head. Most modern human–
computer interaction applications that ET enables involve finding the point of gaze in the
device coordinates, such as the pixel of interest on the computer screen. ET has enabled
many important applications since desktop computer workstations have become available.
They range from basic gaze-guided human–computer interfaces [1–3] to more demanding
approaches that depend on complex features extracted from eye movement patterns. The
visual system is one of our main tools for interacting with the surrounding environment,
so ET empowers a natural dimension of human–computer interaction. This capability is
crucial for providing accessibility for disabled individuals who are unable to use traditional
input modalities. Real-time ET may also be used to deploy foveated rendering that produces
high-quality content only near the point of gaze [4,5]. This strategy is essential in delivering
improved rendering quality in extended reality devices that operate in a constrained power
envelope. Specific traits of each subject’s oculomotor system, eye shape, periocular features,
etc., were shown to have great potential for biometrics [6] and health assessment. With
access to data on the order of ten thousand subjects, it is possible to build an eye movement
biometrics system for user authentication with a false rejection rate of 2.4% at the false
acceptance rate of 1 in 50,000 [7]. The main advantage of such a system is that there is no
known way to spoof it, which is not the case for a fingerprint sensor or a facial recognition
system. In regards to the health assessment, the detection of various diseases and states
with performance above random chance, including schizophrenia, mild traumatic brain
injury, intoxication, and fatigue, has been demonstrated using eye movement signals [8–10].

The first key component of any ET pipeline is the hardware equipment that enables it.
We limit the scope of interest to solutions based on one or more cameras, as they are the

Appl. Sci. 2024, 14, 9586. https://doi.org/10.3390/app14209586 https://www.mdpi.com/journal/applsci24



Appl. Sci. 2024, 14, 9586

most relevant in modern applications [11]. The next key component of the pipeline is the
method used to estimate the gaze from camera image(s). These methods are commonly
categorized as model-based, appearance-based, and hybrid between the two [12]. Overall,
every method has a step of extracting the relevant features from the eye image and the main
difference is in the way these are used for the gaze estimation. The first category usually in-
volves a parametric eye model that is designed with a certain level of realism. In the purest
model-based case, the extracted features are used to estimate the set of model parameters
that is sufficient to make a direct gaze inference [13]. A fully appearance-based method is
typically not backed by an explicit eye model and aims to produce the gaze directly from
an image. With the emergence of desktop and embedded hardware for high-resolution
image capture and powerful deep learning techniques for image processing [14–16], the
appearance-based gaze estimation became the most common in modern ET solutions [17].
These solutions are mostly data-driven, and the representative feature distributions and
large quantity of their training data are essential in achieving good performance.

Data augmentation is a valuable tool in general machine learning tasks for increasing
the size and diversity of the collected data set. It is commonly seen in studies that work with
visual or audio information, where cropping, affine transformations, or adding random
noise are applied to artificially increase the number of data samples [18–20]. These methods
can usually prevent overfitting of deep learning models to the training set, but they are
unlikely to help in achieving better robustness in real-world deployment of the model
where it can experience completely unseen samples yet from the same domain. For complex
supervised learning tasks, it is unfeasible to collect the labeled training set that completely
represents the distribution of the data used for model inference. As random sub-sampling
of the existing data would not help to close the gap, it may be possible to introduce the
lacking variability by the synthetic generation of the new data. It is challenging not only
to produce a realistic extension of the data yet also to preserve the label consistency in
the generated output; otherwise the learned model has a high chance of showing poor
generalization in testing scenarios.

Synthetic data generation is especially appealing in ET research. The reason for this is
two-fold. First, it is expensive time- and resource-wise to collect labeled data that exhibit all
potential real-world variability, such as sensor positions, lighting conditions, and subject
appearance. Second, it provides great research flexibility for novel ET sensors that have not
yet been built in consumer-grade hardware [21,22]. In this work, we focused on creating a
generative framework for the domain of near-eye monocular images. We propose a hybrid
solution that fuses two most common approaches from the relevant literature: synthetic
rendering and end-to-end learning from a large pool of data. This solution enables us to
map the real subject identities from pre-collected video-oculography data onto a Blender
artificial model [23]. It combines the best of both worlds, as it allows precise control over the
rendering scene while introducing the lacking diversity and photorealism in the synthetic
renders. After posing this problem as a style transfer, we investigated the applicability
of a StarGANv2 [24] architecture, a proven solution in that field. We applied our own
modification of this method and discussed the potential further improvements specific
to the ET domain. The generated images were evaluated in terms of their photorealism,
visual and content consistency. The results were compared with the Blender rendering
tool [23] and EyeGAN architecture [25]. The proposed method was finally evaluated as a
data augmentation tool for increasing the training set size of an appearance-based gaze
estimation neural network.

The main contributions of our work can be summarized as follows:

• We present an expandable benchmark for synthetic eye image generation methods
that measures their utility for data augmentation in appearance-based gaze estimation
tasks. We prove its effectiveness by showing the unsatisfactory performance of existing
generative methods in the eye-tracking domain achieved under its testing conditions.

• We modify a method for general image domain transfer and adapt it for real and
synthetic eye images. The resulting hybrid approach combines the powerful control
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over the ground-truth eye-tracking features afforded by 3D rendering with the photo-
realism and subject diversity of pre-collected image data. It improves the results for
39 out of 40 subjects with a 11.22% mean and an 19.75% maximum decrease in gaze
estimation error. The proposed method outperforms all prior approaches under our
benchmark, and we show the difference to be statistically significant.

• We release for public access our real data set of 1.24 M eye images and their correspond-
ing gaze labels collected from 40 human subjects in a random saccades task using the
custom video-oculography desktop setup: https://doi.org/10.5281/zenodo.13852050
(accessed on 9 October 2024).

2. Prior Work

2.1. Image Rendering Tools

A number of general-purpose 3D rendering tools have been adopted for the ET domain,
the most notable examples being Unity and Blender. A Blender head model with a highly
detailed eye region was presented in [23]. The public availability of the source code allows
for fine-grain control over most parameters of the rendered scene through the Python API.
The most significant downside of the model is its use of only one artificial subject, which
makes it impossible to introduce subject variability in the rendered images. Moreover, the
visual appearance of the rendered images is substantially different from what can be seen
in real eye image data sets, such as MPIIGaze [14]. This is problematic, as a lack of realism
in synthetic images has been shown to reduce gaze estimation performance [26].

Improving the realism of eye image rendering is an active research area. A Unity-based
solution was introduced in [27]. It offered substantial variability in subject appearance
and ambient conditions with extremely fast rendering speed. Nair et al. [28] presented
RIT-Eyes. Implemented in Blender, this rendering pipeline generates synthetic images and
2D/3D segmentation masks using eye attributes, gaze position, and environmental/sensor
parameters (camera pose, etc.) as input. One key advancement of this pipeline versus
prior work is the ability to generate temporally coherent eye videos that mimic the blink,
head, and eye movements found in publicly available data sets [29]. Kim et al. in [22]
introduced novel large-scale data for near-eye gaze estimation. They presented a synthetic
data set based on anatomically informed eye and face models with variations in face shape,
gaze direction, pupil and iris, skin tone, and external conditions (2 M images with the
1280× 960 resolution), and a real-world data set collected from 35 subjects (2.5 M images
with the 640× 480 resolution). Unfortunately, there is a common drawback in all these
methods. The authors did not make the source code publicly available, at best only released
either the already generated data (NvGaze) or the compiled executable with very little
control over the generated sample domain (UnityEyes). These complex 3D environments
are also challenging to reproduce from scratch, which greatly reduces the applicability of
their solutions to novel settings.

2.2. Learning-Based Data Generation Methods

While synthetic data sets generated using 3D creation software have been utilized for
multiple applications in the ET domain, many modern solutions for data generation rely on a
framework of generative adversarial networks (GANs) introduced by Goodfellow et al. in [30].
Since its introduction, GAN-based methods have enabled breakthroughs in the generation of
high-resolution photorealistic images [31] (BigGAN), [32] (StyleGAN3); high-fidelity speech
audio synthesis [33] (Hifi-GAN); unsupervised image [34] (pix2pix), [35] (CycleGAN), [24]
(StarGAN-v2); and audio [36] (Mic2Mic) domain translation. The original GAN frame-
work training process is notoriously unstable. This issue inspired many follow-up works
proposing alternative adversarial loss functions and optimization problem statements [37]
(LS-GAN), [38] (WGAN-GP), [39] (DRAGAN). Unfortunately, none has been shown to be
superior to others, and adjusting a GAN to a specific task usually requires an extensive
hyperparameter search [40]. Another common challenge is to pick a set of metrics that allow
for a fair and thorough evaluation of the generated output. One of the most comprehensive
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surveys on the pros and cons of various metrics available in the literature can be found in [41].
We are interested in applying the GAN framework in an attempt to combine the desirable
characteristics of synthetic and real eye images, namely, to benefit from the efficiency of
the synthetic rendering process (i.e., ability to rapidly vary a camera pose, a gaze vector,
environmental lighting conditions, etc.) while capturing the inherent realism encountered in
real-world data capture.

In the more recent literature, diffusion probabilistic models [42] were shown to out-
perform GANs in generating realistic image data [43]. They represent a class of likelihood-
based models that learn the underlying parametric distribution of given data samples.
The training of a diffusion model typically involves a two-stage process with the forward
and backward parts. During the forward diffusion an input sample is corrupted with a
varying level of Gaussian noise. This effect is reversed in the backward diffusion with the
denoising neural network, which learns to predict the noise added to the sample during
the whole forward process. At inference time, the denoising network is utilized to progres-
sively transform the initial random noise into an output sample from the learned domain
[42]. The diffusion-based generative models achieve state-of-the-art results of increasingly
impressive visual fidelity, but require thousands of hours of GPU train time and hundreds
of millions of training samples to achieve that [44–46]. While there is an active work in
making the various parts of the diffusion method more efficient [47,48], the computational
and data requirements still prohibit their use by smaller research groups with limited
resources. We suggest these methods be considered in future work and decided to limit
our scope to GAN-based approaches for image generation as a more attainable solution for
the broader research community.

GANs have been utilized to augment image-based training data in the literature
throughout various studies. Examples include the generation of new images from existing
training sets to improve classification accuracy [49], along with the transformation of
contrast computer tomography (CT) images to improve segmentation in non-contrast
CT images [50]. Within the eye image domain, the most notable application of data
augmentation using GANs was an attempt to address the aforementioned lack of realism
within synthetically generated images. In this section, we describe three of these networks—
SimGAN [26], GazeGAN [51], and EyeGAN [25]—and discuss their applicability in our
problem setting.

2.2.1. SimGAN

SimGAN [26] was developed to improve the realism of synthetically generated labeled
images by leveraging the large-scale availability of unlabeled real images. The main idea
of this method was to use the generator network as the “refiner”. It did not generate an
output from any kind of low-dimensional representation, but rather learned the pixel-wise
transformations of the input image. In other words, it “refined” the original synthetic
image to make it look like it was sampled from the distribution of real data. The original
study used 1.2 M synthetic images generated with UnityEyes and real eye images from the
MPIIGaze data set.

2.2.2. GazeGAN

The GazeGAN [51] significantly improves upon SimGAN in output image resolution
and photorealism by leveraging the large and diverse set of unlabeled real facial images.
Their joint use with the labeled UnityEyes renders without a structured connection be-
tween the two was enabled by supplementing the pure adversarial training with the cycle
consistency loss. The fundamental work first to apply this principle in training an image
translation network with no paired train samples in different domains was published
in [35]. The idea of cycle consistency is based on the observation that if the generated sam-
ple can be translated back to its original domain, the result of such inverse transformation
should match the original input sample. Most importantly, it relaxes the requirement for
having paired ground-truth translation samples if the inverse computation can be done
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within the same generative framework. In this study, we further explore the effectiveness
of cycle consistency in the unsupervised domain translation between real and synthetic
eye images.

2.2.3. EyeGAN

The EyeGAN study [25] improves on the SimGAN approach in a different manner.
Instead of relying on the per-pixel refinement of the original image, the authors proposed
using an eye segmentation mask as an input to the generator model. A ternary mask
includes classes for the sclera, the pupil together with the iris, and the remaining periocular
region. The labeled segmentation masks can be obtained as an additional output of
the rendering tools, like UnityEyes that was used in the EyeGAN paper or Blender, as
shown later in the “Synthetic Blender data” subsection. As it is very labor-intensive to
manually label the real data, the segmentation network was initially trained only on the
available synthetic data. To obtain the labeled masks for the real images, the generator
facilitated the unsupervised domain transfer for the segmentation task. The segmentation
network was updated as part of the GAN training process, and its training pool was
periodically updated with the output of the generator network that was fed masks from the
synthetic data set. The real eye images and their corresponding masks obtained from the
segmentation network formed the training batch of the generator. Note that the image loss
was no longer computed on the pair of images from different domains (synthetic and real)
as in the case of SimGAN. This change, together with the guidance from domain-agnostic
segmentation masks, resulted in a generator that much better preserves the eye gaze in
the output images, as concluded by the EyeGAN authors. We picked EyeGAN as one
of our baselines for realistic eye image generation, as the more recent example of purely
GAN-based approaches. Our own schematic presentation of its framework is shown in
Figure 1.

Figure 1. The outline of the original EyeGAN approach.

2.3. Data Augmentation via Style Transfer

While the referenced GAN studies showcased increasingly promising results, they
had no mechanism to control the visual appearance of the subject in the generated image.
In other words, they did not offer a way to impose the visual coherence of the network
output when generating data for a given subject. It is reasonable to assume that this might
limit the use of such a generative model as a data augmentation tool for appearance-based
ET research. This statement is formulated as a formal hypothesis in the “Methodology”
section to be tested on our data later. In order to mitigate this issue, we look into a related
concept of style transfer [52]. It considers an image to be comprised of features related to
two categories: style and content. The main problem posed by style transfer is to transform
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an input image to match the visual style of the target image while retaining its original
content. The semantic segmentation mask can be used as a proxy for the content of a scene
(e.g., gaze vector) [53], while the style can be represented via a set of high-level features,
extracted from a pre-trained convolutional network [54].

2.3.1. Seg2Eye

The Seg2Eye method presented in [53] generated an eye image that is consistent in
content with a given input segmentation mask and in style with a given real eye image.
The content was preserved by using the SPADE normalization layer [55] throughout the
generator network. The style was represented as a latent vector learned via the encoder
network and fused into the generated image using the AdaIN layer [56] in conjunction with
SPADE throughout the generator network. We found that the most challenging factor that
limits the direct application of this method in novel scenarios is that an essential part of its
training loss involves a ground-truth for the generated images that are rarely available. We
arrived at that conclusion after trying to apply Seg2Eye using the original implementation
(https://github.com/mcbuehler/Seg2Eye (accessed on 9 October 2024)) with the L1 loss
dropped. We found that the generator network failed to start producing eye-like images
from scratch with no per-pixel guidance provided.

2.3.2. Kaur et al. (2021) [57]

The authors of [57] proposed another method for generating a realistic eye image
from a segmentation mask that follows the visual style of a provided image. It proved to
be superior to Seg2Eye when tested in an unsupervised manner when no image ground-
truth was available for training. The key difference compared to Seg2Eye that enabled
the effectiveness in an unsupervised scenario was the cycle consistency, which reinforced
the successful use of this loss in GazeGAN [51]. This time, its additional importance
was shown in solving a task that only has indirect supervision for the components of the
generated images, such as their content and style. However, the method in [57] also could
not be applied directly to any novel task, as it was tailored to a specific target use case of
gaze redirection. We think that a task-agnostic method would have more impact on the
eye-tracking research community. As a result, we borrowed the SPADE+AdaIN layer from
Seg2Eye [53], which proved to be successful in style transfer and propose incorporating it
into another network designed for general unsupervised domain translation.

2.4. StarGANv2

StarGANv2 is a neural network designed for unpaired image-to-image domain trans-
lation [24]. It addressed a visual style transfer problem by considering the images to come
from a discrete set of predefined domains, such as a human gender or an animal type. It
built upon the first version of StarGAN [58] with the added ease of scalability to more than
two domains, which was its main contribution. In addition to that, StarGANv2 also intro-
duced updates to the underlying GAN framework that helped to achieve state-of-the-art
results in generating photorealistic images even within just two domains. The problem
we are solving can be easily reformulated as a domain transfer between two domains—
synthetic renders and real eye images. Another point that makes this work directly relevant
to our study is that it has been proven to produce great results in an adjacent domain of
human faces. The image evidence provided in the original manuscript contains visually
striking examples of changing the visual subject appearance while maintaining the impor-
tant image content, such as a camera position, a head pose, an eye gaze, the placement of
facial features, etc. We were interested in replicating a similar result in the more restricted
case of eye images; therefore, we chose this method as one of the baselines to work with.

3. Materials

There are two data types utilized in this study: real and synthetic. In general, the real-
world ET data are collected to represent a diverse subject population and to most closely
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resemble the images used in practical applications. However, the recording environments
that sufficiently capture possible variability in gaze, camera position, lighting conditions,
etc., are resource-prohibitive. Moreover, once the data are recorded, it is virtually impossible
to make any post-hoc changes. On the contrary, the synthetic image renderings typically
suffer from a severe visual domain mismatch compared to real data, but provide precise
control over the modeled features that can be exercised as much as needed. In this section,
we go over our real data collection setting, highlighting its feature set and the gaps in its
coverage. Next, we present our synthetic pipeline that is designed to fill in the missing
information by the means of image rendering. In the later sections, we explain how to fuse
two sets, with the goal of bringing together the photorealism and subject diversity of real
images and the ground-truth control over the scene rendering parameters of synthetic data.

3.1. Real VOG Data

The real data set is represented by the collection of real eye images previously re-
ported in [59]. The data were collected from 40 different subjects and have a total of around
1.24 M samples. Every sample consists of a close-up eye image capture with the corresponding
gaze information estimated via the means of video oculography (VOG). This custom VOG
setup was used in place of standard commercial solutions, such as EyeLink 1000, due to
the unique feature that allows saving raw eye images obtained by the ET camera [60]. The
system was configured with an 850 nm IR illuminator, ThorLabs DCC1545M camera, and a
hot mirror with a chin-rest from EyeLink 1000. The camera recorded monocular images with
a resolution of 512× 320 pixels at 120 Hz. The specific software and hardware details of the
recording equipment are available in [60]. The schematic side view of the hardware setup
can be found in Figure 2. For the purpose of the current study, it is important to note that
this set was obtained using a fixed camera setup. Therefore, it captures a significant amount
of subject and gaze variability but almost none in camera position and lighting condition
domains. Producing synthetic data that cover the existing feature distribution gaps in real
data would be a perfect use case for a data augmentation tool considered herein.

Figure 2. A schematic side view of the VOG data collection system (reproduced from [60] with the
authors’ permission).

The VOG data contain recordings of the random oblique saccades task that was
originally designed to evaluate the effect of calibration grid density on the afforded gaze
estimation error [59]. The task presents 174 on-screen fixation targets that densely cover the
range of ±20.51° horizontally and ±16.7° vertically in degrees of visual angle. All targets
were split into 3 groups, depending on their use case in the prior calibration study. The first
29 target points used to form various calibration grids were shown on the screen for a fixed
time of 1.75 s each. The remaining points used for validation and testing purposes were
shown for random time drawn from the uniform distribution within the [1 . . . 1.25] s range.

While the VOG data set was originally presented in [59], it was initially available only
by private request. To facilitate future ET research, we make it publicly accessible at https:
//doi.org/10.5281/zenodo.13852050 (accessed on 9 October 2024). All recorded subjects
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gave informed consent under an experimental protocol approved by the Institutional
Research Board of Texas State University (approval code 2018044), and their data were
anonymized prior to public release.

Due to the nature of the employed stimulus, more than 90% of the data correspond
to fixations on presented targets. It is unlikely that having a lot of similar images in
the training set is beneficial for the performance of a generative network. If anything,
when the coverage of the gaze feature is unevenly distributed, it creates a problem of
imbalanced train data. This can directly hurt the network’s generalization capabilities, as it
is expected to have good performance across the whole gaze range. We solved this issue by
resampling the original VOG data based on an eye movement classification label provided
for each sample using the algorithm explained in [59]. Every image that corresponds to
a saccade was included in the new set. For every consecutive range of fixation samples,
only three images were included: the first, the last, and a randomly sampled one from
within the range. This procedure reduced the total number of VOG samples from around
1.24 M to only 156 k, but resulted in a much more balanced set to be further used in training
and evaluating the data generation methods considered herein.

3.2. Synthetic Blender Data

There were two different sets of Blender data generated for this study. The first one
was used for training all image generation networks, described in the “Methodology”
section later. One of the goals of the trained generative framework was to produce ET
data that cover a wide range of features associated with it. Therefore, the required level of
variability should be represented in its training set. The distribution of features already
present in real VOG data together with a target scenario of simulating its missing camera
position variability formed this requirement.

The second Blender data set was produced for the data augmentation study. The
main idea behind that experiment was to benchmark various synthetic data sources as a
substitute for real data. To achieve a fair assessment of employed data generation methods,
we attempted to generate data that differ only in terms of the source they were produced
from. This led to the task of producing a synthetic image set that mirrors the VOG data,
where every image matches its real counterpart in everything but visual appearance. Note
that every data augmentation method we tested directly relied on Blender renders. They
were either used as is (Blender was tested as a separate method itself) or used as input to
other tested methods (i.e., Blender segmentation masks in EyeGAN presented earlier; both
images and masks in StarGANv2 described later). The Blender images were rendered in
320× 200 resolution, which was chosen to maintain the original aspect ratio of 1.6 of VOG
images while reducing the memory footprint of associated machine learning pipelines.

The task outlined above essentially requires recreating the data collection equipment
setup in Blender, which is not completely feasible due to the following challenges. First,
it is impossible to directly reproduce the exact lighting conditions of the real experiment
in a synthetic setting. We simplified this problem by restricting the model space to just
two lighting sources—one omni- and one single-directional (the same in both Blender sets).
Both lights were placed at the same location in the rendering space as the camera, and
their strength was randomly sampled from distributions manually tuned to mimic the
range of lighting variability in real data. Second, while we could place a camera in the
same spot employed in the real data collection, this does not actually achieve the image
alignment we strive for. This is explained by the fact that subjects had their head in the
chin-rest throughout the data collection. Even though the position of both the chin-rest
and the camera were fixed, the relative positioning of eyes in the camera frame ended up
being different for every subject due to the anatomical diversity. We solved this problem
by manually adjusting the camera position for every subject. It was achieved by finding a
camera placement, the render from which gives the best feasible alignment with the real
eye image for a neutral gaze position of (0.0°; 0.0°) used as a reference.
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Several limitations of the original codebase were addressed in order to meet the
specific needs of this experiment. Most importantly, the rendering pipeline was updated to
have the segmentation masks computed as a part of its output, which was missing initially.
In addition to that, the rendering script was modified to run in batches, which increased
its efficiency. All specific details of our modifications together with the list of parameter
values for generation of both Blender data sets are provided in the Appendix D.

It is worth re-emphasizing the set of pros and cons of utilized data sets, as it justifies
the need for using two. On the one hand, the Blender model provides precise control over
the image content (i.e., eye gaze, camera position, lighting setup, etc.), but it represents
just a single artificial subject. On the other hand, the real VOG data offer the missing
photorealism and subject appearance variability, while it is impossible to directly vary the
content of already collected data. Our goal was to derive a method that would allow the
mapping of real subject identities from VOG data onto synthetic renders from Blender data,
while maintaining the content labels associated with the latter.

4. Methodology

4.1. RITNet Segmentation

The EyeGAN considered a segmentation mask to be a distilled version of the eye
image that encodes information the most important for gaze tracking purposes. The
SPADE applied the same general idea to any domain. It treated a segmentation mask as a
convenient proxy for underlying image content that should remain consistent in the task
of a visual style transfer. As many of our tested methods are SPADE-based, having an
accurate segmentation mask for every eye image in our data was essential. The ground-
truth masks for synthetic data were already available as a part of the Blender pipeline
output. However, training a segmentation network for real VOG data would involve a
process of image hand labeling that is extremely labor-intensive. Instead, we decided
to employ an off-the-shelf network that provides a reasonable performance on our data
without re-training. This was found to be the case with the RITNet network [61]—the
winning model of the OpenEDS eye image segmentation contest held by Facebook, Inc.
in 2019 [62]. We used the pre-trained model available in the official project repository at
https://bitbucket.org/eye-ush/ritnet/src/master/ (accessed on 9 October 2024). All of
the images we segmented were first resized from 320× 200 to 640× 400 to match the native
resolution the network was trained on. The following list summarizes our use of RITNet:

• To compute the labels for the pupil class that were missing in the Blender synthetic masks.
• To segment the entire real VOG data (the examples are provided in the third column

of Figure A2).
• To obtain segmentation masks of all the fake generated images in order to evaluate

their content consistency with the input reference images.

4.2. EyeGAN and EyeGAN-RITNet

We chose EyeGAN as one of the baselines to evaluate, as it was shown to produce
photorealistic eye images of good content consistency with input segmentation masks. We are
thankful to Harsimran Kaur: https://scholar.google.com/citations?user=7KVRW0QAAAAJ
(accessed on 9 October 2024), EyeGAN’s main author, for providing us with the EyeGAN
implementation to be used in our experiments. The provided codebase contains a few
important updates to the architecture of networks comprising the GAN framework compared
to the original publication. The generator is based on 7 ResNet building blocks that are
updated to use the SPADE normalization layer. This architecture is largely based on the
“SPADEGenerator” network comprised of “SPADEResNetBlock”s used in [55], the reference
implementation of which is available on GitHub at https://github.com/NVlabs/SPADE/
blob/master/models/networks/generator.py (accessed on 9 October 2024).

Our experiments with the EyeGAN (updated with SPADE) method revealed a severe
domain-shift problem with the segmentation masks. In our case, the domain-shift is intro-
duced the very first time the segmentation network was trained on Blender data and then
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evaluated on real data (step 2. from the first iteration as per Figure 1), as can be seen in the left
column of Figure A2. These masks were used at the beginning of GAN training, and by the
time the generator started to produce data of reasonable quality, the network already fit to
incomplete masks. This becomes a problem when the valid segmentation masks are passed
through this generator to form an updated training set for the segmentation network (step 4.
in Figure 1). We found that the EyeGAN method never recovered from the domain shift intro-
duced at the very beginning, as evidenced by the trajectory of training observed in the second
column of Figure A2. We propose a minor modification to the EyeGAN based on the key
observation that it struggled to achieve good segmentation of real eye images. We found that
the RITNet segmentation of real images was much better than what could be achieved with
the original EyeGAN pipeline described above, as can be seen by comparing the quality of
masks depicted in Figure A2. Therefore, it was possible to get rid of the segmentation network
in EyeGAN and avoid the complexity of its re-training altogether by simply switching to the
use of RITNet masks. This change reduced the number of steps in the EyeGAN algorithm
from four to just one that involved the training of the GAN itself (step 3. in Figure 1). The
resulting method is dubbed EyeGAN-RITNet for the remainder of the manuscript.

4.3. StarGANv2 and StarGANv2-SPADE+AdaIN

We employed the official implementation of the base StarGANv2 from GitHub at https:
//github.com/clovaai/stargan-v2 (accessed on 9 October 2024). The minor changes were
employed to make all but the mapping network architectures suitable for our image size of
320×200 that differed from the original size of 256×256. The networks were too deep otherwise
and ran out of the smaller spatial dimensions to work with before the output was produced.
The mapping network was the only one not suffering from this issue, and even though it was
not used in our experiments, it was left unchanged for framework training consistency.

We proposed one key change to the base StarGANv2 that was inspired by the
Seg2Eye’s success in semantic-guided eye image synthesis. Our hypothesis was that
the addition of SPADE would improve the content consistency of the generated images
compared to the base method. We replaced every AdaIN layer in the decoding part of
the base StarGANv2 generator with the combined SPADE+AdaIN layer. The new layer
performs SPADE and AdaIN computations in parallel branches with their output combined
by computing an average of two. The SPADE used input segmentation masks in a one-hot
encoding that were downsized to match the layer’s spatial dimensions using the ’nearest’
down-sampling. The implementation of the combined layer was adapted from the original
Seg2Eye [53] codebase at https://github.com/mcbuehler/Seg2Eye (accessed on 9 October
2024). The resulting StarGANv2-SPADE+AdaIN method is summarized in Figure 3.

Figure 3. The outline of the proposed eye image generation method. The original StarGANv2 is
modified with SPADE+AdaIN normalization layers in the image decoder and is adapted for domain
transfer between real and synthetic eye images.
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4.4. Train–Test Data Split

The first Blender set described earlier in the “Synthetic Blender data” subsection
was used for training all data generation models. The whole set was split randomly
into train/test subsets using a 90%/10% ratio. This resulted in 45,721 train and 5080 test
Blender samples. The reduced real VOG set (mentioned in the text right before the Blender
referenced above) was split on a per-subject basis using a 80%/20% ratio. This allowed
us to test whether a given method could be an effective data augmentation tool for novel
subjects that were not included in this study. The VOG data split resulted in 125,560 images
from 32 train subjects and 30,515 images from 8 test subjects.

4.5. Evaluation Metrics

Using a synthetic framework as a data augmentation tool requires certain key aspects
to be maintained in the generated images. First, they should be photorealistic and follow
the visual style of a given reference image. Otherwise, their perceptual features may suffer
a domain shift from a distribution mismatch with the real data. Second, the output of a
generative method should be consistent in content with the input reference image and its
segmentation mask. Failure to achieve good content consistency will introduce systematic
bias in feature labels. For instance, the ground-truth gaze vector of a Blender render will
no longer be an accurate label for an image obtained by passing that render through a
StarGANv2-based method with poor content consistency. This will most likely prevent any
improvement in the performance of end-to-end models when fake data are mixed with the
real samples in the training set.

The Frechet Inception Distance (FID) is a metric proposed for assessing the perceptual
quality of the generated images [63]. It is one of the most common metrics of photorealism
used in the literature, as it was found to be consistent with human judgment [40]. The
FID builds on the assumption that the perceptual features extracted from a set of images
follow a Gaussian distribution. The Wasserstein-2 distance is then computed between the
mean (μ) and covariance (cov) of features extracted from the real and generated image sets
(Pr and Pg, respectively). The VGG-16 pre-trained on an ImageNet is typically used as a
feature extractor φ. As a distance metric, the lower FID means better image quality, but the
lowest achievable FID is data-dependent. The FID is then defined as follows, where tr() is
the matrix trace operator:

FID(φ(Pr), φ(Pg)) = ||μr − μg||+ tr(covr + covg − 2
√

covrcovg) (1)

The segmentation masks were used in this study as a proxy for image content. The
most common metric of agreement between segmentation masks is an intersection-over-
union (IoU), which is a ratio of the area of overlap between two masks and the area of their
union. It was computed for every segmentation class (i.e., background, sclera, iris, and
pupil) separately as a mean ratio across all masks. The single metric of content consistency
for the whole data was computed as a mean over the per-class IoUs.

5. Experiments

5.1. Data Augmentation for Gaze Estimation

The data augmentation study was designed to test the real-world validity of the
generated images. We chose the task of appearance-based gaze estimation to be our
performance benchmark based on the following reasons. First, estimating gaze is the
most fundamental task in image-based ET research. Second, modern appearance-based
approaches learn a wide range of features that the underlying network finds to be useful
for ET purposes. Making sure that the distribution of such features ends up being similar
between the real and generated samples is an essential step in evaluating a synthetic data
source. A severe distribution mismatch would cause the domain shift problem when the
end-to-end solution is trained on some mix of real and fake data and then evaluated purely
on real samples. Overall, a good generation method would be a tool for improving the

34



Appl. Sci. 2024, 14, 9586

performance of the end task when the data produced by it are mixed in with the real
training set, which should be especially useful when the availability of real data is scarce.
This exact use case was assessed with the benchmark we define as follows.

A subject-specific neural network was trained to regress eye images to gaze. The same
reduced VOG real data set was used as in training all data generation methods. For every
subject, the samples were randomly split into train and test sets using an 80%/20% ratio, and
the following experiment was repeated 5 times in a cross-validation manner, each time with a
different fold picked as a test set. The test set was set aside and used only at the evaluation
step. The training set was further subdivided with the goal of simulating the scarce real data
availability. There were 3 evaluation scenarios that each subject went through:

1. “The sparse real training set”: the baseline where only 5% of the original training set
was retained for training by random subsampling.

2. “Data generation method as a data augmentation tool”: for that same 5% of real
samples, the remaining 95% were added back from a data generation method that
was being evaluated. The second Blender data set defined earlier in the “Synthetic
Blender Data” subsection was used as input to all data generation methods. Note
that as explained there, it was generated in such a way that the resulting fake images
should follow the real ones they replace in the gaze position and camera location as
closely as possible.

3. “The full real training set”: the gaze estimation error on the full 100% training set was
used to set the highest bar for a data generation method the output of which would
be indistinguishable from real data.

The results were normalized to show the change in the gaze estimation error once the
generated data were mixed in with the sparse training set of real images. The data point
of 0% would represent no change in performance, and reaching 100% would mean that
the performance on the full real training set was matched. This was done on a per-subject
basis using the following formula (where GE%

rel is the gaze error change as a percentage
relative to the baseline performance on the sparse training set, and GE°

i is the gaze error in
° achieved in the i-th evaluation scenario from the list above):

GE%
rel =

GE°
1 − GE°

2
GE°

1 − GE°
3
∗ 100.0 (%) (2)

5.2. Statistical Framework

The linear mixed-effects model was utilized to assess whether the observed differences
were statistically significant. We used the implementation from the “lmerTest” package in
R language [64]. The data generation method was considered a fixed effect. The subject
and k-fold were initially modeled as random effects; however, the resulting model failed
to converge. The k-fold random effect showed a zero variance estimate and per [65]
was removed from the random effects, which led to a proper model fit. The Kenward–
Roger approximation method [66] was used for estimating degrees of freedom. The
multiple comparison of fixed effect factors was handled using Tukey’s method with the
implementation from the “emmeans” package in R language [67].

6. Results

6.1. Image Photorealism

The evaluation of all data generation methods on a test set is summarized in Table 1. The
FID score was computed between 1000 fake and 1000 real images (both sets were randomly
subsampled), and the mean of 5 repetitions is reported. All data have a different feasible
FID score that can be estimated by computing it between two sets of real samples. In our
case, the best practically achievable FID is 4.7. We can see that all methods that rely on
learning from data had an order of magnitude improvement in the FID compared to the
262.95 score achieved by the Blender rendering tool. Using RITNet segmentation masks in
EyeGAN training led to a slight decrease in the FID metric, which may be attributed to the
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trade-off between image quality and content consistency. Adding SPADE normalization to the
StarGANv2 generator did not have a significant impact on the resulting image photorealism,
but resulted in the method that achieved the best FID score of 51.08. However, there is still a
lot of room for improvement in terms of closing the gap with real data that should be explored
in future work.

Table 1. The comparison of all tested synthetic data generation methods using a. Frechet Inception
Distance (FID) as a metric of image photorealism (lower is better, 4.7 is best); b. Mean Intersection-
over-Union (mIoU) as a segmentation mask consistency metric, provided separately for sclera, iris
and pupil segmentation classes (higher is better, 1.0 is best); c. whether it allows control over visual
subject appearance in generated images.

Method a. FID (4.7)
b. mIoU (1.0)

All (Sclera/Iris/Pupil)
c. Appearance Control

Blender 262.95 ≈1.0 (1.0/1.0/≈1.0) −
EyeGAN 56.87 0.71 (0.48/0.66/0.78) −

EyeGAN-RITNet 58.43 0.87 (0.69/0.88/0.93) −
StarGANv2 51.55 0.50 (0.43/0.45/0.16) +

StarGANv2-SPADE+AdaIN 51.08 0.57 (0.53/0.56/0.23) +

6.2. Content Consistency

The content consistency was evaluated by computing the mIoU between the segmenta-
tion masks of the input and the output of every data generation method on a per-class basis
and for all classes combined, as reported in Table 1. The background class typically occupies
the majority of the eye image and is the easiest and at the same time the least important
for us to get right, as it includes everything not related to the eyeball itself. Therefore, it is
misleading to judge the eye image content consistency by a single combined mIoU, as it will
be somewhat artificially inflated by the inclusion of the large mIoU for the background class.
Moreover, the per-class scores may provide additional insight into the priorities of future
work. Blender delivered the ideal content consistency, as the segmentation masks obtained
via the rendering pipeline are pixel-perfect, and the “input” and the “output” are essentially
the same mask. (Note that the original Blender masks lacked the pupil label that was added
with the help of RITNet, which means that the mIoU for the pupil class, and, in turn, the
combined mIoU, were very close but not technically equal to 1.0.) These Blender masks
were used as input to all other data generation methods and were used as a ground-truth
in computing their mIoU metrics. The missing output segmentation masks were computed
by segmenting the generated images using RITNet. Our hypothesis that the use of RITNet
masks to train EyeGAN would lead to improved content consistency was proved to be
true. EyeGAN-RITNet significantly outperformed EyeGAN across all segmentation classes
and achieved the best mIoU of 0.87 among the tested methods. We also hypothesized
the same outcome from the use of SPADE in the StarGANv2 generator, and it turned
out to be confirmed as well. Incorporating SPADE led to an increased mIoU of 0.57 with
the base StarGANv2 achieving only 0.50. Nevertheless, the StarGANv2-SPADE+AdaIN
method failed to match the mIoU scores of both EyeGAN-based methods. We propose two
possible reasons to explain this result. First, EyeGAN was designed to have ground-truth
mask-image pairs available for training, while StarGANv2 solved a much harder task of an
unsupervised domain translation with no requirement of the paired training data. Second,
StarGANv2 refined a synthetic render, rather than generating an image starting with its
segmentation mask. The former approach was also utilized in SimGAN, and it was already
shown to be inferior to the latter in terms of the resulting content consistency with the
EyeGAN introduction. Therefore, we suggest that the StarGANv2 results may be further
improved by borrowing the EyeGAN approach to image generation and exploring the way
to leverage only a partial availability of ground-truth image-mask pairs in the training set.
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6.3. Visual Inspection

The EyeGAN-RITNet generated images can be seen in Figure A3. They tend to have
good perceptual quality, gaze and camera position consistency with the input segmentation
mask of the depicted Blender render. The examples of image quality issues are provided
in Figure A4. We can see that the images with certain edge gaze angles exhibit distorted
iris shapes, the imperfectly segmented pupil leads to image artifacts, and the case of an
almost closed eyelid is challenging. Moreover, we found that good consistency with the
input segmentation mask does not always result in good gaze alignment between the
synthetic render that corresponds to this mask and the generated image. This finding
suggests the exploration of entities other than a segmentation mask that would be a better
compact representation of ET image content. The major conceptual issue with the EyeGAN
method is the complete lack of control over the output subject appearance, which makes
it unusable as a subject-specific data generator. Note that this could be fixed by training
multiple EyeGAN models—one per subject. Nevertheless, this solution carries a significant
computational burden and has poor scalability.

The StarGANv2-based methods are the only ones that provide control over the visual
subject appearance in their output. The StarGANv2-SPADE+AdaIN generated images shown
in Figure A5 have improved perceptual quality, while it is visually noticeable that the overall
content consistency is degraded when compared to EyeGAN-RITNet. The poor consistency is
the most notable for the pupil, an observation that is supported by the lowest per-class mIoU
in Table 1. The overall gaze consistency is manifested the most by the correctness of the iris
placement, which is indeed mediocre, according to the corresponding per-class mIoU of 0.56.
There is another major issue with the StarGANv2-SPADE+AdaIN results that can be seen
in Figure A6. The resulting appearance can be controlled via a given VOG real image only
to a certain extent, as the network suffers from mode collapse for certain subject identities.
We manually went over all 40 subjects in the training set to assess the severity of the mode
collapse issue of the StarGANv2 method. The 24 subjects had good visual consistency in the
output images, and 5 of them can be seen in Figure A5. The remaining 16 were deemed to
have bad consistency (with 5 of them shown in Figure A6). The common theme across all
StarGANv2 issues seems to be some level of network overfitting. The observed results may
suggest that the network had mostly learned to reproduce an image from the training set with
the segmentation mask that is the closest to the input one. Therefore, we propose adding two
following steps for future work on improving the StarGANv2 results. First, the overfitting
should be addressed with the appropriate network regularization techniques. Second, other
methods in addition to the AdaIN should be explored to improve the visual style transfer of
the subject appearance. For instance, the features that are learned by the style encoder may
not be as relevant to the subject appearance, which can be improved by training the encoder
in a multi-task scenario with the added goal of the subject identity classification.

6.4. Data Augmentation Study

The results of the data augmentation study are presented in Figure 4 as boxplots of
the gaze estimation improvement as a percentage. The improvement was computed as
a change in performance relative to the baseline of the sparse real training set once the
generated images were mixed into it. Every data point corresponds to a per-subject mean
over 5 test folds. One subject turned out to be an outlier in the performance of the best
method and was separated from this analysis, which is explained in more detail below. The
mean gaze estimation error achieved on the sparse training set of real images was 1.01°.
The use of the full real training set resulted in the gaze error of 0.45°. Note that the results
were normalized to be in the percentage range on a per-subject basis. Therefore, any single
data point at 0% does not correspond to the gaze estimation error in 1.01°, as this value
depends on the baseline performance of the corresponding subject. Accordingly, if all data
points of a given method are at 100%, only then their mean gaze estimation error is equal
to 0.45°.
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Figure 4. Comparison of synthetic data generation methods when used for data augmentation in
appearance-based gaze estimation. The gaze estimation error improvement relative to the sparse
training set of real images is summarized as a boxplot of a per-subject mean over 5 test folds.

We found that both methods that we applied directly as designed by their original
author—EyeGAN and the base StarGANv2—are unsuitable for data augmentation pur-
poses as they degraded the gaze estimation error on average by 8.99% and 11.77%, respec-
tively. In both cases, our proposed changes led to a substantial improvement. Using RITNet
masks for EyeGAN training allowed us to achieve the change in gaze estimation error that
is positive on average (+1.34%). However, the use of EyeGAN-RITNet data in the train-
ing set was still detrimental to the gaze estimation performance for 15 out of 39 subjects.
The addition of SPADE normalization into the base StarGANv2 turned out to be much
more impactful. StarGANv2-SPADE+AdaIN is the only method that has proved to be
a reliable tool for appearance-based gaze estimation. It degraded the performance for
only one subject, which was removed from this analysis. For reporting completeness, the
gaze estimation results for the excluded subject were the following: 0.84° on the sparse
real set, 0.42° on the full real set; the use of Blender data resulted in the +0.28% gaze
error improvement, EyeGAN - −31.4%, EyeGAN-RITNet - −38.87%, StarGANv2 - −0.08%,
StarGANv2-SPADE+AdaIN - −31.32%. For the remaining 39 subjects, our best method
achieved the mean gaze estimation increase of 11.22% with a maximum per-subject im-
provement of 19.75%. Moreover, it is the method with the smallest deviation from the
mean performance. The performance difference between Blender, EyeGAN-RITNet, and
StarGANv2-SPADE+AdaIN was statistically significant, as shown in Table A1. The other
two methods were excluded from the statistical analysis, as they proved to be mostly
harmful for data augmentation.

The most promising contribution of our StarGANv2-SPADE+AdaIN method is that
it can be used to generate useful data even for novel subjects. Figure 5 shows that there
was no significant degradation in performance for test subjects that were not included
in the training set. However, this claim is supported by data from only 8 people, which
may not be enough for far-reaching conclusions. Aside from collecting more data, the
easiest way to improve the reliability of this study is to repeat it in a 5-fold cross-validation
manner, splitting all 40 available subjects into disjoint test sets. Blender is another method
that achieved similar performance for the train and test subjects, which was an expected
outcome, as it always generates data from the same single identity.

There are two most surprising observations from the data augmentation study results.
First, while the mean IoU value in Table 1 for the EyeGAN-based methods was the highest,
that did not translate to good performance when assessed in an end-to-end learning
scenario. Second, considering a dramatically low level of photorealism in Blender renders,
it performed just slightly worse than StarGANv2 in this experiment. Nevertheless, most of
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the remaining absolute performance gap of 92.31% between the sparse and full training
sets should be attributed to the complete lack of photorealism in this data set. We discuss
the implications of these unexpected findings on future work in the next section.

Figure 5. Comparison of data augmentation performance between train and test subjects for Blender
and StarGANv2-SPADE+AdaIN methods. The plot format follows Figure 4.

7. Discussion and Future Work

To the best of our knowledge, the StarGANv2-SPADE+AdaIN method is the first
method to generate realistic eye image data that does not require ground-truth supervision
during training, as in [53]; a costly data collection setup akin to [68]; and can be used
for any appearance-based research, unlike [57] designed purely for gaze redirection. The
effectiveness of our method is proved by a novel benchmark that directly evaluates any
synthetic data source as a tool for data augmentation.

We hope that the proposed data augmentation benchmark will be valuable to the
eye-tracking community, as it is easily extensible to other evaluation scenarios. For instance,
it is straightforward to adapt it for the task of zero- or few-shot gaze estimation. While
StarGANv2-SPADE+AdaIN showed only a mild mean gaze estimation improvement of
11.22%, the average size of the sparse training set of real images used as a baseline was
around 195 samples. It is reasonable to assume that the smaller this set is, the larger the
improvement would be. Even if no subject-specific data are available for training, the task
of zero-shot gaze estimation may be solved by using data from many synthetic subject
identities. Any of these hypotheses can be formally tested within essentially the same
evaluation framework, with the only minor change in the size of real data available for
training. To generate data for a novel identity, we may need as few as just one image to
compute the rough estimate of its style latent code. The sensitivity of data augmentation
performance to the variance in the style code estimation is another question that we leave
for future work.

The data augmentation study evaluates the mismatch between the real and generated
data based on the image features that the neural network learned to be useful for gaze
estimation. As in a typical fashion of end-to-end learning from data, the resulting features
are not easily mapped to tangible domain-specific concepts. The fact that these features are
not human explainable makes it hard to derive a plan for addressing the large remaining
gap between real and fake images in appearance-based ET research. However, it is rea-
sonable to assume that some linear combination of the general metrics in Table 1 may be
a good predictor of the data augmentation performance of a given method. Thinking in
this framework makes future work planning more feasible, as the goal of improving any
objective well-defined metric is straightforward to set. Unfortunately, it is not clear from
our study alone to what extent FID, mIoU, or style control influence the data augmentation
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performance, yet alone which metric is the most contributing factor in the performance
increase. The Blender had an inferior FID score to any EyeGAN-based method, but it
beat both of them in data augmentation. EyeGAN-RITNet had the best image content
consistency among learning-from-data methods, yet it was easily beaten by StarGANv2-
SPADE+AdaIN with one of the worst mIoUs. The only limited evidence we have is that
increasing the mIoU within a similar range of FID and the same style-control ability leads
to improved performance in data augmentation. This happened to be the case for our pro-
posed modifications to both the original EyeGAN and StarGANv2 methods that increased
their baseline mIoU level. Therefore, we suggest that further improvement in content
consistency while maintaining or improving photorealism in StarGANv2-SPADE+AdaIN
generated images is the most promising step for future work.

To sum up, this work presented a benchmark of eye image generation methods. We
tested their applicability in improving appearance-based gaze estimation through data
augmentation. In that scenario, the generated samples were mixed in with a sparse set of
real data used to train a neural network inferring gaze from eye images in an end-to-end
manner. We showed that existing generative methods common in the eye image domain
deliver unsatisfactory results, often degrading the error in the target task of gaze estimation.
This finding was obtained in a novel evaluation based on the pre-collected set of 1.24M
gaze-labeled eye images from 40 subjects that we released for public access. To address the
deficiencies of prior work, we derived a novel adaptation of the general domain transfer
method to real and synthetic eye images. It resulted in a hybrid approach that combines
the realism of recorded data with the flexibility of 3D rendering frameworks. This method
outperformed all the others, improving the gaze estimation for 39 out of 40 subjects, with a
11.22% mean and a 19.75% maximum decrease in gaze error. The reported differences were
shown to be statistically significant.
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Appendix A. Visual Examples of Utilized Images as Segmentation Masks

Figure A1. Image examples with corresponding segmentation masks that were rendered using the
modified Blender model.
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Figure A2. Real eye image examples (the fourth column) with corresponding segmentation masks
that were computed at the first iteration of EyeGAN (the first column), at the second iteration of
EyeGAN (the second column), and using the RITNet model (the third column).
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Appendix B. Visual Examples of Generated Images

Figure A3. EyeGAN-RITNet generated images with good quality; each row is an input–output triplet
(left—input segmentation mask; middle—a corresponding Blender render; right—EyeGAN-RITNet
output).
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Figure A4. EyeGAN-RITNet generated images with quality issues; the image structure follows
Figure A3.
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Figure A5. StarGANv2-SPADE+AdaIN generated images with good subject appearance consistency;
each row is an input–output triplet (left—input Blender render, middle—input VOG image for target
subject appearance, right—StarGANv2-SPADE+AdaIN output).
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Figure A6. StarGANv2-SPADE+AdaIN generated images with bad subject appearance consistency;
the image structure follows Figure A5.

Appendix C. Statistical Analysis of Difference in Data Augmentation Methods

Table A1. The statistical analysis of difference between data augmentation methods (the roman
numerals follow the order of methods in Figure 4).

Comparison Δ in Mean Error DF t-Value p-Value

I vs. II 6.35 544 7.090 <0.0001

I vs. V −3.54 544 −3.948 0.0003

II vs. V −9.88 544 −11.038 <0.0001

Appendix D. Blender image rendering parameters

The first Blender set was used for training all image generation networks. One of the
goals of the trained generative framework was to produce data covering a wide range of
features, complementary to the variability present in real data. The following parameter
values were utilized within the rendering pipeline (the values were sampled randomly,
where U, N stand for uniform and normal distributions, respectively):

• Camera position: U(±2.5;±2.5;±5.0) mm—horizontal, vertical and depth-wise shift
from the neutral position of (0; 0; 0);

• Eye gaze: U(±20.51°;±16.7°)—covering the same range as in real data;
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• Lighting conditions: a random omnidirectional point of light (i.e., light type “sun”
in Blender 2.7) placed at {x = U(−90.0;−45.0), y = −45.0, z = U(−90.0;−45.0)}
location and strength property sampled from U(1.0; 10.0); a random single-directional
point of light (i.e., light type “led” in Blender 2.7) with location and strength sampled
from the same distributions, intended to simulate varying lighting conditions;

• Dark/bright iris: 50%/50% split (as only two iris textures were available in the original
Blender model);

• Pupil radius: N(1.75; 0.33) mm limited to the range of [1.0 . . . 2.5];
• Blink: 5% chance with an eye “closedness” sampled from U(0.0; 1.0).

The parameters for generating the second Blender set were manually adjusted, taken
from the real data of a corresponding subject, or sampled randomly. The central camera
position was aligned manually for each subject, as described in the main text. The gaze
samples directly followed the real eye movement recordings, which also means that the
number of generated samples both per-subject and overall was the same as in the reduced
VOG set. The randomness was implemented both on across-subject and within-subjects
levels. The remaining parameters, namely, lighting sources strength, pupil size, iris color,
and eye “closedness” during a blink, were all non-trivial to adjust on a per-sample basis
using corresponding real samples as reference points. Instead, they were randomly sampled.
The overall scheme of rendering parameters is summarized below:

• Camera: manually adjusted per-subject base position + per-sample horizontal, vertical
and depth shifts of N(0; 0.1), N(0; 0.05), N(0; 0.25) (in mm), respectively;

• Eye gaze: taken from a corresponding sample of real VOG data for all subjects;
• Lighting conditions; Dark/bright iris: same parameters as in the first Blender set;
• Pupil radius: N(1.5; 0.25) mm limited to the range of [1.0 . . . 2.0];
• Blink: 0% chance (no blinks, as in the reduced VOG data set).

References

1. Salvucci, D.D.; Anderson, J.R. Intelligent gaze-added interfaces. In Proceedings of the SIGCHI Conference on Human Factors in
Computing Systems, The Hague, The Netherlands, 1–6 April 2000; pp. 273–280.

2. Møllenbach, E.; Hansen, J.P.; Lillholm, M. Eye movements in gaze interaction. J. Eye Mov. Res. 2013, 6. [CrossRef]
3. Fares, R.; Fang, S.; Komogortsev, O. Can we beat the mouse with MAGIC? In Proceedings of the SIGCHI Conference on Human

Factors in Computing Systems, Paris, France, 27 April–2 May 2013; pp. 1387–1390.
4. Guenter, B.; Finch, M.; Drucker, S.; Tan, D.; Snyder, J. Foveated 3D graphics. ACM Trans. Graph. (TOG) 2012, 31, 164. [CrossRef]
5. Patney, A.; Salvi, M.; Kim, J.; Kaplanyan, A.; Wyman, C.; Benty, N.; Luebke, D.; Lefohn, A. Towards foveated rendering for

gaze-tracked virtual reality. ACM Trans. Graph. (TOG) 2016, 35, 1–12. [CrossRef]
6. Rigas, I.; Friedman, L.; Komogortsev, O. Study of an extensive set of eye movement features: Extraction methods and statistical

analysis. J. Eye Mov. Res. 2018, 11. [CrossRef]
7. Lohr, D.; Proulx, M.J.; Komogortsev, O. Establishing a Baseline for Gaze-driven Authentication Performance in VR: A Breadth-First

Investigation on a Very Large Dataset. arXiv 2024, arXiv:2404.11798.
8. Komogortsev, O.V.; Holland, C.D. The application of eye movement biometrics in the automated detection of mild traumatic

brain injury. In CHI’14 Extended Abstracts on Human Factors in Computing Systems; Association for Computing Machinery: New
York, NY, USA, 2014; pp. 1711–1716.

9. Keefe, R.S.; Silverman, J.M.; Mohs, R.C.; Siever, L.J.; Harvey, P.D.; Friedman, L.; Roitman, S.E.L.; DuPre, R.L.; Smith, C.J.;
Schmeidler, J.; et al. Eye tracking, attention, and schizotypal symptoms in nonpsychotic relatives of patients with schizophrenia.
Arch. Gen. Psychiatry 1997, 54, 169–176. [CrossRef]

10. Abel, L.A.; Friedman, L.; Jesberger, J.; Malki, A.; Meltzer, H. Quantitative assessment of smooth pursuit gain and catch-up
saccades in schizophrenia and affective disorders. Biol. Psychiatry 1991, 29, 1063–1072. [CrossRef]

11. Klaib, A.F.; Alsrehin, N.O.; Melhem, W.Y.; Bashtawi, H.O.; Magableh, A.A. Eye tracking algorithms, techniques, tools, and
applications with an emphasis on machine learning and Internet of Things technologies. Expert Syst. Appl. 2021, 166, 114037.
[CrossRef]

12. Hansen, D.W.; Ji, Q. In the eye of the beholder: A survey of models for eyes and gaze. IEEE Trans. Pattern Anal. Mach. Intell. 2009,
32, 478–500. [CrossRef]

13. Guestrin, E.D.; Eizenman, M. General theory of remote gaze estimation using the pupil center and corneal reflections. IEEE Trans.
Biomed. Eng. 2006, 53, 1124–1133. [CrossRef]

14. Zhang, X.; Sugano, Y.; Fritz, M.; Bulling, A. Mpiigaze: Real-world dataset and deep appearance-based gaze estimation. IEEE
Trans. Pattern Anal. Mach. Intell. 2017, 41, 162–175. [CrossRef] [PubMed]

46



Appl. Sci. 2024, 14, 9586

15. Kellnhofer, P.; Recasens, A.; Stent, S.; Matusik, W.; Torralba, A. Gaze360: Physically unconstrained gaze estimation in the wild. In
Proceedings of the IEEE/CVF International Conference on Computer Vision, Seoul, Republic of Korea, 27 October–2 November
2019; pp. 6912–6921.

16. Cheng, Y.; Lu, F. Gaze estimation using transformer. In Proceedings of the 2022 26th International Conference on Pattern
Recognition (ICPR), Montreal, QC, Canada, 21–25 August 2022; pp. 3341–3347.

17. Cheng, Y.; Wang, H.; Bao, Y.; Lu, F. Appearance-based gaze estimation with deep learning: A review and benchmark. IEEE Trans.
Pattern Anal. Mach. Intell. 2024, 1–20. [CrossRef] [PubMed]

18. Perez, L.; Wang, J. The effectiveness of data augmentation in image classification using deep learning. arXiv 2017, arXiv:1712.04621.
19. Salamon, J.; Bello, J.P. Deep convolutional neural networks and data augmentation for environmental sound classification. IEEE

Signal Process. Lett. 2017, 24, 279–283. [CrossRef]
20. Shorten, C.; Khoshgoftaar, T.M. A survey on Image Data Augmentation for Deep Learning. J. Big Data 2019, 6, 60. [CrossRef]
21. Katrychuk, D.; Griffith, H.K.; Komogortsev, O.V. Power-efficient and shift-robust eye-tracking sensor for portable VR headsets. In

Proceedings of the 11th ACM Symposium on Eye Tracking Research & Applications, Denver, CO, USA, 25–28 June 2019; pp. 1–8.
22. Kim, J.; Stengel, M.; Majercik, A.; De Mello, S.; Dunn, D.; Laine, S.; McGuire, M.; Luebke, D. Nvgaze: An anatomically-informed

dataset for low-latency, near-eye gaze estimation. In Proceedings of the 2019 CHI Conference on Human Factors in Computing
Systems, Glasgow, UK, 4–9 May 2019; pp. 1–12.
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Abstract: Humans have the unique ability to discern spatial and temporal regularities in their
surroundings. However, the effect of learning these regularities on eye movement characteristics
has not been studied enough. In the present study, we investigated the effect of the frequency of
occurrence and the presence of common chunks in visual images on eye movement characteristics
like the fixation duration, saccade amplitude and number, and gaze number across sequential
experimental epochs. The participants had to discriminate the patterns presented in pairs as the
same or different. The order of pairs was repeated six times. Our results show an increase in fixation
duration and a decrease in saccade amplitude in the sequential epochs, suggesting a transition from
ambient to focal information processing as participants acquire knowledge. This transition indicates
deeper cognitive engagement and extended analysis of the stimulus information. Interestingly,
contrary to our expectations, the saccade number increased, and the gaze number decreased. These
unexpected results might imply a reduction in the memory load and a narrowing of attentional focus
when the relevant stimulus characteristics are already determined.

Keywords: eye movements; fixation duration; saccade amplitude; saccade number; gaze number;
learning; memory

1. Introduction

Humans detect and extract the temporal and spatial regularities in the environment
through a process called statistical learning. While much research has been focused on
distributional regularities (e.g., frequency of occurrence) and transitional probabilities (e.g.,
order of appearance), higher-order regularities remain underexplored [1]. Moreover, in
typical studies on statistical learning, the acquired knowledge of the statistical regularities
is not examined in its development but is evaluated in a subsequent test phase. One way to
explore the learning process is by using non-observational tasks that require a response
from the participants. This approach is used in studies applying either the Serial Reaction
Time (SRT) task [2] or the Alternating Serial Reaction Time task (e.g., [2]). In both tasks, the
stimulus location and order are manipulated, thus varying the predictability of the targets.
The participants respond manually, and the response time change in the experimental trials
is a measure of the learning success. In a recent study, [3] used eye movement records to
evaluate the temporal dynamics of the learning process by examining the occurrence of
anticipatory eye movements during the experiment. This study is one of the few studies
that evaluate the changes in eye movement characteristics across trials to characterize the
ongoing process of learning. However, the eye movement characteristics may provide
richer information than those evaluated by the predictive gaze landings on targets with
variable predictivity. Eye movements can provide insight into the unobservable processes
of visual selection, decision making, and uncertainty reduction associated with learning.

It is generally believed that statistical learning occurs without awareness (e.g., [4]), i.e.,
it involves implicit memory. Ramey and co-authors [5] explored whether gaze behavior
changes depending on the involvement of explicit or implicit memory in a visual search
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task. The study’s results showed that the location of the first fixation depended on explicit
memory, whereas the search efficiency evaluated by the eye scan path improved due to
unconscious memory. The study also showed that the effects of the two memory types
were independent.

Other authors (e.g., [6,7]) suggested that eye movements were not needed for implicit
learning of spatial configurations. Arató and co-authors [8] provided evidence for the
mutual connection between eye movement patterns and the acquired knowledge about
the statistical structure of the scenes. Their study explored the interaction between eye
movement characteristics and the learning process without a well-defined task. However,
natural vision is an active process, and movements of the eyes allow continuous comparison
of the current visual input with prior experience to guide our future behavior (e.g., make
decisions, navigate [9], and use the acquired knowledge from a scene in future situations
and conditions).

Eye movements are not random but reflect both bottom-up and top-down processes.
The bottom-up processes are associated with the salience of the image features like edge
distribution, contrast, color, size, and other low-level features. In the present study, we
aimed to evaluate whether the eye movement behavior reflects the process of learning the
high-order regularities in image characteristics when the salience of the stimuli does not
differ significantly. Hence, the differences in eye movement characteristics primarily reflect
top-down attentional control.

We manipulated the spatial regularities in visual displays, varying the repetition
frequency, the co-occurrence of chunks, and the similarity of patterns, aiming to evalu-
ate the interaction between the accumulated knowledge and the gaze behavior. Spatial
regularities in a visual scene are related to the eye landings at relevant areas of interest
in the visual scenes, whereas temporal regularities produce anticipatory eye movements
reflecting the prediction of future stimulus positions based on the acquired knowledge from
the stimulation.

We studied the potential changes in four characteristics of eye movements: fixation
duration, saccade number, gaze number, and saccade amplitude. The fixation duration is
related to the depth and speed of the information processing. Short fixations (50–150 msec) [10]
are considered ambient, reflecting unconscious processing. Focal fixations [10] are supposed
to reflect conscious processing, focusing on details and object identification.

The focal/ambient mode of image processing is also associated with changes in sac-
cade amplitude. Short fixations are usually combined with large saccades, while the
opposite is true for long fixations, reflecting the focal mode of processing. Unema and
co-authors [11] showed a transition from an ambient mode of processing (short fixations
and large saccade amplitudes) to a focal processing mode (long fixations and short sac-
cades) during a single trial. In our study, conversely, we aim to explore the changes in
the dynamics of eye movements during the learning process. We hypothesize that the
participants will use the ambient mode of processing in the initial stages of the study to
obtain maximal information about the spatial layout of the images. In contrast, when they
acquire enough knowledge of the stimulus structure, they will switch to the focal mode
with longer fixations, indicating deeper cognitive processes and a longer time for analyzing
and interpreting the stimulus information. Hence, we expect the fixation duration to
increase and the saccade amplitude to decrease in the learning and practice process.

Alternatively, the fixation duration might decrease. Short fixations are seen, for exam-
ple, for expert readers (e.g., [12,13]). Practice is shown to reduce the location and identity
uncertainty in visual search tasks, thereby reducing fixation duration [14,15]. Moreover, the
participants were under time pressure (we limited the stimulus presentation to 3 s), a con-
dition also known to reduce fixation duration [16]. Hence, in our experimental conditions,
the repetition frequency of the patterns and the co-occurrence of visual chunks may allow
participants to gain familiarity with the pattern combinations, adopting strategies that
enable them to process relevant stimulus information more rapidly. Such an experimental
outcome aligns with findings from previous studies, which suggest that expertise and time
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constraints can lead to shorter fixation durations as participants become more efficient in
their visual search strategies.

If a transition from an ambient to a focal mode of processing occurs during the sequen-
tial trials, the saccade amplitude would be expected to decrease in the sequential blocks
due to the correlation between the fixation duration and saccade amplitude. Moreover, it
has been shown that the repetitive presentation of the patterns leads to a smaller attentional
span and, thus, smaller saccade amplitudes [17,18].

The saccade number is tightly related to the number of fixations. It is supposed
to reflect the efficiency of information search behavior, the complexity of the inference
processes, and information acquisition. We expect that the saccade number will decrease
in the sequential blocks of the trials due to the knowledge of the task and the improved
discrimination of relevant from irrelevant stimulus information. However, in a study
testing repetition effects in visual search [5], the authors related the improvement in search
performance to unconscious memory. They showed that the unconscious memory did not
affect the saccade number but made each saccade more efficient.

The gaze number reflects the number of regions of interest the participants select to
perform the task. We expect that it will decrease due to learning the relevant stimulus
characteristics for a task’s performance and the increased efficiency in their selection.

In summary, we expect that acquiring knowledge about the image regularities would
affect the gaze behavior, although the direction of this change is not well defined in advance.
We hypothesize that it will also depend on the context, i.e., on the similarity of the patterns
in the image and the difficulties of their discrimination.

2. Materials and Methods

2.1. Stimuli

The stimuli were twelve patterns of black squares of size 10 × 10 cm and 15 yellow
squares (size 1 × 1 cm) inside them (Figure 1). The patterns were divided into three
groups, and the members of each group were never presented with the members of another
group. The patterns in Groups 1 and 2 always contained two chunks (groups of connected
elements) of 5 squares. Two patterns (A and D) in these groups had the same 5-element
chunks but in different positions. The other two patterns (B and C) had one common chunk
with patterns A and D. The patterns in Group 3 had chunks of variable numbers.

Figure 1. Pattern set used in the stimuli design. Each column contains patterns A, B, C, and D; each
row—the patterns from different groups.

The patterns in each group were combined in pairs. The pattern on the left was
presented in its original orientation, while the patterns on the right were rotated by 90◦,
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180◦, or 270◦. The patterns from each group were presented on both sides of a stimulus.
The stimulus set contained 72 unique combinations of patterns. Only one of the patterns
(A) in each group was combined with itself, although in different orientations.

We selected simple geometric shapes forming various chunks of different number
and shape to avoid the effect of previous knowledge on the learning process. This choice
is typical for many other studies of visual statistical learning (to name a few, [8,19–22]).
Moreover, a recent study [23] showed that preexisting knowledge impacted statistical
learning. Abstract shapes or geometric patterns have a better-defined structure that allows
for a better identification of learning effects, without the confounding effect of previous
experience or the insufficient control of other factors affecting the salience of the visual
scenes or top-down factors.

2.2. Procedure

The patterns in a stimulus pair were presented on a gray background in the middle of
a computer screen in a vertical direction and 2.5 cm to the left and right of the screen center
in a horizontal direction so that the distance between their closest edges was 5 cm. The
observers had to respond to whether the two patterns in a pair were the same or different.
If the observers did not respond with a mouse click for 3 s, the stimulus disappeared and
the screen turned gray. The stimulus duration was determined in a preliminary pilot study
performed with experienced participants. This duration allows the task performance in
the initial blocks to exceed slightly that of random guessing and avoids ceiling effects in
the later experimental blocks. Other studies [24–26] also used a 3 s presentation time to
explore the oculomotor anticipation in a serial reaction time task.

We included the patterns of Group 3 with a variable number of chunks to examine the
effect of chunk co-occurrence on performance during the learning process. The choice of
the patterns in the groups also allows for evaluation of the effect of perceptual load and
task difficulty on the process of learning the regularities in the stimulus set.

The combination of the same patterns (combination AA) was presented nine times in
the stimulus sequence, whereas the other combinations were presented only once. Thus,
the stimulus sequence contained 90 stimulus pairs, presented in random order.

Each participant took part in three experimental sessions. In each session, the stimulus
sequence was repeated twice; hence, six blocks of stimuli were presented in the same order.
We will use the term epoch for the sequential blocks in the experiments.

Before each experimental session, the eye movements of the participants were cali-
brated using a 9-point calibration procedure. The eye movements were recorded with a
head-mounted Jazz-Novo multisensor measurement system (Ober Consulting Sp. z o.o.,
Poznan, Poland) with a sampling frequency of 1000 Hz. It measures the eye movements
of both eyes in horizontal and vertical directions by direct infrared oculography. High
temporal precision is not essential for the studied eye movement characteristics, except for
the fixation duration evaluation, but this system provides the spatial resolution needed for
the present study. The participants sat in a dark room at a distance of 57 cm. Their heads
were supported by a chin rest.

2.3. Participants

Ten naïve observers aged 26 to 59 (average age 41.7) participated in the study. They
were recruited from the staff of the institutes of the Bulgarian Academy of Sciences and
gave written informed consent to participate in the study. The sample size is relatively
small, but we used a large set (72) of unique stimuli. Wilming and co-authors [27] showed
that in the spatial analysis of eye movements, the sample size and the stimulus set can
compensate for each other. The experiment was approved by the Ethical Board of the
Institute of Neurobiology, Bulgarian Academy of Sciences (Protocol 48 from 6 June 2023).
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2.4. Data Analyses and Measures

Eye tracking software (JazzManager 3.13 created by Ober Consulting Sp. z o.o.,
Poznan, Poland in cooperation with Nalecz Institute of Biocybernetics and Biomedical
Engineering, Polish Academy of Sciences, Warsaw, Poland) was used to divide the eye
movements into saccades and fixations using a threshold velocity of 30 deg/s and an
acceleration threshold of 8000 deg/s2. The potential calibration errors and eye drifts were
corrected using the Iterative Closest Point algorithm [28].

We used the saccade number, the saccade amplitude, fixation duration, and gaze
number to characterize the potential change in gaze behavior in the epochs. These char-
acteristics were evaluated only during the stimulus presentation; thus, we excluded the
memory-guided eye movements from the analyses.

The gaze number was estimated using the DBSCAN clustering algorithm [29] to
aggregate the fixations into regions of interest. The clusters of fixation positions were
required to have at least 200 data points (corresponding to a fixation duration of at least
200 msec for sequential eye records).

All statistical analyses were performed in an R environment [30]. We used generalized
mixed models to evaluate the effect of stimulus similarity and the potential learning effects
on the kinematics of eye movements. The models were fitted with the brms package [31].
This method is more robust for complex data structures and small sample sizes than
frequentist methods. We needed to apply generalized mixed models to take into account
the specifics of the data, the individual differences between the participants, and the
non-normal distributions of the eye movement characteristics. Too often, the frequentist
methods do not converge when applied to these types of models.

For all tested characteristics, we treated the pattern combinations not as random
factors but as categorical variables, as the stimulus combinations were formed following
specific rules. This choice allows us to evaluate the effect of pattern similarity on eye
movement characteristics. In the modeling, we started with the complete set of 72 unique
pattern pairs, i.e., assuming that the pattern position and orientation would change the
gaze behavior. We also tested simpler models in which the pattern orientation or position
was disregarded. Models, disregarding only the rotation angle of the patterns on the right,
included 24 unique stimulus pairs, whereas when the relative position of the patterns in
a pair was also disregarded, the unique stimuli were 15. We used cross-validation for
model comparison. This approach depends less on the prior distribution than the model
comparison based on the Bayesian factor (BF).

The fixation duration has a skewed distribution of positive values. We used a shifted
lognormal distribution for the likelihood. Based on the earlier research data and the high
variability in fixation duration, we used a normal distribution with a mean of 5 and a
standard deviation of 0.8 as prior distribution for the pattern combinations. This choice
implies that the expected saccade duration is about 245 msec and varies with the stimuli
and the blocks in the 0 to 8000 msec range. The sigma was assumed to have a normal
distribution with a zero mean and a standard deviation of 1.5. The standard deviation
of the model parameters was modeled with normal distribution with a zero mean and a
standard deviation of 0.5. We used the default values to model the shift in the distribution.

The data for the saccade amplitude have only positive values and could be considered
as continuous variables. The exploratory analysis of the amplitudes showed that they
had bimodal distributions. We modeled their likelihood function with a hurdle lognormal
distribution. We used a normal distribution with a mean of 10 and a standard deviation of
3 for the prior distribution for the effect of the combinations and the epochs. This choice
implies that the expected average number of saccades is about 15, and it could change for
the different combinations or in the sequential blocks from 12 to 18.

The data for the saccade and gaze numbers are counts, i.e., positive integers. They
were modeled first by a Poisson distribution. Both identity and log links were tested, but
the post-predictive checks did not fit the experimental data well, so we used a negative
binomial distribution for the modeling. This distribution relaxes the assumption of the
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equality of the mean and the variance characteristic of the Poisson distribution and allows
for estimation of the dispersion directly from the data. The prior distribution for the main
effects for the saccade number was set to a truncated normal (1, 1), implying the mean
expected number of saccades of 10 and a range from 0 to 24. For the gaze number, we
used a truncated normal distribution with a mean of three and a standard deviation of 3,
meaning that we expected the range for the gaze number to vary from 0 to about 18 with a
mean value of around 4.

The choice of prior distributions was governed by the recommendation of [32] to
include a range of uncertainties larger than any plausible parameter value.

In modeling, we used 4 to 8 chains and 2000 to 30,000 iterations per chain, with
the warm-ups being half of the iteration number. All model choices approximated the
distribution of the response variables well, as shown by posterior predictive checks. Vi-
sual examination of the model trace plots did not indicate problems with chain mixing.
Moreover, the Rhat values, i.e., the ratio of the variance across chains to the variance within
chains [33], were less than 1.05, showing model conversion. The effective sample size
measures exceed 5000, suggesting that the models provide stable parameter estimates.

We used the 95% credible intervals of the posterior distributions and their overlap to
decide whether a difference in model parameters was significant. These intervals specify
the uncertainty of the estimates and that the range of values of a parameter generated by
the data lies within a 95% probability. Moreover, hypothesis testing on the effect of the
experimental factors and the evidence ratio (ER) is provided to quantify the strength of
evidence in favor of one hypothesis over another. We estimated the probability of direction
(pd) of the model parameters. Its value varies between 50% and 100%, and it could indicate
whether a parameter is strictly positive or negative. We assumed that a pd of 95% showed
a notable change in a parameter.

As a measure of similarity between the patterns, we evaluated the cross-correlation
between the patterns in a pair, the sum of the squared distances between the two patterns,
the structure similarity index, the Jaccard similarity coefficient for binary images, and the
Sørensen–Dice similarity coefficient. The Sørensen–Dice similarity coefficient gives the
intersection between the point sets of the two patterns regarded as binary images divided
by their sum.

3. Results

3.1. Fixation Duration

Typically, the fixation duration has skewed distributions to the right with median
values around (200–250 msec) and larger mean values around 300–350 msec [10,11,34].
Our study has a few excessively long fixations (over 2 s) due to there being only one
participant. These values did not exceed Tukey’s fences and were not excluded from the
data. Please note that we have restricted the eye movement analysis only to data obtained
during the stimulus presentation. Hence, the largest possible fixation duration could
equal the stimulus duration. The range of the fixation duration was 151–3000 msec with a
median of 260 msec. The overall mean fixation duration was 314.19 msec. Figure 2 shows
the distribution of the fixation duration in the various epochs of our study. It shows the
skewed distribution of the fixation times and a decrease in the number of the shortest
fixation durations in the sequential blocks. Overall, this trend shifts the median of the
distributions to larger values consistent with our hypotheses of an increased fixation time
in the sequential blocks.

We performed three models considering the effect of the pattern position and orienta-
tion in a stimulus pair (using all 72 pattern combinations), disregarding the rotation angle
(using a stimulus set of 24 combinations), or disregarding the position swap and rotation
angle (using a stimulus set of 15 combinations).

The model comparison shows that the simplest model, which disregards the position
and rotation angle of the patterns in a stimulus, better describes the experimental data than
the full model.
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Figure 2. Distribution of the fixation duration in the sequential epochs (1–6) of the experiment.

After verifying the model’s plausibility and the chosen prior values, we tested the
hypothesis that the fixation duration shortens with practice. Unema and co-authors [11]
suggested that the initial image viewing involved shorter fixations and larger saccade
amplitudes, representing ambient processing. In contrast, smaller saccade amplitudes and
longer fixation duration in the later viewing period represented focal processing. These
results, however, concern the fixation duration in a single trial.

Figures 3 and 4 present the conditional effects obtained from the model and the
changes in fixation duration for the different stimuli and epochs.

Figure 3. Predicted fixation duration for the different pattern combinations with 95% credible interval.
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Figure 4. Predicted fixation duration for the different stimuli and epochs with 95% credible interval.

Figure 4 shows that the pattern combinations do not substantially change the fixa-
tion duration. The pairwise comparison of the fixation duration for the different pattern
combinations and their 95% credible intervals (CIs) implies that the fixation duration for
the pairs in each group and between Groups 1 and 2 did not differ significantly. Most
of the stimuli from these groups induce significantly longer fixation durations than the
combinations in Group 3. An exception is the combination BD from Group 3, which does
not differ significantly in fixation duration from the combinations of Groups 1 and 2. It
should be noted that the BD combination is the only one for which the two patterns in the
pair did not swap positions.

The effect of learning, if any, is represented by the interaction between the sequential
epochs and the combination pairs. Figure 4 shows that the change in fixation duration is
largest for the BD pattern combination from Group 2. The epoch has the least effect for the
same patterns from Group 1. Figure S1 (Supplementary File) shows the trend of change
in the fixation duration in the sequential epochs. It is estimated by using the emtrends
function from the package emmeans [35]. The 95% credible intervals of the estimated
trend of change differ, implying an unequal effect of the epochs on discriminating the
paired combinations. The pairwise comparisons of the trends (after correction for multiple
comparisons) show significant differences in the increase in fixation duration for stimulus
AA from Group 1, which is lower than that of all other combinations. For the rest of the
combinations, the rate of change is similar.
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3.2. Saccade Number

The saccade number is related to the number of fixations performed during the task.
Figure 5 shows the distribution of the saccade number in each epoch. It shows that the
saccade number has a skewed distribution.

Figure 5. Distribution of the saccade number in the sequential epochs (1–6) of the experiment.

We tested three models for the effect of the stimuli and epochs on saccade number.
The first uses all 72 stimuli, and thus, it assumes that the rotation angle and the position of
the patterns affect the exploration activity of the participants. The second model assumes
that the rotation angle is ineffective, but the position of the patterns (whether to the left or
the right of the stimulus) changes the number of saccades. It includes 24 combinations of
patterns. The third model assumes that neither the patterns’ rotation nor position affects
the saccade number. It includes 15 pairs of patterns.

The cross-validation for model comparison implied a better fit of the data by the
model that ignores the rotation angle and the pattern positions and thus regards only
15 combinations of the patterns. In contrast to the fixation duration, the saccade number
varies with the stimulus type. We compared the saccade number for the three groups
of patterns and the combinations of the same and the different patterns. The evidence
strongly supports the hypothesis that for each group, the same patterns require more
saccades than the different ones (Figure 6; Group 1: estimate = 0.26; 95% CI [0.20–0.32];
evidence ratio = Inf; probability = 1.0; Group 2: estimate = 0.08; 95% CI [0.00–0.15]; evidence
ratio = 24.13; probability = 0.96; Group 3: estimate = 0.26; 95% CI [0.19–0.34]; evidence
ratio = Inf; probability = 1.0). Moreover, the same patterns from the different groups elicited
an unequal number of saccades—the largest for Group 1 and about the same for Groups 2
and 3.

The analysis revealed an estimate of 0.15 and 95% credible intervals of 0.08–0.23 for
the hypothesis A1A1 > A2A2 with an evidence ratio of 3332.33, and an estimate of 0.19
with 95% credible intervals for the hypothesis A1A1 > A3A3 and an evidence ratio of 9999.
Based on the evidence ratio, the data provide strong evidence for more saccades elicited
by the same patterns in Group 1 compared to the other groups. The evidence moderately
supports the hypothesis that the saccade number for the same patterns in Group 2 exceeds
those for the same patterns in Group 3 (hypothesis A2A2 > A3A3: estimate = 0.04; 95% CI
[−0.05–0.13]; ER = 3.22; probability = 0.76).
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Figure 6. Predicted number of saccades for different pattern combinations.

Contrary to our expectations, the number of saccades increases in the different epochs
(pd equals 100%; the evidence ratio for the hypothesis that the effect of epoch increases
(epoch > 0) and equals Inf with an estimate 0.02; 95% CI [0.0–0.04]), providing strong
support for the hypothesis of an increase in saccade number in the sequential blocks.

The saccade number in our study reflects the exploratory eye movements. Its increase
in the sequential blocks might represent the gained knowledge of the spatial structure of
the stimuli. For example, in [8], the authors showed that both the exploratory and the
confirmatory eye movements increased in the sequential trials when the participants had
an explicit knowledge about the underlying structure of the visual scenes or during long
implicit learning. In our understanding, however, the increase in saccade number in our
experimental conditions and task should be considered in combination with the change in
the other eye movement characteristics. This result is further discussed in the Section 4.

We evaluated the trend of the epoch effect for the different combinations of patterns
using the emtrends function [35]. For all combinations, the trend is positive. It is most
prominent for the combination of the B and D patterns from Group 2, A and D from Group
1, and A and A for Group 3. The smallest increase in the saccade number was obtained for
the AA pattern from Group 1 (Figure 7 and Figure S2 in the Supplementary File).

The insignificant effect of the rotation angle and pattern position implies that the
dominant factor for searching for information and performing saccades is the number of
chunks in the stimuli. The correlation between the estimated effect of pair combinations
and the number of chunks is significant (r = −0.59, p = 0.02).
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Figure 7. Predicted number of saccades for different stimuli and epochs with 95% credible interval.

3.3. Gaze Number

Whereas the saccade number in our study has a skewed distribution, the gaze number
has a symmetric distribution (Figure 8). Again, we tested three different models for the
effect of pattern combinations on gaze number: taking into account the position and
rotation angle of the patterns in a pair, ignoring the position, or ignoring both the position
and rotation of the patterns. The results suggest a better fit to the data by a model with
15 combinations, thus ignoring the relative position and rotation of the patterns.

Figure 8. Distribution of the gaze number in the sequential epochs (1–6) of the experiment.
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Figure 9 shows the predicted gaze number for the different pattern combinations. It
demonstrates a larger gaze number for the stimuli with the same patterns compared to
those with different ones for the patterns in Groups 1 and 3. This observation was con-
firmed by testing the hypothesis of a larger number of gazes for the same patterns in each
group against the null hypothesis of no difference. The evidence strongly supports the al-
ternative hypothesis for Groups 1 and 3, with an estimate of 0.13 and a 95% CI [0.05–−0.21]
(ER = 332.33) for Group 1, and an estimate of 0.19 and a 95% CI [0.11–−0.27] (ER = 7999)
for Group 3. There is no compelling evidence to suggest a larger gaze number for the same
patterns than for the different patterns of Group 2 (estimate = 0, 95% CI [−0.08–−0.08];
ER = 0.91).

Figure 9. Predicted number of gazes for different pattern combinations.

The results also suggest that the number of gazes tends to decrease during the sequen-
tial epochs of trials. The estimated effect for the hypothesis for the negative effect of the
epoch is−0.02 with 95% CI [−0.05, 0.01] and an evidence ratio of 20.24. Hence, whereas the
saccade number tends to increase, the gazes tend to decrease, suggesting more localized
eye landings in the sequential blocks. The change in the gaze number might reflect a better
understanding of the stimulus structure and a better discrimination of the relevant and
irrelevant parts of the stimuli. The reduction in gaze number may reflect a more local focus
of attention typical for the focal mode of processing.

Figure 10 shows the interaction between the stimuli and the sequential blocks. It shows
that the effects of learning varied with the different stimuli and that the reduction in the
gaze number is more pronounced for the patterns of Group 3. The pairwise comparisons
of the trend of the gaze number change (after correction for multiple comparisons) show
significant differences between the stimuli from Groups 1 and 2 with at least two of the
different pairs from Group 3 (AB and AD) and insignificant differences with patterns AA
and BD from this group (Figure S3, Supplementary File).
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Figure 10. Predicted number of gazes for different pattern combinations and epochs.

3.4. Saccade Amplitude

The saccade amplitude would depend on the distinctive features of the patterns that
allow for better discrimination. Thus, comparing the chunks in a pattern and between the
patterns in the stimulus would be needed. Figure 11 shows the distributions of the saccade
amplitudes in the sequential epochs. It clearly shows their bimodality. The two modes of
these distributions occur because of the eye movements inside the patterns in the stimulus
and between them.

Figure 11. Distribution of the saccade amplitude in the sequential epochs (1–6) of the experiment.
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We tested whether the saccade amplitude varies with the rotation angle of the patterns.
Analyzing the overall effect of the rotation angle for the whole set of stimuli is not very
meaningful since the rotation angle has different effects for the different stimuli, changing
the relative distances between the chunks in the two patterns in a stimulus. The effect of
the rotation angle might be shown as a difference between the three stimuli in a group that
contains the same patterns in the same position, differing only by the rotation angle. Each
group contains eight such triples, with three comparisons in each. The results show that
the 90% credible intervals of the amplitudes do not overlap for several members of each
group (Figure 12A–C).

Figure 12. Posterior distributions for the saccade amplitudes for all stimulus patterns: (A) for the
stimuli from Group 1; (B) for the stimuli from Group 2; (C) for the stimuli from Group 3. The shaded
regions correspond to the 90% credible intervals of the median.

The comparison of the saccade amplitude shows that it is significantly larger for the
same patterns than for the different patterns. The evidence strongly supports the alternative
hypothesis of there being a larger saccade amplitude for the same patterns compared to the
different patterns against the null hypothesis of no difference (estimate = 0.17; [0.10–0.25],
evidence ratio (EF) = for Group 1, estimate = 0.10 [0.03–0.18] for Group 2, and 0.16 [0.08–0.24]
for Group 3 (the values in brackets are the 95% credible intervals)).

The highest density interval (HDI) for the epochs is entirely negative, implying a de-
crease in saccade amplitude during the experiment (estimate = −0.06; 95% CI [−0.11, −0.02],
EF = 91.59). For each combination of patterns, however, the HDI is strictly positive. The effect
of the epoch is unequal for the different stimulus combinations. The trend in block effect is
either negative or insignificant (estimated by the highest posterior density intervals of the
emtrends function at the first and the last experimental blocks). No clear difference between
the groups is evident.

The decrease in saccade amplitude may be interpreted as resulting from unconscious
memory, which reduces the extent to which saccades are made to incorrect regions.

Contrary to the results of [36], we did not find a negative correlation between the
fixation duration and saccade magnitude. Our data showed a lack of correlation between
the two characteristics of the eye movements (r = 0.09).
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3.5. Similarity Measures

We tried to understand whether the pattern similarity might predict the effect of
the combinations on the different eye movement parameters. We used several different
measures to describe the similarity of the patterns in a pair. Since the images could be
regarded as matrices, we can use measures that are appropriate not only for comparing the
images but also for matrix comparisons. Moreover, the patterns we used have only two
colors. We calculated the mean differences between the values of the left and right patterns,
the mean value of the coincidence of their values, the structure similarity index [37], the
correlation, and the mean squared error between the left and right patterns. Converting
the patterns to logical arrays, we also calculated the Sørensen–Dice similarity coefficient
between binary images, the Jaccard similarity coefficient for binary images, and the BF
(Boundary F1) contour matching score. All these similarity measures have higher values
when the similarity of the patterns is stronger (Figure S4, Supplementary File). The results
show that these measures are sensitive to pattern rotation, though typically, two rotation
angles for the right pattern lead to equal values. Additionally, the average values of the
similarity measures for pairs with swapped positions are equal. Moreover, most similarity
measures give some of the lowest values for the pairs of the same but rotated patterns,
except the mean squared error and the mean difference between the images (Figure S4,
Supplementary File). The effects of the position and the rotation angle imply that the
similarity of the patterns in a pair does not determine the performance.

4. Discussion

The study’s results suggest that the attentional selection of relevant image characteris-
tics varies with the experience obtained in experimental task performance. This change
suggests an adaptive strategy of the observers that balances exploration and exploitation
modes shown in the increased saccade number and the change in the saccade amplitude.
They confirmed the usefulness of studying the eye movement characteristics to obtain
information on the processes of attention, decision making, and memory.

Statistical learning is typically considered a process involving implicit memory. Study-
ing the role of unconscious memory in a search task in real-world scenes, [5] showed no
effect of unconscious memory on the number of saccades. Higuchi and Saiki [7] showed
that eye movements were not necessary for implicit learning of spatial configurations,
and keeping a stable fixation at the display center is beneficial for rapid learning of the
spatial layout. Our results, however, show an increased number of eye movements in
the sequential block of trials, but the gaze landings become more localized in the process
of practice and learning. One distinctive feature of our study, compared to visual search
studies, is that the relevant target or targets for successful task performance are not defined
in advance. The participants have to determine which stimulus features to use for task
performance. The large display size may facilitate an exploitative behavior with larger
saccades in the initial stimulus blocks and more focused ones later on. The increase in
fixation duration in the sequential blocks might be considered a switch from exploration to
exploitation mode; however, the saccade number should decrease in this case.

Our findings indicate that learning spatial regularities in the stimulus set leads to a
transition from ambient to focal processing, a phenomenon commonly observed in single
trials [9,10]. Ambient processing is characterized by longer saccades and shorter fixations
and is considered to be involved in processing spatial arrangements and extracting con-
textual information. In contrast, focal processing, which involves smaller saccades and
longer fixations, reflects the processing of details and object identification. The increase
in fixation duration and the decrease in saccade amplitude in the sequential blocks in our
study may be considered as representing a more local focus of attention and a discrim-
ination of the relevant from irrelevant stimulus features for task performance and their
deeper exploration.

The study results show a marginal effect of the stimuli on the fixation duration. The
more pronounced change in this gaze parameter suggests a transition from ambient to
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focal processing. The saccade amplitude change also suggests such a transition, as its
magnitude decreases in the sequential epochs. Its independence from the rotation angle
and the pattern position in a pair implies that the observers compare the relative positions
of the chunks in the patterns. The unequal effects of the epoch on the different stimuli imply
different learning rates. Based on the fixation duration and saccade amplitude outcomes,
the data suggest more rapid learning for the different patterns.

In the present study, we varied the co-occurrence of chunks in the patterns that formed
a stimulus pair. Contrary to typical studies manipulating the co-occurrence of objects, in our
task, the presence of the same chunks in different patterns makes stimulus discriminability
more difficult due to the increased pattern similarity. The large number of unique stimulus
pairs would not allow the use of memory for the combinations to discriminate the patterns
as the same or different. However, the stimulus set contains statistical regularities that
could facilitate the performance in the sequential epochs.

The pattern A from each group appeared on the left side of the stimulus pairs in
their original orientation. Moreover, out of the 90 trials in an epoch, each of these patterns
appeared on the left 36 times, meaning that the three pattern As from the three groups
were shown on the left on 60% of the trials in an epoch. If the participants memorize these
patterns, they could use this knowledge to answer “different” whenever the pattern on the
left side of the stimulus does not coincide with any of them. This strategy would affect both
the saccade amplitude and the number of saccades and gazes—the saccades could explore
predominantly the left pattern. This strategy would imply a decrease in saccade amplitude.

When pattern A is on the left side, the effective strategy for Groups 1 and 2 would be
to seek the two 5-element chunks characteristic of pattern A in the right pattern. In this case,
the number of fixations on pattern A might decrease due to greater exploration of the right
pattern, leading to large saccade amplitude for pattern A on the left. This strategy would
be less effective for the patterns from Group 3, as identifying pattern A on the left side of
the pair would not benefit task performance. We tested the hypothesis that the saccade
amplitude depends on the presence of pattern A on the left side of the pairs separately for
each group. The results show that the saccade amplitudes for pattern A being on the left
are less than the saccade amplitudes for the cases when any of the other patterns were on
the left for the stimuli of Group 1 (estimate = −1.17, 95% CI [−2.34–−0.01], ER = 19.47,
p = 0.95). No significant differences were observed depending on the position of pattern
A in the pair for the stimuli of Groups 2 and 3 (estimate = 0.03; 95% CI [−1.13–−1.19],
ER = 0.93; p = 0.48 for Group 2; estimate =−0.07, 95% CI [−1.31–1.17], ER = 1.16; p = 0.54 for
Group 3).

These considerations imply changes in saccade amplitude and an effect of pattern
position on it—an outcome observed in our results. They correspond to other studies
showing that people learn not only the statistical regularities related to task-relevant
targets, but also the regularities of the task-irrelevant chunks in the visual images [38].

One specific feature of our results is that only saccade amplitude depends on the
rotation angle of the patterns. Interestingly, the saccade amplitude discriminates best
between focal and ambient processing [39]. Most image similarity measures are insensitive
to the relative positions of the patterns in the pair—being on the left or right—but are
sensitive to rotation. Our data suggest that while the position of the patterns in a pair
does not change the fixation duration and saccade number, it effectively changes the
saccade amplitude. These results imply that similarity measures like cross-correlation or
the Sørensen–Dice similarity coefficient could not adequately represent the effect of pattern
characteristics on the saccade amplitude. Measures of similarity like Kullback–Liebler
divergence might be better suited; however, they require probability distributions. The
conversion of the images used in the study into probability distributions of grayscale
values could not distinguish the patterns we used, as they contain an equal number of the
same color elements. The effective similarity measure should consider both the brightness
(color) of the patterns and their position. Strangely, measures of similarity related to image
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segmentation, like bfscore (Boundary F1), seem better suited to describing the effect of the
image manipulations we used on the saccade amplitude size.

The observed change in the saccade number is unexpected as it reflects the efficiency
of searching for information, whereas the number of gazes reflects the complexity of
the interferential process. The greater number of fixations usually indicates insufficient
information on the relevant stimulus or task. Thus, it is more reasonable to expect that
the saccade number will decrease in the sequential epochs. Indeed, [9] demonstrated that
the participants exhibited fewer saccades with practice with visual search tasks, indicating
a shift towards more efficient information processing. Similarly, expert readers tend to
make fewer, more targeted saccades, reflecting a refined strategy for extracting relevant
information [10]. Wedel and co-authors [16] showed that short saccades with repeated
fixations to small regions can be regarded as a way to reduce memory load and they
could facilitate target identification. Thus, a potential effect of the increase in the saccade
number and a decrease in gaze number in the sequential blocks is an efficient way of
reducing the memory requirements of the task when the relevant stimulus characteristics
are already determined. Eye movements reflect item memory [40], which may lead to
decreased fixation duration and saccade number due to the repetition of patterns on the
left stimulus side. The discrimination from the patterns on the right requires relational
memory (e.g., [41]). The review on the interaction of eye movements and memory systems
shows that relational memory requires at least 500–750 ms (about 2 s in total in a task with
three faces, i.e., in a task that required studying face–scene pairs followed by a memory
test with 3-face displays superimposed on the studied scenes). In our study, however, there
are more objects (chunks) between which the relative positions need to be evaluated; thus,
the time needed for relational memory should be longer. One way to reduce the memory
load might be by increasing the number of saccades.

Another explanation for the increase in the saccade number might be a change in
the number of strategies used by the participants. As suggested by [11], depending on
the strategies of the observers and the various contexts, ambient and focal processing
can change dynamically and this interplay would affect the eye movement characteristics.
The shorter fixation duration in the first epochs of the study may also represent the use
of partial information exploration due to making decisions under time pressure. With
practice, the observers may switch to more complete information exploration due to a
speeded-up allocation of attention to the different stimulus chunks. This change in strategy
may allow them to explore more stimulus regions to reduce uncertainty and enhance
decision-making accuracy.

5. Conclusions

The results of the study suggest various changes in eye movement characteristics
that depend on the repetition frequency, practice, and stimulus characteristics of the
patterns. These changes reflect attentional selection, memory involvement, and learning
processes. Studying the modifications of the eye movement characteristics jointly provides
a better understanding of the complex interaction between these cognitive processes.
Learning the spatial regularities in a visual scene allows for the prediction of the future
allocation of gaze and may be relevant in computer vision applications and the design of
learning environments.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/app142110055/s1, Figure S1: Trend of change in fixation duration
in the sequential epochs for different pattern combinations; Figure S2: Trend of change in saccadic
number in the sequential epochs for different pattern combinations; Figure S3: Trend of change in
gaze number in the sequential epochs for different pattern combinations; Figure S4: Similarity of the
patterns in the pair combinations evaluated by different measures.
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Abstract: Operators in high-stress environments often face significant cognitive demands that can
impair their performance, underscoring the need for comprehensive workload assessment. This
study aims to study the relationship between subjective self-reported measures, the NASA task
load index (NASA-TLX), objective bio-signal measures, and pupillary responses. The participants
engaged in either a visual tracking task or a laparoscopic visuomotor task while their eye movements
were recorded using a Tobii Pro Nano eye tracker (Tobii Technology Inc., Stockholm, Sweden).
Immediately after completing the tasks, participants provided NASA-TLX scores to assess their
perceived workload. The study tested three hypotheses: first, whether increased pupil dilation
correlates with higher NASA-TLX scores; second, whether task type affects workload; and third,
whether task repetition influences workload. The results showed a moderate positive correlation
between pupil size and NASA-TLX scores (r = 0.513, p < 0.001). The laparoscopic surgery task,
which requires visuomotor coordination, resulted in significantly higher NASA-TLX scores (t = –6.23,
p < 0.001), larger original pupil sizes (t = –22.57, p < 0.001), and more adjusted pupil sizes (t = –22.57,
p < 0.001) than the purely visual task. Additionally, task repetition led to a significant reduction
in the NASA-TLX scores (t = 2.86, p = 0.005), the original mean pupil size (t = 5.50, p < 0.001), and
the adjusted pupil size (t = 6.34, p < 0.001). In conclusion, the study confirms a positive correlation
between NASA-TLX scores and pupillary responses. Task type and repetition were found to influence
workload and pupillary responses. The findings demonstrate the value of using both subjective and
objective measures for workload assessments.

Keywords: workload assessment; NASA-TLX; pupillary responses; visual-tracking task; laparoscopic
task

1. Introduction

Operators in demanding environments such as surgery and driving often face chal-
lenging moments that place significant loads on their cognitive and physical resources [1,2].
Workload, also known as cognitive load or mental workload, describes the mental and
physical demands placed on an individual during task performance [3]. Excessive work-
load can impair performance, leading to negative outcomes like errors and accidents [4,5].
This issue is particularly evident in imaging-guided tasks—such as visual tracking and
endoscopic surgery—where individuals must process complex visual information in real
time while making decisions or performing precise manual actions [6,7].

Given the risk of cognitive overload in these demanding tasks, accurately measuring
operator workload is essential for enhancing safety and efficiency. Traditional assessment
tools like the NASA task load index (NASA-TLX) have been widely used and validated for
measuring subjective perceptions of workload [8]. However, these tools have limitations:
they are retrospective, rely on self-reporting, and can be influenced by personal biases.
These shortcomings highlight the need for objective, real-time measures.
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To address this need, physiological signals offer a promising avenue for objective
workload assessment. Among these, pupillary responses based on eye-tracking technolo-
gies have gained attention due to their sensitivity to cognitive load, feasibility for real-time
monitoring, and cost-effectiveness [9]. Studies have linked pupillary responses with mental
effort [10], and latterly with task complexity performed in the hand [11,12]. However,
how pupillary responses align with traditional self-report measures in imaging-guided
tasks is not well documented. As a multimodal approach that combines subjective assess-
ments with objective data gains popularity, understanding the consistency and correlation
between these methods becomes increasingly important [13,14].

Moreover, the task requirements behind different types of tasks and their repetition
may affect workload levels differently. For instance, compared to a visual tracking task,
performing a surgical procedure in the imaging-guided environment requires processing
extensive visual input and delivering motor output with precision, potentially increasing
the cognitive load on surgeon [15]. However, with repeated practice of a task, certain
movements can become automated, potentially reducing workload [16]. Therefore, if our
methods are sensitive in measuring workload changes, this study should yield differences
in the workload metrics between different task types and repeated performances.

This study aims to advance the understanding of workload assessment and make
several key contributions:

• Reveal a direct correlation between subjective workload measures (NASA-TLX) and
objective indicators (pupillary responses) across two different imaging-guided tasks.
This will validate pupil responses as a reliable measure of workload applicable to
different task types;

• Reveal how tasks requiring both visual and motor coordination differ from those
involving only visual tracking in terms of workload, as evidenced by both subjective
and objective measures;

• Reveal the influence of repeated task exposure on workload, as evidenced by both
subjective and objective measures.

With objectives in mind, this study consisted of three main parts. First, this study
examined the relationship between subjective workload scores, as measured by the NASA-
TLX, and objective workload indicators derived from pupil responses during two different
imaging-guided tasks. This study first hypothesizes that when individuals report higher
subjective workload, they will also exhibit increased pupil dilation. Second, this study
examines whether the workload differs between a routine visual tracking task and a more
demanding visuomotor laparoscopic task that requires precise eye–hand coordination. If
both the NASA-TLX and pupil measurements are valid indicators of workload, this study
expects to find significant differences in the values between these two tasks. The third
goal of this study is to examine how repeated practice affects workload. Previous findings
suggest that as individuals become more proficient, their workload decreases because
movement control becomes more automatic. If this is the case, both NASA-TLX scores and
pupil size should show significant reductions after the repetition of the tasks.

2. Related Work

Existing research has explored the relationship between NASA-TLX scores and sur-
geons’ eye blink rates. It was found that surgeons who blinked less frequently reported
higher levels of frustration and overall workload compared to those who blinked more
often [17]. Other studies have also investigated how subjective workload measures relate
to physiological indicators. For example, heart rate and heart rate variability were linked
to self-reported workload on the NASA-TLX during clinical reasoning tasks [18]. Higher
workload has been found to potentially cause over-breathing [19]. Additionally, changes in
skin conductance, which reflect sweat gland activity driven by the sympathetic nervous
system, have been associated with varying levels of workload [20]. These findings indi-
cate that physiological measures can enhance subjective assessments like the NASA-TLX,
providing a more comprehensive evaluation of workload.
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Previous research has also made some progress in examining the relationship between
pupil responses. Pupil size can serve as a bio-signal for occupational risk factors, including
stress, fatigue and workload [21,22]. The existing literature on pupil size and subjective
workload measures has primarily focused on purely visual (cognitive) tasks [23–25] or
visuomotor tasks performed under direct vision, such as manufacturing [25]. Many existing
studies did not involve an imaging-guided environment [22,26]. Although a few inves-
tigations did consider imaging-guided scenarios, some examined how pupil size varied
according to operator expertise [27,28]. Many researchers set predetermined difficulty
levels and assessed subjective and objective (pupil size) measures separately, without es-
tablishing a direct correlation between the two [29,30]. Moreover, focusing on a single task
type does not accurately represent the complexity of real-world contexts, where individuals
often switch between purely visual tasks and those requiring both visual perception and
motor skills. This study addresses these gaps by integrating both purely visual and visuo-
motor (laparoscopic) imaging-guided tasks. This work would improve the generalizability
of the findings and fill critical knowledge gaps in understanding workload assessments. A
comparative table highlighting the main innovations and differences in the current study
in relation to the literature can be found in Table 1.

Table 1. Comparative table highlighting the main innovations and differences in the current study in
relation to literature.

Study
Objective
Measures

Subjective
Measures

Task Types Involved
Imaging-
Guided
Environment

Characterizing
Correlation

Compare
Visual and
Visuomotor
Task

Compare
Repetition
Effect

Reference

Past
Literature

Pupil sizes

NASA
-TLX
SURG
-TLX [9]

Pure visual
(cognitive) task No Yes [23,24]

No [19,25,31] No No [23–25,29,31]

Piloting,
manufacturing, open
surgery

No Yes [32]
No [33,34] No No [32–34]

Microscopic and
robotic procedures No No [15,35]

Yes [36] No No [15,35,36]

Computer games Yes Yes [37,38]
No [18] No No [37–39]

Laparoscopic or
endoscopic Yes No No No [30,40,41]

This
study Pupil size NASA-TLX

Pure visual and
Visuomotor
(laparoscopic) hybrid

Yes Yes Yes Yes

3. Materials and Methods

This study was conducted at the Surgical Simulation Research Laboratory of the
University of Alberta between 2022 and 2023. Ethical approval was obtained from the
University of Alberta Health Research Ethics Board prior to the research data collection.

3.1. Participants

The participants were recruited from the University of Alberta community. To qualify,
the participants needed to be healthy adults with normal or corrected vision and mobility,
and they must have had no prior experience in performing visual tracking or laparoscopic
tasks. Those who had previously participated in similar studies or simulations were
excluded from the study. Informed written consent was obtained from each participant
before the experiment. The participants participated in only one of the two tasks to ensure
no overlap between the groups.

3.2. Apparatus

To eliminate confounding variables, both of the tasks were conducted using the
same computer and eye-tracking setup within a controlled laboratory environment, as
demonstrated in Figure 1. The experiment employed a commercially available PC (Intel,
Santa Clara, CA, USA) connected to a 476 mm × 370 mm monitor (Asus Computer Inc.,
Taipei, Taiwan) with a resolution of 1920 × 1080 pixels and a refresh rate of 60 Hz. Monitor
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parameters such as brightness and distance from the participants’ eyes were kept consistent
across both tasks.

 
Figure 1. Schematic demonstration of experimental setup and task content.

The participants’ eye movements were recorded using a Tobii Pro Nano eye tracker
(Tobii Technology Inc., Stockholm, Sweden), a remote, screen-based device with a sampling
rate of 60 Hz and a reported accuracy of 0.5 degrees. Before each session, a calibration was
performed. This was performed using the Tobii Pro Lab’s pre-designed calibration protocol.
Data analysis was performed using the Tobii Pro Lab 2021 software, which extracts and
reports pupil data for any given task period.

For the second task involving eye–hand coordination, the participants further used
a laparoscopic simulation station (Stryker, Kalamazoo, MI, USA) connected to the same
computer and monitor. They were required to repeatedly manipulate a size 3–0 needle
(Ethicon, Somerville, NJ, USA) using laparoscopic graspers to penetrate target tissue.

3.3. Eye Tracking Calibration

Eye tracking was conducted throughout each formal session. Prior to every experi-
mental session, a calibration process ensured the accuracy of the eye tracking data. The
eye tracker calibration began by displaying an animated object to attract the user’s eye
gaze. The object moved to each calibration point, shrinking and pausing for 0.5 s to focus
the user’s gaze on the center. Upon focus, the eye tracker collected data for that point and
then restored the object’s size. This process was animated across all the calibration points,
repeating as needed for accuracy. The calibration results were reviewed using plots, and
any points with missing or low-accuracy data were recalibrated. Once satisfactory, the
calibration was finalized.

3.4. Visual Tracking Task
3.4.1. Task Procedures

Upon entering the lab, the participants received an orientation on how to perform
the visual tracking task, and an introduction to the NASA-TLX. After the orientation, they
proceeded to watch videos depicting five different movement patterns in the visual tracking
task.
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These videos all featured an 8 × 8 grid, with each cell measuring 2 cm by 2 cm. An
arrow moved within this grid at a constant speed of one cell length per second. The com-
plexity of the movement patterns was manipulated by changing the number of directional
changes and the length of the arrow’s path, which affected the duration of each video.
The task difficulty was structured across five levels, ranging from simple to complex. As the
difficulty increased, the arrow made more directional changes and followed longer paths,
resulting in longer videos and a greater information load. Specifically, from the simplest
videos to the most complex video, the arrow movement direction changes occurred 3, 5, 7,
9, 11 times, respectively, as shown in Figure 1.

To investigate the effect of task repetition on performance measures, each difficulty
level of the visual tracking task was presented twice. This allowed us to assess how task
repetition influenced participants’ workloads. The procedural sequence is demonstrated in
Figure 2.

 

Figure 2. Flowchart on the sequence of experimental procedures.

By systematically varying the number of directional changes and path lengths, we
aimed to create measurable task difficulty levels. Following each level, the participants
completed a NASA-TLX assessment to evaluate their perceived workload. In the meantime,
pupil data taken during their performance was used to report their workloads. They were
then provided with ample rest, typically five minutes between blocks to prevent fatigue
and maintain alertness. The participants were encouraged to relax and could request
additional rest if needed. The entire experimental session lasted approximately 30 min per
participant. For detailed experimental procedures and task specifics, please refer to our
previous study [42,43].
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3.4.2. Tracking Accuracy

The tracking accuracy was assessed by asking the participants to verbally report
the movement trajectory immediately after each visual tracking task. The experimenter
assessed the tracking accuracy based on the participants’ responses during the recall phase.
We assessed whether each participant’s response matched the correct movement at each
turning point, described in terms of “distance-direction” (e.g., “three units up”). The partic-
ipants received one point for each correct match of both distance and direction; no points
were awarded if either component was incorrect. Because the number of turnpoints varied
across blocks, we normalized the scores by dividing the total number of points earned by
the number of turnpoints in each block. The tracking accuracy was then calculated using
the following formula: tracking accuracy = points awarded ÷ total number of turning
points. This score ranged from 0 to 1, with 1 indicating perfect tracking accuracy.

3.5. Laparoscopic Surgery Task
3.5.1. Task Procedures

The second task was a laparoscopic surgery task. The participants watched the same
display screen while using their hands to manipulate a pair of laparoscopic graspers to
perform a needle insertion task. The task was to insert a surgical needle through a silicone
pad without tying a knot. They had to complete as many insertions as possible within the
allotted time.

This task was structured with three levels of difficulty—easy, medium, and hard—to
create varying workloads. The difficulty was adjusted by altering the size of the sutur-
ing target and the stability of the platform. In the easy level, the participants sutured
a 1 cm-wide silicone strip fixed to a stable wooden platform. The medium level involved
a 0.5 cm-wide silicone strip attached to a movable rubber platform. The hard level re-
quired suturing a 0.25 cm-wide silicone strip secured to a highly elastic, shaking metal
wire platform. The platform height was 6 cm for all three difficulty levels. By modifying
the target size and platform stability, we introduced different levels of challenge to assess
the participants’ operational skills. Knot-tying was not required for this task, and the
participants were instructed to perform as many insertions as possible.

Each session was limited to 15 min, a duration determined by a pilot study to ac-
commodate the extended time needed for practice tasks. The three difficulty levels were
conducted over three consecutive days, with each day dedicated to one specific level.
Additionally, each difficulty level was performed in two separate sessions (first and second
trials) to examine the effects of task repetition. Before each session, the eye-tracking devices
were calibrated to ensure accurate data collection during their surgical performance. After
completing each session, the participants completed a NASA-TLX assessment to evaluate
their perceived workload. Adequate rest periods, typically 10–20 min, were provided
between sessions to maintain participant well-being and ensure consistent performance
throughout the study. The procedural sequence is demonstrated in Figure 2.

3.5.2. Performance Assessment

The number of insertions is used to assess their task performance. Video recordings
were made during the task sessions for later analysis. The experimenters conducted a retro-
spective analysis of these recordings using Behavioral Observation Research Interactive
Software (BORIS) version 8.21.10 [4]. BORIS is a software tool that facilitates the conversion
of observed behaviors in videos into quantitative data. Observers use it to annotate video
footage by tagging predefined behaviors with precise timestamps. The annotation data
provides quantitative metrics, such as the frequency of specific events and the duration of
tasks captured in the videos, which can be exported for statistical analysis.

3.6. NASA-TLX Score

The workload of the participants from both the visual tracking and surgical tasks
was evaluated using the NASA-TLX. This tool measures workload across six dimensions:

73



Appl. Sci. 2024, 14, 11975

mental demands, physical demands, temporal demands, effort, frustration, and perfor-
mance. The participants used a customized software interface to rate each of these six
areas. Subsequently, they responded to a series of paired comparison questions, where
each question displayed two of the domains and required participants to select one they
deemed more significant. This process determined the relative weight of each domain. The
overall NASA-TLX score was then calculated by multiplying each domain’s score by its
weight, yielding a comprehensive measure of the workload [8].

3.7. Pupil Data Collection and Process

The participants’ pupil data were continuously monitored during both tasks using the
Tobii Pro Nano eye tracker. The pupil measurements were processed and exported on a
frame-by-frame basis using Tobii Pro Lab software (version 1.171.34906). To account for
individual variability, the adjusted pupil values were calculated for each participant across
all the task conditions and used in subsequent statistical analyses. The adjusted pupil size
was determined by subtracting the baseline pupil size from the original mean pupil size,
providing a standardized measure of pupil size changes relative to the baseline.

For the arrow tracking task, the baseline pupil size for each condition was calculated
by averaging the pupil diameters from the first 10 frames before the onset of the arrow
video. The original mean pupil size was calculated by averaging the measurements over
all subsequent frames.

Similarly, for the laparoscopic surgery task, the baseline pupil size was determined by
averaging the first 100 frames of each session due to the longer session duration. The mean
pupil size for all the subsequent frames recorded during each session was calculated as the
original mean pupil size. The adjusted pupil size was calculated by subtracting the mean
pupil size from baseline in both tasks.

3.8. Statistical Analysis

Statistical analyses were performed using R (version 4.3.2) and RStudio. We first
ensured that the data were complete and addressed any missing values or outliers to
maintain data integrity. Prior to correlation analysis, we tested the normality of the data
using the Shapiro–Wilk test and inspected the scatter plots to confirm linearity. To address
the first hypothesis, the trainees’ pupil size metrics were correlated with their NASA TLX
scores using Pearson’s correlation coefficient and simple linear regression. The relationships
were analyzed and visualized using scatter plots generated with the GGally package (Barret
Schloerke et al., Ann Arbor, MI, USA). For the second and third hypotheses, we assessed
the equality of variances using Levene’s test. Descriptive analyses were first performed
on the original mean pupil size, adjusted pupil size, and NASA TLX scores across the task
types and repetitions. Box plots and histograms were used to visualize the distributions.
Subsequently, t-tests were performed to compare the outcome variables between the two
tasks. Paired t-tests were used to compare outcome variables between two repeated trials.
Data were reported as the means and standard deviations for each measure. All the
statistical tests were two-tailed with a statistical significance level of p < 0.05.

4. Results

4.1. Participants Information

A total of 15 participants voluntarily participated in the visual tracking task, with a
mean age of 28 ± 7 years. The sample included 5 males and 10 females. Each participant
completed the five sessions of visual tracking tasks in sequential order from easy to difficult,
with each task difficulty repeated twice. A total of 22 subjects participated in and completed
the laparoscopic surgery task (10 males and 12 females) with a mean age of 22.8 ± 4.6 years.
The participants completed the task from low to high difficulty, with each task difficulty
repeated twice, for a total of six sessions.
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4.2. Correlation Between NASA-TLX Scores and Pupil Size

Using the whole dataset, we conducted a correlation analysis to explore the relation-
ships among original mean pupils, adjusted pupil size, and NASA-TLX scores. The results,
summarized in a correlation matrix (Figure 3), included Pearson correlation coefficients
and scatter plots for visual interpretation. Notably, a moderate positive correlation was
found between the original mean pupil and adjusted pupil size (r = 0.513, p < 0.001), indi-
cating that the adjusted pupil sizes were highly associated with the original mean pupil. A
weaker but statistically significant positive correlation was observed between the original
mean pupil and the NASA-TLX scores (r = 0.312, p < 0.001), suggesting that the increased
workload was moderately associated with the larger pupil sizes. In contrast, the correlation
between the adjusted pupil size and the NASA-TLX scores was weak and not statistically
significant (r = 0.103, p = 0.11). Although not statistically significant, the scatterplots showed
positive linear trends between the adjusted pupil size and the NASA-TLX scores.

 

Figure 3. Correlation plots between NASA-TLX scores and pupil size measurements. The diagonal
panels display density plots illustrating the distributions of each variable. The lower-left panels
present scatter plots with corresponding regression lines, showing the relationships between variables.
“r” represents the Pearson correlation coefficient (r value), with “***” indicating a significance level
of p < 0.001.

4.3. Effect of Task Type on NASA-TLX Scores and Pupil Size Measurements

For the second hypothesis on the effect of task type, the visual representation is
shown in Figure 4. In the visual tracking task, the participants reported a NASA-TLX
score of 47.5 ± 25.6; their original mean pupil size was 3.20 ± 0.34 mm, and the adjusted
pupil size was 0.04 ± 0.12 mm. In contrast, when performing the laparoscopic task, the
participants reported a NASA-TLX score of 63.4 ± 14.3; their original mean pupil size was
4.78 ± 0.70 mm, and the adjusted pupil size was 0.31 ± 0.48 mm. We conducted t-tests
to examine the difference in the NASA-TLX scores and the pupil size between the visual
tracking and the laparoscopic task. Significant group differences were observed on the
NASA-TLX scores (t = −6.23, p < 0.001), original mean pupil (t = −22.57, p < 0.001), and
adjusted pupil size (t =−22.57, p < 0.001). Specifically, the laparoscopic surgery task resulted
in higher NASA-TLX scores and larger pupil sizes—both original and adjusted—compared
to the visual tracking task.
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Figure 4. Bar plots across two task types. Bar plots with error bars comparing different task types for:
(a) NASA-TLX scores, (b) original mean pupil size, and (c) adjusted pupil size.

4.4. Effect of Task Repetition on NASA-TLX Scores and Pupil Size Measurements

To assess the third hypothesis on the effect of task repetition, we first aggregated data
from both the experiments. The visual representation is shown in Figure 5. In the first trial,
the participants reported a NASA-TLX score of 54.4 ± 23.6; their original mean pupil size
was 3.84 ± 0.91 mm, and the adjusted pupil size was 0.19 ± 0.36 mm. In contrast, during
the second trial, the participants reported a NASA-TLX score of 53.0 ± 22.8; their original
mean pupil size was 3.79 ± 0.94 mm, and the adjusted pupil size was 0.09 ± 0.31 mm.
Paired t-tests were conducted to examine the differences in the NASA-TLX scores and
the pupil sizes between the first and second trials. Task repetition was found to have a
significant impact on the NASA-TLX (t = 2.86, p = 0.005), on the adjusted pupil size (t = 6.34,
p < 0.001), and on the original mean pupil (t = 5.50, p < 0.001). Notably, the workload, and
mean and adjusted pupil size were significantly lower during the second trial when the
task was repeated.

 

Figure 5. Bar plots across task trials. Bar plots with error bars depicting the effect of task repetition
on: (a) NASA-TLX scores, (b) original mean pupil size, and (c) adjusted pupil size.

Analyzing each experiment separately, we found that in the visual tracking task,
repetition led to a significant reduction in the adjusted pupil size (t = 11.10, p < 0.001) and
original mean pupil (t = 11.57, p < 0.001). Due to the brief nature of the task one sessions
and the retrospective design of the NASA-TLX assessment, we did not collect NASA-
TLX data between the first and second trials in the visual tracking task. The NASA-TLX
was conducted only once for each difficulty level session. Therefore, data on the effect
of repetition on the NASA-TLX scores was only available from the laparoscopic surgery
task. The laparoscopic task also showed a significant difference in the adjusted pupil size
(t = 2.33, p = 0.02), but no significant difference in the original mean pupil (t = 1.01, p = 0.31)
after repetition.
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4.5. Task Performance

The participants demonstrated significant improvements in both their visual tracking
and laparoscopic surgery tasks between the first and second trials. In the visual tracking
task, the tracking accuracy increased from 0.71 ± 0.30 in the first trial to 0.90 ± 0.18 in the
second trial, indicating a significant improvement (t = 11.57, p < 0.001). For the laparoscopic
surgery task, the mean number of sutures completed rose from 4.19 ± 3.44 in the first trial
to 5.60 ± 3.91 in the second trial, which was a statistically significant difference (t = −4.80,
p < 0.001). Additionally, the mean suture duration decreased from 36.31± 19.20 s in the first
trial to 29.51 ± 16.84 s in the second trial, reflecting a significant reduction in performance
time (t = 2.83, p = 0.01).

5. Discussion

Our study supports our initial three hypotheses. We observed a significantly positive
correlation between the NASA-TLX scores and the original mean pupil size from the overall
dataset. The tasks involving complex eye–hand coordination in the laparoscopic setting
exhibited significantly higher workloads reflected by both the NASA-TLX scores and the
pupil size measurements compared to the visual tracking tasks. In addition, task repetition
was found to decrease pupil size and the NASA-TLX scores, but not the original mean
pupil size in the laparoscopic task.

The synchronized changes between the NASA-TLX scores and pupillary responses
provided strong evidence that well-designed paper-based tools, along with pupil size
measurements, can reliably assess operator workload when used appropriately. Pupillary
response is part of the sympathetic nervous system activation; as the workload increases,
the sympathetic activity rises, leading to physiological responses such as increased heart
rate, respiration, and pupil dilation [44,45]. Although measuring eye-tracking bio-signals
is a logical approach to assessing workload, it requires specialized equipment that must
be attached to operators. The interference caused by these devices can limit their use in
certain situations, such as during surgery [46]. Therefore, paper-based tools alone still offer
a reliable workload assessment in that situation.

We are glad to see that both NASA-TLX and pupil dilation successfully reported
significant differences in two tasks with different difficulty. To make the data comparable,
we maintained consistent environmental conditions for both the tasks to eliminate con-
founding variables such as room illumination and environmental interference. This control
ensured that the changes in pupil size were due to the tasks rather than external factors. The
significantly higher NASA-TLX scores and pupil sizes associated with visuomotor tasks
were consistent with cognitive load theory. Motor control requires additional cognitive
resources beyond visual processing alone, resulting in higher workload and consequently
higher NASA-TLX scores and pupil sizes [47,48].

Task repetition had significant effects on most of the workload measures, except for
the original mean pupil size during the laparoscopic task. Repeating the laparoscopic task
did not result in noticeable changes in the original mean pupil size. This lack of change
may be attributed to the high difficulty inherent in the laparoscopic procedure and suggests
that the original pupil size is less sensitive than the baseline-adjusted pupil size. In contrast,
repetition of the visual tracking task led to significant changes in both the original and
adjusted pupil sizes. This can be explained by the fact that tracking a moving arrow is a
common activity, allowing participants to achieve proficiency and automaticity after only
one repeated trial. Moreover, performance showed significant improvement in both the
tasks, indirectly confirming that repetition reduces trainee workload. These findings are
consistent with prior studies demonstrating the effect of practice in reducing workload [49].

A detailed inspection on pupillary response, this study found that the NASA-TLX
scores correlated only significantly with the original mean pupil size, showing a trend but
not a significant correlation with the adjusted pupil size. However, thee adjusted pupil size
was more sensitive in characterizing the effect of task repetition, suggesting that precaution
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is needed when applying pupillary response to assessing workload, as it can be influenced
by many other variations.

One limitation of this study is that NASA-TLX assessments were not conducted
between the trials during the visual tracking task. As a result, this study was unable
to evaluate how repetition affects NASA-TLX scores in this context. However, previous
studies have shown significant improvements in participants’ performance between trials,
suggesting that trainees did experience reduced workload in the visual tracking task. This
supports the reliability of using adjusted pupil size to reflect changes in workload. In
addition, this study focused only on the average pupil size; many other eye-related metrics
in relation to gaze and pupil oscillation over time are areas for future investigation. The
NASA-TLX, while widely used, is a retrospective tool and may not capture moment-to-
moment workload variations. Furthermore, although factors like lighting, emotional state,
and fatigue were controlled, their influence on pupil size cannot be completely eliminated.

Assessing workload is essential in high-stakes environments. By understanding how
objective and subjective measures correlate, we can use eye-tracking technology to more
accurately evaluate workload and strengthen its alignment with subjective assessments.
Instructors and educators can proactively intervene, pausing tasks or reducing their com-
plexity to prevent cognitive overload during training. Such approaches are especially
valuable in the scenarios demanding rapid, imaging-guided decision-making, such as
surgery and aviation [50,51]. Additionally, recognizing how task type and repetition in-
fluence workload measures can help shape training programs, guiding adjustments when
integrating motor components or design training task repetitions.

6. Conclusions

This study contributed to a better understanding of how subjective and objective
measures of workload relate to each other in complex imaging-guided task environments
and provides a practical basis for future workload assessment using eye tracking.

The main research finding revealed a significant, moderate correlation between NASA-
TLX scores and pupil size measurements, supporting the use of eye tracking as an objective
tool for assessing workload. Furthermore, this study clarifies how tasks involving eye–
hand coordination differ from purely visual tasks in their impact on both subjective and
objective workload indicators, and how repetition practice influences these measures.

Future research includes investigating additional eye-tracking metrics such as saccades
and pupil size fluctuations, including indices like the Index of Cognitive Activity and the
Index of Pupillary Activity [52]. It is also necessary to examine how these biological signals
correspond to subjective assessments within more complex human–computer interfaces,
such as virtual reality. Finally, exploring the generalizability of the relationship across
different tasks, environments, and populations is another valuable future direction.
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Abstract: The human pupil changes size in response to processing demands or cognitive (work)load
and emotional processing. Therefore, it is important to test if automatic tracking of cognitive load by
pupil-size measurement is possible under conditions of varying levels of emotion-related processing.
Here, we investigated this question in an experiment simulating a highly relevant applied context
in which cognitive load and emotional processing can vary independently: a clinical interview.
Our participants conducted a live clinical interview via computer monitor with a confederate as
an interviewee. We used eye-tracking and automatic extraction of participants’ pupil size to monitor
cognitive load (single vs. dual tasks, between participants), while orthogonally varying the emotional
content of the interviewee’s answers (neutral vs. negative, between participants). We ensured
participants’ processing of the verbal content of the interview by asking all participants to report
on the content of the interview in a subsequent memory test and by asking them to discriminate
if the answers of the interviewee referred to only herself or to somebody else (too). In the dual-
task condition, participants had to monitor additionally if the facial emotional expressions of the
interviewee matched the content of her verbal responses. Results showed that pupil-size extraction
reliably discriminated between high and low cognitive load, albeit to a lower degree under negative
emotional content conditions. This was possible with an algorithmic online measure of cognitive
load as well as with a conventional pupil-size measure, providing proof of the external validity of the
algorithm/online measure.

Keywords: pupil dilation; eye-tracking; interview; task demands; emotional processing

1. Introduction

In research on ergonomics in general and human–machine interactions in particular,
but also in many clinical or educational settings, technical applications aim to track humans’
current processing demands under varying, real-world conditions. Examples are the
presentation of information “just in time” (e.g., when users have a higher likelihood of
processing the information), warning the user via visual signals in cases where cognitive
load reaches levels that significantly increase the chances of missing crucial information, or
monitoring an audience in an educational context to gauge the speed or rate of information
presented and processed (cf. [1–5]). Cognitive demands or load and its tracking are therefore
a major topic in medical education and applied clinical settings [6]. Clinical interviews, for
example, are often conducted under highly distracting conditions (e.g., in an emergency
room) and, yet, the correct processing of the information presented is of the highest
relevance in this situation (e.g., to decide if a patient needs to be admitted to the hospital,
yes or no) [7]. The problem is aggravated by the fact that self-report measures of cognitive
load or demands do not necessarily converge. For instance, Naismith et al. [8] used different
self-report measures of cognitive load in simulation-based medical training and found
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little convergence between these measures. For these reasons, researchers seek to identify
unobtrusive, pervasive, and affordable technology to track processing demands or cognitive
load in areas such as the workspace or educational institutions [9]. One such technology
is eye-tracking (e.g., [10–12]). Here, one dependent variable suited to track processing
demands or cognitive load is pupil diameter (cf. [13–15]). Higher cognitive load elicits
a pupil dilation and, accordingly, research has indicated that measured pupil diameter
can be used to successfully discriminate between more or less demanding conditions or
conditions requiring more or less mental effort (e.g., [16–19]).

However, a general problem that complicates the read-out of processing demands or
cognitive load from measured pupil sizes is that pupillary dilation is a relatively unspecific
response elicited by a variety of different conditions, not all of which are diagnostic of
cognitive load (e.g., [20]). Among the critical triggers of pupillary responses are changes in the
ensuing luminance level (e.g., [21,22]), saccades ([23,24]), felt emotions (e.g., [25–27]), value
(e.g., [28,29]), arousal (e.g., [30,31]), psychoactive substances (e.g., [32]), and pathological
conditions on the side of the observer (e.g., [33]). Thus, many factors that independently
modulate the pupillary response pose a threat to the successful measurement of cognitive
load from pupil dilations. For example, if an emotion such as joy or anger, elicits a pupil
dilation, there is potentially less room for a load-specific response on top of the one triggered
by the emotion [34,35]. This can be a problem, as the valence of the processed content can
vary independently of cognitive load. To understand this, think of a clinical interview
(e.g., [36,37]). In such a situation, the demands imposed on the interviewer can vary
depending on whether the interviewer has to encode only verbal responses of the patient
or whether she also pursues additional aims, such as evaluating emotional content by
classifying nonverbal expressions, such as mimic and gestures (cf. [38–40]). At the same
time, in this situation, the emotional content of the answers may vary (cf. [41]). Sometimes
the interviewee might relate emotionally neutral content such as her age or occupation, but,
at other times, the interviewee might also talk about personal traumatic or stressful past
experiences. The emotional valence of the responses can be entirely independent of the
cognitive demands imposed by the task—for example, whether the interviewer processes
only verbal or verbal and nonverbal communication. Thus, in such a situation, monitoring
the cognitive load imposed on the interviewer by measuring pupillary responses may
be reduced. For example, if an emotional response already triggers pupil dilation, there
would maybe be less room for a pupil response to the higher demands. Thus, it might
be difficult to identify questions or phases of the interview where difficulty increases and
where questions possibly have to be rephrased.

Can load be assessed through pupillary responses in all such cases? It should be
noted that emotional effects can impact pupil sizes by effects that do not correspond to
a cognitive-load effect itself. It is true that, for example, some emotional processing such as
an observer’s anxiety may draw on her or his limited capacity and, thus, impose a cognitive
load itself [42]. In such cases, emotional and load effects converge to increase load, and
there is no need to tell the two apart and to derive a pure measure of load. However,
other emotional content besides one’s own felt stress or anxiety can also elicit pupillary
changes, but these are load-independent effects. In these cases, to make use of a pupil-based
load measure, it is important to tell apart which pupil-size changes are true reflections
of cognitive load and which are due to emotions. For example, it would be important to
know if the emotion-specific but load-independent pupillary effect limits the sensitivity
of the pupil’s response to an additional load effect. It is exactly such a situation, where
emotion and load lead to independent effects on pupil size, that we studied in the present
research. We did this with a clinical interview in which patients—in fact, a confederate of
the experimenter—voiced more neutral or more negative content. Here, the more negative
content is independent of the cognitive load per se, and, thus, has the chance to compromise
our cognitive-load measure by load-independent means.

As explained, clinical interviews are common practice and an important tool in diag-
nosis, methods to understand and improve their application are needed [43,44]. Therefore,

83



Appl. Sci. 2024, 14, 11714

the present study investigated exactly the question of whether varying processing demands
can be successfully and unobtrusively tracked by measurements of pupil dilation under
conditions of varying emotional content of the answers of the interviewee. To this end, the
current study used four different groups varying with respect to the processing demands
or cognitive loads on the one hand, and independently of the load with respect to the
emotional content of the answers, on the other hand. All participants acted as interviewers
conducting an interview with a confederate of the researchers that gave prepared verbal
answers and displayed generic mimics and gestures. Participants in two of the groups
had to monitor the verbal content of the answers of the interviewee only, both for current
classification of the responses in the course of the interview (by button presses) and for
later recall (in a memory test). These were the low-load or low-demand (L) conditions. Par-
ticipants in the other two groups had to monitor both the verbal and nonverbal content of
the interviewee, again for current classification of the responses during the interview and for
later recall. These were the high-load or high-demand (H) conditions. In each of the two load
conditions, one group of participants heard more neutral, less emotional answers (NEU),
while the other group heard less neutral, more negative (NEG), and, thus, more emotional
answers. Thus, there were four groups (NEUL, NEUH, NEGL, and NEGH) altogether.

To track the processing demands, we measured the pupillary responses of the inter-
viewers with an eye-tracker and analyzed the data conventionally, and also used an algo-
rithm that automatically subtracts light-elicited pupillary responses [19]. This algorithmic
measure of cognitive load could be used online, with little temporal delay between record-
ing and resulting identification of cognitive load experienced. Yet, it stands as external
validation by comparison with a more conventional pupil-size measure. This was what
we did in the current study: We compared how the algorithm faired in comparison with
a standard measure of pupil dilation under the relatively uncontrolled conditions of an in-
terview. In addition, we took various measures of objective task performance, such as
the interviewer’s correct classifications of both the verbal (in L and H groups) as well
as nonverbal responses (H groups only) during the interview, and of the interviewer’s
performance in a subsequent memory test about the content of the interview. We also
collected several measures of the interviewers’ self-assessment regarding both the emotions
experienced during the interview as well as the felt subjective demands imposed by the
interview and tasks.

The following were our hypotheses:

Hypothesis 1. If the algorithm for automatic extraction of the cognitive load through pupillary
responses serves its purpose, we expected to see the above-chance classification of our participants
into those that experienced higher processing demand versus those that experienced lower processing
demand. If external validity is granted, we also expected a good correspondence between the
algorithmic measure and the more conventional measurements of cognitive load based on subtracting
pupillary light responses as a baseline from conditions in which the same pupillary light response is
likely elicited but on top of this cognitive load triggers a pupil dilation.

Hypothesis 2. However, because emotions can elicit pupil dilation, just as the task demands, we
also expected this classification to work better under conditions with neutral rather than emotional
(here, negative) response content. As a ground truth, we also used raw pupil size measured by
the eye-tracker itself, without the preprocessing steps taken by the algorithm such as its automatic
modeling of an impulse corresponding to the pupillary light response. To this end, raw pupil sizes
during a baseline phase of the interview were subtracted from raw pupil sizes measured during
the manipulated parts of the interviews (“during manipulation” in short) that varied according to
response content (neutral vs. negative) and task or processing demands (low vs. high). The resulting
differences were analyzed with a 2 × 2 analysis of variance (ANOVA), with between-participant
variables processing demand (low vs. high) and verbal content (neutral vs. negative).
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Hypothesis 3. Here, we expected a main effect of task load/processing demand, with larger pupil
sizes under high- than low-load conditions (cf. [34]) and possibly a main effect of emotion, with
larger pupil sizes under negative than under neutral-content conditions (e.g., [25]; but see [35]
for an example of failure to observe emotion-elicited pupil dilations with verbal material of varying
task difficulty).

Hypothesis 4. In addition, we expected to see an interaction, for example, a compromised cognitive-
load effect under emotional conditions compared to neutral conditions if the emotion-elicited pupil
dilation can mask or compromise the processing demands.

Hypothesis 5. Finally, we looked into the correlation between the algorithmic cognitive-load
measure and the ground truth and expected a significant and substantial correlation between the
measures, corresponding to external validation of the algorithmic cognitive-load measure.

Besides these most important analyses, we also analyzed objective task performance
and subjective assessments, where we would have expected better objective performance
under low than high task-load conditions, lower interviewers’ self-assessed effort and de-
mands under low- than under high-load conditions, or more positive ratings under neutral-
than under negative-content conditions. In addition, to study the proper functioning of the
automatic extraction of the light-elicited pupil response from the algorithmically extracted
cognitive-load measure, we correlated these two values and expected no correlation be-
tween the two measures. In contrast, if the light-elicited pupillary response can limit the
available room for a cognitive-load response, we might see a negative correlation between
the two measures, meaning on average fewer pupillary responses to higher demands under
darker than under lighter conditions.

2. Methods

2.1. Participants

Forty psychology students from the University of Vienna participated in the exper-
iment (27 female, 13 male, Mage = 22.2, range 19–29 years). The sample size was based
on an a priori power calculation assuming a small effect size (η2 = 0.20), striving for a sta-
tistical power of 0.8, and allowing an alpha error of 0.05. Participants were randomly
assigned to one of four groups: neutral content/low workload (NEUL; nine participants),
neutral content/high workload (NEUH; nine participants), negative content/low workload
(NEGL; nine participants), and negative content/high workload (NEGH; nine participants).
Four participants had to be excluded from the study: Two due to a faulty dataset, where
data from the eye-tracker were missing and could not be evaluated correctly. One par-
ticipant’s dataset in the NEUH group had to be excluded since he/she did not perform
the Verbal–Visual Task. One participant in the NEGH group had to be excluded due to a
very small pupil size at the start. Each participant received partial course credit and had
normal or corrected-to-normal visual acuity. Prior to the experiment, informed consent
was obtained from all participants. Ethical approval (No. EK_00617) was obtained from
the University of Vienna’s Ethical Review Board.

2.2. Procedure and Task

Participants wore a head-mounted eye-tracker and were asked to conduct an adapted
clinical interview with another person and to additionally ask about the interviewee’s
experiences with health issues in her family. The interview was conducted via an online
video-call using BigBlueButton (2021). Participants were told to read and ask 67 questions
(see Supplementary Tables S1–S5) in sequence and wait until the interviewee had responded
to each question before asking the next question.

Unbeknownst to the participants, the person to whom they were interviewing (i.e., the
interviewee) was a trained confederate of the experimenters, who had been informed about
the study’s aim beforehand. The confederate answered the questions of the participant in a
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fixed, prescribed manner, either in an on average more negative (e.g., “My mother died
after she was diagnosed with corona”) or a more neutral (e.g., “My mother was quarantined
after she was diagnosed with corona”) manner. In addition, the confederate also used
pre-specified and practiced emotional facial expressions and gestures (e.g., frown and/or
lower her gaze) during her responses.

Out of the 67 questions, 7 were pre-experimental information questions and another 11
were used as baseline questions. The interviewee’s answers to these pre-experimental and
baseline questions were the same, regardless of which emotional content group participants
were assigned to (i.e., regardless of the manipulation). The participants’ pupil responses to
the baseline questions served as a reference for comparison with the pupil responses in the
later, manipulated part of the experiment (see below), as both the content of the questions
and of the answers during baseline and manipulation touched upon less socially desirable
personal information about the behavior and or the experiences of the interviewee. After
the baseline questions, participants were instructed to ask another 49 questions, the answers
to which were manipulated and depended on the group the participants were assigned to.
This part of the interview was labeled the “manipulation”. In the neutral emotional content
condition (low and high cognitive load; NEUL and NEUH), the interviewee answered
the participant’s questions in a neutral manner (see Supplementary Table S4). In contrast,
in the negative emotional content condition (low and high cognitive load; NEGL and
NEGH), the interviewee answered participants’ questions in a more negative manner
(see Supplementary Table S5). The difference between pupil sizes during baseline and
manipulation was the conventional measure of demand-elicited pupillary changes during
the manipulation, as the lighting conditions during baseline and manipulation were the
same and the two phases of the experiment differed only in terms of the workload and the
emotional content of the answers. The interview itself lasted between 25 and 30 min.

Regarding the tasks, all participants had to remember as much of the interviewee’s
responses as they could, since they were tested for their memory of the interview afterward.
Participants’ mental or cognitive (work)load was manipulated by giving participants
one or two tasks. One of these tasks was the same for all participants: Participants had to
discriminate if the interviewee only referred to herself while giving an answer, or if she
mentioned anybody else as well. If she only talked about herself, participants were to press
the “Y” key on the keyboard at the end of an answer, while they were to press the “X” key
if the interviewee mentioned someone else (“Verbal Task”). In addition, participants in the
high-load conditions (NEUH and NEGH) were asked to discriminate the match between
the interviewee’s facial expressions and the content of her verbal responses. If they were
congruent (e.g., frowning while telling them that her mother had died), participants had to
press the “P” key, but if they were incongruent (e.g., smiling while telling them that their
mother died), they had to press the “O” key at the end of an answer (“Verbal–Visual Task”).

2.3. Apparatus and Material

The interview was conducted in a dimly lit laboratory, where the only light source
was the monitor. The interview was conducted via a 31 cm × 28.5 cm monitor (reso-
lution, 1920 pixels × 1080 pixels; 60 Hz screen refresh rate). Participants were seated in
front of the monitor, with their gaze straight ahead, centered on the screen. Viewing
direction and distance (60 cm) were supported by a chinrest. Participants wore a mo-
bile, video-based eye tracker (Pupil Labs, Berlin, Germany; [45]), sampling at 60 Hz,
with an estimated gaze accuracy of 0.6◦ (according to the manufacturer). A PC run-
ning Windows 10 (Microsoft, Redmond, WA, USA) and Pupil Labs software (pupil-
labs.com/pupil/; version 3.0.7, accessed on the 8 October 2021) was connected to the
eye-tracker for recording of pupil size, eye movements, and the external visual surround-
ings. The Pupil-Player software ran with default settings, and the eye-tracker was cal-
ibrated before the start of the interview as instructed by the pupil-labs documentation
(https://docs.pupil-labs.com/core/software/pupil-capture/, accessed on the 8 October
2021). Participants also wore headphones (Gindoly PC Headset with microphone). BigBlue-
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Button was used for the video-call, in which participants were able to see the interviewee
via webcam. PyCharm Community Edition 2020.2.3 was employed for the interview ques-
tions and response collection. Participants responded on a standard “QWERTZ”-keyboard.
The interview consisted of seven pre-experimental questions, 11 baseline questions, 16 ques-
tions regarding the COVID-19 pandemic, and 33 reworded questions from the Diagnostic
Interview for Mental Disorders (DIPS; [46]). Following the interview, a questionnaire con-
sisting of 10 items tested whether participants paid attention to and, hence, recollected the
content of the interviewee’s responses. Additionally, participants were asked to fill out the
NASA-Task-Load-Index (NASA-TLX; [47]) and the Self-Assessment Manikin (SAM; [48])
at the end of the interview to measure their self-assessed felt emotional state and mental
workload during the interview. Lastly, participants were asked whether they felt that the
interview was faked (that they knew that the interviewee was actually a confederate of the
researchers) to see if the credibility of the confederate’s answers influenced participants’
self-assessments and/or their performance.

2.4. Eye-Tracking Data Processing

The pupil data were exported using the Pupil Player v3.0.7 with minimum data
confidence of 0.6. Confidence is an assessment by the pupil detector on how sure it is about
the measurement. This measurement is taken for each frame and each eye. Pupil labs
suggests that any confidence value greater than 0.6 corresponds to useful data. Further
data processing was conducted using PyCharm Community Edition 2020.2.3. The whole
dataset was reduced to a single eye, which was chosen because of its higher overall
average confidence. The extracted pupil data of the Pupil Player provide two types
of pupil diameter values: one 3D-corrected diameter of the pupil scaled to millimeters,
based on an anthropomorphic average eyeball diameter and corrected for perspective and
one raw diameter in image pixels as observed in the eye image frame and not corrected for
perspective. We used the latter for our analysis. The data were further restricted to those
sections in which the interviewee gave her answers, removing all sections in which the
participant read the questions to the interviewee. Artifacts (such as unexplainable spikes
and dips in pupil-size measurements).

2.5. Extraction of Cognitive Load

The analysis of cognitive load is obtained via an algorithm for online analysis of cogni-
tive load from pupil data (see [49]) that have been validated for their internal validity [19].
With the conditions of the study not being fully stable in terms of the changing video
luminance and with the majority of pupillary activity being associated with reflexes to
environmental luminance and not mental activity, we added a component to model and
compensate these environmental effects to obtain a reliable estimation of cognitive load.

For this purpose, we implemented a dynamic baseline to compensate for environmen-
tal changes by exploiting the first-person camera as a luminance sensor. These luminance
data were being fed into empiric models of pupillary reflex behavior [50] to obtain a corre-
sponding score of luminance-related pupil dilation, and temporal adaption of pupillary
behavior [51] and to compute realistic temporal adaptions of the pupil (for a detailed
description of the modeling of the dynamic baseline, please refer to Gollan [49]).

As a next step, the dynamic baseline is subtracted from the measured pupil dilation
score to obtain the effects that are associated with arousal and accordingly cognitive
load. These data are processed by the cognitive-load analysis (see [49]), which uses the
mathematical modeling of the task-evoked pupillary response (TEPR) [52] to measure
cognitive load. This empirical model of pupillary response to cognitive activities has been
transferred into an online analysis algorithm [49]. The online deconvolution algorithm
performs a curve-matching approach in a frame-wise feedback loop. To be precise, the
algorithm measures the difference between the current modeled pupil value and the current
actual pupil dilation measure. If this difference exceeds a threshold of 0.25% change in
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pupil dilation, a new attentional pulse, wi(si, ti), with scale si and temporal onset ti, is
dynamically added to the list of attentional impulses.

3. Results

3.1. Conventional Pupil-Size Measures

Looking at the average pupil-size responses, two trends could be observed. First, a
very small pupil size at the start of each answer relative to the participant’s average pupil
size. This was likely caused by the pupillary light reflex in response to the difference in
screen luminance from a screen on which participants had read a question to an image of
the interviewee while she answered the question. Second, we can see a rise in average pupil
size between answers to baseline questions (Questions 8 to 18) and answers to questions
differing in emotional content (between groups; Figure 1).

 

Figure 1. Average pupil diameter in pixels as a function of the answer, separately for different groups
(NEUL: neutral content/low load; NEUH: neutral content/high load; NEGL: negative content/low
load; NEGH: negative content/high load). The two dotted lines in the colors of each group show the
corresponding condition’s difference in average pupil size between baseline questions (bottom line)
and manipulation questions (top line).

This increase in pupil diameter from the baseline to the manipulation—that is, the
interviewee’s emotionally more or less negative responses, can be found in every single
participant. When comparing the pupillary changes between groups, the largest average
change between the baseline and the manipulations occurred in the high-mental-workload
conditions (NEUH: with a delta of 3.134 pixels; NEGH: with a delta of 2.786 pixels),
followed by participants in the low-workload/negative-content group (NEGL: delta of
1.260 pixels), and lastly the participants in the NEUL group (delta of 0.607 pixels). Although
Figure 1 shows that participants in the NEGH Group have had the smallest pupil diameter
of all groups, this only means that the average pupil diameter in this group was smaller in
the baseline condition to begin with. Figure 2 underlines the difference in pupil diameter
change between the baseline and the manipulation in all groups. While participants in the

88



Appl. Sci. 2024, 14, 11714

NEUL group showed the smallest increase in pupil diameter, when the baseline average is
subtracted from the average during manipulation, participants in the NEUH group show
the biggest increase. Participants in the NEGL group as well as those in the NEGH group
showed a similar difference, suggesting that the increase in pupil size due to the emotional
content quantitatively limited the influence of mental workload on pupil size.

 

Figure 2. Median diameter changes (black horizontal lines), corresponding quartiles (colored areas
above and below the horizontal lines), minima and maxima (whiskers), and individual values
(colored dots) of pupil diameter differences between baseline and manipulation on the y axis as a
function of condition/Group (low workloads on the left, high workloads on the right; neutral-content
conditions in blue, negative-content conditions in red) on the x axis.

An ANOVA yielded a significant main effect of workload, F(1, 35) = 6.95, p = 0.013,
η2 = 0.17, but the influence of Emotion, F(1, 35) = 0.03, p = 0.858, η2 = 0.002, and the
interaction, F(1, 35) = 0.32, p = 0.576, η2 = 0.01, were not significant. A post hoc t-test
between low- (M = 0.49, SD = 3.14) and high-workload conditions (M = 3.53, SD = 3.68)
showed significantly smaller pupillary changes in low-workload conditions compared to
high-workload conditions, t(35) = −2.667, p = 0.012, η2 = 0.89.

Further calculations showed that the main effect of workload was due to a faster
average shrinking of pupil sizes of participants in the low-workload conditions over the
course of the interview compared to participants in the high-workload group. A point of
divergence, from which the pupil size of the low-workload groups significantly differed
from those of the high-workload groups, is the 27th question in the interview: An ANOVA
using only questions after the 27th question yielded a very similar pattern of results as
the initial ANOVA, Workload: F(1, 35) = 7.73, p = 0.009, Emotion: F(1, 35) = 0.05, p = 0.818,
and Workload × Emotion: F(1, 35) = 0.39, p = 0.537. The results were similar when
only including trials in which participants correctly responded to both the Verbal Task
as well as the Verbal–Visual Task (the latter only for participants in the high-workload
conditions), Workload: F(1, 35) = 6.90, p = 0.013, Emotion: F(1, 35) = 0.15, p = 0.699, and
Workload × Emotion: F(1, 35) = 0.13, p = 0.725.
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For the following analyses, participants were divided into two groups based on their
self-assessment scores in the NASA-TLX’s subscale “Mental-Demand” and the SAM’s
subscale “Happiness” (see Figures 3 and 4, respectively). Participants who scored equal or
below the median score in the respective subscales were assigned to the “low” group, while
those who scored above were assigned to the “high” group, and the resulting classifications
were tested for their correspondences (with correspondence indicated by the symbol “~”
in Figure 3) to the manipulations (i.e., NASA-L/SAM-HAP ~ NEUL, NASA-H/SAM-
HAP ~ NEUH, NASA-L/SAM-SAD ~ NEGL, NASA-H/SAM-SAD ~ NEGH).

 

Figure 3. Average pupil diameter in pixels on the y axis as a function of the answer on the x axis,
separately for different groups or conditions based on self-assessments (NASA-L, SAM-HAP ~ NEUL:
low demand/happy mood; NASA-H, SAM-HAP ~ NEUH: high demand/happy mood; NASA-L,
SAM-SAD ~ NEGL: low demand/sad mood; NASA-H, SAM-SAD ~ NEGH: high demand/sad
mood). The two dotted lines in the colors of each graph showing the corresponding condition’s
difference in average pupil size between baseline and manipulation (questions). NASA: NASA Task-
Load-Index; SAM: Self-Assessment Manikin; NEU: neutral-content condition; NEG: negative-content
condition; H: High; L: Low.

When comparing the pupillary changes between groups based on their self-assessments,
the results of the ANOVA were not significant, showing that the self-assessments should
be interpreted with caution, all Fs < 1.00 (NASA-TLX-Values, F [1, 35] = 0.34, p = 0.565,
η2 = 0.01; SAM-Values, F[1, 35] = 0.02, p = 0.902, η2 = 0.001; (NASA-TLX-Values × SAM-
Values, F[1, 35] = 0.419, p = 0.522, η2 = 0.01).

We also collapsed data across self-assessed emotions to check if this improves the
picture. However, a two-sample t-test of pupil diameter changes between participants who
scored high (which means that participants felt a high mental demand during the task) in
the NASA-TLX subtask “Mental-Demand” (M = 2.37, SD = 4.02) and those who scored
low (M = 1.63, SD = 3.51) showed no significant difference either, t(35) = −0.589, p = 0.559,
η2 = 0.2 (see Figure 5).
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Figure 4. Median diameter changes (black horizontal lines), corresponding quartiles (colored areas
above and below the horizontal lines), minima and maxima (whiskers), and individual values
(colored dots) of pupil diameter differences between baseline and manipulation on the y axis as
a function of condition/Group (low self-assessed mental-demand scores on the left, high self-assessed
mental-demand scores on the right; low self-assessed happiness scores in orange, high self-assessed
happiness scores in blue) on the x axis. SAM: Self-Assessment Manikin.

 

Figure 5. Pupil diameter on the y axis as a function of the question answered on the x axis and whether
participants scored high (red graph) on the NASA Task-Load-Index (NASA-TLX “Mental-Demand”
subscale) or if they scored low (blue graph). The colored horizontal lines depict the averages of the
baseline (lower respective lines) and the manipulation (upper respective lines).
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The comparison of pupil diameter changes between participants who believed that the
interview was fake (M = 1.70, SD = 4.58) and those who believed that it was real (M = 2.17,
SD = 3.09) showed no significant difference either, t(35) = 0.369, p = 0.715, η2 = 0.12 (see
Figure 6). This is not very surprising given that the workload manipulations were real,
such that the beliefs regarding the authenticity of the interviewee should not corrupt the
demands imposed by the task(s) at hand.

 

Figure 6. Pupil diameter on the y axis as a function of the question answered on the x axis and
whether participants believed the answers were veridical (red graph) or fake (blue graph). The colored
horizontal lines depict the averages of the baseline (lower respective lines) and the manipulation
(upper respective lines).

3.2. Algorithmically Extracted Workload Measure

The same analysis was conducted using data derived from a “cognitive workload”
algorithm, which subtracts the light-elicited pupillary changes ([19]). Quantitatively, the
pattern of results is overall similar to that using the raw pupillary changes, with the
exception of that of the NEGH Group (see Figure 7).

The increase in cognitive load between the baseline and the manipulation was, again,
found in every single participant. When comparing the cognitive-load changes between
groups, the largest average change between the baseline and the manipulations occurred
in the high NEGL condition (NEGL: with a delta of 6.27), followed by participants in the
high-workload/neutral-content group (NEUH: delta of 5.45), and lastly the participants in
the NEGH group (delta of 4.47) and the NEUL group (delta of 3.45). Figure 8 illustrates
the difference in cognitive-load change between the baseline and the manipulation in all
groups. While participants in the NEUL group showed the smallest increase in cognitive
load when the baseline average was subtracted from the average during manipulation,
participants in the NEUH group as well as those in the NEGL group showed similar
increases. Participants in the NEGH group showed a rather small increase in cognitive load
as well.
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Figure 7. Average cognitive workload (according to the algorithm) on the y axis as a function of the
answer on the x axis, separately for different groups or conditions (NEUL: neutral content/low load;
NEUH: neutral content/high load; NEGL: negative content/low load; NEGH: negative content/high
load). The two dotted lines in the colors of each graph show the corresponding condition’s difference
in average calculated cognitive workload between baseline and manipulation (questions).

 

Figure 8. Median cognitive-load changes (black horizontal lines), corresponding quartiles (colored
areas above and below the horizontal lines), minima and maxima (whiskers), and individual values
(colored dots) of cognitive-load (CogLoad) differences between baseline and manipulation on the
y axis as a function of condition/Group (low-workload manipulation on the left, high-workload
manipulation on the right; neutral-content conditions in blue, negative-content conditions in red) on
the x axis.
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An ANOVA yielded a significant interaction between the workload and emotional con-
tent manipulation, F(1, 35) = 4.77, p = 0.036, η2 = 0.13, but neither the workload manipulation,
F(1, 35) = 1.38, p = 0.248, η2 = 0.04, nor the main effect of emotion, F(1, 35) = 0.44, p = 0.509,
η2 = 0.01, were significant. In neutral emotion conditions, a pairwise post hoc t-test between
low- (M = 4.64, SD = 3.43) and high-workload conditions (M = 6.96, SD = 3.21) showed
significantly smaller pupillary changes in low-workload conditions compared to high-
workload conditions, t(35) = −2.108, p = 0.047, η2 = 0.7. In contrast, in negative emotion
conditions, the t-test between low- (M = 5.42, SD = 3.49) and high-workload conditions
(M = 6.18, SD = 3.52) did not show a significant change in pupil size, t(35) = −0.651,
p = 0.047, η2 = 0.7. This result was due to a load effect in the neutral conditions that
numerically even slightly reversed under negative conditions.

3.3. External Validation of Algorithmically Extracted Workload Measure

As explained, the algorithmic cognitive-load measure provides a continuous simula-
tion of the pupil response to the current task that is free of a luminance-created contribution
to the same pupillary response. To externally validate the cognitive-load algorithm, we
looked at the observed correlations between ground truth and algorithmically derived
cognitive-load measures. Ground truth was calculated in the conventional way, by sub-
tracting average baseline pupillary size from the pupillary size at a precisely defined point
in time during the manipulation phase. Note: This ground-truth method aims to eliminate
the influence of luminance on the pupillary response in the manipulation phases and,
thus, corresponds in conventional offline calculations of pupillary responses to what the
cognitive-load algorithm does online. To calculate these observed correlations, we first
selected the strongest maxima (or highest local peaks) in the modeled cognitive-load re-
sponses. In this way, we targeted points in time of assumedly highest signal-to-noise ratio
and strongest change in cognitive load across time. In addition, to generalize the insights
gained by correlations between the algorithmic model and the ground truth measure, we
repeated this method for 20 time points randomly selected from a period of 250 ms before
and after a local maximum of the algorithmic impulses.

For the pupil response to each answer of each participant, we correlated the algorith-
mic cognitive-load measure and baseline corrected pupil-size changes (for example, see
Figures 9 and 10).

After calculating a correlation per individual question and for each participant, mean
correlations for each participant (see Supplementary Table S6) and for each group were
calculated: NEUL: R2 = 0.634; NEUH: R2 = 0.652; NEGL: R2 = 0.565, NEGH: R2 = 0.648.
To statistically assess the presence or absence of significant correlations in our observed
correlations, we applied a nonparametric resampling procedure. To this end, we randomly
reshuffled individual samples of ground truth and algorithmic measures of all used pupil-
lary responses per each participant and, thus, separately per group. We then calculated
correlations on the reshuffled data described above for the observed data and repeated this
procedure 10,000 times. This created a distribution of 10,000 correlations per participant,
from which we determined the statistical thresholds (p = 0.0125; i.e., Bonferroni corrected
for tests in four separate groups). In other words, only observed correlations exceeding
98.75% of the surrogate correlations were deemed significant. The assessment showed a sig-
nificant difference between observed measurements and randomly shuffled measurements
in each participant and for each answer.

The same nonparametric resampling procedure was conducted to assess a difference in
correlation between all four groups. Here, we observed a significantly reduced correlation
between ground truth and cognitive load in the NEGL group: (NEUL-NEGL: p = 0.004;
NEUH-NEGL: p < 0.001; NEGH-NEGL: p = 0.001). This loss in correlation might also be
related to the missing evidence for a clear cognitive-load-dependent pupil-size effect in the
NEGL group compared to the NEGH group.
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Figure 9. Example data and modeled cognitive load from a single participant’s pupil response (size
change in pixels) during a single answer of the interviewee (here, to Question No. 5). The black line
reflects measured pupil size in pixels, and the blue line reflects modeled cognitive load.

Figure 10. Correlation between modeled cognitive load according to the algorithm (y axis) and ground
truth (i.e., pupil size during manipulation minus pupil size during baseline; x axis) of 20 points in
a window from 250 ms before to 250 ms after peaks (or local maxima) in the modeled measure of
cognitive load during a single answer of one participant. The red line reflects assumption of perfect
correlation, the blue dots reflect the actual correlation between measured pupil sizes and cognitive load.

95



Appl. Sci. 2024, 14, 11714

A boxplot diagram with each participant of each group, showing the ranges of all
correlation scores per answer provides additional descriptive data on the found correlations
(see Figure 11).

Figure 11. Boxplots showing all correlations (on the y-axis) for each of the nine participants in each
group. Each boxplot shows the distribution of R2 scores of a specific participant, with one score per
answer during the manipulation phase. Black horizontal bars indicate mean correlations, green areas
depict quartiles of the distributions, whiskers depict maximal and minimal correlations, and the
gray diamonds depict outliers that have been removed for the calculations. Boxplots are sorted in
ascending order of the mean R2 scores from left to right. CogLoad: modeled cognitive load according
to the algorithm.

In addition to correlating the changes in cognitive load to the changes in pupil size, we
conducted a Pearson correlation showing the correlation between the algorithm’s extracted
cognitive load and the light-elicited pupillary changes. In the first step, we observed that
changes in measured luminance, mostly due to the changes between question and answer
displays, were negatively correlated, r(1,262,808) = −0.55, p < 0.001. This was as expected
since higher luminance should lead to pupillary constriction. In contrast, in the second
step, though significant due to a huge number of trials, we observed almost no meaningful
correlation between changes in luminance and cognitive load, r(1,262,808) = 0.02, p < 0.001.
Together, results suggested that (1) changes in pupil size due to changes in luminance
were successfully captured and that (2) luminance-elicited pupillary responses did not
compromise the sensitivity of the algorithm for detection of cognitive load.

3.4. Self-Report Data

The participants’ subjective assessment of task difficulty was measured using the
NASA-TLX), as can be seen in Figure 12. Consistently lower felt mental demand was
observed in neutral relative to negative conditions rather than in low-load relative to high-
load conditions (Emotion: F[1, 35] = 5.69, p = 0.023; Workload: F[1, 35] = 0.88, p = 0.355;
Interaction: F[1, 35] = 1.89, p = 0.179), where the post hoc t-test revealed significantly higher
levels of mental demand in the negative conditions (M = 3.33, SD = 4.23) than in the neutral
conditions (M = −0.33, SD = 5.06), regardless of workload manipulation, t(35) = −2.35,
p = 0.024, η2 = 0.78. A relatively similar difference concerned participants’ felt physical
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demand (Emotion: F[1, 35] = 6.28, p = 0.017; Workload: F[1, 35] = 0.25, p = 0.619; Inter-
action: F[1, 35] = 1.572, p = 0.219) where the post hoc t-test revealed significantly higher
levels of physical demand in the negative conditions (M = −3.39, SD = 4.46) than in the neutral
conditions (M =−6.72, SD = 3.43), regardless of workload manipulation, t(35) =−2.51, p = 0.017,
η2 = 0.84, and felt frustration (Emotion: F[1, 35] = 7.99, p = 0.008; Workload: F[1, 35] = 0.20,
p = 0.658; Interaction: F[1, 35] = 0.01, p = 0.929) during the interview, where the post
hoc t-test revealed significantly higher levels of frustration in the negative conditions
(M = −2.22, SD = 5.81) than in the neutral conditions (M = 3.06, SD = 5.07), regardless
of the workload manipulation, t(35) = −2.91, p = 0.006, η2 = 0.97. A Tukey-HSD post
hoc evaluation revealed a significant difference between groups of different emotional
manipulation in the “Mental-Demand” scale (p = 0.023, 95%, CI = [0.534, 6.799]), in the
“Physical-Demand” scale (p = 0.017, 95%, CI = [0.626, 6.041]), and in the “Frustration” scale
(p = 0.008, 95%, CI = [1.475, 9.080]). All of these were perceived as stronger in the negative
emotion condition compared to the neutral condition. All other differences in all other
scales, as well as in all pairwise comparisons, were not significant.

 

Figure 12. Medians (horizontal lines), corresponding upper and lower quartiles (colored areas above
and below the horizontal lines), minima and maxima (lower and upper whiskers), and excluded
outliers (gray diamonds) of self-assessments on the NASA-TLX for different groups (NEUL: neutral
content/low load; NEUH: neutral content/high load; NEGL: negative content/low load; NEGH:
negative content/high load).

The participants’ self-assessed performance regarding the verbal and verbal–visual
task in the high- and low-workload conditions is backed up by their actual accuracy
rates in the verbal task (see Supplementary Figure S2). However, somewhat at odds with
an experienced higher demand during the negative than during the neutral conditions,
there were no significant performance (accuracy) differences in the verbal–visual task
between the neutral and the negative high-workload (see Supplementary Figure S3) groups.
There were also no other significant differences between groups. In the memory test
at the end of the interview (see Supplementary Figure S1), groups also showed very
similar results.

Subjectively felt emotions during the interview were assessed using the Self-Assessment
Manikin (SAM), measuring the participants’ happiness, arousal, and control (Figure 13).
As expected, higher levels of happiness can be observed in the neutral conditions (Emo-
tion: F[1, 35] = 17.24, p < 0.001; Workload: F[1, 35] = 1.72, p = 0.199; Interaction: F[1, 35] = 0.43,
p = 0.517), where the post hoc t-test revealed significantly higher levels of happiness in
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the neutral conditions (M = 6.17, SD = 1.54) than in the negative conditions (M = 4.06,
SD = 1.51), regardless of workload manipulation, t(35) = 4.15, p < 0.001, η2 = 1.38, while
higher levels of arousal can be observed in the negative conditions (Emotion: F[1, 35] = 5.91,
p = 0.021; Workload: F[1, 35] = 3.01, p = 0.092; Interaction: F[1, 35] = 1.08, p = 0.305). There
was no difference between groups with regard to control (Emotion: F[1, 35] = 2.29, p =
0.140; Workload: F[1, 35] < 0.01, p = 1.000; Interaction: F[1, 35] = 0.89, p = 0.351).

Figure 13. Medians (horizontal lines), upper and lower quartiles (colored areas above and below the
horizontal lines),maxima and minima (upper and lower whiskers), and outliers (gray diamonds) of
self-assessed experiences (of happiness, arousal, and control) on the y axis as a function of condi-
tion/group (NEUL: neutral content/low load; NEUH: neutral content/high load; NEGL: negative
content/low load; NEGH: negative content/high load) on the x axis.

4. Discussion

In the current study, we investigated the important question of whether cognitive
(work)load or mental demands can be measured by pupil size, regardless of the emotional
content of the stimuli used in a task. To this end, we selected a controlled but nonetheless
more realistic scenario in which the measurement of cognitive load is of interest: clinical
interviews. Under an applied perspective, the measurement of cognitive load in this
situation is important for a variety of reasons, not least because the correct usage of
data obtained in clinical interviews often also depends on a correct comprehension of the
content of the messages conveyed in such an interview, be this through verbal or non-verbal
communication [7]. It should be noted that the currently available self-report measures are
not necessarily consistent [8], so an unobtrusive and objective measure would be desirable.

With respect to our hypotheses, we found the following results. Regarding Hypothesis 1,
we found evidence that the algorithm was partly able to differentiate between low- and
high-cognitive workload manipulations.

With respect to Hypothesis 2, however, numerically, although not statistically sig-
nificant, we found that the effect was larger in neutral- rather than in negative-content
conditions. In the negative-content conditions, pupil-size differences between workload
conditions were absent.

Concerning Hypothesis 3, nevertheless, we did find evidence that cognitive load can
be successfully derived from measured pupillary responses. This was reflected in the main
effect of cognitive load on an increased pupillary response. This pattern of results was
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found using a conventional pupil-size measure of cognitive load—the difference in pupil
size between the manipulation (here, the clinical interview proper) and a baseline phase
during which the same light-elicited pupillary responses were observed as during the
manipulation (but without the critical manipulation). In the current study, the baseline
measure of pupillary response was recorded early during the interview, when questions
concerned basic information about the interviewee.

Regarding Hypothesis 4, importantly, the observed numerical pattern of an interaction
between cognitive workload and emotional content of the interview became significant in
an analysis based on arithmetically calculated cognitive-load measures. This was found
when we applied an algorithm that uses the currently measured luminance to calculate
a pupillary light response, which in turn is subtracted online from the measured pupil size
to extract cognitive load. The current study, thus, shows that the algorithmic cognitive-load
measure might be more sensitive to the true pattern within the numerical data than the
conventional way of calculating a pupillary cognitive-load response (i.e., based on an offline
subtraction of pupil sizes during baseline from pupil sizes during manipulation phases).

Finally, with respect to Hypothesis 5, the algorithmic online measure was externally
validated by reasonably high and significant correlations with the standard offline measure
of cognitive workload in all of the groups and for each of our participants.

In summary, pupil sizes are a promising tool for the relatively unobtrusive measure-
ment of cognitive load in applied scenarios, such as clinical interviews, and it might even
be possible to derive estimates of the loads online, during data recording. This is particu-
larly interesting for applied settings, such as clinical interviews, where it is essential that
a continuous measure of load is available without delay, so as to allow the interviewer to
pay special attention to what was said or to ask the patient to repeat the information. The
problem is, however, that the sensitivity of this measure can be decreased by concomitant
emotional content as demonstrated in the negative conditions.

Of further interest, the very low correlation between luminance-elicited and load-
related pupillary changes indicated that at least the range of luminance values used in the
current study does not impose a limit on the sensitivity of the load-dependent pupillary
change measured by the algorithm. This was the case despite a significant negative
correlation between measured luminance and pupillary responses that indicated that the
luminance differences were strong enough to elicit a pupillary response.

From an applied perspective, in the future, the increasingly pervasive presence of
cameras in laptops and smartphones may be used to measure pupil sizes without the need
for additional equipment and, thus, to measure cognitive load without any additional tech-
nical requirements. Technologies such as smart glasses may further boost the widespread
availability of the necessary camera or eye-tracking equipment. However, we have to admit
that, currently, the resolution of cameras built into laptops and smartphones is insufficient,
especially in combination with the frequently suboptimal recording conditions with low
luminance, shadows, faces turned away from the screens and cameras, or glasses blocking
the detection of the comparatively small pupil.

5. Limitations

Our cognitive-load manipulation was relatively weak. This was not only reflected in
similar performance (accuracy) levels in both cognitive-load conditions—high- and low-
load conditions but also in participants’ subjective self-assessments of cognitive load, which
were the same in high- and low-load conditions. In contrast, to our surprise, participants
subjectively felt and reported more cognitive and physical demands in negative than
neutral conditions; a subjective rating that was not reflected in our pupil-size measures.

Another important limitation concerns doubts about the success of our manipulation
of emotional content. Although participants subjectively felt more frustrated and generally
reported more negative feelings under negative than under neutral conditions, some
participants did not believe in the veridicality of the answers of the confederate/interviewee.
This implies that the manipulation of the participants’ emotions was probably relatively
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weak. This problem was potentially exacerbated by the semi-controlled nature of our task
as we will discuss next.

The current study used semi-controlled conditions: On the one hand, control itself
was, thus, partly limited. For example, emotional content manipulations were confounded
with the different exact words or phrases used by the interviewee. Another example is
that the exact behavior of the confederate/interviewee varied slightly from participant to
participant (e.g., in the form of the exact length of the verbal answer or the exact strength
of a facial expression), even within groups, thereby creating additional and unwanted
noise in the data. On the other hand, conducting interviews in front of a computer screen
allowed some degree of control (e.g., easier calibration of the eye tracker) but might have
compromised the perception of nonverbal facial expressions and could have mitigated
emotional responses to the stimulus. In this way, control means that our conditions were
not entirely the same as those encountered in the field, and our study is, thus, only a step
in the direction of closing the gap between laboratory and field conditions.

Another potential limitation concerns insufficient power. It is well known that insuf-
ficient power can lead to oversights of existing effects that simply do not turn out to be
significant. However, it is probably still less well known that a lack of sufficient power
can also compromise the replicability of significant findings [53]. In this respect, our study
could also stand improvement in terms of a larger sample besides the aforementioned
improvements in terms of the manipulations.

We used a measure of cognitive load that disregards the impact of saccades on pupil
dilations. Our research is, thus, silent on how to incorporate saccade-elicited influences
on pupil size into pupillary load measures. We think rightly so, as long as it is unclear if
and how saccades are related to cognitive load. On the one hand, temporal attention and,
thus, a particular cognitive-load factor might temporarily decrease saccade frequencies
and related pupillary changes (cf. [54]). On the other hand, spatial attention and, thus,
a different factor affecting cognitive load might be accompanied by (micro-)saccades and
their associated pupillary changes (e.g., [55,56]), However, we agree that future research
would benefit from discriminating between saccade-related pupillary changes and other
load-elicited pupil responses in different tasks to understand when saccade-related pupil
changes are true reflections of cognitive load and when they are better filtered out as not
related to load or other difficulty related measures (cf. [57]).

Since our interview was conducted in front of a computer screen, generalizability
to a face-to-face scenario is not granted. Not only might more eye movements under
3D conditions lead to less accurate pupil-size data. Head and body movements of the
interviewer reacting to the interviewee would also imply, for example, that light-elicited
pupil changes can be more difficult to capture in a less-controlled 3D environment, where
the direction of the scene camera and the looking direction can diverge more strongly,
leading to less-accurate cognitive-load measurements.

Finally, we conducted our manipulations of emotional content and cognitive load
independently of one another, assuming that these two manipulations affected pupil
sizes in largely independent ways. However, subjectively, participants assessed the task
demands (or load) and their frustration as significantly higher under negative than under
neutral emotional conditions. Interestingly, this was not reflected in their performance
accuracy. Participants in neutral and negative emotional conditions performed equally well.
Thus, the subjective feelings could not be backed up by objective performance indicators.
Nonetheless, the assumed independence of the two manipulations—load on the one hand,
emotions on the other hand—needs further scrutiny in future studies, too.

6. Conclusions

We showed that pupil-size measures can be used for the online calculation of cognitive
load in a clinical interview. The present data, thus, extend prior findings on offline measures
and on laboratory measures to show that cognitive load can be estimated in an unobtrusive
way and without much temporal delay. Such a measure can now be used in the adaptation
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of tasks in applied settings, such as training where the speed of instructions could be
altered to match the current level of cognitive load, in order not to impose excessive
demands on trainees. However, the application still requires the usage of dedicated eye-
tracking equipment, and conventional cameras built into smartphones and computers
do not provide sufficient resolution. In addition, more research is needed in light of the
relatively low power of the current study.

Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/app142411714/s1, Table S1: List of questions the confederate has been
asked by the participant during the baseline; Table S2: List of questions the confederate has been
asked by the participant during the manipulation; Table S3: List of answers the confederate has
given to the participant during the baseline; Table S4: List of answers the confederate has given
during the manipulation to participants of the “neutral”-groups (Neutral-Low, and Neutral-High);
Table S5: List of answers the confederate has given during the manipulation to participants of the
“negative”-groups (Negative-Low, and Negative-High); Table S6: Correlations between pupil size
changes and cognitive load algorithm for each participant. Figure S1: Performance in the memory
test: Number of correct answers given on a questionnaire regarding the answers that have been given
by the confederate during the interview (0–10). The black horizontals depict average performance,
the colored boxes the upper and lower quartiles, the whiskers the maxima and minima, and the
gray diamonds the outliers; Figure S2: Number of correct responses to the verbal task during
the manipulation part of the interview (0–49). The black horizontals depict average performance,
the colored boxes the upper and lower quartiles, the whiskers the maxima and minima, and the
gray diamonds the outliers; Figure S3: Number of correct responses to the visual task during the
manipulation part of the interview (0–49). The black horizontals depict average performance, the
colored boxes the upper and lower quartiles, the whiskers the maxima and minima, and the gray
diamonds the outliers.
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Abstract: This study deals with an analysis of the cognitive load indicators produced in virtual
simulation tasks through supervised and unsupervised machine learning techniques. The objectives
were (1) to identify the most important cognitive load indicators through the use of supervised and
unsupervised machine learning techniques; (2) to study which type of task presentation was most
effective at reducing the task’s intrinsic load and increasing its germane load; and (3) to propose
an explanatory model and find its fit indicators. We worked with a sample of 48 health sciences
and biomedical engineering students from the University of Burgos (Spain). The results indicate
that being able to see the task before performing it increases the germane load and decreases the
intrinsic load. Similarly, allowing students a choice of presentation channel for the task respects how
they process information. In addition, indicators of cognitive load were found to be grouped into
components of position, speed, psychogalvanic response, and skin conductance. An explanatory
model was proposed and obtained acceptable fit indicators.

Keywords: eye tracking; galvanic skin response; cognitive load; simulation tasks; machine
learning techniques

1. Introduction

This paper will first address the state of the art of the concept of cognitive load
during task or problem solving. Secondly, it will address the challenge of interpreting
cognitive load indicators through statistical and machine learning algorithms (supervised
and unsupervised). Finally, a suggested model of analysis will be analysed as an advance
in the knowledge of cognitive load and its application to fieldwork.

1.1. Cognitive Load Definition and Measurement

In recent years, the measurement of cognitive load with respect to task performance or
problem solving has become a necessary process, as it helps us understand performance and
facilitates an analysis and adjustment of how tasks or problems are presented. Interest arises
from a variety of fields and contexts (the educational and instructional sector, marketing,
driving, aviation, business, etc.). However, there are many challenges involved in what
seems at first to be manageable.

The concept of cognitive load is based on the idea that cognitive resources are lim-
ited. Cognitive load develops as a complex interaction between the different demands of
tasks and the cognitive processes required to process and execute them, and a subject’s
performance often decreases when cognitive demands are either very low or very high.
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The techniques for measuring cognitive load can be classified into four main categories:
(1) performance-based, (2) subjective, (3) behavioural and (4) physiological [1–3]. Perfor-
mance can be measured through learning outcomes, subjectivity through learning history
and the use of scales, and behaviours through behavioural analyses. When it comes to
physiological components, various indicators can be applied to measure physiological
responses during task performance or problem solving. For example, research using eye
tracking technology shows that the frequency of fixations, saccades and pupil diameter
appear to be suitable indicators for predicting task difficulty at an early stage [4].

The theory of cognitive load is related to studies in the field of developmental edu-
cational psychology and instructional cognitive psychology, specifically the study of the
relationship between working memory and long-term memory (LTM) [5]. The theory first
appeared in 1976 with Sweller’s studies [6]. Subsequently, in the late 1980s, the concept of
cognitive load was used to explain performance on different tasks with respect to the use
of various forms of information processing. A distinction was made between the intrinsic
cognitive load (which refers to the complexity of the knowledge to be processed by the
learner and is independent of how the task is presented) [7] and extrinsic cognitive load
(referring to how the task is presented) [8,9]. Cognitive load seems to be related to divided
attention with respect to information received through different channels (visual, auditory,
or both). This information must be integrated in order for the learning agent to gain an
understanding of a task [9,10]. The comprehension process also seems to be influenced
by the way the task is presented [11]. These results are based on Baddeley’s theory [12],
according to which memory is divided into different types of storage [short-term memory
(STM), working memory, and LTM]. For Baddeley [12], working memory consists of an
auditory subsystem and a visual subsystem.

Until the second half of the 1990s, research on cognitive load theory focused on
instructional designs seeking to reduce the extrinsic cognitive load, since at that time
the intrinsic load was difficult to measure or manipulate. Later, the concept of germane
cognitive load was used to refer to the mental resources that learners deploy to deal
with the intrinsic cognitive load of learning tasks [8]. It was introduced in reference to
the development of cognitive schemas in LTM on knowledge integration. Subsequently,
studies by Sweller [13] showed that integrating information through different channels
(visual or auditory) does not always lead to better learning. The explanation was that
eliminating redundant information can be beneficial in the learning process.

Sweller tried to integrate cognitive load theory into the broader theoretical framework
of evolutionary theory [13]. This new view was explained by a representation of the
cognitive architecture in which there are different memory stores. More specifically, the
working memory store has a limited capacity when dealing with new information and
cannot combine or contrast more than four pieces of information at a time [13,14]. In
addition, information in working memory is lost in approximately 20 s [15]. In LTM,
information is organised into higher-order units called cognitive schemas, according to
Baddeley [12]. When the number of information units that are processed simultaneously
exceeds the capacity of working memory, these units must be combined into cognitive
schemas in order to understand the information [16]. In short, each cognitive process that
requires conscious control places a cognitive load on working memory. In this framework,
germane load helps in the construction and automation of schemas. Therefore, according
to the theory of cognitive load, the germane load should be increased as much as possible.

In addition, explanations of cognitive load should consider Vygotsky’s theory of the
Zone of Proximal Development (ZDP) [17], where the success of learning new information
is related to the cognitive links that the learner makes with respect to similar information.
The construction of new information will be based on this interaction [13,17]. Likewise,
the theory of cognitive load is currently explained by a theory of instruction [18] that
differentiates between primary biological information. This refers to information that we
as members of the species have about different abilities (speaking, walking, etc.) that we
execute unconsciously. However, when the learner presents certain delays in development
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or is subjected to socio-environmental deprivation factors, there may be problems in the
acquisition of these skills. In addition, this theory of cognitive load includes secondary
biological information, which requires conscious effort to successfully learn various skills
such as reading, writing, arithmetic, etc. Acquiring this knowledge needs the application of
various specific metacognitive strategies (orientation, planning, evaluation, and elaboration
of information).

Putting all that together, the starting point is therefore an explanatory scheme that
begins with an input of information where the learner first of all perceives information
(this can be visual, auditory, tactile, or any combination thereof). The learner then selects
some of the information and starts processing it. Some of this information passes to STM
and working memory (this store cannot remember more than 7 items of novel information
and cannot process more than 3–4 items, and these actions cannot last more than about
20 s). Subsequently, the retained information will pass to LTM (this store has more storage
capacity than STM and the information remains more stable). LTM would therefore be
the key to the individual difference in human processing, as each learner will relate new
information to existing information in a different way. The load here is both intrinsic and
extrinsic. In order to achieve good learning, learners’ motivation has to be enhanced in
the way information is presented by seeking novelty and avoiding redundancy. On the
other hand, improving the retention of novel information requires facilitating practice and
automation of task resolution procedures. Each of these effects will facilitate the acquisition
of information stored in LTM by reducing the load on working memory [18], although all
of these processes are subject to individual differences in learners [18].

This means that understanding the human cognitive architecture is important for de-
velopmental educational psychology and instructional cognitive psychology, as knowledge
of the types of processing will provide the teacher with information for tailoring the design
of learning tasks [18]. Therefore, knowledge of the cognitive load in the performance of a
given task is important for adjusting the task to each learner’s performance possibilities.
However, this remains a challenge, as the same task may need to be presented in different
ways for each type of learner, and learners may experience different cognitive loads for the
same task [19].

Research is currently ongoing about the cognitive load experienced in virtual envi-
ronments that apply simulation tasks [19]. These studies show that cognitive load is a
useful indicator for analysing learning processes in simulated environments. They also
differentiate between intrinsic cognitive load, task-specific germane cognitive load, and
extraneous cognitive load. If the total cognitive load (the sum of the three types) exceeds
the capacity of working memory, performance may suffer [20]. Another classification of
cognitive load differentiates between primary cognitive load (referring to domain-specific
task performance) and secondary cognitive load (referring to metacognitive performance
that supports primary performance). If the secondary cognitive load is activated, per-
formance may be better but the total cognitive load is increased, and so the relationship
between cognitive load and performance may be positive or negative depending on the
type of task, the type of learner, the task design, and the context of task performance [21].

Research about performance analysis in simulated learning environments has shown
psychophysiological indicators of cognitive load to be the most reliable. These include pupil
dilation (an involuntary response reflecting noradrenergic activity of the locus coeruleus
that regulates arousal, cognitive activity, and emotion), which can indicate the cognitive
load related to the emotion that the task produces in the learner [22,23]. However, this
measure may be affected by factors other than an individual’s processing, such as the
type of lighting. Other indicators of cognitive load include the duration and total time of
fixation [22], the number of saccades, and the amplitude of the saccades [24,25]. These are
all static indicators, but dynamic indicators should also be considered. Dynamic indicators
refer to the route that each learner takes in the task resolution process. The route refers
to the steps followed in order of priority and the duration of each step in the spatial
coordinate space during execution. An analysis of each learner’s tracking pattern on the
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multimedia interface used in the simulation environments can give information about how
this information has been retained in working memory and how it has been processed in
LTM. The type of interface can increase or decrease a task’s cognitive load, depending on
the individual learner [26].

In summary, physiological measurements during task performance can provide infor-
mation on different indicators such as pupil diameter [27] or the galvanic skin response
(GSR), which measures skin conductance by recording the sweat secreted from the sweat
glands [28]. This can be divided into tonic components, giving information on the level
of skin conductance, and phasic components, providing the skin conductance response
(SCR), a rapidly changing signal that takes one to five seconds to reflect the response to
a stimulus [29]. These two measures, GSR and SCR, are considered reliable indicators
for measuring cognitive load levels [27,29], although they can be contaminated by other
external factors. As noted above, pupillary activity can be subject to illumination-related
factors [30]. Similarly, skin conductance indicators may be affected by the user’s physical
activity (e.g., GSR-equipped hand movements) [29]. Therefore, to prevent external or inter-
nal factors from affecting the physiological measurement of cognitive load, these external
variables should be controlled as much as possible [31]. Moreover, current lines of research
are aimed at using several indicators to measure cognitive load, understanding this as a
multimodal approach [31,32]. Such an approach has many advantages, as using various
indicators of cognitive load can mitigate the potential limitations of individual measures
and thus provide a more comprehensive analysis of the cognitive load experienced by dif-
ferent users. In addition, recording physiological measures allows real-time data collection,
facilitating a more objective analysis of cognitive load [31]. Another factor that is relevant
to cognitive load studies is the design of the materials (content, interface, etc.) used in
the task to be solved [33]. Table 1 presents a list of possible variables that can influence
learners’ performance of a task or problem solving. An analysis of these variables may
provide researchers with information about each learner’s characteristics with respect to
the intrinsic and germane cognitive loads experienced in each task.

Table 1. List of elements to be considered in the task performance space and measurement indicators.

Elements to Consider Measurement

Task characteristics, indicators of the extrinsic cognitive load (form of
task presentation (visual—image, text, etc.)) and extrinsic cognitive load
written, auditory, all), multimedia learning environment
simulation, task execution schedule, etc.

Description of the type of task
Analysis of the presentation of the task

Physical space [characteristics of the space in which the
task takes place (lighting, space, etc.)].

Indicators for brightness, temperature, noise, time, and
time of day

Learner characteristics (age, gender, prior knowledge, motivation to-
wards the task, way of responding, way of solving, type of reasoning
applied, etc.).

Variables assigned (age, gender, etc.)
Analysis of prior knowledge
Cognitive style and learning style

Physiological indicators of the intrinsic cognitive load

Pupil diameter
Fixations
Saccades
GSR amplitude
SCR count

Perception of the germane load Performance indicators in the
execution of the task

1.2. Machine Learning Algorithms Used in the Interpretation of Cognitive Load

As discussed above, many different factors can influence the performance of a task
or the resolution of a problem. Measuring them provides a huge amount of data to be
processed. Various statistical and machine learning techniques can be used to carry out this
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processing. These techniques are divided into supervised techniques using labelled data
to train models (within which we can differentiate between classification and regression
techniques); unsupervised techniques that do not require labels and are used to discover
hidden patterns in the data; and semi-supervised learning (combines the most appropriate
supervised and unsupervised approach in each case of study).

The techniques include algorithms such as logistic regression [34]. These can help
in the classification of intrinsic cognitive load into levels (low, medium, and high) [19].
A probabilistic study from a percentile analysis can also be used for this purpose [35].
Similarly, supervised machine learning algorithms can be used—where it is advisable to
select features beforehand in order to detect the most influential ones [19]. Next, regression
and/or classification techniques can be applied. Regression techniques may include linear
regression, Support Vector Machine (SVM), Decision tree, and Neural Network algorithms.
Classification techniques that can be used include discriminant analysis and k-Nearest
neighbour (KNN) algorithms, among others.

Unsupervised learning techniques (clustering) include applying algorithms such as
k-Means, k-Medoids, and s-Means [36]. Therefore, before data processing, it is important
for noise to be removed and classifiers to be found. The aim is to determine the best
indicators of cognitive load in each task [19]. Principal component analysis can also be
applied to find a feature matrix [37]. For example, many workload studies have used the
SVM algorithm in multiclass classification [36], whereas other studies have used KNN,
Naive Bayes, Random Forest, SVM [38–40], and neural network-based models to infer
cognitive load levels [41,42]. Classifier effectiveness can be determined using accuracy,
recall, and precision indicators in the different algorithms used [41–43]. Fit can be examined
using goodness-of-fit index models, which include various fit tests (NFI = normed-fit-index;
RMSEA = root-mean-square error of approximation; SRMR = standardised root-mean-
square residual; TLI = Tucker–Lewis index; CFI = comparative fit index; AIC = Akaike
information criterion; and ECVI = parsimony index) [44].

In contrast, as already indicated, unsupervised learning clustering techniques can
be used to learn the clustering profile with respect to different indicators of cognitive
load without applying a prior classifier [45]. Algorithms can also be used to perform
pattern analysis. These include distance analysis through string edit methods [46], which
are applied in the study of patterns detected with a scan path or gaze point. Similarly,
more traditional statistical algorithms such as Analysis of Variance (ANOVA), Analysis of
Covariance (ANCOVA), and Multivariate Analysis of Variance (MANOVA) can be used
to determine the significant differences in indicators of cognitive load between different
types of users [47]. Table 2 presents a summary of the algorithms and their usefulness in
the study of cognitive load.

Table 2. Different algorithms and their usefulness for measuring cognitive load.

Contrast Tests Usefulness in Measuring Cognitive Load

Feature selection [19,37] The use of feature selection algorithms provides information in
a hierarchical order on which features are most relevant.

Logistic regression [34]
Probabilistic study (percentile analysis) [36].

Helps in the detection of intrinsic cognitive load levels (low,
medium, and high) [19].
Allows a determination of the level of execution (low, medium,
and high).

Predictions (linear regression, SVM, Decision tree, Neuronal
Networks)

Provide information on cognitive load indicators that may be
more relevant in explaining, e.g., learning outcomes.

Classification (analysis, discriminant analysis, KNN, SVM,
Naive Bayes, Random Forest [38–40], and Neural
networks [41,42])

The classifiers provide information on the most important
cognitive load indicators with respect to ranking groups of
variables in relation to a reference variable, such as academic
performance.
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Table 2. Cont.

Contrast Tests Usefulness in Measuring Cognitive Load

Clustering (k-Means, k-Medoids, s-Means) [45], string-edit
Methods [46]

Determines interaction profiles of task performance without
prior grouping variables. Identifies route maps in different
types of learners.

Adjustment indicators (accuracy, recall, and precision) [41–43],
goodness-of-fit indices (NFI, RMSEA, SRMR, TLI, CFI, AIC,
ECVI) [44]

Determine the effectiveness, fit and precision when comparing
the results obtained with different algorithms.

Parametric statistics (ANOVA, ANCOVA, MANOVA and effect
sizes) [47]
If the sample does not have a normal distribution, similar tests
would be applied in a non-parametric context (Mann–Whitney
U test, Kruskal–Wallis, Wilcoxon signed-rank test, etc.)

Determine whether there are significant differences in terms of
variables considered as
independent variables on variables considered as dependent
variables. Also, determine the size of the significant effect.

1.3. Proposed Models for Measuring Cognitive Load

Taking the above into account, the current challenge is to create models to explain
cognitive processing in different types of learners during the same task [48]. As noted
above, various algorithms have been advanced for measuring the cognitive load of different
users during the execution of different tasks [49]. Proposed explanatory and analytical
models are based on the construction of multimodal machine learning models that help
to estimate people’s cognitive loads. However, one potential limitation of these models
is that they usually use data extracted from the same scenario. Therefore, the models
would need to be tested in learning contexts other than the source application and include
information on the execution of different learning tasks. Furthermore, predictive results
should be accompanied by estimates of uncertainty (percentage error) in order to reduce
misclassification [50].

In summary, the current research focuses on finding robust models that can predict
certain situations and facilitate early intervention [51]. These models are based on using
machine learning techniques because, as noted above, the assessment of cognitive load is
complex. Current research [52] indicates that machine learning techniques such as Deep
Learning (DL) are a good resource for finding the most relevant information, allowing a
more reliable classification. In particular, hybrid DL architectures that integrate convolution
operators and Long Short-Term Memory (LSTM) have been found to produce significantly
better results than other models. Similarly, the proposed models should be tested in
domains other than the source context, in addition to taking into account individualised
differentiation with respect to users [53]. Models that apply inverse reinforcement learning
are also proving particularly effective at explaining complex cognitive tasks [54]. Likewise,
hyper long-short-term-memory-based modules from time-series multimodal information
models have been shown to be effective at explaining the cognitive load in driving tasks [55].
The use of data fusion techniques [56] and Transformer models are likely to be particularly
useful resources in explaining the cognitive load experienced by users in the execution of
different tasks [57–59]. In recent years, various studies have applied a variety of techniques,
such as the Gaussian Mixture Variational-Based Transformer Domain Adaptation Fault
Diagnosis method (applying it to diagnosing faults in bearings) [60], and the Prototypical
Contrastive-Based Domain Adaptation method to achieve learning-based fault diagnosis
under variable working conditions [61].

In summary, modelling is important in different research fields (neurodegenerative
diseases, cancer processes, autism spectrum disorders, learning disabilities, etc.) where an
early differential diagnosis is essential, as early therapeutic or instructional intervention is
critical for a good prognosis. Therefore, cognitive load indicators (biomarkers) need to be
identified, and predictive and classification models need to be proposed [62]. Furthermore,
the results of current research advocate the use of an approach that includes several
indicators of cognitive load collected through different devices. This is because this working
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methodology increases the reliability of cognitive load detection and the identification of
individual differences. Similarly, attention needs to be paid to the design of the task and
the development of the interface where it is applied. This area of research faces challenges
such as noise reduction with respect to the signal collection devices and the extrapolation
of the results produced in laboratories [19].

Based on the state of the art above, the objectives of this study were as follows:
Objective 1. To select characteristics with respect to different indicators of cognitive

load related to the performance of simulation tasks in virtual environments.
Objective 2. To determine participants’ levels of cognitive load (low, medium, and high).
Objective 3. To apply supervised machine learning prediction techniques to determine

how the variables of presentation type 1 (not having previously watched the lab vs. having
done so) and presentation type 2 (visual–auditory vs. visual) from the virtual laboratories
predict the indicators of cognitive load and learning results.

Objective 4. To apply supervised machine learning techniques for classification in
order to determine the most representative classifiers of cognitive load.

Objective 5. To apply unsupervised machine learning techniques to identify possible
groupings without a prior assignment variable with respect to cognitive load indicators
and learning outcomes.

Objective 6. To determine whether there are significant differences in the indicators
of cognitive load and learning results depending on the type of task and the way it is
presented (visual–auditory vs. visual) in the participating groups.

Objective 7. To propose an analysis model for the markers of cognitive load.

2. Materials and Methods

2.1. Participants

We worked with a convenience sample of 48 undergraduate students in their final
years at the University of Burgos: 21 were studying for a degree in Occupational Therapy,
of whom 20 were women and 1 was a man (Group 1); 10 were studying for a degree in
Biomedical Engineering (1), of whom 8 were women and 2 were men (Group 2); and 17
were studying for a degree in Biomedical Engineering (2), of whom 9 were women and 8
were men (Group 3). Groups 2 and 3 were different groups, although they shared the same
degree and academic level. The mean age of the participants was between 21–23 years
old. Participation in the study was voluntary, required written informed consent, and was
without financial compensation.

2.2. Instruments

(a) Tobii pro lab (Stockholm, Sweden) version 1.194 with 64 Hz.
It is eye-tracking software that provides a visual user interface and dedicated soft-
ware functions that support the researcher in all phases of an eye-tracking experiment,
from test design and recording to analysis. An image of the device used is shown in
Figure 1 below.

(b) Laptop computer. Falkon i7. Screen 15.6”; processor Intel core I7-9750H; hard disk
512 Gb SSD; memory 16 Gb of RAM; Geforce RTX 2070 MAX-Q GDDR6 8 GB; Win-
dows 10 Professional; connections: HDMI/USB-C/USB 3.1/RJ45 × 1/HDMI ×
1/3.5 mm Jack/USB-A 3.1 × 4/Thunderbolt × 1—Bluetooth/WiFi/Gigabit Ethernet.
Display resolution of 1080 × 1920.

(c) Shimmer3 GSR+ (galvanic skin response) (Europe Research Ltd., Dublin, Ireland)
single-channel galvanic skin response data acquisition unit (measures electrodermal
resistance (EDR)/electrodermal activity (EDA)). The GSR+ unit is suitable for mea-
suring the electrical characteristics or conductance of skin. Traditional galvanic skin
response theory is based on the idea that the electrical resistance of the skin varies
with the state of the sweat glands. Sweating in the human body is regulated by the
autonomous nervous system (ANS). More specifically, if the sympathetic branch (SNS)
of the ANS is excited, the activity of sweat glands increases, which in turn increases
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skin conductance. This device is compatible with Tobii pro lab version 1.194 and
allows for the integration of records. Figure 2 shows the device and how it is placed
to record EDA.

(d) Virtual lab for the resolution of clinical cases. This lab was developed within the Euro-
pean project “Specialized and updated training on supporting advance technologies
for early childhood education and care professionals and graduates”, eEarlyCare-T-
No. 2021-1-ES01-KA220-SCH-000032661. In this study, the virtual lab is a representa-
tion of a dialogue between two avatars: a student and a teacher.
Two labs were used in this study. In Group 1 and Group 2, a general simulation
virtual lab was applied (this referred to content that could be used in both degrees, as
they were general and about patient intervention processes). This lab is extensively
described in the study by Sáiz-Manzanares et al. [32] (see Figure 1 in that publication).
In addition, a specific lab with biomedical engineering content was applied to Group
3. This lab can be found in Supplementary Materials (Figure S1). Both virtual labs
can be accessed and used free of charge by logging into the Virtual Classroom in the
eEarlyCare-T project https://www2.ubu.es/eearlycare_t/en/project (accessed on 16
August 2024).

(e) Learning Strategies Scales (ACRA) by Román and Gallego [63]. This is an instrument
that has been widely tested in research. It identifies 32 strategies at different points in
the information processing cycle and has reliability indicators between α = 0.75 and
α = 0.90, and content validity indicators between r = 0.85 and r = 0.88. In the present
study, we applied the metacognitive skills subscale, which includes 17 strategies on
the use of metacognitive skills in problem-solving tasks that are distributed over three
subscales: Self-knowledge, Planning, and Self-Evaluation.

Figure 1. Example of a test performed with Tobii pro lab version 1.194 with 64 Hz, recording eye
movements and GSR.
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Figure 2. Example of the Shimmer3 GSR+ device.

2.3. Procedure

Prior approval was obtained for the study from the Bioethics Commission of the
University of Burgos: No. IO 03/2022 (for carrying out the study) and No. IO 04/2022 (for
application of the labs). Written informed consent was then obtained from all participants,
their participation was voluntary and without financial compensation. The virtual labs
were then implemented for all three groups throughout the second semester. In all cases,
lighting and temperature conditions were equivalent (the light and temperature conditions
were stable, as the studies were always carried out at the same time with the same light
conditions and the temperature was always regulated by a thermostat at 21◦). The time
each participant spent viewing each lab was discretionary, as they were able to spend as
long as they felt necessary to watch the scenes making up each lab. The labs could be
watched with audio (an avatar narrating the written text presented in each lab scene) or
with only the image of the scene showing the avatars and the text of their dialogue. At the
beginning of the lab, each participant was informed that they could voluntarily choose how
they wanted to watch (with audio vs. without audio). Group 1 and Group 2 saw the same
lab, which included general health content (which can be found in Figure 1 in the paper by
Sáiz-Manzanares et al. [32]). The participants in these groups had not previously seen the
lab. Group 3 watched a lab that included specific biomedical engineering content (specifi-
cally referring to the functionality of using eye-tracking technology and its measurement
indicators) (see Figure S1 in Supplementary Materials document). Participants in this group
were able to see the lab before watching it again in the in the experimental room. After all
three groups had watched the lab in the experimental room, a test was administered to
test the knowledge acquired. The test was multiple choice with a single correct answer for
each question. The test given to Group 1 and 2 is provided in the Supplementary Materials,
Figure S2, and the test given to group 3 is in Figure S3. As the number of questions in the
check tests were not equal in order to compare the answers, the answers were categorised
into correct versus not correct answers.

2.4. Data Analysis

Table 3 presents the tests and instruments used to test the research objectives.

Table 3. Research objectives, counterfactuals, and analytical tools.

Research Objectives Test Test Instrument

Objective 1. To select characteristics with respect to different indicators of
cognitive load related to the performance of simulation tasks in virtual
environments.

Feature selection WEKA v.3.8.5 [64]

Objective 2. To determine participants’ levels of cognitive load (low, medium,
and high). Percentiles (25, 50, and 75) SPSS v. 28 [65]

Objective 3. To apply supervised machine learning prediction techniques to
determine how the variables of presentation type 1 (not having previously
watched the lab vs. having done so) and presentation type 2 (visual–auditory
vs. visual) from the virtual laboratories predict the indicators of cognitive load
and learning results.

Multiple linear regression SPSS v. 28 [65]
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Table 3. Cont.

Research Objectives Test Test Instrument

Objective 3 (continued) To apply principal component analysis to determine
the groupings of the cognitive load indicators.

Principal component
analysis SPSS v. 28 [65]

Objective 4. To apply supervised machine learning techniques for classification
in order to determine the most representative classifiers of cognitive load.

Discriminant analysis
KNN SPSS v. 28 [65]

Objective 5. To apply unsupervised machine learning techniques to find
possible groupings without a prior assignment variable
with respect to cognitive load indicators and learning outcomes.

k-means SPSS v. 28 [65]

Objective 6. To determine whether there are significant differences in the
indicators of cognitive load and learning outcomes
depending on the type of task and the way it is presented
(visual–auditory vs. visual) in the participating groups.

Two-factor fixed-effect
MANOVA SPSS v. 28 [65]

Objective 7. To propose an analysis model for the indicators of cognitive load. Structural equation
modelling AMOS v. 29 [66]

3. Results

3.1. Objective 1: To Select Characteristics with Respect to Different Indicators of Cognitive Load
Related to the Performance of Simulation Tasks in Virtual Environments

WEKA algorithm [58] Evaluator, weka.attributeSelection.CfsSubsetEval, evaluates the
value of a subset of attributes taking into account the individual predictive ability of each
feature together with the degree of redundancy between features. More information is
available at https://weka.sourceforge.io/doc.dev/weka/attributeSelection/CfsSubsetEval.
html (accessed on 20 August 2024). The search is weka.attributeSelection.BestFirst; this
searches the attribute subset space using the greedy hill climbing method augmented
with a backtracking function. More information is available at https://weka.sourceforge.
io/doc.dev/weka/attributeSelection/BestFirst.html (accessed on 20 August 2024). Forty-
eight instances and 10 attributes were analysed (mean duration, fixation point X, fixation
point Y, average pupil diameter, saccade direction, average velocity, peak velocity, saccade
amplitude, average GSR, and SCR count). The results were the merit of best subset found,
0.75, and the features selected were the fixation point X and average GSR.

3.2. Objective 2: To Determine Cognitive Load Levels (Low, Medium, and High) in the
Participating Groups

Descriptive statistics, maximum and minimum values, and percentiles were calculated
for each of the characteristics. The 25th percentile indicates a low value, the 50th percentile
an intermediate value, and the 75th percentile a high value, see Table 4.

Table 4. Descriptive statistics and percentiles for cognitive load indicators.

Indicators of
Cognitive Load

Mean SD Minimum Maximum
Percentiles

25 50 75

Group 1
Mean duration 140.72 34.77 105.33 224.75 118.63 140.72 174.36

Fixation point X 994.84 288.42 750.66 1924.86 798.22 994.84 1227.70
Fixation point Y 866.17 195.53 635.68 1247.70 693.81 866.17 1048.09

Average pupil diameter 5311.03 1286.28 3715.67 7991.97 4338.36 5311.03 6558.44
Saccade direction 278,133.97 70,405.30 130,426.22 431,082.91 238,321.58 278,133.97 329,400.50
Average velocity 233,191.56 250,444.66 152,868.39 1,260,057.37 187,812.06 233,191.56 339,436.29

Peak velocity 336,697.42 260,723.55 230,621.84 1,398,529.00 261,396.24 336,697.42 493,273.13
Saccade amplitude 6173.42 2359.82 2020.85 10,407.48 5115.04 6173.42 8437.59

Average GSR 1.47 1.38 0.01 7.44 1.47 1.47 1.47
SCR Count 10.18 5.76 0.00 34.00 10.13 10.18 10.24
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Table 4. Cont.

Indicators of
Cognitive Load

Mean SD Minimum Maximum
Percentiles

25 50 75

Group 2
Mean duration 153.58 35.61 93.25 237.41 136.26 153.58 173.51

Fixation point X 1119.89 527.97 158.17 2424.80 988.74 1119.89 1276.17
Fixation point Y 951.40 438.04 162.18 2023.44 849.83 951.40 1132.69

Average pupil diameter 6371.50 4451.51 1132.41 19,140.53 4432.29 6371.50 7298.63
Saccade direction 319,974.78 115,718.13 41,797.90 397,630.64 267,580.33 319,974.78 375,132.14
Average velocity 229,531.47 94,148.06 49,784.31 382,706.45 199,910.41 229,531.47 266,353.23

Peak velocity 331,430.91 132,544.18 64,173.60 537,397.30 272,005.44 331,430.91 398,652.17
Saccade amplitude 7372.37 2653.55 989.92 9646.79 5714.81 7372.37 8285.77

Average GSR 1.10 1.12 0.01 3.17 0.01 1.10 1.99
SCR count 8.00 11.33 0.00 38.00 0.00 8.00 16.00

Group 3
Mean duration 250.43 54.94 134.61 399.59 239.68 250.43 286.75

Fixation point X 2919.06 1260.15 1162.95 6185.12 2068.23 2919.06 4091.90
Fixation point Y 2643.52 1307.08 959.91 6157.44 2225.84 2643.52 3557.76

Average pupil diameter 25,055.68 7498.00 11,358.53 40,122.79 19,702.44 25,055.68 29,343.05
Saccade direction 105,956.02 24,936.85 51,991.70 149,285.16 89,490.71 105,956.02 120,311.50
Average velocity 84,465.25 18,890.28 51,017.96 121,059.84 71,890.70 84,465.25 97,068.89

Peak velocity 105,569.23 24,746.30 64,997.00 152,861.24 95,035.23 105,569.23 127,999.83
Saccade amplitude 2006.29 521.67 1300.68 2952.87 1785.50 2006.29 2645.64

Average GSR 0.86 4.11 0.01 14.11 0.18 0.86 4.75
SCR count 11.00 12.14 0.00 39.00 6.00 11.00 24.50

Note: SD = standard deviation; GSR = galvanic skin response, SCR = skin conductance responses.

3.3. Objective 3: To Apply Supervised Machine Learning Prediction Techniques to Determine How
the Variables of Presentation Type 1 (Not Having Previously Watched the Lab vs. Having Done So)
and Presentation Type 2 (Visual–Auditory vs. Visual) from the Virtual Laboratories Predict the
Indicators of Cognitive Load and Learning Results

The presentation type 1 variable (not having previously watched the lab vs. having
done so) predicted 76.3% (R2 = 0.763) of the variance with respect to the cognitive load
indicators (see Supplementary Materials, Table S1 for the results of the linear regression
analysis). The values of tolerance—the proportion of variance not explained by the rest
of the variables (1-R2), where the higher the Tolerance, the more independent the variable
in question—were all less than 1. The variance inflation (VIF) values—which quantifies
the intensity of multicollinearity in a normal least squares regression analysis, and the
higher the variance of the estimated regression coefficient, the higher the collinearity—
were high for the cognitive load indicators average pupil diameter, saccade direction and
average velocity.

The presentation type 2 variable (visual–auditory vs. visual) predicted 25.5% (R2 = 0.255)
of the variance with respect to the cognitive load indicators (see Supplementary Materials,
Table S2 for the results of the linear regression analysis). In this case, very low values
of tolerance were found for the cognitive load indicators fixation point Y, average pupil
diameter, saccade direction and average velocity, while there were very high VIF values for
the indicators average pupil diameter, saccade direction and peak velocity.

Based on these results, which point to collinearity between the variables, a principal
component analysis was carried out to group the cognitive load levels into the most relevant
load components (see Supplementary Materials, Figure S4). Three principal components
were found (see Supplementary Materials, Table S3 for the matrix of principal components).
Component 1 comprised the cognitive load indicators mean duration, fixation point X,
fixation point Y, average pupil diameter and saccade direction; Component 2 comprised the
indicators average velocity and peak velocity; while Component 3 comprised the indicators
average GSR and SCR count.
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3.4. Objective 4: To Apply Supervised Machine Learning Classification Techniques to Identify the
Most Representative Classifiers of Cognitive Load

A discriminant analysis was carried out to determine the behaviours of the groups
with respect to the cognitive load indicators. As Figure 3 shows, the behaviour in cognitive
load for Group 1 and Group 2, where the students had not previously watched the lab
(which contained general health content), was quite similar to each other, but differed from
the behaviour of Group 3, where the students had previously viewed the lab (which was
about content specific to the degree). Similarly, all the values of Wilks’ lambda (a method
for selecting variables by discriminant analysis steps that selects the variables to be added
into the equation based on how much they contribute to decreasing Wilks’ lambda—at
each step, the variable that minimises the overall Wilks’ Lambda is added) for the cognitive
load indicators was significant except for the average GSR and SCR count indicators (see
Table 5).

Figure 3. Canonical discriminant functions with respect to the group type variable.

Table 5. Test of equality of group means.

Cognitive Load
Indicators

Lambda
Wilks

F df1 df2 pLambda

Mean duration 0.36 40.10 2 45 <0.001 *
Fixation point X 0.38 36.12 2 45 <0.001 *
Fixation point Y 0.39 35.28 2 45 <0.001 *

Average pupil diameter 0.20 92.56 2 45 <0.001 *
Saccade direction 0.35 41.44 2 45 <0.001 *
Average velocity 0.71 9.04 2 45 <0.001 *

Peak velocity 0.62 13.91 2 45 <0.001 *
Saccade amplitude 0.42 31.26 2 45 <0.001 *

Average GSR 0.93 1.79 2 45 0.18
SCR count 0.94 1.43 2 45 0.25

* p < 0.05. Note: df = degree of freedom; GSR = galvanic skin response, SCR = skin conductance response.

The KNN algorithm was also applied, giving the most representative cognitive load
indicators as fixation point X, fixation point Y, and mean duration.
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Figure 4 shows the representation of the focal points with respect to the fixation point
X classifier and the distribution of subjects with respect to the other indicators of cognitive
load. Figure 5 shows the representation with respect to the fixation point Y classifier and
Figure 6 with respect to the mean duration classifier. The numbers in the focal graphs
indicate the participant. Thus, it is possible to know the position of each participant with
respect to the classifiers and the focal points. This fact is important for being able to design
specific tasks for each of them.

Figure 4. Analysis of the focal points with respect to the fixation point X classifier.

Figure 5. Analysis of the focal points with respect to the fixation point Y classifier.
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Figure 6. Analysis of the focal points with respect to the mean duration classifier.

3.5. Objective 5: Apply Unsupervised Machine Learning Techniques to Determine Possible
Groupings Without a Prior Assignment Variable with Respect to Cognitive Load Indicators and
Learning Outcomes

Three clusters were found for the indicators of cognitive load and for the results in the
learning check test (see Table 6). ANOVA was also performed to test whether there were
significant differences between the clusters in the cognitive load indicators and in the test
results (see Table 7). Significant differences were found in all cognitive load indicators except
average GSR and SCR count. No significant differences were found in the outcome test.

Table 6. Final cluster centres of k-means when k = 3 is used.

Indicators of Cognitive Load

Cluster

1
n = 22

2
n = 25

3
n = 1

Mean duration 150.58 225.34 172.44
Fixation point X 1165.44 2315.30 994.84
Fixation point Y 997.23 2190.93 921.50
Average pupil diameter 6178.29 17,931.22 6156.46
Saccade direction 322,067.82 140,859.37 130,426.22
Average velocity 298,529.77 109,142.61 1,260,057.37
Peak velocity 406,223.39 147,998.56 1,398,529.00
Saccade amplitude 7562.57 3058.55 2861.72
Average GSR 1.64 2.31 1.47
SCR count 11.54 12.86 10.15
Results test 1 1 1

Note: GSR = Galvanic Skin Response, SCR = Skin Conductance Responses.

Table 7. Cluster ANOVA on indicators (cognitive load and test results).

Cluster Error
F p

Mean Square df Mean Square df

Mean duration 32,856.22 2 3367.96 45 9.756 <0.001 *
Fixation point X 8,035,738.38 2 1,267,468.79 45 6.340 0.004 *
Fixation point Y 8,584,531.38 2 1,266,594.11 45 6.778 0.003 *
Average pupil diameter 827,482,721.38 2 72,932,182.36 45 11.346 <0.001 *
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Table 7. Cont.

Cluster Error
F p

Mean Square df Mean Square df

Saccade direction 196,570,633,958.60 2 4,242,830,417.24 45 46.330 <0.001 *
Average velocity 762,312,710,583.10 2 7,488,341,771.28 45 101.800 <0.001 *
Peak velocity 1,014,921,268,496.76 2 8,945,463,462.81 45 113.457 <0.001 *
Saccade amplitude 121,297,203.11 2 3,563,210.06 45 34.042 <0.001 *
Average GSR 2.76 2 7.55 45 0.365 0.696
SCR count 12.45 2 100.40 45 0.124 0.884
Results test 0.44 2 1.16 45 0.378 0.687

* Note: df = degree of freedom; GSR = galvanic skin response, SCR = skin conductance responses.

Cluster 2 exhibits a longer mean duration compared to the virtual lab display. The
mean pupil diameter is also larger, the mean velocity is lower, and the saccade amplitude
and maximum velocity have intermediate values.

Cross-tabulation was then performed to test the relationship between cluster member-
ship and group of origin (see Table 8). A contingency coefficient of C = 0.60 p < 0.001 was
found. All members of Group 3 are in Cluster 2. Members of Group 1 and 2 are distributed
between Clusters 1 and 2.

Table 8. Cluster number of cases and degree type cross-tabulation.

Cluster Number of Cases
Degrees

Total
1 2 3

1 13 9 0 22
2 7 1 17 25
3 1 0 0 1

Total 21 10 17 48

3.6. Objective 6: To Determine Whether There Are Significant Differences in the Indicators of
Cognitive Load and Test Results Depending on the Type of Task and the Way the Task Is Presented
(Visual–Auditory vs. Visual) in the Participation Groups

First, the normality of the sample was examined with respect to the scores on the ACRA
metacognitive strategies scale, a test that was applied before the intervention phase in the
three groups. Because the sample size was less than 50 (n = 48), the Shapiro–Wilk test was
applied, which, as Table 9 shows, indicated a normal distribution. Therefore, parametric
statistics were applied to test Objective 6, which in this case was a two-factor multivariate
analysis (MANOVA) with fixed effects and eta-squared effect size (η2) (presentation type
1 (not having previously watched the lab vs. having done so) and presentation type 2
(visual–auditory vs. visual) (see Table 10). Significant differences from for presentation
type 1 (prior watching vs. not) were found for all cognitive load indicators except for the
average GSR and SCR count. The effect value was small for the cognitive load indicators
average velocity, fixation point X, fixation point Y, and peak velocity, intermediate for
the mean duration, saccade direction and saccade amplitude, and high for the average
pupil diameter. No differences were found in the outcome test. No significant differences
were found for presentation type 2 (visual–auditory vs. visual) or for the interaction of
the two factors (presentation type 1 and presentation type 2). Descriptive statistics can be
found in the Supplementary Materials in Table S4.
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Table 9. Shapiro–Wilk normality test.

Metacognitive
Strategies Groups

Shapiro–Wilk test

Statistic df p

Self-knowledge 1 0.96 21 0.53
2 0.90 10 0.23
3 0.91 17 0.10

Planning 1 0.92 21 0.08
2 0.86 10 0.08
3 0.89 17 0.04

Self-Evaluation 1 0.91 21 0.05
2 0.97 10 0.86
3 0.791 17 0.09

p < 0.05. Note: df = degree of freedom.

Table 10. Multivariate two-factor fixed effects analysis.

Source Indicators F df p η2

Display 1 (no preview vs. display) Mean duration 25.17 2 0.00 * 0.55
Fixation point X 17.25 2 0.00 * 0.45
Fixation point Y 16.90 2 0.00 * 0.45
Average pupil diameter 54.18 2 0.00 * 0.72
Saccade direction 30.31 2 0.00 * 0.59
Average velocity 6.79 2 0.00 * 0.24
Peak velocity 10.48 2 0.00 * 0.33
Saccade amplitude 21.68 2 0.00 * 0.51
Average GSR 0.31 2 0.74 0.01
SCR count 0.32 2 0.73 0.02
Results test 0.21 2 0.81 0.01

Visualisation 2 (visual–auditory vs. visual) Mean duration 0.37 1 0.55 0.01
Fixation point X 2.21 1 0.15 0.05
Fixation point Y 2.26 1 0.14 0.05
Average pupil diameter 0.40 1 0.53 0.01
Saccade direction 2.27 1 0.14 0.05
Average velocity 1.35 1 0.25 0.03
Peak velocity 1.07 1 0.31 0.02
Saccade amplitude 1.30 1 0.26 0.03
Average GSR 1.62 1 0.21 0.04
SCR count 1.54 1 0.22 0.04
Results test 0.08 1 0.77 0.00

Interaction Visualisation 1 * Visualisation 2 Mean duration 0.90 2 0.41 0.04
Fixation point X 2.97 2 0.06 0.12
Fixation point Y 2.21 2 0.12 0.10
Average pupil diameter 0.52 2 0.60 0.02
Saccade direction 0.70 2 0.50 0.03
Average velocity 1.79 2 0.18 0.08
Peak velocity 2.01 2 0.15 0.09
Saccade amplitude 0.58 2 0.56 0.03
Average GSR 0.57 2 0.57 0.03
SCR count 0.25 2 0.78 0.01
Results test 0.10 2 0.90 0.00

* p < 0.05. Note. GSR = galvanic skin response, SCR = skin conductance responses; df = degree of freedom;
η2 = eta-squared effect size, where values were interpreted according to Cohen [67]: below 0.20 is no effect,
between 0.21 and 0.49 is a small effect, between 0.50 and 0.69 is a moderate effect, and ≥0.7 is a large effect.

3.7. Objective 7: To Propose a Model of Analysis of the Markers of Cognitive Load

The results found in testing Objectives 1–6 are summarised in Table 11.
We propose a model for analysing cognitive load indicators that considers the follow-

ing components. Component 1 includes the cognitive load indicators of position, durations
and amplitudes of fixations and saccades, and pupil diameter; Component 2 includes
cognitive load indicators of velocity; Component 3 includes indicators of psychogalvanic
response and skin conductance; and Component 4 includes the pre-task presentation
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characteristics and single or multi-channel presentation. A representation of the model is
shown in Figure S5. A goodness-of-fit index analysis was then performed to check the fit of
the model. The proposed model obtained a better fit in the different fit indices than the
stand-alone model (see Table 12). However, the fit was not optimal in some indices, such as
RMSEA. Figure 7 shows a representation of the model.

Table 11. Results with respect to the research objectives.

Research Objectives Results

Objective 1. To select characteristics with respect to different
indicators of cognitive load related to performance of
simulation tasks in virtual environments.

Feature selection
Fixation point X, average GSR

Objective 2. To determine participants’ levels of cognitive load
(low, medium, and high).

Low P25–49
Medium P50–74
High P75–99

Objective 3. To apply supervised machine learning prediction
techniques to determine how the variables of presentation type
1 (not having previously watched the lab vs. having done so)
and presentation type 2 (visual–auditory vs. visual) from the
virtual laboratories predict the indicators of cognitive load and
learning results.

Presentation type 1 [form of task presentation (generalist vs.
specific content) and preview vs. no preview] explains 76.3% of
the results for the cognitive load indicators. Presentation type 2
[form of task display (visual–audio vs. audio)] explains 25.5% of
the results for the cognitive load indicators. However, some of
the cognitive load indicators may accumulate redundant
information. Three main components were found. Component 1
was related to indicators of duration, position, pupil diameter,
saccade direction, and saccade amplitude. Component 2 is
related to indicators of velocity, and Component 3 is related to
indicators of conductance.

Objective 4. To apply supervised machine learning techniques
for classification in order to determine the most representative
classifiers of cognitive load.

Differences were found for all indicators of cognitive load
depending on the way the task was presented, except for those
related to skin conductance. Likewise, the classifiers found were
related to the gaze position at point X and Y, and the average
duration of cognitive load.

Objective 5. To apply unsupervised machine learning
techniques to find possible groupings without a prior
assignment variable
with respect to cognitive load indicators and learning outcomes.

The clusters found showed greater homogeneity in the group
that was able to watch the information before the test.
Differences were found in all indicators of cognitive load, except
those related to skin conductance and in the results of the
knowledge test.

Objective 6. To determine whether there are significant
differences in the indicators of cognitive load and learning
outcomes
depending on the type of task and the way it is presented
(visual–auditory vs. visual) in the participating groups.

Significant differences were found with respect to the way the
task was presented in all cognitive load indicators, except those
related to skin conductance; no differences were found in the
results of the knowledge test. No significant differences were
found for the display type variable.

Table 12. Standardised estimates of the default model.

Goodness-
of-Fit Index

Default Model 1
Independence

Model 1
Accepted Value

χ2 85.98, df = 38 p = 0.00 *. - p > 0.05 α = 0.95
RAMSEA 0.16 0.45 >0.05–0.08

RAMSEA intervals (LO 90) 0.12 0.42 >0.05–0.08
SRMR 0.06 - >0.05–0.08

NFI 0.85 0.00 0.85–0.90<
TLI 0.90 0.00 0.85–0.90<
IFC 0.90 0.00 0.95–0.97<
AIC 163.98 623.68 The lowest value

ECVI 3.49 13.27 The lowest value
ECVI interval (90%) 2.99 11.70 The lowest value

* p < 0.05. Note. df = degree of freedom; χ2 = Chi-squared; RMSEA = root-mean-square error of approxima-
tion; SRMR = standardised root-mean-square Residual; NFI = normed fit index; TLI = Tucker–Lewis index;
CFI = comparative fit index; AIC = Akaike information criterion; ECVI = parsimony index.
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Figure 7. Standardised estimates. Note: Component 1 (C1) includes the following indicators of cognitive
load: MD = Mean duration, FX = Fixation point X, FY = Fixation point Y, PD = Average pupil diameter,
and SD = Saccade direction. Component 2 (C2) includes the indicators AV = Average velocity and
PV = Peak velocity; Component 3 (C3) includes AV = preview, and PV = type of presentation (audio and
text vs. audio); and Component 4 (C4) includes the Average GSR and SCR count.

4. Discussion

This study found that the intrinsic cognitive load experienced by students seems to be
related to whether they are able to see the task beforehand and to the use of specific learning
tasks. However, these conditions did not translate into differences in learning outcomes.
Furthermore, these conditions also produced differences with respect to the germane
cognitive load, which refers to the construction and automatisation of cognitive schemas in
LTM [8,13,17]. Seeing the task beforehand and task-specific content may be related to how
the information is processed and the learner’s engagement with the task [18,19,21]. One
possible explanation is that facilitating knowledge of the information enhances placement
of the information in the learner’s Proximate Development Zone (PDZ), which helps to
improve information processing [17]. At this point, it is assumed that each learner has
their own way of processing information [18]; however, by allowing them to see the task
before attempting it in the in the simulation lab, it seems that the way information was
processed was somehow equalised, with this fact having more explanatory weight than
the intrinsic cognitive load that the student might have experienced [20]. The explanation
may be related to the fact that the learners’ being able to see the information beforehand
may help to eliminate redundant information [20] which aids in processing information in
working memory and long-term memory [8,9,13,17]. However, this hypothesis will need
to be tested in future studies with different tasks and in different groups.

We also found that whether information was presented through one or two channels
had an effect on the indicators of cognitive load. This result may be related to the possibility
given to students in all groups to voluntarily choose how the task was presented, which may
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boost the personalisation of the learning process and increase student motivation [18,19,21]
as it respects individuality in the way information is processed.

On the other hand, it seems that some of the indicators of cognitive load considered
in this study were measuring the same thing with respect to information processing. We
found three main components in this study: one related to the cognitive load indicators
of duration, position, pupil diameter, saccade direction and saccade amplitude; another
related to velocity; and a third related to the psychogalvanic response and skin conductance,
i.e., a more emotional component. This result opens the way for future research aimed
at studying indicators of cognitive load in terms of explanation from the perceptual and
neurological functioning of information processing in different tasks.

Finally, we proposed an explanatory model of cognitive functioning in the execution
of simulation tasks. This is intended to highlight the need for applied research to test the
generalisability of the research results. More specifically, in this study, we used a data fusion
model [56] to analyse the different indicators (cognitive load and type of presentation) and
the fit of the results was checked using a goodness-of-fit index. However, future studies
will be able to expand on the number of cognitive load indicators, including electroen-
cephalographic recordings; the characteristics of the tasks; and the application of other
more powerful models for data processing that include generative artificial intelligence,
such as the Transformer model [57–59].

5. Conclusions

Firstly, the results from this study should be considered with caution, as we worked
with samples from a single university selected through convenience sampling. In addition,
the students voluntarily agreed to participate without receiving any financial compensation,
which is a bias in itself. However, the analysis of human processing in learning environ-
ments is complex and does not allow for brief tests with very large samples. Therefore,
the way to increase generalisability is to replicate research in other contexts with other
participants, which will undoubtedly improve the generalisability of the results.

Secondly, bearing in mind that caution is needed when interpreting the results, the
study does raise a number of unknowns for future research in this field. It seems that
being able to preview tasks in virtual simulation contexts is an important element for
homogenising the intrinsic load and increasing the germane load. One possible explanation
is that this may help the learner to eliminate the redundant load and improve the processing
of information in working memory and long-term memory, which may help increase
learning engagement and thus motivation. Another key aspect is to facilitate the learner’s
choice of information display channel(s). This respects each learner’s type of processing
(auditory, visual, or both). Therefore, the design of the tasks and the application of the
tasks seem to be important elements in improving information processing.

Finally, proposing explanatory models is important. These models must be analysed in
terms of their fit and reliability indicators. This is undoubtedly a challenge for developmen-
tal educational psychology and cognitive instructional psychology. At this point, the use
of generative artificial intelligence similar to what is used in the Transformer models will
undoubtedly be of great help in this field of research. Therefore, we stress the importance
of working with interdisciplinary teams that include professionals from educational and
cognitive psychology, computer science, and information technology in order to effectively
address these challenges.

In summary, using characteristic selection techniques can offer researchers important
information that helps them understand which of the variables (features in data mining
terminology) may be more significant in the study they are conducting. Moreover, an
analysis of percentiles with regard to the metrics recorded by multi-channel eye-tracking
devices can help researchers to categorise the different types of users (or instances in data
mining parlance). Applying supervised machine learning regression techniques gives
information about percentage predictions of numerical values, in this case values related
to the metrics from multi-channel eye-tracking and GSR devices. Along similar lines,
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supervised machine learning classification techniques give researchers information about
the prediction of previously defined categories. In contrast, non-supervised machine
learning clustering techniques help identify hidden patterns, as they do not apply prior
labels—unlike supervised learning. Using statistical techniques such as MANOVA allows
researchers to determine whether there are significant differences in defined independent
variables between the groups being tested. All of these results allow researchers to interpret
and develop explanatory models, in this case about information processing during a
learning task in a self-regulated virtual lab. Finally, using goodness-of-fit indices gives
researchers an idea of how well the proposed model fits.
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Abstract: Non-human primates (NHPs) are extensively utilized to investigate the neural
mechanisms underlying face processing; however, measuring their brain activity necessi-
tates a diverse array of technologies. Pupillometry emerges as a convenient, cost-effective,
and non-invasive alternative for indirectly assessing brain activity. To evaluate the efficacy
of pupillometry in assessing facial and emotional processing in NHPs, this study designed
a face fixation task for experimental monkeys (Rhesus macaque) and recorded variations in
their pupil size in response to face images with differing characteristics, such as species,
emotional expression, viewing angles, and orientation (upright vs. inverted). All face
images were balanced with luminance and spatial frequency. A sophisticated eye-tracking
system (Eye-link 1000 plus) was employed to observe the pupils and track the viewing
trajectories of monkeys as they examined images of faces. Our findings reveal that mon-
keys exhibited larger pupil sizes in response to carnivore faces (versus human faces, p
= 0.035), negative conspecific faces (versus human faces, p = 0.018), and profile viewing
angles (versus frontal view angles, p = 0.010). Notably, pupil size recorded during the
500–1000 ms post-stimulus interval was negatively correlated with their gaze durations
directed at those images (r = −0.357, p = 0.016). Overall, this study demonstrates that
pupillometry effectively captures subtle differences in facial and emotional processing,
underscoring its potential as a valuable tool in future cognitive research and the diagnosis
of disorders.

Keywords: pupillometry; nonhuman primate; pupil; face processing; eye-tracking

1. Introduction

Facial expressions are pivotal in social interactions, serving as essential indicators of
identity, species, gender, emotion, and intention [1]. Accurately interpreting facial cues
is vital for effective social engagement, positioning face processing as a significant area
of interest within psychology and neuroscience. Both humans and nonhuman primates
(NHPs) exhibit comparable behaviors in face observation [2,3], making NHPs an excel-
lent model for exploring the neural mechanisms involved in facial recognition. Research
utilizing functional magnetic resonance imaging (fMRI) and multi-channel electrophysi-
ological recording has shown that NHPs’ brain activity is modulated by facial cues. For
example, neurons in the prefrontal cortex encode species-specific information [4,5], while
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the temporal cortex contains neurons responsive to both face orientation [6] and viewing
angles [7–10].

Moreover, pupil size in primates is influenced by neural activity, offering a unique
“window” into brain function [11–13]. Key neural substrates that regulate pupil size, pri-
marily located in the brain stem, include the locus coeruleus (LC) and pretectal olivary
nucleus (PON), which receive input from retinal ganglion cells [11,14]. In NHPs, the LC
receives projections from both the prefrontal cortex (PFC) and anterior cingulate cortex
(ACC) [15,16], influencing PFC activity through noradrenergic pathways [17]. The PON
connects to the inferior temporal and visual cortices [18,19]. Electrophysiological studies
have revealed that variations in pupil size correspond to neural activity in the PFC and
ACC during passive fixation and unexpected events in NHPs [20]. Additionally, microstim-
ulation of the PFC has been shown to affect the pupil light reflex in these animals [21,22].
In humans, similar MRI studies have identified correlations between blood oxygenation
level-dependent (BOLD) activity in the ACC and orbitofrontal cortex and changes in
pupil size [23]. Collectively, these findings suggest that changes in pupil size can reflect
underlying brain activity in primates.

Given this context, pupillometry has emerged as a valuable tool for assessing emo-
tional and cognitive processing in NHPs [11,24]. This study aims to evaluate whether pupil-
lometry can be applied to investigate facial processing in NHPs. Compared to traditional
methods for studying primate brain activity—such as multi-channel electrophysiological
recording and fMRI—pupillometry offers a cost-effective, convenient, and non-invasive
alternative [20]. As NHPs lack the ability to communicate verbally with humans, pupillome-
try presents an ideal approach for uncovering their internal states [24]. The study developed
a face fixation task (FFT) featuring various face images, differing in species, expressions,
orientation, and viewpoints—all known to affect neural activity in NHPs [4–6,25–30]. By
employing an eye-tracking system, it will monitor the pupil area and gaze location of
NHPs while they observe these facial stimuli. Through this research, it aims to determine
whether pupillometry effectively reveals psychological differences in facial processing
among NHPs.

The key contributions of this research can be outlined as follows:

(1) This study investigates the potential of pupil size variations as indicators of emotional
responses in NHPs. Furthermore, it aims to evaluate the effectiveness of changes in
pupil size as a method for interpreting the emotional states of animals.

(2) By analyzing the pupillary reactions of NHPs to facial imagery, it can differentiate
their emotional responses to faces from those of humans.

(3) Ultimately, this research seeks to explore the viability of pupil responses as a
biomarker for deficits in face processing, as such impairments are a significant hall-
mark of several neurological disorders.

The structure of this paper is organized as follows: Section 1 (Introduction) offers a
review of recent related literature in this field. Section 2 (Related Works) reviews recent
related works. Section 3 (Materials and Methods) outlines the animal subjects, experimental
procedures, and materials utilized throughout the experiments, while also covering data
and statistical analysis methods. Section 4 (Results) presents the analysis of the study’s
findings. Finally, Section 5 (Discussion) discusses the key conclusions drawn from the
research and suggests directions for future investigations.

2. Related Works

Pupillometry has garnered increasing interest among psychologists and neuroscien-
tists due to its non-invasive nature and cost-effectiveness (Table 1). For example, research
led by Chang YH et al. has revealed that pupillometry correlates with various physiological

127



Appl. Sci. 2025, 15, 3022

measures, including heart rate, skin conductance, pulse wave amplitude, and respiratory
signals. This suggests its potential as a reliable real-time indicator of autonomic arousal [31].
Additionally, studies have demonstrated that emotional stimuli—both visual and auditory—
such as those prompting feelings of sadness, happiness, or fear, result in significant pupil
dilation in humans, while neutral stimuli do not elicit such a response [32–34]. Further
investigations indicate that the pupil dilation associated with arousal is more pronounced
within social contexts [35,36]. This effect has also been documented in rodents, although it
may be suppressed under anesthesia (specifically with dexmedetomidine-isoflurane) [37].
Moreover, findings from human studies have shown that increased cognitive workload
and demands for attentional control can lead to greater pupil size [38,39], suggesting
that cognitive effort is a contributing factor to pupil dilation. Therefore, it is hypothe-
sized that facial characteristics may influence variations in pupil size. However, there is a
lack of research exploring the responses of non-human primates (NHPs) to facial images
through pupillometry.

Table 1. Main differences between the current study and related works in the past three years.

Study
Objective
Measures

Subjects
Experimental

Materials

Explore
Cross-

Species
Effects?

Control
Low-Level
Properties

Compare
Effects of

View Point

Compare
Correlation
with Gaze
Duration

Chang YH
et al., 2024

[31]
Pupil size Human Images and

words No Not mention No No

Lee CL et al.,
2023 [32] Pupil size Human Videos No Not mention No No

Pan J et al.,
2024 [33] Pupil size Human Auditory

stimuli No Yes No No

Yuan T. et al.,
2024 [34] Pupil size Human Motion

visual stimuli No Yes No No

Yu P et al.,
2024 [35] Pupil size Human Images Yes Yes No No
Bonino G
et al., 2024

[36]
Pupil size Human Touch No No mention No No

Current
study Pupil size NHP Images Yes Yes Yes Yes

In contrast to previous studies conducted over the past three years, this research is
innovative in several ways: (1) it uses NHPs as subjects; (2) it rigorously controls the
lower-level properties of images and minimizes the influence of extraneous factors on pupil
size; and (3) it investigates the relationship between gaze duration and pupil variation
(Table 1). While prior reviews have indicated that pupillometry can effectively measure
arousal levels [11,24], we contend that it also serves as an indicator of cognitive effort and
attention during facial processing.

3. Materials and Methods

The entire experimental procedure unfolded as follows: it commenced by assembling
the necessary materials, specifically images of faces, along with the required equipment.
Subsequently, all macaques participated in the behavioral task to facilitate data collection.
Finally, a thorough analysis was conducted of the experimental data and a discussion
regarding the findings ensued.

3.1. Animals

Seven male Rhesus macaques (age: 8–12 years; weight: 7.2–11.2 kg) were utilized in
this study. All monkeys were housed individually in an AAALAC-accredited NHP facility
with controlled temperature (20–26 ◦C) and humidity (40–70%). They lived in the same
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colony room, which maintained a 12:12 h light–dark cycle (light onset at 7 a.m.) [40,41].
To ensure stable eye tracking, each monkey was surgically implanted with a titanium
headpost [42]. All experimental procedures adhered strictly to the Guide for the Care and
Use of Laboratory Animals (Eighth Edition) and were approved by the Institutional Animal
Care and Use Committee (IACUC) at the Shenzhen Institute of Advanced Technology,
Chinese Academy of Sciences.

3.2. Experimental Procedures

The monkeys sat comfortably in a custom-designed chair in a dark, quiet recording
room with their heads fixed via the titanium headpost. An LED monitor (ASUS, 24 inches,
1920 × 1080 resolution, 144 Hz refresh rate) was positioned 57 cm in front of the subjects.
Eye positions and pupil sizes were monitored using an eye-tracking system (Eyelink 1000
Plus; sampling rate: 1000 Hz, Figure 1). Prior to each recording, subjects underwent a
nine-point calibration.

Figure 1. The schematic of the behavioral task and examples of stimulus. (A) The flow of the task.
(B) Illustration of the experimental setup. (C) The stimuli set includes faces of monkeys, humans,
animals, and objects, with different emotions, viewing angles, and upright or inverted.
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All monkeys were trained to perform a face fixation task (FFT; see Figure 1), adapted
from previous studies involving humans and NHPs [43–45]. Each trial commenced with a
fixation point at the center of the screen, which subjects had to focus on for 1 s to trigger
the presentation of face stimuli, which lasted for 3 s. Subjects needed to maintain fixation
within four visual degrees during the initial second; breaking this fixation would terminate
the trial. Successful completion of a trial resulted in a juice reward. The background of the
screen was set to the average RGB of all visual stimuli used (gray) to minimize contrast.
The inter-trial interval (ITI) was set to 5–7 s, and all stimuli were presented in a random
order. Overall, four distinct experiments utilizing the FFT paradigm were conducted.

3.3. Experiment 1: Responses to Different Animals and Objects

In this experiment, 12 images of faces and three images of objects were used as visual
stimuli. The face stimuli included four categories: human, monkey, carnivore, and snake,
with three images per category. Object images included a fire hydrant, lamp, and clock.
Human, snake, and object images were sourced from the International Affective Picture
System (IAPS) [46], while monkey and predator images (tiger, lion, cheetah) were obtained
from publicly available sources. All subjects in the images were looking sideways. Monkeys
completed two FFT sessions, each consisting of 360 trials.

3.4. Experiment 2: Responses to Monkey and Human Facial Expressions

For this experiment, six face images featuring different facial expressions were em-
ployed as visual stimuli, encompassing two species (human and monkey) and three expres-
sion types (negative, positive, and neutral). Human faces were obtained from the NimStim
database [47], while monkey face images were sourced from one lab monkey displaying
open-mouth, lip-smacking, and relaxed expressions, classified as negative, positive, and
neutral, respectively [25,48–51]. All faces were oriented straight ahead. This experiment
involved one FFT session comprising 120 trials.

3.5. Experiment 3: Responses to Faces of Different Viewing Angles

This experiment employed 12 face images captured from two rhesus macaques and
two young male humans at three viewing angles (0◦, 45◦, and 90◦), termed frontal view,
middle profile, and profile view, respectively. All faces displayed neutral expressions.
Monkeys performed two FFT sessions, each containing 360 trials.

3.6. Experiment 4: Responses to Faces of Different Orientations

In the final experiment, 12 face images featuring upright and inverted orientations
were used as visual stimuli. This included three upright and three inverted human faces
(female), as well as three upright and three inverted monkey faces. Human face images
were acquired from IAPS [46], while monkey images were sourced from publicly available
platforms. All faces displayed neutral expressions, oriented straight ahead. Monkeys
completed two FFT sessions, each comprising 360 trials.

All images were processed using Photoshop (2017 version). The images were trimmed
for consistent sizing, and face-irrelevant information was removed or obscured. Images
within each experiment were balanced for luminance and spatial frequency utilizing the
ShineToolbox in MATLAB (2016a version) [52]. Briefly, the luminance distributions of each
image were normalized and adjusted to align with the corresponding mean and standard
deviations. Additionally, each image’s spatial frequency was subjected to a fast Fourier
transform to generate a spectrum, with the average spectrum established as the reference
target. Subsequently, the phase information from the original image was merged with the
target amplitude spectrum, and an inverse fast Fourier transform was applied to convert
the data from the frequency domain back into the spatial domain.
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3.7. Data Analysis

Eye tracking data underwent preprocessing through the utilization of custom scripts
in Matlab (Version 2016a). For the analysis of pupil size, only those trials were considered
where the pupil sizes remained stable and were continuously recorded for 1000 ms prior to
and 1000 ms following the visual stimulus. To obtain the mean pupil size change curve,
pupil areas were averaged across trials aligned to 200 ms prior to visual presentation.
Notably, it observed that monkey pupils began to constrict approximately 200 ms post
visual presentation, reaching minimum levels between 400 and 500 ms. The mean pupil
sizes were calculated during three phases: early (1–200 ms), middle (201–500 ms), and late
(501–1000 ms) after stimulus onset.

In conducting the gaze duration analysis, data from the free viewing interval, specif-
ically between 1000 ms and 3000 ms following visual stimulation, were extracted for
evaluation. To assess the relationship between pupil size and gaze duration for each image,
we first determined the average pupil size during three distinct phases and recorded the
gaze duration for each image presented to the four monkeys. Subsequently, we computed
the z-scores for both pupil size and gaze duration within the context of the experiment.
Finally, the Pearson product-moment correlation coefficient was calculated to quantify the
correlation between the z-scores of gaze duration and pupil size. All figures were produced
using Prism (Version 8.0).

3.8. Statistical Analysis

In Experiment 1 and 2, a Friedman test (a nonparametric test) was employed to
assess the main effects between groups, followed by Dunn’s multiple comparisons. For
Experiments 3 and 4, repeated measures two-way ANOVA (RM two-way ANOVA) was
utilized to evaluate the effects of facial attributes (viewing angle, orientation) and species
on pupil size changes. Data conformed to the sphericity assumption according to the
Mauchly sphericity test. A Greenhouse–Geisser correction was applied if the data violated
the sphericity assumption. A Shapiro–Wilk test was used to test the normality of data.
Bonferroni correction for multiple comparisons was applied when differences reached
significance (α = 0.05) or marginal significance (α = 0.06). All statistical analyses were
conducted using SPSS (version 25, IBM Corporation).

4. Results

4.1. Experiment 1: Pupil Change in Response to Face Images of Different Species

It began by examining whether the pupil responses of monkeys varied when viewing
images of different animals and objects. The experiment involved six monkeys, and the
results concerning pupil size changes are illustrated in Figure 2A–C. Although no significant
differences were detected in the early phase across conditions, a marginally significant
effect of species on pupil size emerged in the middle phase (p = 0.059, Friedman test,
Figure 2B), followed by a significant effect in the late phase (p = 0.048, Figure 2C). Further
analysis through multiple comparisons revealed that pupil size in response to carnivores
was significantly larger than to human faces in the late phase (p = 0.035, Figure 2C). Given
that the physical features of the images were balanced, these variations in pupil responses
likely reflect the innate responses of the subjects to different species. Thus, these findings
indicate that pupil size can serve as a sensitive indicator of a monkey’s perceptual state.

131



Appl. Sci. 2025, 15, 3022

 

Figure 2. Changes in pupil size in response to images of various animals and objects. (A) Pupil
alterations observed 500 ms before and 1000 ms post the time of stimulus presentation. Light
gray and green zones indicate the middle (201–500 ms) and late phases (501–1000 ms), respectively.
(B,C) Averaged pupil changes during the mid and late phases in reaction to different animals and
objects. Color coding: red for monkeys; yellow for humans; gray for objects; green for carnivores;
and blue for snakes. Error bar: SEM. * p < 0.05.

4.2. Experiment 2: Pupil Change to Facial Expressions of Humans and Monkeys

Recognizing emotional states in facial expressions is crucial for primates. There-
fore, it investigated whether eye tracking could yield insights by employing the FFT
paradigm. This experiment involved six monkeys and presented human and monkey
facial expressions as visual stimuli. The pupil area responses to these expressions are
presented in Figure 3A–C, featuring two species (human/monkey) and three expressions
(negative/positive/neutral). Consistent with Experiment 1, no significant differences in
mean pupil size were observed during the early phase. Notably, facial expressions exhib-
ited significant effects on mean pupil size in the middle (p = 0.028, Friedman test) and later
phases (p = 0.040, Friedman test). Dunn’s multiple comparisons indicated that pupil size
in response to monkey negative expressions was greater than that for human negative
expressions in the middle phase (p = 0.018, Figure 3B) and late phase (p = 0.051, Figure 3C).
These results imply that pupil size is a sensitive measure for detecting nuanced differences
in responses to conspecific facial expressions.

 

Figure 3. Changes in pupil size in response to facial expressions of humans and monkeys. (A) Pupil
alterations observed 500 ms before and 1000 ms post the time of stimulus presentation. Light
gray and green zones indicate the middle (201–500 ms) and late phases (501–1000 ms), respectively.
(B,C) Averaged pupil changes during the mid and late phases in reaction to different facial expres-
sions of humans and monkeys. Color coding: blue for monkey—negative; dark gray for monkey—
neutral; red for monkey—positive; purple for human—negative; light gray for human—neutral; and
yellow for human—positive. Error bar: SEM. * p < 0.05.
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4.3. Experiment 3: Pupil Size Change in Response to Face Images with Different Viewing Angles

Next, it aimed to explore how viewing angles (frontal view, mid-profile view, profile
view) affect pupil size. Pupil size changes were examined in response to human and
monkey faces presented at various angles (Figure 4A–C), involving five monkeys. While
no significant effects of viewing angle were seen in the early phase, significant main
effects emerged in the middle phase (repeated-measures two-way ANOVA: interaction
F(2, 8) = 0.883, p = 0.450; viewing angle F(2, 8) = 5.031, p = 0.038) and late phase (interaction
F(2, 8) = 0.098, p = 0.908; viewing angle F(2, 8) = 8.744, p = 0.010). Post hoc analysis revealed
that pupil size in the late phase was larger for the profile view compared to the frontal
view (p = 0.030, Figure 4C). These findings suggest that pupil size may reflect the cognitive
processing related to viewing angles.

 

Figure 4. Changes in pupil size in response to face images with different viewing angles. (A) Pupil
alterations observed 500 ms before and 1000 ms post the time of stimulus presentation. Light
gray and green zones indicate the middle (201–500 ms) and late phases (501–1000 ms), respectively.
(B,C) Averaged pupil changes during the mid and late phases in reaction to face images with different
viewing angles. Color coding: dark gray for monkey frontal; blue for monkey mid-profile; green
for monkey profile; light gray for human frontal; purple for human mid-profile; and light green for
human profile. Error bar: SEM. * p < 0.05.

4.4. Experiment 4: Pupil Size Change in Response to Upright and Inverted Faces

Investigating face orientation is a common approach in studies of facial processing. It
further sought to assess the efficacy of pupil tracking in gauging differences in processing
upright versus inverted faces. This experiment involved six monkeys, utilizing both human
and monkey faces as stimuli. The results of pupil size changes in response to upright and
inverted faces are displayed in Figure 5A–C. No significant differences were found across
face orientations at any phase (early, middle, late). These findings suggest that pupil size
may not be particularly sensitive to variations in face orientation.

 

Figure 5. Changes in pupil size in response to upright and inverted faces. (A) Pupil alterations observed
500 ms before and 1000 ms post the time of stimulus presentation. Light gray and green zones indicate
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the middle (201–500 ms) and late phases (501–1000 ms), respectively. (B,C) Averaged pupil changes
during the mid and late phases in reaction to upright and inverted faces. Color coding: dark gray
for monkey upright; red for monkey inverted; light gray for human upright; and yellow for human
inverted. Error bar: SEM.

4.5. Correlation Between Gaze Duration and Mean Pupil Size

Lastly, variability in gaze duration was observed among monkeys fixating on different
stimuli, ranging from 2500 to 2900 ms, despite a consistent presentation duration of 3000 ms.
This study aimed to identify any potential correlation between gaze duration and pupil
dynamics. The z-scores were obtained for both gaze duration and pupil size for each visual
stimulus across the three phases, followed by Pearson correlation analysis for all phases
with data from four monkeys who participated in all experiments. Notably, a significant
negative correlation was found between gaze duration and mean pupil size in the late phase
(r =−0.357, p = 0.016, Figure 6A,B, with Figure 6A depicting results for each stimulus). This
suggests that pupil size in the late phase may predict a monkey’s interest in specific images;
for example, smaller pupil sizes correspond to longer gaze durations towards those images
in the FFT paradigm. This correlation was absent in the early (r = −0.063, p = 0.679) and
middle phases (r = −0.255, p = 0.091, Figure 6C).

 

Figure 6. Correlation between gaze duration and mean pupil size. (A) The z-scores for gaze duration
(x-axis) and pupil size (y-axis) for each visual stimulus. (B) The correlation between gaze duration
and pupil size during the late (B) and middle (C) phases. * p < 0.05.

5. Discussion

In this study, it was demonstrated that pupillometry could effectively capture subtle
differences in facial and emotional processing in NHPs. Our findings indicate that pupil size
increases when NHPs view images of carnivores, negative conspecific facial expressions,
and profile views. Notably, a significant negative correlation was also observed between
mean pupil size in the late phase and gaze duration for each visual stimulus. These results
suggest that pupil size may serve as a sensitive, indirect biomarker to gauge face processing
in NHPs.
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5.1. Pupil Size Changes in Face Processing

Firstly, it was found that NHPs exhibited larger pupil sizes in the late phase when
viewing images of carnivores (tigers, leopards, and lions) compared to human faces. The
subject monkeys had been trained to interact with humans, receiving food, water, and
fruits from them, and had visual exposure to both monkeys and humans within their
environments. As a result, these monkeys can be considered familiar with human faces.
In contrast, they had no prior exposure to carnivores or snakes, which are recognized as
primary predators of primates [53,54]. Din et al. [4] reported that neurons in the prefrontal
cortex show stronger responses to images of snakes and carnivores than to humans in
NHPs. Significant pupil size changes were not observed in response to snake images;
this may be attributed to our control of low-level image properties, such as color, spatial
frequency, and luminance. Snakeskin is characterized by a distinctive color and texture
(smoothy and hairless) that differs from that of common mammals. By manipulating these
low-level attributes of the images, it may have complicated the monkeys’ recognition of
snakes, ultimately reducing their salience.

Secondly, it identified that NHPs displayed larger pupil sizes in response to negative
facial expressions of monkeys, but not humans. The ability to recognize negative emotions
from faces is crucial for survival [1], and imaging studies have shown that multiple brain
regions in NHPs exhibit increased BOLD signals when viewing conspecific negative ex-
pressions. Electrophysiological research suggests that the orbitofrontal cortex and medial
prefrontal cortex contain neurons responsive to these expressions [4,5,28]. Our findings
align with this biological evidence regarding pupil size modulation by conspecific negative
expressions. However, a similar pupil response to negative human expressions was not
observed, potentially because NHPs and humans communicate emotional facial expres-
sions differently [41,49,55], making it challenging for NHPs to infer negative emotions from
human faces.

Thirdly, viewing angle influenced pupil size, with NHPs responding with larger pupil
sizes to profile views compared to frontal views. Research has shown that neurons in the
temporal cortex of NHPs are sensitive to viewing angles [8,10]. The recognition of emotions
and identities from frontal views occurs more quickly and accurately than from profile
views [56–59]. Therefore, we propose that viewing faces from a frontal perspective allows
NHPs to more efficiently gather social information, such as identity and emotions, thereby
reducing uncertainty in facial recognition [56–59].

These findings indicate that changes in pupil size during the middle and late phases
(200–1000 ms post-stimulus presentation) reflect the processing of facial information. Hu-
man studies have shown that pupil sizes increase under high working memory load and
attentional control [38,39]. It is plausible that NHPs also require increased cognitive effort
to recognize threatening or uncertain face information quickly. Moreover, our discovery of
a negative correlation between gaze duration and pupil size in the late phase (500–1000 ms
post-stimulus presentation) suggests that smaller pupils correspond to longer gaze dura-
tions, indicating that NHPs might allocate less attentional control and engage in prolonged
viewing to comprehend facial information.

5.2. Limitations of Pupillometry in Exploring Face Processing

While our study demonstrates that pupillometry can reveal differences in face process-
ing among NHPs, certain limitations must be acknowledged. Compared to commonly used
brain research techniques, such as MRI, multi-channel electrophysiological recordings, and
EEG, pupillometry offers several advantages, including shorter preparation times, no need
for consumable materials, absence of required anesthesia, and non-invasive measurements.
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Therefore, it posits that pupillometry is a valuable and suitable tool for studying NHPs as
experimental models.

However, pupillometry does present some challenges. Firstly, it typically requires a
longer latency to reveal differences in face processing. EEG and MEG studies have shown
that the N170 and M170 components reflect differences in face processing in humans around
150–200 ms post-stimulus [60–62]. In NHPs, similar components appear approximately
112 ms after face presentation [63], while pupillometry may need 200–1000 ms to reveal
processing differences. Secondly, controlling low-level properties of visual input, such
as luminance, spatial frequency, and color, is essential in pupillometry studies, as these
factors can significantly impact pupil size [64]. However, controlling these properties can
affect subjective experiences with the images [65,66], which may also influence pupil size.
Thirdly, the neural mechanisms modulating pupil size changes are not fully elucidated;
thus, pupillometry serves as an indirect method to assess brain activity [11]. It is essential
to consider these limitations prior to implementing pupillometry in a particular study.
Integrating artificial intelligence with pupillometry may further enhance its application in
future cognitive research and the diagnosis of disorders [67].

5.3. Conclusions and Directions for Future Research

In summary, our findings indicate that pupillometry is a valuable tool for uncovering
variations in how non-human primates (NHPs) process facial expressions. The levels of
arousal, along with cognitive control, appear to influence this mechanism. While pupil-
lometry does have certain limitations, it presents an economical and practical approach
for indirectly assessing brain activity. This research reinforces the notion that changes in
pupil size can be an effective measure of emotional face processing in primates, potentially
aiding in the diagnosis of neurological conditions such as autism.

Looking ahead, we aim to create a specialized task and formulate a mathematical
model that will enable us to interpret the emotional states and cognitive demands of NHPs
based on data derived from pupil size fluctuations [68].
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Abstract: The aim of the present study was to examine the effect of background music on
text comprehension using eye-tracking technology. Ten Greek undergraduate students read
four texts under the following four reading conditions: preferred music, non-preferred
music, café noise, and in silence. Eye movements were tracked to assess visual patterns,
while reading performance and attitudes were also evaluated. The results showed that
fixation measures remained stable across conditions, suggesting that early visual processing
is not significantly influenced by auditory distractions. However, reading performance
significantly declined under non-preferred music, highlighting its disruptive impact on
cognitive processing. Participants also reported greater difficulty and fatigue in this condi-
tion, consistent with an increased cognitive load. In contrast, preferred music and silence
were associated with enhanced understanding, confidence, and immersion, café noise also
had a moderate but manageable effect on reading outcomes. These findings underscore
the importance of tailoring reading environments to individual preferences in order to
optimize reading performance and engagement. Future research studies should focus on
the effects of different musical attributes, such as tempo and genre, and use more complex
reading tasks, in order to better understand how auditory stimuli interact with cognitive
load and visual processing.

Keywords: adult students; background music; eye movements; text comprehension;
reading attitudes

1. Introduction

Reading constitutes a cognitively demanding process which is influenced by multiple
factors that may impact the assimilation of written information [1]. Students often engage in
reading and studying within environments where various distractions—whether voluntary
or involuntary—compete for their cognitive resources. One such common scenario is
reading while simultaneously listening to music or watching television or in the presence
of people talking in a café [2–4]. Research has demonstrated that listening to music can
influence performance in cognitively demanding tasks. However, the magnitude of this
effect varies depending on multiple factors, including the nature of the task one is engaged
in [5,6], the type of music played [1,7,8], as well as the personality of the individual [6,9].
Therefore, it can be inferred that physiological and psychological factors affect the readers’
text comprehension and have an impact on their reading performance.

Visual patterns, as captured through eye movement measurements, constitute a well-
established physiological indicator for assessing the cognitive and perceptual load during
the reading process [10,11]. The eye-tracking technology is considered one of the methods
that has started to attract the interest of educational researchers [12,13], as it is a method
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that offers the distinct advantage of providing real-time measures of the reading process
while capturing moment-to-moment cognitive control during reading [14]. Furthermore,
numerous studies have demonstrated that eye-tracking is an effective research tool for
elucidating the readers’ processing strategies during reading [15–22]. One of the most
significant general eye movement measures relevant to reading is fixation duration [12].
Fixation duration refers to the period during which the eye remains focused on a specific
word. In adult readers, fixations typically range from 60 to 500 milliseconds (ms), with
an average duration of approximately 250 ms [12]. A longer fixation duration is typi-
cally linked to increased cognitive demands during task performance [23], such as tasks
performed while listening to music or under the conditions of café noise.

The distribution of visual attention is susceptible to be influenced by a multitude
of cognitive processes, including, but not limited to perception, memory, language, and
decision-making. Additionally, the duration of focus can be influenced by factors such as
the point at which the eyes focus. Despite the inaccuracy of the eye-brain connection, a
substantial body of research has demonstrated that the eyes reflect the cognitive processing
of the object being looked at in that particular moment [23–26]. This makes eye-tracking a
widely used tool in research investigating cognitive processes, as it provides data on the
moment-to-moment evolution of cognition over time, rather than only revealing the final
outcome. Although each individual is capable of selecting what to look at and when to look
at it, the subtleties of that eye movement are largely involuntary. This is due to the fact that
each individual lacks memory regarding the specific point in time at which they looked at
a particular object [13]. Consequently, eye-tracking can capitalize on the processing of data
that occurs outside conscious awareness.

A second key aspect in the examination of text comprehension is reading performance,
which is assessed through comprehension and reading time. Comprehension reflects
the reader’s ability to process textual information, understand it, and integrate objective
content, whereas reading time denotes the duration required for a participant to com-
plete a given text [10,27]. Previous research has investigated the influence of background
music on reading comprehension, with findings indicating that certain types of music,
such as Mozart’s compositions and highly repetitive music, can have a positive effect [28].
In addition, there are studies which suggest that background music may enhance the
learners’ emotional states by helping to regulate their valence and arousal levels during
reading [1,6]. On the other hand, other studies have reported negative effects on reading
comprehension when background music includes genres such as hip-hop, slow-tempo
music, fast and loud music, or familiar non-lyrical music [29]. The discrepancies in these
findings may be attributed to variations in musical characteristics, including loudness,
tempo, structure, complexity, genre, familiarity, and whether the music contains lyrics or is
purely instrumental [30]. Moreover, individual differences among the participants, such
as musical preferences and expertise, may further contribute to these inconsistencies [1,6].
Furthermore, one possible explanation for this discrepancy is that the reading comprehen-
sion is influenced by a multitude of factors. As a complex cognitive process, reading is
shaped by elements such as word recognition, reading strategies, comprehension skills,
and motivation [31].

Finally, understanding the readers’ attitudes towards music offers a psychological
perspective on reading conditions that may differ from objective reading outcomes, such
as text comprehension. From a cognitive science standpoint, an individual’s perception
or self-assessment (e.g., perceived levels of understanding or difficulty) does not always
align with objective behavioral measures, including visual patterns and reading compre-
hension [10]. Therefore, beyond assessing reading comprehension, evaluating reading
attitudes—by exploring perceived aspects such as difficulty, confidence, and preference—
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may provide additional insights into text comprehension. Previous research on the subject
has highlighted the impact of reading attitudes on comprehension. Specifically, intrinsic
motivation, perceived difficulty, and self-assessed confidence in comprehension have been
found to influence reading performance and achievement [10].

Given the significance of investigating visual patterns, reading performance, and
reading attitudes, this study examines these variables to gain a deeper understanding
of how text comprehension is affected by different types of music and a certain type of
background noise, using the eye-tracking technology. In this study, in order to investigate
whether the claim that certain types of music improve text comprehension is true, we have
chosen to focus not on a specific type of music or certain aspects of it, but on personal
preferences: reading while listening to preferred music and reading while listening to non-
preferred music. In addition, as students often choose to study in environments where there
is noise from people talking, text comprehension will be studied in the presence of recorded
noise from a café. Finally, text comprehension is studied under the condition of silence.
In order to study the reading process as it unfolds, we used eye-tracking technology. In
particular, the research hypotheses are proposed in the following sequence, which reflects
the process from visual patterns to reading performance and to reading attitudes. This
sequence is consistent with the structure and the aims of the study:

Visual Patterns Hypotheses:

Hypothesis 1 (H1): Time to First Fixation (TTFF) is expected to be longer in the non-preferred
music and café noise conditions than in the preferred music and silence conditions.

Hypothesis 2 (H2): Participants are expected to exhibit longer fixation duration and more fixations
count when reading under the non-preferred music and café noise conditions than under the preferred
music and silence conditions.

Hypothesis 3 (H3): First Fixation Duration (FFD) is not expected to differ significantly across
the four reading conditions.

Reading Performance Hypotheses:

Hypothesis 4 (H4): Participants are expected to achieve higher reading comprehension scores in
the preferred music and silence conditions than in the non-preferred music and café noise conditions.

Hypothesis 5 (H5): Reading time is expected to be longer in the non-preferred music and café
noise conditions than in the preferred music and silence conditions.

Reading Attitudes Hypotheses:

Hypothesis 6 (H6): Participants are expected to report higher perceived difficulty and fatigue
when reading under the non-preferred music and café noise conditions than reading under the
preferred music and silence conditions.

Hypothesis 7 (H7): Participants are expected to report higher perceived understanding, confidence,
and immersion when reading under the preferred music and silence conditions than under the non-
preferred music and café noise conditions.

2. Materials and Methods

The objective of the experiment was to investigate the impact of different auditory
environments on visual patterns, reading performance and reading attitudes. Four reading
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conditions were employed: preferred music, non-preferred music, café noise, and silence.
The experimental design was focused on measuring the extent to which readers could
comprehend different texts in different reading conditions. Visual patterns were measured
by fixation duration, fixations count, TTFF and FFD. Reading performance was measured
by reading comprehension and reading time, and reading attitudes were assessed by five
measures of reader attitude: perceived difficulty, perceived understanding, perceived
confidence, perceived fatigue, and perceived immersion.

2.1. Experimental Set Up

The reading materials were selected from a reading comprehension section of the
Greek language texts of the Panhellenic Examinations, which are conducted on an annual
basis and serve to assess the comprehension and knowledge of the Greek language of
students seeking admission to Greek universities. In order to ensure consistency across the
texts, the reading materials were selected in accordance with two criteria. Firstly, it was
essential that all the selected texts were of an identical length and readability. The texts
were of a similar length, with an average of 480 words (ranging from a minimum of 407 to
a maximum of 564) and comprised five to six paragraphs (sentences) of approximately
90 words each (with a minimum of 83 and a maximum of 100). Secondly, it was ensured
that the selected texts were different from those used in the national university entrance
examinations of the participants. The texts were displayed on a computer screen in a large
Arial font (21 points) with a line spacing of 1.5. Each text was followed by five true/false
questions. The subject areas of the texts and the corresponding questions were sociology,
philosophy and education.

The eye-tracking device employed in the experiment was the Tobii Pro X2-60 Hz
system, which records the user’s gaze data in real time. The system operates at a sampling
rate of 60 Hz and provides a spatial accuracy of <0.5◦, making it well-suited for reading
research. The computer utilized was a 15.6-inch Dell Vostro 15,500 series monitor, with
a resolution of 1024 × 768 pixels and a physical size of 380 × 300 mm. The musical
accompaniment was delivered via speakers positioned in front of the participant, adjacent
to the monitor. The volume of the background music was standardized to ensure that each
participant was able to read the text comfortably. The café noise was a recorded sound
from a café, which was then normalized using Adobe Audition 3.0 software. The average
volume of the noise was between 60 and 70 dB, with no instances of exceeding 80 dB. The
sound was measured while the participants were seated.

2.2. Experimental Protocol

The experiment employed a within-subject experimental design, whereby each partic-
ipant was exposed to four distinct texts under four different conditions: preferred music,
non-preferred music, café noise, and silence. In order to minimize the possibility of carry-
over effects, each participant was assigned to receive the reading conditions and texts in a
specific order. The particulars of the experimental protocol are described below.

The participants were invited to the Laboratory of Bilingual Education of the De-
partment of Special Education of the University of Thessaly, where the experiment leader
provided an explanation of the experiment’s purpose and the process of the study (see
Figure 1 for an overview of the study design). Ensuring confidentiality and privacy is a
standard practice to protect research study participants. Therefore, this process involves
concealing the participants’ real names and other identifiable characteristics to minimize
the risk of exposing their personal information [32]. Participants were de-identified and
assigned a unique ID number (for student male and female participants, e.g., SM1, SF2).
They were assured that their personal information would be protected and thus each

143



Appl. Sci. 2025, 15, 3939

participant signed a consent form, indicating their understanding of the research aims and
confidentiality policies, as well as their agreement to participate in the study. After that,
the participants were required to complete a reading comprehension ability test and a pre-
survey questionnaire concerning their demographics, as well as their music and reading
habits. All participants were instructed to bring a 20–30 min long piece of music that they
preferred to listen to while reading. The participants selected a diverse range of musical
genres, including instrumental classical music, various forms of modern pop and jazz,
and vocal music. Additionally, the participants indicated to the experiment leader which
genres of music they did not prefer to listen to while reading. The most commonly cited
examples of such music were metal and heavy metal. A comprehensive list of all preferred
and non-preferred music genres is provided in Table A1. The experiment leader selected
20–30 min long pieces of music from these categories that the participants indicated they
did not prefer to listen to while reading. These pieces were then brought to the Laboratory
for the experiment.

Figure 1. Overview of the study design.

Subsequently, the participants were instructed to assume a seated position in front
of the computer and the eye-tracking device. The participants were seated at a distance
of 0.40 m from the computer screen, in a manner that was as comfortable as possible. The
experiment leader informed the participants that they would be reading four texts while the
eye tracker would record their eye movements. Subsequently, they were required to answer
to a series of questions of a reading comprehension test (RC Test) designed to evaluate
their comprehension of the text they had just read. The experiment leader informed the
participants that their eye movements would not be recorded during the responses to
the questions. A one-minute intermission was permitted between each reading task. The
participants were instructed to read one of the texts while listening to their preferred music,
one while listening to non-preferred music, one to recorded noise from a café, and one
in complete silence. The participants were not informed of the sequence in which the
four reading conditions would be presented. The participants were informed that they
could access the texts by using the mouse, and that they were permitted as much time
as they required to complete each reading task. To prevent significant discrepancies in
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overall completion times between the participants, the completion time for each reading
task should not exceed 20 min. However, the participants were not informed that their
time was being recorded in order to facilitate a sense of comfort and avoid any undue
pressure throughout the experiment. Following the completion of the four reading tasks,
participants were invited to answer in a survey questionnaire designed to assess their
attitudes towards reading.

In regard to the eye-tracking procedure, the participants were informed that a 9-point
calibration would be conducted prior to the commencement of each reading task. Calibra-
tion accuracy was assessed using deviation errors, with a threshold of <0.5◦ for acceptance.
If the accuracy exceeded this threshold, recalibration was conducted. Additionally, the
participants were instructed to maintain a fixed position of the head during the reading
tasks. However, they were permitted to move their head freely during the response phase
of each text, during which the eye tracker would not record their eye movements. The
experiment was conducted in two sessions, with a five-minute rest period between them. In
order to facilitate the participants’ comfort with the eye-tracking technology, the calibration
process, the reading procedure, and the RC Test, a simulation experiment was conducted
during the Session 1. The participants were required to read an example text in one reading
condition: reading while listening to preferred music and after that, they were asked to
complete a RC test. In the second session, the participants completed the basic experiment
as described above. After that, the experiment leader presented each participant with a
certificate of participation in the research project and provided them with a summary of
the project’s conclusion.

2.3. Subjects

A total of 10 undergraduate students from the University of Thessaly in Greece (n = 10,
comprising 9 females and 1 male) participated voluntarily in this pilot study. Table A2
presents the participants’ demographic details, as well as their music and reading habits.
The mean age of the participants was 22.8 years (SD = 7.2), and they were majoring at the
time in the subject of special education. All participants were native speakers of the Greek
language and reported having normal or corrected-to-normal vision, with or without the
use of contact lenses or glasses.

2.4. Measurements

Prior to the reading tasks, participants completed a survey comprising questions about
their demographics, as well as their music and reading habits. The pre-reading survey,
comprising 10 questions, was designed to assess eight variables: demographics, reading
environment, reading habits, reading performance with background noise and music,
self-perception of reading ability with music, reading frequency with music, and music
preferences while reading. In the experiment, the visual patterns of the participants were
measured in terms of four eye movement measures: fixation duration, fixations count, TTFF
and FFD. Moreover, the experiment resulted in the acquisition of two measures of reading
performance, which included both reading comprehension and reading time, is evaluated in
conjunction with five distinct measures of reading attitudes: perceived difficulty, perceived
understanding, perceived confidence, perceived fatigue, and perceived immersion.

2.4.1. Visual Patterns Measurements

The visual patterns were assessed in terms of Fixation Duration (ms), Fixations Count
(number of fixations), Time To First Fixation (TTFF) (ms) and First Fixation Duration
(FFD) (ms). The measurements were calculated by computing the average value of those
performed while the participant read a text on the computer screen. Fixation Duration is
the average time spent fixating on a word or area of interest (AOI). Longer fixation duration
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indicate increased cognitive processing demands. Fixations Count is the total number of
fixations recorded per reading task, reflecting the overall level of visual engagement with
the text. Time To First Fixation is the time elapsed from text onset until the participant’s
first fixation on the text, serving as a measure of attentional allocation efficiency, and First
Fixation Duration is the duration of the initial fixation on a word, which is associated
with early lexical processing. Fixations falling outside the specified cutoff range were
excluded from the analysis. The cutoff range was defined based on the standard deviation,
specifically two standard deviations above and below the mean. It ranged from below
100 ms to above 500 ms.

2.4.2. Reading Performance Measurements

The reading performance of the participants was evaluated in terms of their reading
comprehension and reading time. To assess reading comprehension, participants were
required to answer to an RC Test responding to five questions for each text. The questions
were in a true/false format and were designed to assess the general understanding of
the text by the participants. A score of one was awarded for each correct answer, with
a maximum score of five. Given that each reading task was based on a single reading
text, the maximum score for each task was five points. The reading time was calculated
as the number of seconds (s) required to read each text, beginning with the onset of
eye movement and concluding when the reading stopped. The data pertaining to the
reading activities were recorded via the eye-tracking device, while the reading time was
recorded and analyzed using the eye-tracking software. The data were validated by the
research team.

2.4.3. Reading Attitudes Measurements

In the experiment, participants were invited to answer a survey questionnaire de-
signed to assess their attitudes towards reading. The experiment leader employed a
fourth-grade Likert scale to calculate the scores for five perceived reading attitudes: diffi-
culty, understanding, confidence, fatigue, and immersion. The following section provides
an explanation of the methodology used to calculate each reader’s attitude score. Firstly,
perceived difficulty refers to the level of difficulty associated with each reading task, as
evaluated by the participant. This was assessed through the following question: “How
difficult did you perceive this reading task to be?”. A score was calculated for the perceived
difficulty of reading task. A score was calculated to quantify the perceived difficulty of
each reading task, ranging from 1 (very easy) to 4 (very difficult). Secondly, perceived
understanding was assessed through the question: “How clearly did you understand the
reading text?”. Responses were recorded on a scale from 1 (poorly understood) to 4 (com-
pletely understood), providing a measure of the participants’ self-assessed comprehension
of the reading task. Thirdly, the levels of perceived confidence were evaluated through the
following question: “How confident are you about your text comprehension?”. The scale
ranged from 1 (lack of confidence) to 4 (complete confidence). Fourth, perceived fatigue
was assessed using two statements: “My eyes became tired as I read the text” and “I felt
comfortable reading the text” (reverse-scored). Responses were recorded on a scale from 1
(very unlikely) to 4 (very likely), capturing the extent to which participants experienced
fatigue during reading. Similarly, perceived immersion was evaluated through two state-
ments: “I became really involved in reading the text” and “I could not focus on reading
the text” (reverse-scored). This scale, ranging from 1 (strongly disagree) to 4 (strongly
agree), was employed to measure the degree of engagement participants experienced while
reading. The content of the survey questionnaire was based on the relevant literature
concerning reading attitudes [10,33].
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2.5. Data Preprocessing and Analysis

Raw gaze data were collected and processed using Tobii Pro Eye-Tracker Manager
(Tobii Pro X2-60) and iMotions 7.1 software to ensure data integrity and consistency. The
preprocessing procedure involved multiple steps, including blink removal, where data
points containing blinks or missing values were excluded from fixation calculations, and
saccade filtering, where eye movements exceeding a velocity of 30◦/s were classified as sac-
cades and removed to isolate fixations. Additionally, fixation aggregation was performed
by computing and averaging fixation durations and fixations count for each participant and
reading condition. The Statistical Package for Social Sciences (SPSS) was utilized to analyze
statistical differences across four visual patterns and two reading performance measures
under the four auditory conditions: preferred music, non-preferred music, café noise, and
silence. Statistical tests were conducted to examine how these four reading conditions
(independent variable) influenced the measured dependent variables, which included
fixation duration, fixations count, (TTFF), (FFD), reading time, reading comprehension,
perceived difficulty, perceived understanding, perceived confidence, perceived fatigue,
and perceived immersion. In order to decide on the suitable test to be performed, the
assumptions of Analysis of Variance (ANOVA) were initially examined for all the related
dependent variables. For each variable, the assumptions assessed included the indepen-
dence of observations, normality (observations within each status should be normally
distributed) and homogeneity of variance (variance of the observations within each status
should be equal). In case all the assumptions were met, the ANOVA test is used, otherwise
the non-parametric statistical test of Kruskal–Wallis is used to determine if there were
statistical differences for the dependent variable between the independent reading statuses.
The results of the ANOVA assumptions assessment are summarized in Table 1. For the
variables fixation duration, fixations count and reading time, all the assumptions were met
and ANOVA is used. For the rest of the variables, the normality assumption was violated,
therefore the Kruskal–Wallis test was used. All analyses were corrected using the post hoc
tests—the Bonferroni post hoc test after an ANOVA has been performed and the ‘Dwass,
Steel, Critchlow-Fligner’ test after a Kruskal–Wallis test has been performed.

Table 1. ANOVA assumptions assessment.

Independence
of Observations

Normality
Homogeneity of

Variance
ANOVA

Kruskal–Wallis
Test

Fixation Duration (ms) Yes Yes Yes Yes No

Fixation Counts Yes Yes Yes Yes No

TTFF (ms) Yes No No No Yes

FFD (ms) Yes No Yes No Yes

Reading
Comprehension

(0–10 point scale)
Yes No No No Yes

Reading Time (s) Yes Yes Yes Yes No

Perceived Difficulty Yes No Yes No Yes

Perceived
Understanding Yes No No No Yes
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Table 1. Cont.

Independence
of Observations

Normality
Homogeneity of

Variance
ANOVA

Kruskal–Wallis
Test

Perceived Confidence Yes No No No Yes

Perceived Fatigue Yes No Yes No Yes

Perceived Immersion Yes No Yes No Yes

3. Results

This section presents the results from the statistical analysis of the data obtained from
the experiment regarding our hypotheses on visual patterns, reading performance, and
reading attitudes.

The mean values and the standard deviations of the examined variables, as well
as the F-values and p-values of the ANOVA analyses, are presented in Table 2 below.
For the visual patterns, ANOVA analysis results for the fixation duration (F(3,36) = 0.16,
p-value = 0.924), fixations count (F(3,36) = 0.66, p-value = 0.585) and Kruskal–Wallis test
for TTFF (X2(3) = 6.02, p-value = 0.110) and FFD (X2(3)= 3.60, p-value = 0.309) indicated,
as shown in Figure 2, that there is no statistically significant difference in the variables’
means across the four different study conditions.

Table 2. Mean values for visual patterns, reading performance, and reading attitudes across preferred
music, non-preferred music, café noise, and silence conditions.

Variable Measure (Unit)
Preferred

Music
(SD)

Non-
Preferred

Music
(SD)

Café
Noise
(SD)

Silence
(SD)

ANOVA Kruskal–Wallis

F (df) Sig.
X2

(df)
p-Value

Visual
patterns

Fixation Duration
(ms)

156.2
(24.5)

160.9
(26.4)

155.6
(24.2)

153.4
(24.9)

0.16
(3.36) 0.924 - -

Fixations Count 489.8
(345.1)

392.9
(232.6)

388.4
(291.6)

315.9
(229.6)

0.66
(3.36) 0.585 - -

TTFF
(ms)

668.5
(1024.1)

1999.3
(2517.3)

4581.1
(10,284.0)

1394.9
(1682.4) - - 6.02

(3) 0.110

FFD
(ms)

136.7
(33.1)

164.0
(101.1)

203.6
(120.1)

146.7
(76.2) - - 3.60

(3) 0.309

Reading
performance

Reading
Comprehension

(0–10 point scale)

9.2
(1.4)

8.8
(1.7)

9.6
(0.8)

9.2
(1.0) - - 1.47

(3) 0.690

Reading Time
(s)

220.9
(79.0)

170.5
(46.8)

189.6
(49.5)

154.4
(60.5)

2.25
(3.36) 0.099 - -

Reading
Attitudes

Perceived Difficulty
(0–4 point scale)

2.0
(0.5)

2.9
(0.3)

2.4
(0.5)

1.8
(0.4) - - 20.80

(3) 0.000 *

Perceived
Understanding
(0–4 point scale)

3.1
(0.2)

1.8
(0.6)

2.8
(0.4)

3.1
(0.3) - - 25.67

(3) 0.000 *
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Table 2. Cont.

Variable Measure (Unit)
Preferred

Music
(SD)

Non-
Preferred

Music
(SD)

Café
Noise
(SD)

Silence
(SD)

ANOVA Kruskal–Wallis

F (df) Sig.
X2

(df)
p-Value

Reading
Attitudes

Perceived
Confidence

(0–4 point scale)

3.7
(0.5)

2.3
(0.7)

2.8
(0.4)

3.9
(0.3) - - 27.62

(3) 0.000 *

Perceived Fatigue
(0–4 point scale)

1.7
(0.7)

2.3
(0.5)

1.6
(0.5)

1.6
(0.5) - - 8.80

(3) 0.032 *

Perceived
Immersion

(0–4 point scale)

2.2
(0.3)

1.2
(0.2)

1.8
(0.5)

2.2
(0.4) - - 21.00

(3) 0.000 *

* p ≤ 0.05.

a b 

c d 

Figure 2. Mean measures for visual patterns during the four reading conditions. Boxplot-distribution
of Fixation Duration (a), Fixations Count (b), TTFF (c), and FFD (d) for each reading condition.

149



Appl. Sci. 2025, 15, 3939

Regarding reading performance, for both reading comprehension (X2(3) = 1.47,
p-value = 0.690) and reading time (F(3,36) = 2.25, p-value = 0.099), the Kruskal–Wallis
and ANOVA tests, respectively, revealed, as shown in Figure 3, that there was not a
statistically significant difference between at least two groups.

a b 

Figure 3. Mean measures for reading performance during the four reading conditions. Boxplot-
distribution of Reading Comprehension (a), and Reading Time (b) for each reading condition.

For the five examined reading attitudes, perceived difficulty (X2(3) = 20.80,
p-value = 0.000), perceived understanding (X2(3) = 25.67, p-value = 0.000), perceived confi-
dence (X2(3) = 27.62, p-value = 0.000), perceived fatigue (X2(3) = 8.80, p-value = 0.032) and
perceived immersion (X2(3) = 21.00, p-value = 0.000), the Kruskal–Wallis test indicated, as
shown in Figure 4, that there is statistically significant difference across preferred music (P),
non-preferred music (NP), café noise (C), and silence (S) (Figure 4).

a b 

Figure 4. Cont.
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c d 

e 

 

Figure 4. Mean measures for reading attitudes during the four reading conditions. Boxplots-
distribution of Perceived Difficulty (a), Perceived Understanding (b), Perceived Confidence (c),
Perceived Fatigue (d), and Perceived Immersion (e) for each reading condition.

The “Dwass, Steel, Critchlow-Fligner” (DSCF) post hoc tests for each of the reading
attitudes are presented in Table 3. For perceived difficulty, the non-preferred music had sig-
nificantly higher mean value compared to silence and preferred music. The larger difference
was observed between silence and non-preferred music (DSCF = 5.43, p = 0.000), followed
by the difference between preferred and non-preferred music (DSCF = 4.89, p = 0.000). For
perceived understanding, the significant differences were observed between preferred and
non-preferred music, silence and non-preferred music and café noise and non-preferred
music. The higher level of understanding was observed for preferred music and silence
(mean = 3.1), then for café noise (mean = 2.8) and finally for non-preferred (mean = 1.8).
The larger difference was observed between silence and non-preferred music and preferred
and non-preferred music (DSCF = 5.25, p = 0.000). For perceived confidence, the silence
and preferred music had the higher levels of confidence, while a lower mean confidence
was observed for non-preferred (mean = 2.3). The largest difference was observed be-
tween silence and non-preferred music (DSCF = 5.47, p = 0.000). For perceived fatigue,
non-preferred music (mean = 2.3) has significantly higher mean fatigue values compared to
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silence (mean = 1.6) and café noise (mean = 1.6). The differences are the same for both com-
parisons (p = 0.047). For perceived immersion, the significant differences were observed
between preferred and non-preferred music, silence and non-preferred music and café noise
and non-preferred music. The highest level of immersion was observed for preferred music
and silence (mean = 2.2), then for café noise (mean = 1.8), and for non-preferred music
(mean = 1.2). The largest difference was observed between preferred and non-preferred
music (DSCF = 5.38, p = 0.001). In conclusion, it is noted that for all reading attitudes,
the DSCF post hoc tests indicated no significant difference between preferred music and
silence, while the most significant and larger differences were observed between silence
and non-preferred music.

Table 3. ‘Dwass, Steel, Critchlow-Fligner’ post hoc tests for each of the reading attitudes under the
preferred music (P), non-preferred music (NP), café noise (C), and silence (S) conditions.

P-S P-C P–NP S-C S–NP C-NP

Reading Attitude DSCF p-Value DSCF p-Value DSCF p-Value DSCF p-Value DSCF p-Value DSCF p-Value

Perceived
Difficulty
(0–4 point scale)

0.98 1.381 2.40 0.325 4.89 * 0.003 3.45 0.070 5.43 * 0.001 3.23 0.102

Perceived
Understanding
(0–4 point scale)

0.10 1.000 2.41 0.322 5.25 * 0.001 2.41 0.322 5.25 * 0.001 4.48 * 0.008

Perceived
Confidence
(0–4 point scale)

1.54 0.696 4.57 * 0.007 4.96 * 0.003 5.44* 0.001 5.47 * 0.001 2.60 0.254

Perceived
Fatigue
(0–4 point scale)

0.37 0.994 0.37 0.994 2.92 0.164 0.00 1.000 3.66 * 0.047 3.66 * 0.047

Perceived
Immersion
(0–4 point scale)

0.23 0.998 2.48 0.294 5.38 * 0.001 2.53 0.278 5.37 * 0.001 3.54 0.059

* p ≤ 0.05.

4. Discussion

In this study, we used the eye-tracking technology to examine how text comprehension
is affected by different reading conditions (preferred music, non-preferred music, café noise
and in silence) across the three variables of visual patterns, reading performance and
reading attitudes.

4.1. Visual Patterns in Text Comprehension

According to H1, Time To First Fixation (TTFF) is expected to be longer in the non-
preferred music and café noise conditions than in the preferred music and silence conditions.
This hypothesis was based on the assumption that non-preferred music and café noise
would delay visual attention allocation due to increased cognitive load. Contrary to the
hypothesis, there was no statistically significant difference in TTFF across the four reading
conditions: preferred music, non-preferred music, café noise, and silence. Participants
initiated the reading at a consistent pace regardless of the auditory condition, indicating
their ability to adapt promptly to the auditory stimuli.

This finding contradicts studies indicating that auditory distractions, especially unpre-
dictable or aversive noise, can delay attention allocation and increase TTFF [22,34,35]. For
instance, Tsai et al. [22] found that a noise-induced cognitive load prolongs fixation time as
readers filter out irrelevant stimuli. However, the findings align with studies suggesting
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that visual attention processes, particularly initial fixation, are largely automatic and less
affected by auditory distractions [13,23]. Furthermore, the consistent TTFF observed in this
study lends support to the notion that visual attention remains stable in the presence of
familiar or predictable distractions, as evidenced by prior research in reading in café noise
and preferred music conditions [23].

In conclusion, the observed discrepancy between the results and our initial hypothesis
may be attributed to the participants’ familiarity with background noise, as indicated by
the 40% response rate indicating frequent use of music while studying (see Appendix A,
Table A2). Furthermore, the predictable nature of café noise is likely to have reduced its
cognitive load, resulting in a reduced disruptive impact. Therefore, H1 was not confirmed.

According to H2, the participants were expected to exhibit longer fixation duration
and more fixations count when reading under the non-preferred music and café noise
conditions than under the preferred music and silence conditions. This was based on
the assumption that non-preferred music and café noise would increase cognitive load,
leading to more frequent and prolonged fixations as readers make an effort to compensate
for auditory distractions. However, the findings did not support this hypothesis as no
statistically significant differences were observed in the fixation duration and fixations
count across all four conditions (preferred music, non-preferred music, café noise, and
silence). Participants demonstrated consistent visual patterns irrespective of the auditory
environment, indicating effective management of distractions and sustained visual focus.

The findings contradict the predictions of the cognitive load theory, which states that
auditory distractions increase cognitive demands, resulting in longer fixation duration
and higher fixations count as readers process text more carefully [13,35,36]. For example,
Rayner [13] found that challenging tasks, particularly those involving distractions, often
require additional visual resources to overcome external challenges.

However, the results are consistent with studies suggesting that predictable noise,
such as café noise, exerts minimal impact on visual patterns compared to unpredictable
or fluctuating auditory distractions [34]. The findings further corroborate the notion that
individuals with experience in handling background noise or environments devoid of
distractions possess the capacity to regulate their attention effectively [13]. The participants’
inclination towards instrumental or low-distraction music (55.6%) and their frequent
engagement in study activities accompanied by background music (40%), as shown in
Table A2, are likely to have contributed to their ability to maintain consistent visual patterns.

The observed discrepancy between the results and our initial hypothesis could be
attributed to the relatively uncomplicated reading tasks used in this study, which did
not impose a significant cognitive load on the participants. Additionally, the participants’
familiarity with the auditory environments may have also reduced the impact of the
distraction caused by non-preferred music and café noise. Therefore, H2 was not confirmed.

According to H3, First Fixation Duration (FFD) is not expected to differ significantly
across the four reading conditions. This prediction was based on the assumption that FFD,
as a measure of initial visual engagement, reflects automatic, low-level processing that is
less susceptible to external auditory distractions. FFD did not vary significantly across the
four reading conditions, indicating that auditory distractions, such as non-preferred music
and café noise, do not affect the participants’ initial engagement with the text.

These findings are consistent with those of the existing research. Rayner [13] claimed
that FFD primarily represents automatic processes such as word recognition and attention
allocation, which are robust against environmental distractions. In addition, Tsai et al. [22]
found that FFD remains stable in predictable environments, such as those of café noise,
where distractions are less intrusive. Furthermore, Haapakangas et al. [34] observed that
low-level auditory distractions minimally influence early visual processing stages, though
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they may affect later cognitive engagement. Additionally, Reichle et al. [23] observed that
FFD remains stable unless readers encounter significantly complex or unfamiliar text. Our
results align with the broader consensus that FFD reflects low-level, automatic processing
unaffected by auditory distractions in familiar or predictable environments. Therefore,
H3 was confirmed and the findings suggest that FFD is a robust measure of early visual
processing that remains stable across auditory conditions, particularly when tasks are
relatively simple and readers are familiar with the auditory environment.

4.2. Reading Performance in Text Comprehension

According to H4, participants are expected to achieve higher reading comprehension
scores in the preferred music and silence conditions than in the non-preferred music and
café noise conditions. This prediction was based on the idea that non-preferred music and
café noise would increase cognitive load, impairing text comprehension, while preferred
music and silence would allow for better cognitive focus and processing. The participants’
reading comprehension scores were statistically significantly lower in the non-preferred
music condition than the other conditions, supporting the hypothesis that non-preferred
music increases cognitive load and has a negative impact on text comprehension. However,
no statistically significant difference was observed between comprehension scores obtained
for the preferred music, café noise, and silence conditions. This suggests that preferred
music and silence allow for comparable reading performance, while also café noise did not
impair comprehension at a statistically significant level.

The findings align with those of several studies that highlight the disruptive effects
of non-preferred music and the cognitive benefits of silence or preferred music. Many
studies reported that non-preferred music impairs cognitive performance, while silence
and preferred music enhance comprehension [1,8,28]. Haapakangas et al. [34] and Sweller
et al. [35] claimed that silence reduces cognitive load, enabling better focus and compre-
hension. Johansson et al. [1] observed better comprehension under preferred music or
silence compared to non-preferred or loud music. Haapakangas et al. [34] and Que et al. [6]
suggested that moderate, predictable noise, such as café noise, has less detrimental effects
than irregular, disruptive noise, which aligns with this study’s finding of no significant
impact from café noise.

While this study found no statistically significant difference in comprehension be-
tween café noise, preferred music, and silence conditions, some prior studies indicate
that café noise can impair cognitive performance. Perham and Sykora [8] emphasized
that background noise, including café noise, often disrupts cognitive tasks by increasing
cognitive load. In the same vein, Sweller et al. [35] suggested that auditory distractions,
including café noise, could overwhelm cognitive systems. The lack of a statistically signif-
icant effect of the café noise in this study may be explained by the fact that a number of
participants (20% as shown in Table A2) reported familiarity with studying in environments
with background noise. Familiarity is likely to have reduced the disruptive potential of
café noise, allowing participants to adapt and maintain comprehension. Therefore, H4 was
partially confirmed.

According to H5, reading time is expected to be longer in the non-preferred music
and café noise conditions than in the preferred music and silence conditions. Our results
showed that although reading time in the non-preferred music condition was slightly
longer than in other conditions, the difference was not statistically significant. This means
that participants were able to maintain a consistent reading pace despite the presence of
non-preferred music.

The findings of this study partially align with the existing literature. A number of
studies have shown that background music, particularly music that individuals do not
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prefer, can impede cognitive performance, leading to longer reading times [3,37]. However,
other research studies suggest that the effect of noise, including non-preferred music, may
vary depending on the individual’s ability to concentrate or the complexity of the reading
task [38]. In this study, the non-statistically significant difference in reading time among
preferred music, café noise, and silence conditions indicates that the participants may have
employed effective strategies to alleviate the potential distractions. Therefore, H5 was
not confirmed.

4.3. Reading Attitudes in Text Comprehension

According to H6, participants are expected to report higher perceived difficulty and
fatigue when reading under the non-preferred music and café noise conditions than reading
under the preferred music and silence conditions. This hypothesis is based on the premise
that non-preferred music and café noise impose a higher cognitive load than the other three
reading conditions preferred music and silence, making the reading task more mentally
demanding. Participants perceived the non-preferred music and café noise conditions as
significantly more challenging and fatiguing than the preferred music and silence condi-
tions. This indicates that non-preferred music and café noise are associated with increased
cognitive load, causing participants to exert more mental effort during the reading task.
Descriptive statistics revealed that the non-preferred music conditions frequently involved
genres such as metal and heavy metal, characterized by high tempo, loud volume, and
unpredictable rhythm. These attributes are likely to have disrupted focus and heightened
cognitive demands, leading to increased fatigue and difficulty. In addition, as shown by the
descriptive statistics, the café noise condition included background sounds typically found
in public environments, such as background chatter, clinking utensils and intermittent audi-
tory distractions, which had a negative impact on the participants’ studying/reading. The
unpredictable nature of these sounds may have increased the participants’ cognitive load
and disrupted their reading focus, contributing to their increased perceptions of perceived
difficulty and fatigue. Conversely, preferred music and silence created more conducive
environments for maintaining focus and reducing perceived mental effort.

The findings align with those of the existing literature. Cognitive load theory suggests
that distractions such as non-preferred music and café noise impose additional cognitive
demands, diverting attention from the primary task and causing increased fatigue and
difficult [35]. Perham and Sykora [8] reported that non-preferred music disrupts cognitive
tasks by requiring individuals to exert more effort to filter out auditory distractions, leading
to perceived fatigue and difficulty. The present findings that low levels of fatigue and
difficulty did present in some of the participants under the preferred music condition align
with those of several other studies that demonstrated that preferred music fosters positive
emotional states, reduces stress, and alleviates perceived task difficulty of lower fatigue
and difficulty in the preferred music condition [28]. Similarly, café noise, although often
perceived as ambient and less intrusive, can still disrupt reading performance, especially
when it involves background chatter, clinking sounds and variable auditory inputs [34].
Studies suggest that the inconsistency and unpredictability of café noise forces readers to
allocate additional cognitive resources to maintain focus, leading to increased perceptions
of difficulty and fatigue [39]. Despite this, café noise may be less detrimental than non-
preferred music due to its more consistent acoustic profile and participants’ potential
familiarity with such environments. Therefore, H6 was confirmed.

According to H7, the participants are expected to report higher perceived under-
standing, confidence, and immersion when reading under the preferred music and silence
conditions than under the non-preferred music and café noise conditions. The results of the
study showed that the participants reported higher levels of perceived understanding, con-
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fidence, and immersion in the preferred music and silence conditions. These environments
supported cognitive engagement and task mastery, as evidenced by higher ratings in these
areas. Perceived understanding, confidence and immersion were statistically significantly
greater in the preferred music and silence conditions than non-preferred music and café
noise conditions, reflecting the participants’ ability to focus and engage deeply with the
reading task in familiar or quiet auditory settings. Conversely, non-preferred music and
café noise were associated with low ratings across all three measures, highlighting its
disruptive effects on focus and task engagement.

The findings align with those in the existing literature supporting the positive impact
of preferred music and silence on cognitive performance and subjective task engagement.
Hallam et al. [28] demonstrated that preferred music facilitates task engagement and immer-
sion by fostering positive emotional states and reducing anxiety. The present findings align
with those of several studies which demonstrated that the participants felt more confident
and immersed when listening to their preferred music. Sweller et al. [35] proposed that
silence reduces extraneous cognitive load, enabling a better allocation of cognitive resources
to the task. This enhances understanding, confidence, and immersion, as observed in this
study. The disruptive effects of non-preferred music are consistent with the findings of
Perham and Sykora [8], who demonstrated that unpredictable rhythms and a high intensity
increase cognitive load, hindering focus and task confidence. In addition, Haapakangas
et al. [34] support the notion that café noise, while distracting, is less disruptive than
non-preferred music but does not foster the same level of task engagement as silence or
preferred music. Therefore, H7 was confirmed.

5. Conclusions

The findings of this study showed that visual measures, such as fixation duration,
fixations count, TTFF and FFD, remained stable across the experimental conditions. This
finding aligns with prior research that has highlighted the stability of early-stage visual
processing in predictable environments [13,22]. The familiarity with background noise may
have enabled the participants to maintain their focus, even when faced with non-preferred
or noisy conditions [40].

Furthermore, text comprehension was significantly impaired in the non-preferred
music condition, in accordance with the cognitive load theory proposed by Sweller et al. [35].
This theory posits that stimuli perceived as negative and aversive result in increased
cognitive demands. In contrast, comprehension scores remained stable in the preferred
music, café noise, and silence conditions, indicating that predictable or familiar auditory
environments can reduce the disruptive effects of noise [34]. For example, participant SF1
used to listen to pop music while reading, a genre that was familiar to her and did not
hinder the reading process, as reflected in her high performance on the comprehension
test. On the contrary, metal music, which she chose to listen to in the non-preferred music
condition, was a genre she was not familiar with and did not listen to while reading in
the past. As a result, her performance was low under this condition. These findings are in
accordance with prior studies which have demonstrated that preferred music and silence
foster conditions conducive to learning [1].

Moreover, the participants of this study indicated that the non-preferred music condi-
tion was perceived as significantly more challenging and fatiguing, thereby confirming the
negative impact of distracting noise on task engagement [8]. In contrast, the participants
reported improved understanding, confidence, and immersion when exposed to preferred
music and silence, which is in accordance with the positive effects of familiar auditory
environments on emotional and cognitive states [28]. Although café noise was found to be
distracting, it was observed to have a reduced negative impact, which is likely attributable
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to its consistent and predictable characteristics [39]. These findings highlight the signifi-
cance of aligning the study environments with individual preferences. It can be concluded
that preferred music and silence represent optimal auditory environments for reading,
promoting both cognitive engagement and emotional well-being. In contrast, the presence
of non-preferred music was found to significantly increase cognitive load and fatigue,
underscoring the necessity to avoid aversive auditory stimuli during study sessions. The
ability of participants to adapt to café noise indicates that consistent background sounds
may be tolerable, particularly for those who are used to studying in public spaces.

This study contributes to the existing literature on the subject in a number of ways.
Firstly, the reading conditions of preferred music, café noise, and silence selected in this
study are commonly used by students, thus the findings offer insight into how reading
habits affect reading performance. Moreover, while previous studies have focused on
a single type of music or noise background, contrasting it only with reading sessions
conducted in silence [41,42], this study presents four reading conditions, each of which is
compared with the silent reading condition. Additionally, this study specifically examined
the role of personal music preferences in reading, distinguishing between preferred and
non-preferred music conditions, while previous research has primarily focused on factors
such as the nature of the reading tasks, the type of music played, and the personality of
the individuals involved [5,7,8]. Furthermore, the eye-tracking methodology employed in
this study, in which reading comprehension performance was assessed across four reading
conditions, represents a significant contribution to the existing literature on the subject,
since there is a lack of research investigating text comprehension while listening to music
and tracking readers’ eye movements simultaneously.

However, the results of this study are not in accordance with the body of research
that claims that text comprehension is enhanced in the presence of music rather than in
its absence [1,6]. This discrepancy may be attributed to the several limitations of our
study. To date, no studies have been conducted examining text comprehension and eye
movements while listening to different kinds of music and noise in the context of the
Greek language. Unlike many previous studies that examined reading comprehension
in English, this research focused on Greek-language texts, which may involve different
syntactic structures, lexical properties, and cognitive processing demands. Furthermore,
cultural reading habits and educational background may influence how Greek students
engage with texts in the presence of background music.

Cultural background plays a significant role in reading habits, cognitive engagement,
and text interpretation. Different cultures emphasize distinct reading strategies, such as rote
memorization, inferential reasoning, or critical analysis. In the context of this study, Greek
university students may approach reading differently from students in English-speaking
countries, where previous research on background music and reading comprehension has
been conducted. Additionally, exposure to background noise varies across cultures-some
students may be accustomed to studying in noisy environments (e.g., cafés, communal
study spaces), while others prefer quiet, isolated settings. These factors could influence how
participants respond to auditory distractions like music or café noise during reading tasks.

Linguistic structure plays a crucial role in reading comprehension, influencing how
individuals process and extract meaning from text. Greek and English differ significantly
in morphology, syntax, and orthographic depth, which may affect reading strategies and
cognitive load. Greek is a highly inflected language, where word endings change based
on grammatical case, number, and tense, requiring readers to engage in more detailed
morphological processing than in English. Additionally, Greek has a shallow orthography,
meaning there is a strong correspondence between letters and sounds, whereas English
has a deep orthography, with irregular spelling rules requiring greater reliance on whole-
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word recognition. These differences suggest that Greek readers may depend more on
phonological processing, while English readers rely on lexical familiarity and contextual
cues. Furthermore, Greek syntax allows for a flexible word order, which may require
greater cognitive effort in sentence parsing, potentially influencing reading comprehension
under auditory distractions. These linguistic differences highlight the need for cross-
linguistic comparisons to determine whether background music and noise affect reading
comprehension in a language-specific or universal manner.

Furthermore, the present study was conducted with a limited number of participants,
namely university students in Greece and an underrepresentation of males in the sample.
As a result, the findings cannot be generalized to readers of other languages or cultural
contexts. This study was conducted as a pilot investigation with a small sample size
(n = 10), which limits the generalizability of the findings. While no formal power analysis
was performed prior to data collection, the sample size was determined based on feasi-
bility constraints and the exploratory nature of the research. While we acknowledge its
limitations, the primary objective was to test the experimental procedure and to refine the
methodology for a subsequent main study. This future study will include a larger sample
with a balanced number of males and females and a more comprehensive analysis, which
will enhance the generalizability of the findings.

It is therefore recommended that future research in this field should focus on a number
of additional details concerning the type of music played while reading, as well as how spe-
cific characteristics of music (e.g., tempo, lyrics, genre) and noise variability affect reading
performance and cognitive load. For example, future research could examine the effects of
progressively increasing noise levels during the reading process, as well as the differential
impact of exposure to speech-based versus instrumental music. Furthermore, future studies
could investigate the impact of eye movements on the syntactic and semantic aspects of the
texts in greater detail and employ larger sample sizes in order to increase statistical power
and improve the generalizability of findings. A within-subject experimental design would
allow for a more controlled comparison across different auditory conditions, reducing
variability due to individual differences in reading ability and music sensitivity.

Additionally, controlled exposure to varying noise levels could help determine
whether background noise intensity (e.g., low, moderate, or high decibel levels) influences
reading performance differently. Manipulating specific acoustic properties—such as music
tempo, complexity, familiarity, or instrumental versus vocal content—could provide a more
detailed understanding of how auditory input interacts with reading comprehension. Fur-
thermore, cross-linguistic comparisons across languages with different orthographic and
syntactic structures would help clarify whether the effects of background music and noise
are language-specific or universal. These methodological refinements would contribute to
a more comprehensive model of how auditory environments influence reading processes.
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Appendix A

Table A1. Participants’ choices of preferred and non-preferred music.

Participant Preferred Music Non-Preferred Music

SF1 Adele—Hello (Pop) Pantera—Walk (Metal)
SF2 Dave Brubeck—Take Five (Jazz) Snik, Ivan, Greko—Gaza (Trap)
SF3 Miles Davis—Freddie Freeloader (Jazz) Pantera—Walk (Metal)
SF4 Dave Brubeck—Take Five (Jazz) Metallica—The four horsemen (Heavy Metal)
SF5 Lana del Ray—Born to die (Pop) Metallica—The four horsemen (Heavy Metal)
SF6 Chopin—Nocturne Op. 9 No. 2 (Classic) Metallica—Whiskey in the jar (Heavy Metal)
SF7 Adele—Hello (Pop) Metallica—Whiskey in the jar (Heavy Metal)
SF8 Chopin—Nocturne Op. 9 No. 2 (Classic) Pantera—Walk (Metal)
SM9 Miley Cyrus—Flowers (Pop) Eminem—Mockingbird (Rap)
SF10 Taylor Swift—Wildest Dreams (Pop) Led Zeppelin—Immigrant song (Rock)

Table A2. Descriptive statistics of participants’ demographics information, and music and read-
ing habits.

Experiment
(n = 10)

Variables n %

Gender Female 9 90
Male 1 10

Preferred reading/studying enviroment Home 8 80
Library 2 20
Café 0
Other 0

Study in silence Yes 8 80
No 1 10
Does not
matter 1 10

Noise affects studying/reading Yes 10 100
No 0
Do not know 0

Music helps comprehension during the reading of a text Yes 4 40
No 2 20
Do not know 4 40

Study better with music Yes 2 20
No 7 70
Do not know 1 10

Study while listening to music Often 2 20
Sometimes 4 40
Rarely 3 30
Never 1 10

Study with music volume High 0
Moderate 1 11, 11
Low 8 88, 89
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Table A2. Cont.

Experiment
(n = 10)

Preferred reading/studying music Instrumental 5 55, 56
With Vocals 4 44, 44

Preferred kind of reading/studying music Pop/Rock 2 22, 22
Jazz 2 22, 22
Classical 3 33, 33
Other 2 22, 22
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Abstract: Children with dyslexia have previously been demonstrated to perform more
corrective saccades in sequential non-reading saccade tasks, having trouble with maintain-
ing a stable fixation, as well as reduced performance in smooth pursuit tasks. The current
study aims to provide a comprehensive analysis of different eye movements (saccades,
smooth pursuit eye movements and fixation stability) in children with and without reading
difficulties who were tested by a validated reading performance test applied in the school
environment. Altogether, 377 children (6–13 years old; 182 boys and 196 girls) were vol-
untarily involved in the study. Reading performance was determined by the Acadience®

Reading literacy assessment tool. The Tobii Pro Fusion Eye-tracker was applied to deter-
mine oculomotor performance in children with and without reading difficulties. The results
of saccadic eye movement, smooth pursuit eye movement, and fixation stability in a non-
reading task did not reveal a statistically significant difference in oculomotor performance
in children with and without reading difficulties. The results of the current study indicate
that the oculomotor system in children with reading difficulties (not excluding dyslexia) is
intact. The results propose that the observed differences with previous studies exploring
eye movements in dyslexic children might be attributed to the participant selection.

Keywords: eye movements; eye tracking; reading difficulties; saccadic eye movements;
smooth pursuit eye movements; fixation stability

1. Introduction

Reading is a complex visuomotor task involving both a precise performance of the
visual and oculomotor system when guiding the reader throughout the text, and a success
in the principal components of reading, i.e., phonological awareness, phonics, vocabulary,
fluency, and comprehension [1]. During reading, the eyes perform continuous movements
from word to word called saccades, as well as regressions that are backward saccades
aimed to read a previously read part of the text and refixations that are small-amplitude
saccades within the same word. In between saccades, a relatively stable eye position called
fixation is acquired during which the visual information, i.e., letters and words in reading,
is obtained. Fixations usually last about 200–300 ms, but can last longer depending on the
text complexity and other parameters [2].

The relation between saccadic eye movement programming and the higher informa-
tion processes in reading has been widely discussed in the context of how the perceptual,
cognitive, and motor systems interact during the reading process [3–5]. Based on different
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models of eye movement control in reading, saccadic eye movement programming is con-
sidered to be driven either by the completion of the lexical processing of a certain word [6,7]
or by a random timer that initiates saccadic programming independently from the lexical
processing [8,9]. There are other models of saccadic eye movement programming during
reading (e.g., SERIF); however, they are out of the scope of the current research.

Early reading development is associated with the executive cognitive functions, i.e.,
shifting attention, inhibition of dominant responses, working memory, and cognitive
flexibility, all of which begin to develop in infancy [10–12]. It has been demonstrated that
executive function performance as early as in infancy can be related to reading performance
developing later in life [13,14]. Reading acquisition has also been attributed to a stage-like
process during which children learn visual discriminations of letters and words, grapheme-
phoneme correspondences and identifying words (orthographic stage) [15]. Different stages
of reading development and performance have also been reflected in eye tracking studies,
indicating that as reading proficiency increases, shorter fixations, larger-amplitude saccades
and less regressions and refixations are observed [16,17]. Reading patterns in children are
also subjected to the language and its orthographic complexity and predictability [18].

Children with reading difficulties not only present with lower reading rates, accuracy,
fluency, and reading comprehension [19], but also demonstrate different performance in
the objective measurement of eye movements during reading tasks, i.e., higher number of
fixations, increased average fixation duration, reduced average saccadic duration, as well
as increased total number of saccades and average number of fixations [20–25]. Rayner
et al. [26] suggested that the reduced eye movement performance in reading tasks might
reflect the comprehension processes in reading. But, since reading is a complex cognitive
task involving a precise coordination between the processes of visual perception, attention,
phonological awareness and other cognitive processes [27], as well as the oculomotor
system guiding the fixation from a word to the next word, the analysis of reading eye
movements does not reveal whether the differences in the eye movement performance are
related to oculomotor dysfunction or if they serve as an indicator of the cognitive load.

Pavlidis [28] proposed that patients with dyslexia present with more corrective sac-
cades in sequential non-reading saccade tasks, and had troubles with maintaining a stable
fixation comparing to the control group, therefore indicating that patients with dyslexia
might also present with oculomotor dysfunction. Following the results of Pavlidis [28], sev-
eral other studies have also indicated reduced performance in different eye movement tasks
in children with reading difficulties (including dyslexia). Biscaldi et al. [29] demonstrated
that children with dyslexia have lower performance in anti-saccade tasks. Fukushima
demonstrated that children with learning difficulties (including reading and mathematical
disorders) have longer latencies in memory-guided and anti-saccade tasks, as well as lower
smooth pursuit gain than the control group. Eden et al. [30] demonstrated that dyslexic chil-
dren not only have more jerking movements in the smooth pursuit tasks, but also present
with reduced fixation stability comparing to the control group. The study by Tiadi et al. [31]
also indicated on impaired fixation stability in children with dyslexia, demonstrating that
children with dyslexia exhibit more saccadic eye movements during fixations compared to
non-dyslexic children, suggesting potential deficits in cortical structures responsible for
saccade suppression and fixation control, as well as attentional deficiencies in children
with dyslexia. Caldani et al. [32] found that pursuit performance significantly improved
with age in non-dyslexic children, while the number of catch-up saccades during pursuit
movements was higher in dyslexic children. Finally, a more recent study by Bilbao and
Pinero [33] also indicated lower saccadic eye movement performance (more hypometric
saccades) in children with neurodevelopmental disorders (including dyslexia).
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Significant differences in oculomotor performance in children with and without read-
ing difficulties have also been demonstrated in the DEM test, which is an objective method
designed to evaluate eye movements in horizontal and vertical directions, including
reading-like conditions [29,34]. Children with reading difficulties demonstrate poorer
results in all standard metrics of the horizontal DEM test (both horizontal and vertical),
indicating on oculomotor deficiencies [35–37].

The previously mentioned studies clearly demonstrate reduced oculomotor perfor-
mance in children with dyslexia; however, the general take on whether children with
reading difficulties of nonspecific cause present with oculomotor abnormalities is still
under debate. A recent study by Vinuela-Navarro [38] did not demonstrate any difference
in saccadic main sequence parameters, nor in the number of saccadic eye movements
during the fixation task between children with and without delayed reading skills. And as
opposed to above, Black et al. [39,40] demonstrated that there are no significant differences
in saccadic eye movement latency, accuracy, and velocity parameters, nor a difference in
smooth pursuit parameters, in children with and without dyslexia.

It is clear that all of the above-mentioned studies have applied different research de-
signs, including the selection of the eye movement parameters, for their analyses, different
methodologies for data analysis, and have applied different criteria for subject selection,
which is a crucial part of these studies. Could the observed differences in previous stud-
ies be attributed to different methods applied for determining reading dysfunctions and
dyslexia? The current study aims to provide a comprehensive eye movement analysis
in children with and without reading difficulties determined by the Acadience® Reading
literacy assessment tool. Therefore, determining whether reduced oculomotor performance
observed in children with dyslexia also applies to children with reading difficulties of
nonspecific cause.

2. Method

2.1. Participants

Altogether, 379 children (6–13 years old; 183 boys and 196 girls) from four basic
education schools of Latvia were voluntarily involved in the study. Since the number of
participants who were 6 years old (n = 6) and 13 years old (n = 1) was low, only the data
from 7–12-year-old children were involved in further data analysis, leading to 371 children
(7–179 boys and 192 girls) as the final number of participants. The demographic statistics of
the participant data are represented in Table 1. All participants underwent general visual
function evaluation, including visual acuity at near (65 cm) and eye dominance evaluation
(Dolman test). Only the participants with the uncorrected binocular and monocular visual
acuity of at least 0.6 decimal units (with or without contact lens correction) were involved
in the eye tracking study. None of the children reported any previous eye diseases or other
functional disorders that could affect eye movement parameters.
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Table 1. Demographic statistics of the two study groups—children with reading difficulties (RD) and
the control group (CG).

Task Demographics Reading Difficulties (RD) Control Group (CG)

Saccadic eye
movements

Gender * M n = 49 M n = 119
F n = 41 F n = 137

Age 9.71 ± 1.65 9.16 ± 1.61

Smooth pursuit
eye movements

Gender * M n = 48 M n = 120
F n = 44 F n = 136

Age 9.74 ± 1.68 9.17 ± 1.62

Gender * M n = 42 M n = 98
Fixation stability F n = 32 F n = 106

Age 9.39 ± 1.76 8.90 ± 1.62
* M—male, F—female.

2.2. Reading Skills

Reading skills were determined with the Acadience® Reading (formerly DIBELS
Next) literacy assessment tool, which had been adapted and validated for Latvian
language [41,42]. Reading performance was evaluated by professional speech therapists
certified for the Acadience® Reading test performance. Children with reading performance
below the 20th percentile were regarded as with reading difficulties (RDs), and children
whose performance was above the 20th percentile were regarded as the control group
(CG). Of all participants, 97 children were included in the RD group and 275 children were
included in the CG.

The research was carried out in accordance with the requirements of the Declaration
of Helsinki. The study was approved by the Life and Medical Sciences Research Ethics
Committee of the University of Latvia (No. 13.06.2022). Children were involved in the
study on a voluntary basis, based on a written consent provided by their parents or their
legal guardians. The children and the parents/legal guardians were informed about the
aim and the full process of the study, the equipment, and their responsibilities and rights
throughout the study.

2.3. Eye Tracking

Eye movements were recorded with Tobii Pro Fusion (120 or 250 Hz) video-oculograph
(Tobii, Sweden) in dark pupil illumination mode. Sampling frequency of 120 Hz was ap-
plied in recordings of saccadic and smooth pursuit eye movements, while the 250 Hz
sampling frequency was applied for fixation stability measurements. Stimuli were demon-
strated on DELL P2419H 23.8” computer screen (52.7 × 29.6 cm; 1920 × 1080 px). Data
recording for each participant was performed only once, and the approximate recording
time was around 10 min. The participants were seated at a distance of 65 cm from the
computer screen, the head position was fixed with chin and forehead rests, the height of
the chair was adjusted so that the visual stimuli were at the participant’s eye level. The
participants were instructed to keep their heads as still as possible and to change their gaze
only with their eyes. All data were collected during a single session, and participants were
allowed to take a break when necessary and continue the eye movement task afterwards.

2.4. Saccadic Eye Movement Evaluation

Saccadic eye movement evaluation started with the calibration (5 points) and valida-
tion (4 points) of the eye tracker. If the calibration accuracy did not reach 0.5 degrees, a
repeated calibration and validation process was performed. The calibration and validation
stimulus and background color settings were identical to the experimental settings—black
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stimuli (5 cd/m2; RGB (0, 0, 0)) demonstrated on a light grey background (90 cd/m2; RGB
(179, 179, 179)) [43].

After the calibration and validation, a fixation cross appeared at the center of the screen
(3 s), after which the saccadic eye movement stimulus appeared in one of four positions
(up, down, left, or right) relative to the central fixation object. Saccadic eye movement
stimuli were either a circle or a star (depending on the task) 0.7 degrees in size. The distance
from the center of the fixation cross to the center of the saccadic eye movement target was
11.3 degrees in the vertical positions and 14.0 degrees in the horizontal positions.

Two saccadic eye movement tasks were presented to the participants—(1) a reflexive
saccade task and (2) an anti-saccade task (Figure 1). In the reflexive saccade task, partic-
ipants were instructed to shift their gaze (make a saccade) from the fixation cross to the
stimulus (circle) presented in the periphery as soon as soon as the stimulus appeared in
either of the positions (left, right, up or down from the fixation cross). After the saccadic
stimulus disappeared (5 s), the participants were instructed to return to the fixation stimu-
lus. Note that during the presentation of the saccadic eye movement stimulus, the fixation
cross was no longer visible. In the anti-saccade task, the participants were instructed to
make a gaze transfer (anti-saccade) in the opposite direction from the saccadic eye move-
ment stimulus (star), but with the same amplitude as the distance of the presented stimulus.
When the anti-saccade stimulus disappeared, the participants were instructed to return to
the fixation stimulus.

A B 

Figure 1. Saccadic eye movement stimulus for analysis of reflexive saccades (A) and anti-saccades (B).

Saccadic eye movement data were extracted and analyzed using Tobii Pro Lab software,
working in accordance with the Tobii Pro Fusion eye tracker. Tobii I-VT and ClearView
filters were applied to determine fixations, saccades, and blinks [44]. Only monocular
data for the dominant eye were used in further data analysis. The data for saccadic eye
movement analysis included 352 (171 boys and 181 girls) participants who managed to
record at least one saccade or more with the Tobii Pro Fusion device. Of all participants
whose saccadic eye movements were analyzed, 90 had reading difficulties (RD), and

187



Appl. Sci. 2025, 15, 954

256 children were included in the control group (CD). In order to determine the minimum
sample size required for the study, power analysis (G*Power version 3.1.9.7) was conducted
(Faul et al., 2007 [45]). The results of the power analysis indicated that the required sample
size to achieve 80% power for detecting a medium effect (f = 0.25), at a significance criterion
of α = 0.05, was N = 60 for ANOVA: repeated-measures within–between interaction. Thus,
the obtained sample size of N = 346 is sufficient to test the study hypothesis. Data analysis
was performed using the Microsoft Excel, RStudio, and SPSS programs.

To obtain information about the first saccade towards the target object, the Tobii Pro
Lab function for AOI (Area of Interest) analysis was applied. The area of interest (an area
invisible to the observer) was placed in the center of the screen, where the fixation stimulus
was located before the presentation of saccadic eye movement stimulus. In order to obtain
the necessary saccadic eye movement parameters, the peak velocity of the exit saccade
(saccade from the AOI towards the target) was determined. The peak velocity of saccadic
eye movements was determined using a single-parameter I-VT filter with a peak velocity
threshold of 30◦/s [44].

The saccadic eye movement amplitude was calculated based on raw data analysis.
The amplitude of saccadic eye movements was determined in Microsoft Excel using the
following equation (Equation (1)):

Amplitude =
√
(x2 − x1)

2 + (y2 − y1)
2, (1)

where x1 and x2 are the horizontal gaze coordinates before and after the saccade, respec-
tively (px), and y1 and y2 are the vertical gaze coordinates before and after the saccade,
respectively (px).

In order to estimate saccadic eye movement accuracy, only the first saccade towards
the saccadic target was taken into account. Saccadic eye movement accuracy was calculated
in Microsoft Excel using the following equation (Equation (2)):

Accuracy = 1− Se

Te
, (2)

where Se represents the landing error (cm) and Te represents the distance between the gaze
position after the saccade and the center of the saccadic target (cm).

Landing error Se represents the vector size between the coordinates of the gaze di-

rection after the saccade (
→
b —the actual amplitude of saccadic eye movements) and the

coordinates of the center of the saccadic target (
→
a —representing the distance from the

fixation point to the center of the target). Therefore, the magnitude of the landing error
depends on the location of the saccadic target, including the direction and distance. The
following equation based on the Euclidean distance was applied to calculate the landing
error (Equation (3)):

Se =

√
(a− b)2, (3)

where a represents the distance between the center of the fixation point and the center of
the target (px) and b represents the amplitude of saccadic eye movements (px).

Since the experiment for each participant was performed only once (without repli-
cations), a portion of the data (saccades at specific directions) were not obtained due to
blinking, distractions, or other factors. These data were referred as “Unclassifide” or “Eye-
sNotFound” by Tobii Pro Fusion. In order to ensure a successful data analysis without
excluding the already obtained results from children who had some of the data missing,
missing data replacement was performed. In order to evaluate the amount and the possible
source of missing data, a missing value analysis was performed in SPSS. The results of the
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missing value analysis were not statistically significant (p = 0.386), therefore enabling the
substitution of missing values [46]. Scheffer [47] concluded that mean value or median
substitution can be only applied if less than 10% of the data is missing, and if more than
10% is missing, the regression or ML algorithm should be applied. In order to include all of
the children in the further data analysis, the K-Nearest Neighbors Algorithm (KNN) with
k = 10 was applied for handling the missing data. KNN is a simple classification method
or algorithm that determines the class of a target object based on the class most frequently
found in its nearest neighbors [48].

In order to compare the saccadic eye movement performance in children with and
without reading difficulties, mixed-model ANOVA was performed. The study employed a
between-subjects design with three factors—reading performance (two levels: with and
without reading difficulties), age (six levels: 7, 8, 9, 10, 11 and 12 years), and direction—that
was analyzed separately for horizontal directions (two levels: right and left) and vertical
directions (with two levels: up and down). A Bonferroni post hoc analysis was applied
for pairwise comparisons. Horizontal saccades were analyzed separately from the vertical
saccades, since the distance between the fixation point and the saccade target was different.

2.5. Smooth Pursuit Evaluation

Prior to the smooth pursuit evaluation, repeated calibration (5 points) and validation
(4 points) was performed. If the calibration accuracy did not reach 0.5 degrees, a repeated
calibration and validation process was performed. The stimulus color remained black
(5 cd/m2; RGB (0, 0, 0)), and the background color of the calibration and validation stimuli
was grey (33 cd/m2; RGB (114, 114, 114)), adjusted to the experimental settings in smooth
pursuit evaluation.

The experiment started with a fixation cross demonstrated at the center of the screen.
After 3 s the fixation cross disappeared, and a black stimulus (circle, 0.7 degrees) was
presented at the same position and started moving to the right at a speed of 6 degrees per
second. Once the stimulus position reached 10.8 degrees from the initial position, the object
motion reversed coming to 10.8 degrees to the left from the initial fixation and returned to
the center of the screen. After completing three cycles of movement (moving to the right,
left and returning to the initial position), the stimulus disappeared and a fixation cross was
once again presented at the center of the screen. A similar procedure was performed in the
vertical direction, with 3 cycles of movement up (10.8 degrees) and down (10.8 degrees)
from the initial position.

Eye movement data were extracted and analyzed in Tobii Pro Lab software, working
in accordance with the Tobii Pro Fusion eye tracker. The data for smooth pursuit eye move-
ment analysis included 348 (horizontal movement) and 346 (vertical movement) children
who managed to record at least one smooth pursuit movement in one direction with the
Tobii Pro Fusion device. Of all participants whose smooth pursuit eye movements were an-
alyzed, 92 (horizontal) and 91 (vertical) had reading difficulties (RD), and 256 (horizontal)
and 255 (vertical) children were included in the control group (CD). In order to determine
the minimum sample size required for the study, power analysis (G*Power version 3.1.9.7)
was conducted (Faul et al., 2007 [45]). The results of the power analysis indicated that
the required sample size to achieve 80% power for detecting a medium effect (f = 0.25),
at a significance criterion of α = 0.05, was N = 60 for ANOVA: repeated measures within–
between interaction. Thus, the obtained sample size of N = 346 is sufficient to test the
study hypothesis.

Data analysis was performed on Microsoft Excel and SPSS programs. Data analysis
was performed based on the raw data file provided by Tobii Pro Lab. The following data
were excluded from the data analysis: (1) the latency period and the first 100 ms of the
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smooth pursuit corresponding to the open-loop phase of smooth pursuit eye movements;
(2) blinks detected by the Tobii Pro Fusion and classified as “EyesNotFound”; (3) saccades
(eye movements reaching velocity > 100 degrees/second); and (4) fixations corresponding
to a relative stable gaze position. From the filtered data, eye movement velocity (de-
grees/second) and velocity gain were calculated, and the number of saccades performed
during the smooth pursuit task was recorded.

The smooth pursuit eye movement velocity was calculated based on raw data analysis
in Microsoft Excel using the following equation (Equation (4)):

veye =
(x n − xn−1) ∗ 1000

(tn − tn−1)
∗ dpp ∗ 1000, (4)

where veye is eye tracking velocity (deg/s), (x n − xn−1) are the difference of two adjacent
x-axis coordinates (px), (tn − tn−1) are the difference of two adjacent time (μs), and dpp
represents degrees per pixel (deg/px).

Equation (4) represents the velocity calculations for horizontal smooth pursuit eye
movements. Velocity in the vertical direction was calculated using the same equation by
applying the vertical coordinates (y instead of x).

Smooth pursuit velocity gain refers to the ratio of eye velocity to the stimulus velocity.
The gain of 1 represents an exact match of eye and stimulus velocity, a gain of less than 1
indicates that the eye velocity was slower than the stimulus velocity, and a gain that is larger
than 1 indicates that the eye moved with a larger speed than the stimulus. Smooth pursuit
velocity gain was calculated in Microsoft Excel using the following equation (Equation (5)):

Gain =
veye

vstimulus
, (5)

where veye is the eye movement velocity (deg/s) and vstimulus is the stimulus velocity (deg/s)
(6 deg/s).

In the study, a mixed-model ANOVA was conducted to compare smooth pursuit
eye movement performance between children with and without reading difficulties. The
analysis included three between-subject factors: reading performance (two levels: children
with reading difficulties and children without reading difficulties) and age (6 levels: 7-, 8-,
9-, 10-, 11- and 12-year-old) and stimulus movement direction (with 4 levels: left, right, up,
and down). The within-subject factor was velocity gain, with average values calculated
from 3 cycles of stimulus movements back and forth. To control for multiple comparisons
and reduce the risk of Type I errors, a Bonferroni post hoc analysis was applied to pairwise
comparisons, helping to identify specific differences between groups.

2.6. Fixation Stability Evaluation

The experiment for fixation stability evaluation was generated using the Titta Master
toolbox developed by Niehorster et al. [49]. Before eye-movement recording, a 5-point
monocular calibration and 4-point validation procedure was performed. If the calibra-
tion accuracy did not reach 0.5 degrees, a repeated calibration and validation process
was performed.

In order to assess fixation stability, a fixation task was generated in which participants
were required to maintain their gaze on a fixation stimulus for 10 s. The demonstrated
fixation stimulus consisted of a combination of black circles (5 cd/m2, RGB (0, 0, 0)) and
a white cross (180 cd/m2; RGB * (255, 255, 255)). The stimulus was displayed on a grey
background (90 cd/m2; RGB (180, 180, 180) and had an overall size of 0.6 degrees (see
Figure 2). The fixation task stimulus was chosen based on the study by Thaler et al. [50],
where this stimulus was found to provide a relatively stable fixation. After validation,
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a black dot appeared in the center of the screen for 3 s, after which a fixation task was
presented at the same screen position. The fixation stimulus was displayed for 10 s, but
the analysis of fixation included only the middle 9 s, excluding the first and last 0.5 s
of the stimulus presentation. The fixation task was performed under binocular viewing
conditions, meaning both eyes fixated on the stimulus simultaneously.

The data from 279 children (140 boys and 139 girls) were included in the analysis of
the fixation stability. Children who did not have a valid eye movement recording due to
insufficient participation or technical issues, e.g., one eye not being recorded, were excluded
from the further data analysis. Of all the children, 75 had reading difficulties (RDs) and 204
were referred as the control group (CG). In order to determine the minimum sample size
required for the study, a power analysis (G*Power version 3.1.9.7) was conducted (Faul
et al., 2007 [45]). The results of the power analysis indicated that the required sample size
to achieve 80% power for detecting a medium effect (f = 0.25), at a significance criterion of
α = 0.05, was N = 60 for ANOVA: repeated measures within–between interaction. Thus,
the obtained sample size of N = 346 is sufficient to test the study hypothesis. The results
of the power analysis indicated that the required sample size to achieve 80% power for
detecting a medium effect (f = 0.25), at a significance criterion of α = 0.05, was N = 279 for
[ANOVA: Fixed effects, special, main effects and interactions]. Thus, the obtained sample
size of N = 279 is adequate to test the study hypothesis”.

 
Figure 2. Fixation target.

In order to extract gaze fixations from the eye movement recordings, the I2MC (identi-
fication by two-means clustering) algorithm was applied. This algorithm has been designed
for analyzing data with high levels of noise and missing data, making it particularly suitable
for analyzing children’s data [51]. Fixation stability was expressed by the bivariate contour
ellipse area (BCEA), which was calculated using the following equation (Equation (6)).
Note that a smaller BCEA value indicates a more stable fixation.

BCEA = 2kπσHσV

(
1− ρ2

) 1
2 , (6)

where σH represents the standard deviation of fixations in the horizontal meridian; σV

represents the standard deviation of fixations in the vertical meridian; ρ represents the
Pearson product–moment correlation coefficient between two directions; and the k value is
1.14, as the chosen probability area is 68% [52].

To compare gaze fixation stability between children with and without reading difficul-
ties, a mixed-model ANOVA was conducted. The analysis included two between-subject
factors: reading performance (levels: children with reading difficulties and children without
reading difficulties) and age (6 levels: 7-, 8-, 9-, 10-, 11-, and 12-year-old). The within-subject
factor was fixation stability.
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3. Results

3.1. Saccadic Eye Movements
3.1.1. Reflexive Saccades

The results of mixed repeated measures ANOVA determining the effects of the reading
performance, age, and direction on the peak velocity of saccadic eye movements only
indicated a significant direction effect when comparing the horizontal (right and left)
saccadic eye movements (F(1; 668) = 16.733, p < 0.001, ηp

2 = 0.024) (see Figure 3). Post hoc
analysis revealed that the peak velocity of leftwards-oriented saccades was significantly
lower than in saccades directed to the right side (Bonferroni post hoc: p < 0.001). Mixed
ANOVA analysis for horizontally directed saccades did not demonstrate a significant age
or reading performance effect on reflexive saccade peak velocity measurements.

 

Figure 3. Peak velocity of reflexive saccades in children with and without reading difficulties. Data
outliers significantly different from the rest of the data are marked as dots. * Statistically significantly
difference (mixed ANOVA, Bonferroni post hoc analysis p < 0.05).

Similar results were obtained when assessing the peak velocity in vertically directed
saccades—mixed repeated measures ANOVA only indicated a significant direction effect
on saccadic peak velocity (F(1; 668) = 62.250, p < 0.001, ηp

2 = 0.085). Post hoc analysis
revealed that the peak velocity for upwards-oriented saccades was significantly lower than
for downwards-oriented saccades. (Bonferroni post hoc: p < 0.001). No significant age or
reading performance effect on the peak velocity measurements was observed.

The results of the mixed repeated measures ANOVA, which determined the effects
of the reading performance, age, and direction on the accuracy of reflexive saccades, only
indicated a significant direction effect when comparing the horizontal (F(1; 668) = 11.182,
p < 0.001, ηp

2 = 0.016) and vertical (F(1; 668) = 48.658, p < 0.001, ηp
2 = 0.068) saccadic eye

movements (see Figure 4), but there was no significant effect of age or reading performance.
Post hoc analysis revealed significantly lower accuracy results for leftward saccades than
for rightward ones (Bonferroni post hoc: p < 0.001), as well as lower accuracy results for
downward saccades than for upward-oriented saccades (Bonferroni post hoc: p < 0.001).
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Figure 4. Reflexive saccade accuracy in children with and without reading difficulties. Data outliers
significantly different from the rest of the data are marked as dots. * Statistically significantly
difference (mixed ANOVA, Bonferroni post hoc analysis p < 0.05).

3.1.2. Anti-Saccades

Further data analysis explored the effect of saccadic eye movement direction, partici-
pant age, and reading performance on the peak velocity measurements in the anti-saccade
tasks (Figure 5). The results of the mixed repeated measures ANOVA did not reveal a
significant direction or reading performance effect on the peak velocity of horizontally
oriented anti-saccades. However, a significant age effect was observed (F(5, 668) = 3.085, p
= 0.009, ηp

2 = 0.023). Post hoc analysis revealed a significant difference in the peak velocity
measurements between 7- and 11-year-old children (Bonferroni post hoc: p = 0.047), with 7
year olds demonstrating higher peak velocities in the anti-saccade tasks compared to 11
year olds. A significant direction effect was observed for vertically oriented anti-saccades
(F(1; 668) = 29.651, p < 0.001, ηp

2 = 0.043), indicating a lower peak velocity for downwards-
oriented saccades compared to saccades performed upwards (Bonferroni post hoc: p <
0.001). No significant effect of age or reading performance on the vertically oriented
anti-saccades was observed.

 

Figure 5. Peak velocity of anti-saccades in children with and without reading difficulties. Data
outliers significantly different from the rest of the data are marked as dots. * Statistically significantly
difference (mixed ANOVA, Bonferroni post hoc analysis p < 0.05).
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The results of the mixed repeated measures ANOVA revealed a significant direction
effect on anti-saccade accuracy measurements for both horizontally (F(1; 668) = 63.754,
p < 0.001, ηp

2 = 0.087) and vertically (F(1; 668) = 462.540, p < 0.001, ηp
2 = 0.409) oriented

anti-saccades (Figure 6). Post hoc analysis revealed that saccades oriented to the right were
less accurate than saccades oriented to the left (Bonferroni post hoc: p < 0.001), and saccades
oriented downwards were less accurate than saccades oriented upwards (Bonferroni post
hoc: p < 0.001). No significant age or reading performance effect was observed for anti-
saccade accuracy in horizontally oriented saccades. However, for vertically oriented anti-
saccades only, the effects of reading performance (F(1, 668) = 3.964, p = 0.047, ηp

2 = 0.006)
and age (F(5, 668) = 2.709, p = 0.020, ηp

2 = 0.020) were revealed to be statistically significant.
Children without reading difficulties were more accurate than children with reading
difficulties (Bonferroni post hoc: p = 0.047), and 10-year-olds were less accurate than
12-year-old children (Bonferroni post hoc: p = 0.047).

 

Figure 6. Anti-saccade accuracy in children with and without reading difficulties. Data outliers
significantly different from the rest of the data are marked as dots. * Statistically significantly
difference (mixed ANOVA, Bonferroni post hoc analysis p < 0.05).

3.2. Smooth Pursuit Eye Movements

The results of the mixed repeated measures ANOVA, which evaluated the effect
of reading performance, age, and stimulus movement direction on smooth pursuit gain
measurements, revealed significant age (F(5; 1334) = 8.606, p < 0.001, ηp

2 = 0.031) and
stimulus movement direction (F(3; 1334) = 188.354, p < 0.001, ηp

2 = 0.298) effects (Figure 7).
However, the effect of reading performance was not demonstrated to be statistically sig-
nificant (F(1; 1334) = 2.960, p = 0.086, ηp

2 = 0.002). Furthermore, no significant interaction
effects were observed among reading performance, age, and stimulus movement direction
(p > 0.05).
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Figure 7. Velocity gain in children with and without reading difficulties. Data outliers significantly
different from the rest of the data are marked as dots. * Statistically significantly difference (mixed
ANOVA, Bonferroni post hoc analysis p < 0.05).

Post hoc pairwise comparisons with Bonferroni adjustments revealed significant dif-
ferences in velocity gain between specific age groups: 7 vs. 8 years: p = 0.012, 8 vs. 11 years
(Bonferroni post hoc: p < 0.001), 8 vs. 12 years (Bonferroni post hoc: p < 0.001), 9 vs. 12 years
(Bonferroni post hoc: p = 0.025), 10 vs. 11 years (Bonferroni post hoc: p = 0.032), and
10 vs. 12 years (Bonferroni post hoc: p = 0.006). Horizontal movements (to the left and
right) had higher velocity compared to the vertical movements (upwards and downwards):
downward vs. leftward (Bonferroni post hoc: p < 0.001) downward vs. rightward: (Bonfer-
roni post hoc: p < 0.001), upward vs. leftward (Bonferroni post hoc: p < 0.001), upward vs
rightward (Bonferroni post hoc: p < 0.001). The analysis of velocity gain with respect to age,
reading performance, and stimulus movement direction revealed a significant difference
between children with and without reading difficulties, but only for 7-year-old children
during downward stimulus movements (Bonferroni post hoc: p = 0.007). No significant
main effects or interactions were found for the other groups or movement directions.

3.3. Fixation Stability

The results of the one-way ANOVA did not reveal significant effects of age
(F(5, 267) = 0.212, p = 0.957, ηp2 = 0.004) or reading performance (F(1, 267) = 1.242, p = 0.266,
ηp2 = 0.005) on the fixation stability measurements, clearly indicating that fixation stability
on a non-reading task was not different in children with and without reading difficulties
(see Figure 8).
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Figure 8. Binocular fixation stability in children with and without reading difficulties. Box plots
represent interquartile range; crosses indicate the mean values, and lines indicate the medians.

4. Discussion

The results of the current study demonstrate that there are no significant differences
in saccadic and smooth pursuit parameters, nor in fixation stability, in children with and
without reading difficulties. A slight difference was observed in the accuracy of the ver-
tically oriented anti-saccades of all children and the smooth pursuit gain of 7-year-old
children with and without reading difficulties; however, the main differences were ob-
served only in the downwards-oriented anti-saccades, which, as presented in the current
study and in other studies, have been demonstrated to have higher variability [53]. In
general, the current findings are consistent with the results demonstrated by Black et al. [39]
and Vinuela-Navarro [38], who did not observe significant differences in saccadic latency,
accuracy, or velocity parameters between dyslexic and non-dyslexic children. While differ-
ent studies [29,54,55] have indicated lower performance in anti-saccade tasks in children
with dyslexia, the differences are mainly observed in the error rates and correction rates,
not related to the dynamics of saccadic eye movements.

Fukushima et al. [56] reported that children with different learning difficulties had
not only higher error rates, but also significantly higher latencies in anti-saccade tasks
compared to the control group. While the differences observed in the current study and the
study by Fukushima et al. [56] could be attributed to differences in research methodologies
(e.g., eye tracking equipment, as well as different methods applied in selecting the research
participants), the results of the current study are in accordance with other previous studies,
indicating that the oculomotor control of saccadic eye movements in children with reading
difficulties is intact. And the previously demonstrated differences in the anti-saccade
error rates are, as reported by Wilcockson et al. [57], attributed to the impairment of
inhibitory control.

Edelman et al. [58] demonstrated that the peak velocity of reflexive saccades is higher
than in anti-saccade tasks; however, the current results indicate an opposite tendency. The
extent to which the peak velocities in reflexive saccades are lower is still under debate.
While the study by Bucci and Seassau [59] observed a tendency of peak velocity in anti-
saccade tasks to be slower than in pro-saccade ones, this was not confirmed statistically.
Furthermore, in the study by Lunn et al. [60], the control group of healthy children had
almost identical mean peak velocity results in pro-saccade and anti-saccade tasks. The
results of the current study indicate slightly higher average peak velocity results in the
anti-saccade tasks compared to reflexive saccades (with or without the data replacement).
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Since the observed differences in the mean results were within the standard error, we
assume that they were not of a causal nature; however, the observed differences should be
explored in further research.

While previous studies have demonstrated that several brain regions involved in
reading also play a role in the neural control of smooth pursuit eye movements [57], not
all individuals with reading difficulties exhibit smooth pursuit abnormalities [40,61]. This
observation is consistent with the findings of the current research—no significant difference
in smooth pursuit eye movements in children with and without reading difficulties was
observed (except for in 7-year-old children). Furthermore, the results fell within the normal
range according to the normative values defined by Sinno et al. [62]. Data analysis revealed
a significant age effect on the smooth pursuit performance which was independent of
reading performance, likely due to improvements in binocular coordination, saccade
latency, and coordination between saccadic and vergence movements, which continue to
develop until 12 to 15 years of age [63].

More recent studies by Fukushima et al. [56] and Caldani et al. [32] have demonstrated
that dyslexic children generally exhibit decreased smooth pursuit gain, especially in the left-
to-right direction [30]. They also tend to make more catch-up saccades [42]. So what causes
the inconsistency with the results of the current research, as well as the results presented
by Black et al. [39] and Ygge et al. [61]? While all of the previously mentioned studies have
explored smooth pursuit performance in children with dyslexia, a different methodology
of participant selection can be observed. The criteria for diagnosing dyslexia vary widely,
with some studies using broader definitions or different reading-related tests, which could
influence group characteristics and outcomes. The prevalence of developmental dyslexia
is estimated around 7% [64], while the prevalence of reading difficulties in the current
research was around 25%, including both children with dyslexia and children with reading
difficulties caused by other factors (social, environmental, etc.). The results of the current
study propose that the smooth pursuit control in children with reading difficulties is
intact, and that observed differences in smooth pursuit performance in children with
dyslexia might be attributed to magnocellular dysfunction, attention deficits, or other
factors previously linked to dyslexia [65].

One of the parameters that characterizes the fixation quality is its stability, i.e., the
ability to keep a steady gaze on the fixation target. To assess whether the fixation stability
is impaired in children with reading difficulties, fixation stability was assessed in a non-
reading task, thereby reducing the involvement of cognitive processes on the eye movement
performance. A similar approach of analyzing binocular fixation quality in children with
and without reading difficulties was applied by Vinuela-Navarro et al. [38], exploring
the number and amplitude of saccadic eye movements during fixation. Both the current
study and the study by Vinuela-Navarro et al. [38] did not reveal significant differences
in fixation stability in children with and without reading difficulties. The results of our
study, however, contradict the findings by Vikesdal et al. [66], demonstrating that children
with dyslexia have more unstable fixation in non-reading tasks than children without
dyslexia. Although dyslexia is a specific learning disorder of neurobiological origin that
primarily affects reading, as mentioned before, the children included in our study had
reading difficulties but were not diagnosed with dyslexia, which could explain why the
results contradict those of Vikesdal et al. [66].

The dynamics of saccadic and smooth pursuit eye movements are also characterized by
other parameters, e.g., latency and initial acceleration; however, latency was not considered
in the current study, since prior research and methodological constraints have indicated that
latency may not reliably reflect oculomotor performance differences in children with and
without reading difficulties. For example, Black et al. [39] and Vinuela-Navarro et al. [38]
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found no significant differences in saccadic latency between dyslexic and non-dyslexic
children, suggesting that latency might not be a robust marker for reading difficulties.
Moreover, latency measurements are often influenced by external factors, such as age-
related variability in neural development and task complexity, which could introduce noise
rather than providing insight into the specific oculomotor mechanisms linked to reading
performance. In this study, the focus was placed on parameters like saccadic accuracy, peak
velocity, and fixation stability, as they provide more direct and interpretable measures of
oculomotor control in the context of reading difficulties. Additionally, methodological con-
sistency with validated reading tests and eye-tracking protocols ensured that the analysis
remained aligned with the study’s primary aims.

While the results of the current study do not indicate significant differences in saccadic,
smooth pursuit, and fixation parameters in children with and without reading difficulties,
the target group (children with reading difficulties) might still include single children that
present with eye movement dysfunction. There has been a lengthy discussion on whether
children with dyslexia also present with abnormal eye movements in other non-cognitive
tasks and whether eye movement abnormalities are the cause or consequence of reading
difficulties [67]; however, the studies addressing reading performance in patients with
other causes of abnormal eye movements indicate the crucial role of oculomotor system
performance in successful reading [68]. The results of the current study do not imply that
abnormal eye movements do not cause reading difficulties, but demonstrate that, in general,
children with reading difficulties are not prone to oculomotor dysfunction. Furthermore,
the absence of general eye movement deficits does not exclude specific oculomotor deficits
during reading, since different cognitive processes are involved in oculomotor control
during, i.e., attention and lexical processing, which in turn might lead to abnormal eye
movements specifically in reading tasks [69,70].

Reading is a multifactorial process that is influenced by psychological, physiological,
environmental, sociological, and linguistic factors; therefore, determining the etiology or the
exact cause of reading difficulties involves a complex analysis of all previously mentioned
factors. The Acadience® Reading test is designed to identify children at risk of developing
reading difficulties rather than to diagnose specific reading disorders. In Latvian basic
educational schools, reading skills assessment is conducted by speech therapists; however,
the diagnostics of specific learning disorders (including dyslexia) requires the involvement
of psychologists, neurologists, and other specialists [71]. As the participant selection
for the current study was performed only based on the Acadience® Reading test results,
the reading difficulties observed among the participants may stem from a variety of
underlying causes, including both internal (neurobiological and physical) and external
(social environmental) factors [72,73]. Including children with various causes of reading
difficulties is beneficial, but complicates the interpretation of results, which is the main
limitation of the current study. A clearer distinction between children with dyslexia and
those with other causes of reading difficulties would provide deeper insight into the
physiology of dyslexia. However, we found that the inclusion of children with different
causes of reading difficulties in their natural school environments enhanced the ecological
validity of the current findings.

From an optometrist’s perspective, reading difficulties may be associated with poor
visual acuity, unstable binocular vision, accommodative dysfunction, different ocular
diseases, or oculomotor dysfunction [74]. The conventional tests applied to determine the
oculomotor performance in reading-like tasks in optometrist practice (e.g., DEM test) are
relatively simple and practical; however, these tests are designed for specific eye movement
analysis and do not address the overall performance of the oculomotor system, i.e., saccade,
smooth pursuit, and fixational tasks. Furthermore, the performance on the DEM test
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does not correlate with quantitative measurements of eye movements [75]. Other tests for
saccadic, fixational, and smooth pursuit system evaluation, like direct clinical observation,
are subjected to difficulties in scoring and subjective evaluation of the examiner [76].
The current study suggests that children with reading difficulties should not be directly
suspected to have oculomotor dysfunction; however, in the case of specific complaints
(difficulties of maintaining fixation or allocating the optimal fixation position in reading), as
well as if a child is diagnosed with dyslexia or other developmental disorders, oculomotor
performance should be evaluated, if possible, by applying quantitative methods (e.g., eye
tracking). Recent evidence demonstrates that short-term visual attention training can
improve the oculomotor performance during reading [77].

The current study extends the available information and understanding on oculomo-
tor performance in children with reading difficulties, which, as reported by the OECD
Programme for International Student Assessment (PISA) [78], is around 25%, by demon-
strating that the oculomotor system in children with reading difficulties (not excluding
dyslexia) is intact. The results propose that the observed differences from previous studies
exploring eye movements in dyslexic children might be attributed to the participant selec-
tion. This implies that, with specific selection of patients diagnosed with developmental
dyslexia, differences in the oculomotor performance could still be observed, indicating
magnocellular dysfunction, attention deficits, cerebellar functional activation patterns, or
other factors previously linked with dyslexia [65,79].

5. Conclusions

Reading is a complex visuomotor task involving precise performance of both the
visual and oculomotor systems, guiding the reader throughout the text. Different studies
have demonstrated reduced oculomotor performance in children with dyslexia; however,
the general take on whether children with reading difficulties of nonspecific cause present
with oculomotor abnormalities is still under debate [28–32]. The current study aimed to
provide a comprehensive analysis of different eye movements (saccades, smooth pursuit
eye movements, and fixation stability) in children with and without reading difficulties who
were tested by a validated reading performance test applied in the school environment.

The results regarding saccadic eye movement, smooth pursuit eye movement, and
fixation stability in a non-reading task did not reveal a statistically significant difference in
oculomotor performance in children with and without reading difficulties. This indicates
that the oculomotor system in children with reading difficulties (not excluding dyslexia)
is intact. The results propose that the observed differences from previous studies explor-
ing eye movements in dyslexic children might be attributed to the participant selection,
and imply that the reduced eye movement performance in children with dyslexia is of
neurobiological origin.
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Abstract: This study focuses on the visual attention of residents and tourists to elements
of urban landscapes from above. It screens out elements that attract viewers’ attention,
assesses their aesthetics, and explores how these aesthetic evaluations affect the psychology
of place identity. We tracked data from 30 participants, collected responses from 237 partic-
ipants, and observed differences in visual behaviors and emotional connections to place
identity. The results show that while residents and tourists exhibit similar visual behaviors
when viewing the same landscape, they have large differences in their perceptual behaviors
for different visual elements and have very different familiarity levels in the place identity
dimension. Landmark buildings attract strong visual attention despite their low proportion
in the overall landscape. Aesthetic factors such as the color vividness of elements like water,
mountains, and landmark buildings significantly affect place identity. This study shows
that combining eye-tracking and psychometric analysis can effectively evaluate urban
landscape perception and provide valuable insights for visual planning and preservation
efforts in historic neighborhoods.

Keywords: visual elements; place identity; landscape; eye-tracking; questionnaires;
Historic Centre of Macao

1. Introduction

With the rapid growth of global urbanization, urban population density is increasing
dramatically. Landscape views in historic districts are blocked by modern tall buildings,
and in the face of declining visual environment quality caused by uncontrolled rapid
urban development for urban heritage protection, UNESCO has proposed the theory and
methods of urban historical landscape [1]. The “Macao Special Administrative Region
Urban Master Plan (2020–2040)” also mentions protecting world heritage as an important
goal. In urban planning and design, the sustainable development of the overall urban
landscape must be considered [2]. However, perception evaluations of important landscape
views remain an urgent problem in the coordinated development and protection of historic
cities. Constructing a visual environment aesthetic evaluation system with perception
as the core has become a major research topic in the field of urban historical heritage
protection and planning in recent years [3]. The use and satisfaction of urban landscape
architecture physical spaces mediate the psychological health of the public [4]. Constructing
an aesthetic evaluation system of the visual environment with perception as the core has
become the core research issue in the fields of urban architecture, landscape architecture,
and planning in recent years [5]. Visual perception accounts for approximately 80% of
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all types of human perception, and the visual system is the most accurate way to obtain
external information [6]. The evaluation results of a study on urban streets and buildings
provide a corresponding basis for the visual control of urban landscape architecture [7].
In a changing urban landscape, we need to understand which architectural elements can
attract viewers’ attention from viewing platforms and the psychological impact of their
aesthetic evaluation of these visual elements on place identity.

This study focuses on how modern high-rise buildings and key visual elements in
urban landscapes affect the beauty and local identity of historical blocks; what methods
can be used to construct a visual environmental aesthetic evaluation system based on
perception; and how urban landscapes affect the public’s mental health. We aim to construct
a visual environment aesthetic evaluation system centered on perception to meet the
challenges brought about by the uncontrolled urban development of historical blocks
and evaluate the impact of modern high-rise buildings on their landscapes. This study
explores the effectiveness of urban landscape perception assessment through eye-tracking
and psychometric analysis; provides valuable insights for visual planning and protection
in historic districts; and fills a research gap in assessments of spatial perception elements of
historic urban areas based on place identity emotions.

2. Literature Review

With advancements in ergonomic technology, eye-tracking experiments have emerged
as a scientific approach for exploring human emotions through physiological indicators [8].
These experiments play a crucial role in uncovering the characteristics and patterns of
visual behavior when people perceive visual elements in public landscapes [9]. In urban
park landscape architecture research, fixed time and counting of eye-tracking experimental
data have shown that the proportion of architectural elements affects the evaluation of the
space [10]. In terms of mountain landscape architecture, artificial visual elements attract
more attention than natural elements [11]. In the field of forest research, the visual behavior
of the public toward the surrounding elements is different due to the variable spatial
elements of forest landscape architecture [12]. In the field of urban public landscapes,
eye-tracking technology is combined with online surveys to analyze the correlation be-
tween the proportion of different landscape elements and the public’s visual attractiveness
evaluations [10]. In the field of architecture, this provides a new method for understand-
ing architectural space perception and architectural space interaction. One study used
VR eye-tracking technology to deeply analyze the visual perception behavior of subjects
in the historical city of Zhangzhou, revealing differences in the perception of the urban
atmosphere between individuals from different backgrounds [13]. In the field of street
architecture, eye movement experiments demonstrated the visual interaction between
pedestrians and buildings on both sides of the street, emphasizing the importance of the
visual appeal and social function of street architecture [14].

In summary, most scholars focus on visual perceptions and behavioral preferences in
relation to landscape architecture, such as forests, mountains, and urban parks. However,
the number of previous studies on the relationship between the perception of physical visual
elements in the environment and place identity is very limited [15]. The mechanism by which
the objective environment that generates visual perception evaluation affects the viewer’s
place identity is still unclear. Most research on the public’s perceptions of urban landscape
architecture focuses on comparing natural and artificial visual elements, ignoring the differ-
ences in evaluation objects. In this study, based on the viewers’ length of stay and purpose
while in historic districts, the public is divided into two main groups: residents and tourists.
We explore differences in the visual behavior of different populations toward important
landscapes in the same historic district. Therefore, the following hypothesis is proposed:
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Hypothesis H1. The public’s perceptions of different visual elements of the same landscape are
significantly different.

Topophilia is the emotional connection between people and the natural environment
in which they live [16]. In the 1980s, environmental psychology introduced the concept of
“place identity”—the “socialized self in the objective world”. The theory of place identity
has been empirically studied in relation to urban living and tourist spaces; in terms of
theoretical dimension, studies have confirmed the correlation between place identity and
familiarity, sense of belonging, environmental preferences, intimacy, cultural atmosphere,
the stimulation of former memories, etc. Rather than existing on the same temporal plane,
identification processes drive other affective and conative elements that underlie people’s
attachments to physical environments [17]. People’s aesthetic evaluations of the visual
environment are important links between them and the environment. Most of the research
on place identity and emotion around the environment uses the interview method to
evaluate emotional tendencies when people visit environments [18]. In a crowd looking
at urban landscape architecture, residents and tourists engage in social interactions, and
their perceptions of the architecture and its culture significantly impact their urban place
identity [19].

Since the 1980s, the evaluation of visual quality has mainly focused on aesthetic
evaluations of visual perception. The evaluation object has changed from a single nature
evaluation system to a pluralistic human–nature emotional relationship evaluation system.
In recent years, street view images have been used to evaluate visual quality through
research methods such as machine learning and deep learning [20], and the experimental
approach has been used to assess the specific role of the city’s visual and auditory envi-
ronment in influencing human emotions [21]. However, the impact mechanism between
visual aesthetic evaluation and place identity is still unclear. We explore the differences
and impact effects between the aesthetic evaluation and place identity of different popula-
tions toward important landscapes in the same historic district. Therefore, the following
hypotheses are proposed (Figure 1):

Hypothesis H2. There are differences in the place identity emotions of residents and tourists
toward important landscapes in the same historic district.

Hypothesis H3. There is a significant impact relationship between the perception evaluation of
landscape views in historic districts and place identity emotions.

Figure 1. Conceptual framework of the viewer, visual element evaluation, and place identity.

205



Appl. Sci. 2025, 15, 3875

3. Method

3.1. Study Scope and Stimulus Images

Located on the southeastern coast of China, Macao has the highest population density
in the world [22] and an urban history of more than 400 years. The Historic Centre of
Macau and its buffer zone are located in the city’s core, accounting for 12.9% of the area
of the Macau Peninsula. The city’s urban form has a unique and super-compact style,
especially in the Historic Centre [23].

This study aims to define the landscape views of the city based on the overall urban
planning of the Macau Special Administrative Region [24]. Viewing points were selected
using planning vision—public vision in on-site research—and corridor distribution. Based
on observation object categories, the study is divided into 4 themes, with 12 important
landscape views (Table 1).

Table 1. Viewpoints and main visual elements viewed from observation decks in Macao.

Theme and Quantity No. Sight Direction Viewing Objects
The Main Visual Elements of the
Environment

A. Landscapes of architectural
heritage and sites in historic
districts

A-01 From the Fortress to the
Ruins of St. Paul’s

Architectural
heritages

Landmarks, low-rise buildings, high-rise
buildings, skyscraper buildings, green
plants, water, mountains, roads, etc.

A-02 From the Fortress to White
Pigeon Nest Park Urban greenings

Landmarks, low-rise buildings, high-rise
buildings, skyscraper buildings, green
plants, water, mountains, etc.

A-03
From Guia Fort and
Lighthouse to Tap Seac
Square

Architectural
heritages

Landmarks, low-rise buildings, high-rise
buildings, skyscraper buildings, green
plants, water, mountains, roads, etc.

B. Landscapes of the inner
harbor, outer harbor, and
water systems

B-01
From Bishop’s Hill
Observation Deck to the
Inner Harbor Waterway

The inner harbor
Landmarks, low-rise buildings, high-rise
buildings, skyscraper buildings, green
plants, water, mountains, etc.

B-02 From Bishop’s Hill Church
to Sai Van Lake Sai Van Lake

Landmarks, low-rise buildings, high-rise
buildings, skyscraper buildings, green
plants, water, mountains, roads, bridges,
etc.

B-03
From Guia Fort and
Lighthouse to the Outer
Harbor

The outer harbor
Landmarks, high-rise buildings,
skyscraper buildings, green plants, water,
mountains, roads, bridges, etc.

C. Landscapes of the historic
district style and urban skyline

C-01 From Guiyang Mountain
to Nam Van Lake

The city district and
skyline

Landmarks, low-rise buildings, high-rise
buildings, skyscraper buildings, green
plants, water, mountains, roads, etc.

C-02 From Fortress to Inner
Harbor City

The cityscape of the
port area

Landmarks, low-rise buildings, high-rise
buildings, skyscraper buildings, green
plants, water, etc.

C-03 From Fortress to Guia
Fortress

The landscapes
between urban
highlands

Landmarks, low-rise buildings, high-rise
buildings, skyscraper buildings, green
plants, etc.

D. Landscapes of high-point
landmark heritage in the
historic district

D-01
From the Nam Van Lake to
the direction of the Church
of Our Lady of Penha

The Church of Our
Lady of Penha

Landmarks, low-rise buildings, high-rise
buildings, skyscraper buildings, green
plants, mountains, water, etc.

D-02
From the Sai Van Lake to
the direction of the Church
of Our Lady of Penha

The Church of Our
Lady of Penha

Landmark buildings, low-rise buildings,
high-rise buildings, skyscraper buildings,
green plants, mountains, water, etc.

D-03
From Lotus Square to the
direction of the Guia
Lighthouse

Guia Fort and
Lighthouse

Landmark buildings, low-rise buildings,
high-rise buildings, roads, green plants,
mountains, etc.

We categorized the main visual environmental elements seen from each observation
deck. Buildings were classified based on height according to the latest version of China’s
Unified Standard for Civil Building Design [25]. Buildings with heights not exceeding 27
m are low-rise buildings; those ranging from 27 to 100 m are high-rise buildings; and those
taller than 100 m are super high-rise buildings. The landscape architecture views were
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classified based on the viewing targets, and the key environmental visual elements were
summarized (Figure 2).

Figure 2. Schematic diagram of the division of sight lines in the landscape’s architecture.

Landscape photographs are often used for eye-tracking experiments and can effec-
tively replace visual perceptions of the real environment. Moreover, the use of photographs
as stimuli for eye-tracking experiments can eliminate the influence of any external condi-
tions, such as light intensity and seasonal changes [26]. Therefore, experimental images
were taken in similar weather conditions using a Canon RP camera with a 16 mm lens; the
height of the photographer’s eyes was approximately 1.4 m. A total of 168 horizontal land-
scape architecture images were taken from observation decks in Macao, and five experts
were invited to classify them. The experts selected certain images that were then encoded.

The specific practices are as follows: (1) image feature annotation: preliminary ob-
servation of 168 images, extraction of keywords of landscape elements (e.g., landmarks,
vegetation, water bodies, etc.), and labeling of core features of each image. (2) Free classifi-
cation: experts group images with similar features according to core landscape features.
(3) Integration of grouping: the 168 images were preliminarily categorized into 40 groups
by combining obviously overlapping or duplicated categories. (4) Logical correction: cross-
category images were adjusted to determine the leader–follower relationship through
expert team discussion, including government-defined viewpoints of the landscape, se-
lecting 3–4 images for each viewpoint, retaining 45 landscape images by reducing them to
12 groups. (5) Representativeness verification: This ensured that the most representative
image was retained for each group. In total, 12 landscape images of core viewpoints in
the Historic Centre of Macao were selected, forming a structured image library that could
support the oculomotor experimental study. Finally, the selected images were used for
material selection and coding.

The images were normalized with a 16:9 aspect ratio, and the resolution was
6000 × 3374 dpi. As weather is an uncontrollable factor in the environment, a study of the
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perception of visual sky elements was outside the scope of this research, so the sky in the
images was uniformly replaced with white areas (Figure 3).

Figure 3. Distribution of important sightlines in the Historic District of Macao and AOI images.

3.2. Eye-Tracking Experiments
3.2.1. Experimental Participants

During the study, 30 members of the public who had visited observation decks in
Macao were selected and divided into two groups, residents (n = 15) and tourists (n = 15),
according to their purpose in visiting and the length of their stay. Two eye-tracking
experiments were conducted at the lab. The participants were exposed to the relevant
image samples for the first time; had good visual acuity, with naked eye or corrected visual
acuity of 1.0 and above; and had no color weakness or color blindness. They were between
20 and 40 years old and had diverse professional backgrounds, with 12 participants from
architecture-related majors and 18 from non-architecture-related majors, covering fields
such as industrial design, physics, chemistry, computer science, and fine arts. In the viewing
scene section, we allowed participants to view the scene freely, as free viewing is the most
natural and common way to view landscape architecture, maximizing the simulation of
daily viewing conditions [27].

3.2.2. Experimental Protocol

Considering the interference effect of light on eye-tracking experiments, the testing
was conducted in a laboratory. Curtains were used throughout the experiment to block out
outdoor light sources, and the laboratory light environment was adjusted and controlled
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through internal lighting. The eye-tracking experiments were conducted with Tobii Pro
Fusion, manufactured by a Swiss company, and images of the experimental material were
displayed on a 23.8-inch screen (1920 × 1080 dpi, 600 Hz) in the lab.

To begin, participants were placed in a laboratory with a capacity of more than 40
people, and the experimenter explained the purpose, procedures, and requirements to
the participants individually before the start of each eye movement experiment, with
no conversation between participants. Once participants understood the experiment,
they were invited to sit in a comfortable chair and were assisted by the experimenter in
calibrating the eye tracker to make sure that it was calibrated accurately. Then, nine sample
images of the study site were displayed. Each image sample was displayed for 20 s with a
two-second gap between images; this was intended to alleviate eyestrain and ensure visual
focus adjustment.

Each session lasted approximately 30 min, with approximately 4 min of introduc-
tion and preparation before the experiment, approximately 6 min for the eye-tracking
experiment, and approximately 20 min for the questionnaire content (Figure 4).

Figure 4. Step-by-step diagram of the eye-tracking experiment.

3.2.3. Drawing AOIs

The relationship between visual behavior and the visual environment was explored
using areas of interest (AOIs). The AOIs in the samples were determined according to the
main fixed elements of the images to analyze the spatial and visual elements of the samples.
The visual elements in the environment around the observation decks in Macao were
divided into features such as landmarks, low-rise buildings, high-rise buildings, skyscraper
buildings, green plants, water, mountains, roads, and so on.

3.2.4. Data Index Selection

To explore the visual behavior characteristics of the residents and tourists in relation to
AOIs in the images, several eye-tracking indicators were analyzed. Six were selected—total
fixation time (TFD), fixation count (FC), time before first fixation (TFF), time to first fixation
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(FFD), average fixation duration (AFD), and view count (VC) [28] (Table 2). These metrics
were used to identify the characteristics of viewer visual behavior toward visual elements
of the urban overlook landscape.

Table 2. Eye-tracking indexes for different landscape elements.

Metrics Indicator Abbreviation Basic Significance

Fixation metrics

Total fixation duration/(s) TFD
The longer the TFD, the more attention participants paid to
the area and the more difficulty they had in processing
relevant information.

Fixation count/(no. of visits) FC

Fixation count is the total number of gaze points produced
by the subject’s eyes during a specific experimental task or
observation. This can reflect the degree of attention to
different areas or stimuli and the subject’s processing of
information.

Time to first fixation (s) TFF
It takes time for the eyes to move to an AOI. If the TFF was
short, it was easier to notice an element. TFF was used to
measure visual saliency.

First fixation duration/(s) FFD
FFD for the AOI. As the FFD lengthens, respondents either
have greater difficulty in recognizing the AOI or perceive it
as more appealing.

Average fixation duration (s) AFD
Mean gaze duration is the average of the subjects’ gaze
duration for each gaze point in the eye movement
experiment.

Visit count/(no. of visits) VC
The visit count of an AOI represents the number of times a
respondent views that region. A higher count generally
implies the AOI’s greater attractiveness to the respondent.

3.3. Visual Aesthetics and Place Identity Scale
3.3.1. Questionnaire Design

After the experiment and the retrospective interviews, the same A1–D3, 12 landscape
pictures from the eye-tracking experiment were used to evaluate the aesthetics of the
different visual elements. The color labels of the visual elements were divided by the AOIs;
combined with the dimension of place identity, the degree of identification of the tourists
and residents was psychologically measured. The questionnaire took the residents and
tourists as the subjects and preliminarily screened the visual elements according to the
distribution of eye movement. Moreover, we invited six experts in the field of architecture
to classify and describe the visual elements of the overlooked landscapes. We selected
eight evaluation indicators—the proportion of coordination, form richness, neatness and
aesthetics, color vividness, change difference, and so on—to evaluate the visual aesthetics
of the landscape architecture viewed from urban observation decks. This was combined
with the five-point Psychological Scale of Place Identity Likert scale (Table 3), which was
completed by the residents and tourists [29].

3.3.2. Questionnaire Participants

A total of 250 participants were selected at observation decks in Macao, including
30 participants from the eye-tracking experiment. In total, 250 questionnaires were dis-
tributed, 225 of which were online. The questionnaire was collected from 1 November 2023
to 30 December 2023. A total of 237 valid questionnaires were collected, with a response
rate of 94.8%.
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Table 3. Visual aesthetic and place identity evaluation scale.

Evaluation Index Specific Dimensions Online Questionnaire Items

Visual aesthetics evaluation

Proportional harmonization What do you think is the proportion and coordination of visual
elements (the larger the number, the more coordinated)?

Morphological richness What do you think is the morphological richness of visual
elements (the larger the number, the richer)?

Neatness and beauty What do you think of the neatness and beauty of visual
elements (the larger the number, the more beautiful)?

Vividness of color What do you think the color of the visual element is (the larger
the number, the more vivid)?

Variation difference What do you think is the difference in changes in visual
elements (the larger the number, the greater the difference)?

Quantitative intensity What do you think is the numerical density of visual elements
(the larger the number, the denser)?

Significance of features What do you think is the prominent style of the visual elements
(the larger the number, the more salient)?

Decorative sophistication What do you think of the decorative sophistication of visual
elements (the larger the number, the more refined)?

Place identity evaluation

Trigger memories I have a lot of fond memories of this place

Sense of belonging I feel this place is a part of me

Familiarity I feel very familiar with this place

Intimacy I feel intimate with this place

Environmental preferences This place is very special to me

Cultural identity I have a strong cultural identity with this place

Identity responsibility Living here says a lot about who I am

3.3.3. Data Analysis

The data were analyzed using SPSS 21.0 (IBM Corp., Armonk, NY, USA) and plotted
using Origin 2022 (OriginLab Corp., Northampton, MA, USA) and Adobe Photoshop CS6
(Adobe Inc., San Jose, CA, USA). The procedure was as follows.

(1) One-way analysis of variance (ANOVA) was used to analyze the differences in visual
behavior indicators and to determine the differences between groups of people at the
same viewing platform for the same image and different visual element eye movement
indicators. An independent sample t-test and univariate analysis were performed,
and H1 was verified.

(2) A visual aesthetic evaluation and psychometric measurement of different scenes
were carried out using the questionnaire data. Reliability and validity analyses
and an independent sample t-test were carried out to determine the psychological
differences between different groups of people in relation to places with the same
overall landscape architecture. The aim was to verify H2.

(3) Correlation analysis and multiple regression equations were used to determine the
correlation between the aesthetic evaluation indexes of different visual elements and
place identity, and H3 was verified.

4. Results and Analysis

4.1. Eye-Tracking Heat Map Distribution and Analysis

The eye-tracking data collected using Tobii Pro Lab (v1.194) were processed for analy-
sis to create an eye movement heat map of the images. Moreover, through notation, the
most crucial visual elements, as perceived by both residents and tourists, were analyzed
and filtered out. Taking the thermal distribution in Figure A-01 as an illustration, visual
elements such as landmark buildings, high-rise buildings, super high-rise buildings, and
water systems within the figure draw a high level of attention. These elements are rep-
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resented by dark red and orange-red colors and the “•” symbol. Lower buildings and
mountains are also considered, but their prominence is less evident. They are depicted
with light green spots and the “�” symbol. Green plants and roads attract relatively little
attention. There is no heat distribution for them, and no light green spots are present, with
the “�” symbol being used. As for Figure A-02′s heat distribution, there are no visual ele-
ments of landmark buildings in the figure, and the “×” symbol is used. The identification
situation for the other heat maps is the same, and the visual elements corresponding to the
visual hot spots in the image are identified similarly (Table 4).

Table 4. Eye-tracking heat distribution of different types of viewing platform landscape images.

NO. A-01 A-02 A-03

Resident eye-tracking
experiment heat map

   

Tourist eye-tracking
experiment heat map

   

Hot spots corresponding
to visual features

landmarks • mountains • landmarks • mountains • landmarks • mountains �
low-rise
buildings • water × low-rise

buildings • water × low-rise
buildings � water �

high-rise
buildings • green

plants � high-rise
buildings • green

plants � high-rise
buildings � green

plants �

skyscraper
buildings • roads � skyscraper

buildings • roads × skyscraper
buildings • roads �

NO. B-01 B-02 B-03

Resident eye-tracking
experiment heat map

   

Tourist eye-tracking
experiment heat map

   

Hot spots corresponding
to visual features

landmarks × mountains � landmarks • mountains � landmarks • mountains �
low-rise
buildings � water � low-rise

buildings • water � low-rise
buildings � water •

high-rise
buildings • green

plants � high-rise
buildings � green

plants � high-rise
buildings • green

plants �

skyscraper
buildings • roads × skyscraper

buildings • roads � skyscraper
buildings • roads •

NO. C-01 C-02 C-03

Resident eye-tracking
experiment heat map
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Table 4. Cont.

NO. C-01 C-02 C-03

Tourist eye-tracking
experiment heat map

Hot spots corresponding
to visual features

landmarks • mountains � landmarks • mountains � landmarks • mountains �
low-rise
buildings � water � low-rise

buildings • water � low-rise
buildings • water ×

high-rise
buildings • green

plants � high-rise
buildings � green

plants � high-rise
buildings � green

plants �

skyscraper
buildings • roads � skyscraper

buildings • roads � skyscraper
buildings • roads �

NO. D-01 D-02 D-03

Resident eye-tracking
experiment heat map

Tourist eye-tracking
experiment heat map

Hot spots corresponding
to visual features

landmarks • mountains • landmarks • mountains • landmarks • mountains •
low-rise
buildings • water • low-rise

buildings • water � low-rise
buildings × water ×

high-rise
buildings • green

plants � high-rise
buildings � green

plants • high-rise
buildings • green

plants •

skyscraper
buildings • roads × skyscraper

buildings × roads × skyscraper
buildings × roads �

• This element is of significant concern. � This element attracts attention but is not significant. � The image has
this element, but it does not receive attention. × The feature does not appear in the image.

Comparing the eye movement heat distribution maps of residents and tourists, the
visual elements that residents pay attention to are more concentrated; the focus is on the
visual center of the image and the visual elements of the buildings with a regional identity.
Meanwhile, the visual elements that tourists pay attention to are more scattered, but the
attention paid to different visual elements tends to be consistent. Looking at the heat
distribution map of the landscape architecture image eye movement experiment performed
on the observation decks in Macao, the visual elements concentrated on are landmarks,
skyscraper buildings, high-rise buildings, water, and other visual elements, and the colors
are dark red and orange.

Using the eye-tracking heat map and the visual element markers corresponding to the
hot spots, a preliminary screening of visual elements was carried out. The visual element of
roads was marked with an “�” symbol and an “×” symbol in the nine images, indicating
that the residents and tourists paid less attention to roads. We screened out landmark
buildings, low-rise buildings, high-rise buildings, super high-rise buildings, water systems,
and mountains. Seven visual elements, including green plants, were used to support the
ANOVA and the results of the perceptual identity questionnaires.
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4.2. Perceptual Behavior of Visual Elements
4.2.1. Visual Behaviors of Different Groups of Viewers

The eye movement index of one image was randomly selected from the landscape ar-
chitecture images viewed by each group on the observation decks, and six indicators of the
residents (n = 15) and tourists (n = 15) were analyzed. Finally, the eye-tracking experiment
data for the three landscape architecture images of A-01, B-02, and C-02 were selected as
the data sources. Based on the experimental results for the different groups of participants
on the same observation deck, SPSS 21.0 (IBM Corp.) was used to perform an independent
sample t-test (Figure 5, Supplementary Materials Table S1), and the significance of the six
visual behaviors in the two groups was compared.

Figure 5. Viewers’ visual behavior data for different landscape architecture elements.

The data in Table S1 show that the F-value (i.e., the Levene F-statistic) has a
p-value > 0.05 for six variables, and these six eye-tracking data all show the same vari-
ance. In the two-tailed test, the p-value is also >0.05; combined with the F-statistic, this
suggests that the visual behavior of the two groups toward the same landscape architecture
elements has no significant difference, and the visual behavior characteristics of the same
view are maintained.

4.2.2. Eye Movement Indicators of Different Visual Elements

A multivariate model with the proportion of visual elements as a covariate was used
to analyze the influence of visual element types on visual behavior and to determine the
differences. Again, we selected the eye-tracking experimental data for A-01, B-02, and C-02
as the data sources and used SPSS 21.0 (IBM Corp.) to conduct a one-way ANOVA for
six eye movement indicators of seven visual elements in the landscape architecture image:
landmark buildings, low-rise buildings, high-rise buildings, super high-rise buildings, wa-
ter systems, mountains, and green plants. We then conducted a least significant difference
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multiple comparison test and obtained statistical data results (Figure 6, Supplementary
Materials Table S2).

Figure 6. Viewers’ visual behavior data for different landscape architecture elements (** Represents
p < 0.01, which is significantly correlated at the 0.01 level).

From the data in Figure 6, after examining the eye movement indicators of visual
elements in various landscape architecture images viewed from observation decks, it
becomes evident that a significant difference exists for TFD and AFD at the 0.01 significance
level (p < 0.01); the FC, FFD, and VC indicators display a significant difference at the 0.05
significance level (p < 0.05). However, no significant difference can be observed in TFF
(p > 0.05).

Among the eye movement indicators for different visual elements, those of super
high-rise buildings and landmark buildings showed the greatest significance. In terms of
the AFD and FC eye movement indicators, the average values of the visual elements of
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super high-rise buildings and landmark buildings were relatively high. This implies that
participants faced the most difficulty in extracting data from super high-rise and landmark
buildings, as this demanded a larger cognitive load. Generally, the trends for the FFD, TFF,
AFD, and VC eye movement indicators were largely in line with that of TFD. They also
corresponded to the distribution outcomes of the eye movement heat map.

In summary, the eye-tracking indicators revealed differences in the TFD, FC, FFD,
AFD, and VC data between the visual behavior indicators of the viewers when looking
at urban landscape architecture (p < 0.05). Different groups of people have consistent
perceptions of the same landscape, but their perceptions of different visual elements vary.
Therefore, we can verify that H1 is valid.

4.3. Questionnaire Data Results and Analysis
4.3.1. Questionnaire Validity Test

The data from 237 questionnaires were imported into SPSS 21.0 for reliability and
validity testing. The reliability of the four dimensions of the questionnaire was monitored,
and a Cronbach’s value of >0.7 was found, indicating that the overall reliability of the ques-
tionnaire was good. A Kaiser–Meyer–Olkin (KMO) test revealed a KMO value = 0.978 > 0.8
and a p-value (Sig.) = 0.000 < 0.05, with high significance. The questionnaire passed the
BART spherical test of the KMO checksum.

4.3.2. Psychological Measurement of Place Identity in Different Groups of Viewers

A total of 237 questionnaires were used as data sources to divide the participants into
residents (n = 126) and tourists (n = 111), and an independent sample t-test compared the
significance of the identity psychology between the two groups when visiting the same
landscape architecture and place (Figure 7).

Figure 7. Psychometric results for participants at the view scene (** Represents p < 0.01, which is
significantly correlated at the 0.01 level).

The data in Figure 7 show that among the seven measurement indicators of place
identity emotion for nine spots in the landscape architecture, the mean value of the resident
group is greater than that of the tourist group. This indicates that the average value of
residents’ place identity emotion relating to landscape architecture is higher than that
of tourists. However, the independent samples t-test shows that the six place identity
sentiment indicators have p-values > 0.05. That said, the familiarity index has a p-value
of < 0.05, so there was a significant difference in the familiarity index in the place identity
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between residents and tourists in the process of viewing the same landscape, and there
was no significant difference in other indicators. Although Hypothesis 2 is established, and
residents have a higher sense of place identity than tourists, there is a significant difference
only in the familiarity of place identity dimension.

4.3.3. Psychological Correlation with Place Identity

To verify the validity of H3, a two-variable Pearson correlation analysis was carried
out between the aesthetic evaluation scores of the different visual elements of the landscape
architecture seen from the observation decks and the psychological dimensions of place
identity. Moreover, the aesthetic evaluation indexes and data for visual elements with a
direct correlation with the psychology of place identity were screened out (Table 5).

Table 5. Biased correlation analysis of aesthetic evaluation of visual elements and place identity.

Landscape
Visual

Elements

Evaluation
Factor

Trigger
Memories

Sense of
Belonging

Familiarity
Environmental
Preferences

Cultural
Atmosphere

Intimacy
Place

Identity

landmarks
cleanliness 0.464 0.622 * 0.479 0.556 * 0.464 0. 643 ** 0.530 *

vividness
of color 0.698 ** 0.667 ** 0.589 ** 0.603 ** 0.620 ** 0.644 ** 0.698 **

low-rise
buildings

proportional
harmonization 0.532 * 0.428 0.539 * 0.401 0.401 0.583 * 0.420

cleanliness 0.572 * 0.646 ** 0.745 ** 0.510 * 0.552 * 0.541 * 0.521 *

vividness of
color 0.487 0.452 0.344 0.490 0.534 * 0.509 * 0.561 *

high-rise
buildings

cleanliness 0.707 ** 0.580 * 0.712 ** 0.467 0.509 * 0.672 ** 0.534 *

vividness
of color 0.454 0.681 ** 0.372 0.656 ** 0.589 * 0.733 ** 0.645 **

skyscraper
buildings

morphological
richness 0.377 0.482 0.551 * 0.445 0.390 0.429 0.396

cleanliness 0.471 0.500 * 0.462 0.343 0.528 * 0.463 0.493

vividness of
color 0.548 * 0.616 ** 0.409 0.638 ** 0.577 * 0.730 ** 0.648 **

quantitative
intensity 0.426 0.460 0.513 * 0.460 0.431 0.505 * 0.514 *

water

proportional
harmonization 0.584 * 0.633 ** 0.637 ** 0.581 * 0.593 * 0.580 * 0.587 *

morphological
richness 0.550 * 0.629 ** 0.667 ** 0.594 * 0.479 0.706 ** 0.510 *

cleanliness 0.411 0.382 0.611 ** 0.505 * 0.407 0.554 * 0.504 *

vividness
of color 0.569 0.770 ** 0.700 ** 0.737 ** 0.665 ** 0.837 ** 0.706 **

mountains

proportional
harmonization 0.660 ** 0.678 ** 0.742 ** 0.580 * 0.574 * 0.765 ** 0.590 *

cleanliness 0.262 0.441 0.439 0.359 0.290 0.594 * 0.445

vividness
of color 0.540 * 0.670 ** 0.366 0.713 ** 0.628 ** 0.704 ** 0.690 **

green plants

proportional
harmonization 0.313 0.423 0.249 0.376 0.334 0.533 * 0.444

morphological
richness 0.650 ** 0.655 ** 0.726 ** 0.565 * 0.516 * 0.733 ** 0.579 *

cleanliness 0.369 0.449 0.536 * 0.383 0.371 0.568 * 0.394

vividness
of color 0.666 ** 0.779 ** 0.513 * 0.702 ** 0.680 ** 0.834 ** 0.754 **

** Represents p < 0.01, which is significantly correlated at the 0.01 level. * Represents p < 0.05, which is significantly
correlated at the 0.05 level.

From the results in Table 5, we can draw the following conclusions:
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(1) There were 10 visual aesthetic evaluation indexes with a 0.05 level of significance
for place identity psychology and six visual evaluation factors with a 0.01 level of
significance for place identity psychology.

(2) From the perspective of visual element categories, the aesthetic perception of green
plant visual elements had the strongest psychological correlation with place identity
(0.754); the intimacy correlation coefficient between the color vividness of green plants
and the psychological dimension of place identity was the highest (0.834); and the
number of evaluation indicators with a correlation between water visual elements and
place identity psychology was the highest. There is a significant positive correlation
between natural visual elements and place identity.

(3) Regarding the evaluation factor categories, the visual aesthetic evaluation index
of decorative sophistication and the psychological correlation coefficient of place
identity exhibited a negative relationship. Therefore, the visual aesthetic evaluation
of decorative sophistication had a negative correlation with place identity psychology.
The correlation coefficients between the other significance evaluation factors and
place identity psychology were positive; therefore, the seven types of visual aesthetic
evaluation indexes (e.g., proportion coordination, form richness, neatness, and color
vividness) had a positive correlation with place identity psychology.

(4) Among the 16 aesthetic evaluation indexes of visual elements that correlated with
the psychology of place identity, the correlation coefficients of the color vividness of
green plants and the color vividness of water were >0.7, indicating that there was
a strong positive correlation between these two items. The correlation coefficients
between the remaining 14 visual element aesthetic evaluation indexes and place
identity psychology were within 0.3–0.7, indicating that these 14 aesthetic evaluation
indicators strongly correlated with the psychological notion of identity.

4.3.4. Multiple Linear Regression Results and Analysis

Multiple linear regression was used to verify common visual elements affecting iden-
tity psychology in landscape architectures seen from different urban observation decks.
The dependent variable was “city identity sense”, while the independent variables were
the data of eight visual elements and fifty-six corresponding visual aesthetic evaluation
indicators. Model summary, ANOVA results, and coefficient results (Table 6) were obtained,
yielding the multiple regression equation.

Y = 0.573 × x1 + 0.316 × x2 + 0.515 × x3 + 0.169 × x4 + 0.617 × x5 + 0.223 × x6 + 0.799 × x7 + 0.094 × x8 + 1.021 × x9 − 3.10

Based on the data from the overall regression model presented in the table, the
following results can be derived.

(1) F = 14.251 and p-value = 0.009 < 0.05, which is less than 0.05. This indicates that the
model is significant at the 0.05 level. It passes the F-test and has a linear correlation
with the dependent variable. Hence, the model is validated.

(2) The adjusted R2 considers the number of predictors used to forecast the target variable,
helping to decide if adding new variables improves the model fit. Here, the adjusted
R2 value was 0.726. This implies that the nine influencing factors could account for
72.6% of the variation in identity psychology. In other words, 72.6% of the attachment
emotion resulted from these nine factors, suggesting that the model had a moderate fit.

(3) The Durbin–Watson (D–W) value = 2.006; since this value is close to 2, it implies
that there is no autocorrelation present. As a result, the data used in the model are
independent.
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Table 6. Multiple linear regression model data table.

Y X

Non-Normalized
Standard

Coefficient
t p-Value

B
Standard

Error
Beta

Place
identity

(constant) −3.10 0.159 20.401 0.009

landmarks vividness of color X1 0.573 0.037 0.425 15.663 0.000

high-rise buildings vividness of color X2 0.316 0.025 0.271 12.608 0.000

skyscraper buildings vividness of color X3 0.515 0.040 0.391 12.750 0.000

water
proportional

harmonization X4 0.169 0.028 0.162 5.991 0.001

vividness of color X5 0.617 0.036 0.470 17.340 0.000

mountains
proportional

harmonization X6 0.223 0.029 0.245 7.806 0.000

vividness of color X7 0.799 0.024 0.628 33.048 0.000

green plants
morphological richness X8 0.094 0.024 0.100 4.010 0.007

vividness of color X9 1.021 0.028 0.978 37.009 0.000

Based on the significance and correlation coefficients of the independent and depen-
dent variables, the following conclusions can be reached.

(1) Among the independent variables, the color brightness of green plants (p = 0.000 < 0.01,
B = 1.021), the color vividness of mountains (p = 0.000 < 0.01, B = 0.799), the
color vividness of water (p = 0.000 < 0.01, B = 0.617), the color vividness of land-
marks (p = 0.000 < 0.01, B = 0.573), the color brightness of skyscraper buildings
(p = 0.000 < 0.01, B = 0.515), the color brightness of high-rise buildings (p = 0.001 < 0.05,
B = 0.316), the proportional coordination of mountains (p = 0.001 < 0.01, B = 0.223),
and the morphological richness of green plants (p = 0.007 < 0.01, B = 0.094) were
prominent. There was a significant positive correlation between the evaluation factors
of these nine visual elements and identity psychology.

(2) The correlation coefficient of the decorative delicacy evaluation is less than 0, but the
p-value is more than 0.05, and the correlation coefficient is less than 0.3; therefore,
although there is a negative correlation between decorative delicacy and the identity
of place of each visual element, the influence is small. Overall, the multiple linear
regression results are consistent with the correlation analysis, and Hypothesis 3
is verified.

5. Discussion

5.1. Visual Aesthetic Evaluation and Psychological Verification of Place Identity

Our results show that people’s visual perception of different landscape elements has
significant differences; the aesthetic evaluation of landscape elements significantly influ-
ences the psychology of place identity; and the influence of natural landscape elements
is higher than that of artificial landscape elements. In our analysis of the eye-tracking
visual behavior data, the public showed a strong interest in and visual preference for
artificial elements, particularly recognizable landmark buildings and skyscraper buildings,
providing support for similar results obtained in research on visual preference behavior
relating to mountain landscape architecture [30]. In previous studies, the perceptions of a
landscape supporting autonomy, relatedness, and competence were associated with identi-
fication, dependence, and emotional connection with that landscape [31]. The proportion
of artificial visual elements in the urban environment of the historic urban area is much
higher than that of natural visual elements. However, the visual aesthetic perception of
natural elements such as water, mountains, and green plants, has a more significant impact
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on the psychological perception of place identity, which is also supported by a study of
visual perception among different groups of tourists [32]. Studies of visual perception in
different populations have also shown that people experience a more positive psychological
impact from natural landscape elements [33]. From visual behaviors to emotional cogni-
tion, viewers display great subjectivity in expressing different emotions. Combined with
the experimental results of this study, this indicates that there are differences in people’s
perceptual behaviors toward different visual elements of the landscape.

After previous studies showed that the most characteristic feature of the historic urban
landscape of Macao is the diversity of colors, eye-tracking experiments and data collection
were used to determine the most common colors in urban and landscape architecture in
60 districts of the city [34]. The results of that study also showed the significant influence of
color vividness on the psychological impact of identification with different visual elements.
Further research found that landmarks and super-tall buildings are more visually appealing
to the public in urban landscape environments.

For the landscape of Macao’s historic district, although eye movement experiments
found that different groups have significant visual behaviors toward visually attractive
landmarks, the proportion of visual elements in the landscape images revealed that im-
portant landscapes in Macao’s historic district are affected by super high-rise buildings
and that the proportion of landmarks in these images is relatively small, less than 1%. The
lighthouse landmark can only be seen from a wide perspective, and the former outer harbor
cannot be seen from the Guia Lighthouse. In 2008, the Macau government promulgated
the first visual landscape control regulation after the Historic Centre of Macao was deemed
a World Heritage Site, “Setting the Maximum Allowable Altitude for Buildings to be Con-
structed in the Area Around the Guia Lighthouse”. This set the height limit for buildings
around the Guia Lighthouse at 60 m, which was relaxed to 90 m in 2015 for a particular
planned building. However, UNESCO warned against this, and the developer cooperated
with the government in reducing the height of this building [22]. In this study, our analysis
of visual behavior and measurement of place identity provides data support for controlling
building height within the important line of sight in the historic urban area.

5.2. Limitations and Future Work

This study reveals that residents and tourists do not have significant differences
in their perceived behaviors regarding the same urban landscape. However, there are
significant differences in people’s perceptions of different landscape elements, and the
aesthetic perceptions of different landscape elements have a significant effect on place
identity, providing a new perspective for enhancing the sense of identity of the city. That
said, there are some limitations. To enhance the universality and representativeness of these
findings, it is essential to significantly expand the number of subjects. This should involve
recruiting participants from diverse cultural backgrounds, various social and economic
classes, and different geographical regions [35].

Future work will need to explore the differences in participants’ affective attitudes
related to their own identity features in the environment in more depth. Previous research
has found that men and women differ in their overall and localized focus on the environ-
ment, with women being more concerned with the overall image and men being more
interested in specific localized areas [36]. In addition to eye-tracking, physiological sensing
devices, GPS location devices, and human behavior recognition are all useful methods for
capturing behavioral data. These behavioral metrics data can be processed by artificial
neural networks, and visual quality models can be built to support decision-making. There-
fore, future research will require deep intersections with other disciplines to provide data
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to inform landscape architecture theory development and guide urban overlook planning
and management.

6. Conclusions

Synthesizing the discussion of this research and previous studies, we aimed to investi-
gate whether there are differences in the visual perception behaviors of different groups
of people toward the same historic urban landscape and different landscape elements. By
analyzing the experimental data, we determined that there was no significant difference in
the visual behavior of residents and tourists viewing the same landscape images. However,
in the analysis of the behavioral data for different visual elements in the landscape architec-
ture, TFD, AFD, FC, FFD, and VC showed significant differences (p < 0.05). Eye movement
behavior related to the visual elements of landmark buildings and super high-rise buildings
was the most significant, indicating that H1 is valid.

This study also examines the variability of place identity sentiments toward different
groups of people in the same landscape. The questionnaire data show that the average
level of place identity for residents is higher than that of tourists, and there is a significant
difference in familiarity indexes (p < 0.05), indicating that H2 holds true.

Regarding the influence of the aesthetic perception of different visual elements on
place identity, we combined the results of the visual aesthetic evaluation and the psycho-
logical measurement of identity through correlation analysis and multiple linear regression
analysis. We concluded that different landscape visual elements in Macao have correlations
with place identity, such as the color brightness of green plants, the vividness of the color of
mountains, the vividness of the color of water bodies, the vividness of the color of landmark
buildings, the vividness of skyscrapers, the vividness of high-rise buildings, the proportion-
ality and harmony of mountains, and the morphological richness of green plants. They also
have a significant positive effect on place identity. Regarding the visual evaluation factors,
the delicacy of decoration is negatively correlated with identity psychology. However, the
effect is not significant, indicating that H3 holds.

This study is significant for improving viewers’ perceptions and evaluations of urban
landscapes. Using an eye-tracking experiment, the visual elements of building facades
and street styles that were the most important to the public were extracted. Combined
with an evaluation of the visual elements, an aesthetic evaluation of landscape architecture
viewed from various observation decks was performed. The ability of the visual landscape
architecture to stimulate viewers’ sense of urban identity was explored using a place identity
psychological scale, and the results can serve as a basis for urban landscape architecture
planning and tourism management. In future research on the visual environment of
architecture, eye-tracking experiments can be applied to virtual reality scenes to compare
viewers’ evaluations of the visual environment of landscape architecture before and after
a change.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/app15073875/s1, Table S1: Average of resident and visitor eye
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elements. Table S3: Coefficient of correlation between visual perception and place identity.
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Featured Application: Exploring the visual quality of architectural color combinations through

eye physiological feedback using eye-tracking technology.

Abstract: Architectural colors significantly influence urban culture, city imagery, regional vitality,
and residential experiences. Previous studies have demonstrated that appropriate architectural
colors can enhance urban vitality, but research on multicolored buildings remains limited. This
study examines the relationship between hue, color variations, and visual quality by cross-verifying
eye-tracking physiological indicators with subjective assessments. Using digital models of old
residential buildings in Shanghai’s Yangpu District, different color combinations were applied to
explore real-world architectural color impacts. Results showed that blue and green combinations
reduced visual pressure and created a calming space, while purple combinations were rated highly
in both visual perception and subjective evaluations. Brightness differences notably influenced
visual quality more than hue differences. However, larger hue variations, when paired with suitable
brightness and saturation contrasts, also achieved better visual evaluations. This study fills a research
gap by providing mathematical support for color combinations in architectural design, improving
visual comfort and enhancing urban vitality.

Keywords: visual perception technology; architectural color; color combination; color harmony;
visual perception evaluation system; visual quality

1. Introduction

1.1. Research Status of Architectural Color

Urban color plays a crucial role in urban spaces, significantly influencing a city’s im-
age, attractiveness, and addressing specific economic and practical issues [1]. Additionally,
it conveys materiality, spatial context, and cultural significance [2]. As a key component of
urban color, architectural color holds significant value in creating visually appealing cities
due to its distinct visual characteristics [3]. With the continuous evolution of society, the
demand for aesthetic sensitivity in the appearance of residential buildings has further in-
creased [4]. Architectural color is highly flexible in its expressiveness, and the color choices
for individual buildings are based on a comprehensive consideration of external factors.
Beyond their ornamental and decorative functions, unified, harmonious, and stable color
combinations play a decisive role in shaping the surrounding environment and influencing
people’s emotions. The harmony and diversity of building facade colors significantly affect
people’s perceptions and preferences regarding the urban environment [3].

Architectural color also functions as a form of cultural capital, offering innovative ap-
proaches to the sustainable development of culture [5]. Collette and Nguyen revealed how
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appropriate architectural color plays a fundamental role in maintaining the identity of spe-
cific environments in the face of cultural homogenization driven by globalization [6]. The
symbolic value embedded in architectural color enhances the identity and cultural recog-
nition of the built environment through the “color–emotion association” mechanism [7].
Beyond its cultural significance, well-applied architectural color can improve consumer
preferences, thereby increasing its economic value [8]. Consequently, the visual quality of
architectural color plays a crucial role in regional development.

Currently, scholars are researching architectural color from various perspectives. J.
Wang et al. [4] analyzed the quantity and proportion of different color attributes at various
evaluation levels by incorporating subjective evaluation factors, systematically identifying
the characteristics of the three elements of residential building color. Gou [9] researched
the spatial attributes of color configuration, highlighting the importance of color layout
and visual hierarchy in architectural design. Hogg et al. [10], Shi et al. [11], Z. Wang [12]
and Zarghami et al. [13] from a humanistic perspective, explored the relationship between
the three elements of color and visual preferences, providing theoretical support for ar-
chitectural color renewal. Existing research on architectural color primarily focuses on
color selection, color proportion, and subjective analysis of color elements [14]. Various
studies have shown that warm color schemes can achieve better visual effects in residential
buildings [4], the evaluation of residential buildings decreases with lower brightness [15],
and high-saturation colors can cause visual discomfort [11]. In China, architectural color
reflects spatial configuration through its hierarchical structure [9].

In addition to the color elements of building facades, colors themselves possess various
attributes and planning principles [16]. For instance, the harmony, diversity, and comfort
of color combinations are closely linked to visual quality [17]. However, current research
on the harmony of color combinations requires further exploration. Therefore, system-
atic studies of color combinations and their impact on the visual quality of multicolored
buildings could offer new research potential [18].

1.2. Visual Quality

Visual quality is defined as environmental characteristics that are conducive to visual
comfort [19]. It is a critical aspect of urban planning [20], playing a vital role in shaping a
city’s image and significantly enhancing the overall livability of urban areas [21]. Visual
comfort serves as a key indicator for measuring visual quality and is one of the quantifi-
able metrics that directly reflect it. The visual quality of a city greatly influences public
appreciation of the urban environment [22].

In natural landscapes, Mundher et al. [23] described and measured visual quality
by considering both the visual characteristics and comfort of urban natural landscapes,
integrating objective and subjective factors. This research provided urban planners with
theoretical support for preserving urban natural landscapes. Ma et al. [24] explored the
relationship between plant mechanisms, color, and visual aesthetic quality by studying the
colors of vegetation in urban spaces, aiming to enhance the visual quality of urban streets.
Z. Zhang et al. [25] examined the relationship between the color composition elements
of forest landscapes and the estimated scenic beauty values from a macro-perspective,
establishing an evaluation framework for assessing the visual quality of forest landscapes.

In architectural landscapes, numerous studies have focused on the visual quality of
various building types, including historic preservation buildings, commercial buildings,
and residential structures. These studies examine the relationship between the physical
design elements of building facades and visual quality, aiming to enhance the overall
visual comfort of urban streets. Bu et al. [26] investigated the balance of visual comfort
between new high-rise buildings and historic structures, with the goal of better protecting
historic buildings amidst rapid urban development. Zanon et al. [19] conducted simula-
tions of light comfort in indoor built environments to explore the relationship between
lighting conditions and the visual quality of indoor spaces. Other studies, focusing on
aspects such as the visual comfort of advertising signs, plant colors and combinations, and
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lighting environments [22,24,26,27], propose more targeted strategies—based on the user
perspective—to improve regional visual quality.

Mundher et al. [23] explicitly proposed defining and interpreting urban forest aes-
thetics based on the classification of visual characteristics of urban forests. The correlation
between the visual quality of forest colors and the scenic beauty of forests has already
been confirmed in previous studies [25]. Additionally, Ma et al. [24] found that street plant
landscapes with red hues tend to achieve higher visual landscape quality.

Previous studies have systematically examined the visual quality of various visual
elements. However, old residential buildings, as a significant part of the urban visual
landscape [4], have rarely been the focus of color-related visual quality research. Therefore,
this study focuses on the colors of aging residential buildings in urgent need of renovation,
systematically analyzing the visual quality of their colors.

1.3. Evolution of Research Techniques

Objective and quantitative research on visual quality is becoming increasingly impor-
tant in urban planning [28] (Appendix A). Previous studies have relied on user evaluations
within specific geographical areas to assess visual perception quality. However, subjective
evaluations are influenced by constantly changing psychological preferences and experi-
ences [29]. The lack of robust generalizability in empirical surveys based on subjective
evaluations makes them unsuitable for supporting more rigorous visual quality research.

The widespread application of computer technology has created new data landscapes,
providing quantitative tools for detailed studies of color and visual quality. Compared to
traditional urban color research methods, these tools can efficiently process larger volumes
of data than manual methods, thereby expanding the scope of research [14]. Long and
Liu [30] utilized street view images to explore the relationship between the urban green view
index and visual comfort, aiming to guide future street greening planning. Cheng et al. [20]
employed street view technology combined with metrics, such as regional saturation,
visual entropy, green view index, sky index, and sky openness index, to measure the visual
quality of urban landscapes. Hu et al. [31] used machine learning and human–machine
adversarial models to assess residents’ perceptions of urban neighborhood visual quality.
Verma et al. [32] collected visual and audio files, employing deep learning and standard
algorithms to measure perceptions of audiovisual environments within urban areas.

Previous studies that have integrated various metrics for urban visual quality have
validated the feasibility of using street view data and machine learning in visual quality
research. While these methods offer a reliable approach for comprehensive quantitative
analysis in urban color studies, macro-level color research based on big data often lacks
insight into the psychological cognition of individual users regarding spatial colors. This
presents potential limitations for research on visual perception.

1.4. Advantages of Eye-Tracking Technology

With advancements in physiological and psychological research, methods for obtain-
ing emotion feedback based on physiological indicators have emerged as a new quanti-
tative research approach [33]. In recent years, eye-tracking has become a common tool in
psychological experiments, used to better understand the psychological drivers behind
behavior [34]. Eye-tracking provides objective measurements of users’ cognitive processes
through non-invasive methods [35], offering insights into problem-solving, behavioral rea-
soning, mental imagery, and search strategies [35]. By recording the objective movements
of the eyes, eye-tracking technology precisely captures the rapid cognitive processing of
the environment and provides quantitative data for analyzing this process [36,37]. This
allows researchers to intuitively understand visual cognitive processing, from spatial
elements to behavioral decision-making, thereby enhancing the objectivity and effective-
ness of cognitive psychological analysis. The extensive use of eye-tracking technology in
consumer behavior research has further substantiated its connections with psychology
and behavioral science [38,39]. Consequently, in recent years, eye-tracking technology
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has been increasingly applied in areas such as physiological evaluation metrics [40] and
environmental experience [41].

In urban studies, eye-tracking technology provides quantifiable metrics for visual
behavior in urban environments. Gao et al. [42], Hasse & Weber [43], J. Li et al. [44] and
N. Li et al. [45] used eye-tracking technology to explore the relationship between urban
visual elements and visual perception by analyzing the visual behavior characteristics of
subjects. Z. Li et al. [46] and Lv et al. [47] combined eye-tracking technology with the se-
mantic differential method to investigate the multidimensional relationship between urban
landscapes and visual quality. These studies have shown that well-considered architectural
colors, facade designs, landscape richness, transparency, and layering significantly enhance
the visual quality of urban environments [42–44,46,47].

These studies have confirmed the feasibility of using eye-tracking technology as a
cognitive tool for assessing the built environment. By exploring subjective physiological in-
dicators in depth, they have helped to explain the psychological principles and mechanisms
underlying the appeal of urban landscapes. Additionally, they have clarified the correlation
between eye movement behavior and psychological perception assessments [42], which
holds innovative significance for interdisciplinary research on urban color and visual per-
ception. The heterogeneity of landscapes in urban environments further supports the idea
that significant differences impact attention capture during decision-making, which in turn
reflects the degree of visual preference [48].

1.5. Research Questions and Objectives

In real-world architecture, residential buildings, with which residents interact fre-
quently and for extended periods, often lack proper color planning [49]. This deficiency
negatively impacts residents’ psychological well-being in their daily lives and commutes [4],
reducing the overall living experience. Recently, an increasing number of scholars have
focused on the impact of architectural color on users’ emotions, leading to more in-depth
research in this area. In China, the study of architectural color is still in an exploratory
phase, with most research concentrating on monochromatic buildings. These studies typi-
cally involve organizing architectural colors in various ways and collecting user feedback.
However, the prevalence of buildings with poorly planned combined color schemes is
starting to disrupt the overall aesthetic tone of cities [4], diminishing residents’ quality of
life. There is an urgent need for systematic theoretical support to guide the reorganization
and renovation of color combinations in urban architecture.

This study involved on-site visits to old residential buildings in the Yangpu District of
Shanghai, analyzing the relationship between facade color elements, eye-tracking metrics, and
subjective evaluations. The aim was to explore the potential application of eye-tracking metrics
in studying architectural color combinations, with the objective of developing an analytical
framework for the visual perception of multicolored residential buildings by integrating eye-
tracking data with subjective evaluation metrics. Using two-tone buildings as experimental
subjects, this study quantitatively analyzes the relationship between color element differences
and visual quality. Additionally, through eye-tracking experiments, the study explores how
differences in color elements impact visual quality, expressing these effects more precisely
through mathematical models. The study raises the following questions:

(1) Can eye-tracking metrics serve as new indicators for evaluating architectural color
combinations?

(2) How can the relationship between architectural color combinations and visual quality
be quantitatively analyzed? What is the relationship between the two?

(3) What common characteristics are shared by color combinations that receive high
visual quality evaluations?
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2. Materials and Methods

2.1. Research Subject

This study, based on color differences in architectural color combinations (total color
difference, brightness difference, chroma difference, and hue difference), integrated eye-
tracking metrics with subjective color preferences to introduce new dimensions for mea-
suring color visual quality in existing research. Focusing on residential buildings, we
systematically explain the relationship between eye-tracking physiological indicators, color
selection, and color differences. The findings aim to provide insights for urban and architec-
tural color planning (Figure 1). In selecting color combinations, to avoid overlooking those
that might yield heterogeneous conclusions, all possible color combinations were included
in the experiment. To ensure the generalizability and objectivity of the conclusions, we
also assessed participants’ visual comfort and preferences. This approach allowed us to
maintain the diversity of color combinations while gaining insights into subjective opinions,
which will be further analyzed alongside objective eye-tracking metrics.

Figure 1. Research framework.

2.2. Color Selection

The color selection method used in [50] study has been shown to comprehensively
reflect the color preferences of subjects, and we adopted this method for our research. We
utilized the Natural Color System (NCS) and selected six hues (red, orange, yellow, green,
blue, and purple). Based on the Munsell color system, 18 different monochromatic samples
were chosen at specific intervals, referencing 3 key color attributes: hue, brightness, and
chroma. These 18 monochromatic samples were displayed in the CIELAB color space
using color values (L, a, and b values; Figure 2). The 18 color samples were then combined
to create 153 different color combinations, which were applied to building surfaces for
experimentation (Appendix B) [50]. To avoid missing any combinations that might yield
heterogeneous results, all possible color combinations were included in the experiment.
Additionally, to objectively compare the visual perception and subjective evaluation of
different color combinations, we calculated the total color difference (Equation (1)), bright-
ness difference (Equation (2)), saturation difference (Equation (3)), and hue difference
(Equation (4)) between the two colors in the simulated building images using the CIELAB
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color difference formula, based on different color elements [50]. In this formula, L repre-
sents lightness, a represents the color range from green to red, and b represents the color
range from blue to yellow:

ΔE∗ab =

√(
L∗1 − L∗2

)2
+

(
a∗1 − a∗2

)2
+

(
b∗1 − b∗2

)2 (1)

ΔL∗ab = L∗1 − L∗2 (2)

ΔC∗ab =

√(
a∗1
)2

+
(
b∗1
)2 −

√(
a∗2
)2

+
(
b∗2
)2Δh∗ab (3)

Δh∗ab =

√(
ΔE∗ab

)2
+

(
ΔL∗ab

)2 − (
ΔC∗ab

)2 (4)

ΔE∗ab : The total color difference between Color 1 and Color 2.
ΔL∗ab : The brightness difference between Color 1 and Color 2.
ΔC∗ab : The saturation difference between Color 1 and Color 2.
Δh∗ab : The hue difference between Color 1 and Color 2.

Figure 2. Color selection: monochrome color samples and color values.

2.3. Simulation of Experimental Subjects

Most existing old residential buildings in China were constructed between the 1970s
and 1990s and have been in use for over 40 years. As a result, the overall community
environment has deteriorated, functions have become outdated, pipelines have aged,
and the quality of living has declined. Through on-site visits to various residential com-
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munities in the Yangpu District of Shanghai, key elements, such as building volume,
architectural forms, facade design elements, and the area and design methods of dif-
ferent components, were extracted. Based on these observations, a building measuring
24,000 mm × 11,000 mm × 15,000 mm was designed, reflecting the most prevalent Soviet-
style row housing of that era, resulting in a five-story row housing unit.

Simulated images can create virtual experimental scenarios, allowing for controlled
testing conditions and providing low-cost color combination options for individual build-
ings. This approach offers both convenience and cost-effectiveness for the overall experi-
mental design. Therefore, SketchUp 2020 software was used for modeling, and Photoshop
2020 was employed to apply 153 different color combinations to the building unit (Figure 3).

Figure 3. Overview of experimental subjects.

2.4. Subjects

The aesthetic preferences of college students generally align with those of the broader
public [46,51,52]. For this experiment, 52 students from the University of Shanghai for
Science and Technology were randomly selected as participants. Their professional back-
grounds included architecture, urban planning, landscape architecture, management, eco-
nomics, and environmental engineering. Of the participants, 35.4% were male and 64.6%
were female, with an age range of 18 to 30 years. Specifically, 95.8% were aged 18 to 25,
and 4.2% were aged 25 to 30. Regional and cultural diversity were also considered, as most
participants were from various cities, such as Shanghai (47.9%), Jiangsu (14.5%), Jiangxi
(14.5%), and Henan (10.4%). All participants had normal color vision and were seeing the
experimental images for the first time. Four students were excluded from the study due to
a sampling rate below 70%, which affected the reliability of their data.

2.5. Experimental Environment, Experimental Equipment, and Experimental Procedures

The experiment was conducted in a laboratory at the Shanghai Institute of Technology.
To avoid interference with eye-tracking data collection, natural light was controlled, and
indoor lighting served as the sole light source (Figure 4a). The Tobii-X120 eye tracker,
manufactured by Tobii in Switzerland, was used to collect eye-tracking data from partici-
pants. Experimental materials were displayed on a secondary monitor with dimensions of
17 inches (1024 × 768 dpi). The experimenters observed and performed calibration and
data collection using Tobii-x2-60 software on the main monitor (Figure 4b).
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Figure 4. Laboratory environment, equipment, and personnel: (a) laboratory ambient light control,
(b) experimental equipment, and (c) experimental procedure.

After familiarizing participants with the experimental setup, the staff verbally ex-
plained the experiment’s purpose, requirements, and overall procedure. Once participants
understood these aspects, initial eye calibration procedures were conducted before starting
the experiment. During the experiment, the secondary monitor automatically displayed
153 color images, each for 5 s. Between each image, a blank screen was shown for 2 s
to minimize color visual stimuli and reduce eye fatigue among participants. After the
eye-tracking experiment concluded, a questionnaire was distributed to gather participants’
subjective evaluations of the building colors (Figure 4c).

2.6. Selection of Eye-Tracking Data Metrics

During scene viewing, eye movements can be divided into two relatively independent
stages: fixation and saccade [45]. In this experiment, six eye movement behavior character-
istics were selected to observe architectural color combinations (Table 1). TFF reflects the
visual attractiveness and alertness of the participants. The combination of APD and ASA
measures the visual stimulus level, indicating the comfort of the color combinations for the
participants [53]. FFD, FC, and TFD track annotation behavior, reflecting the participants’
preferences for architectural color combinations [54].

Table 1. Meaning of eye movement indicators.

Eye Movement Index Abbreviations Meaning

First Fixation Duration FFD (s)
The duration of the first fixation within the area of interest,
representing the ease or difficulty of recognizing or finding

attractiveness of the experimental object.
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Table 1. Cont.

Eye Movement Index Abbreviations Meaning

Fixation Count FC (count)
The sum of all fixation durations within the area of interest,

representing the level of interest of the participants toward the
experimental object.

Time to First Fixation TFF (s)
The time taken by the participants to first fixate on an area of interest,

i.e., the duration until the first entry into the area of interest. It
represents the visual saliency of the experimental material.

Total Fixation Duration TFD (s)
The sum of the durations of all fixations within the area of interest. It

represents the level of interest the participants have in the
experimental stimulus.

Average Pupil Diameter APD (mm) It directly reflects the level of visual stimulation perceived by the
participants toward the stimuli.

Average Saccadic Amplitude ASA (degrees)

The average distance between saccades, typically measured in
degrees of visual angle. Eye movements, facilitated by involuntary

saccades, help alleviate visual fatigue and reflect the ease of
information processing by the participants in the experiment.

2.7. Subjective Data Collection

This study gathered participants’ subjective color perceptions of the experimental ob-
jects using a rating scale. Simultaneously, participants filled out an electronic questionnaire,
where the order of building colors matched the sequence in the eye-tracking experiment.
Participants rated the visual comfort and visual preference of each color combination based
on their subjective perceptions. The questionnaire employed a 7-point Likert scale, with
scores ranging from 1 to 7 (Appendix C). A score of 1 indicated “very uncomfortable”
or “strongly dislike”, while a score of 7 indicated “very comfortable” or “strongly like”
(Table 2).

Table 2. Questionnaire for subjective evaluation of color comfort on building facades.

Evaluation Indicators Abbreviations Subjective Rating

Architectural Color Preferences ACP 1 2 3 4 5 6 7
Visual Comfort VC 1 2 3 4 5 6 7

2.8. Data Processing and Analysis

Data preprocessing, management, and analysis were conducted using R v4.3.2 soft-
ware. Inter-group differences for each experimental color group (assuming normal distri-
bution) were tested using ANOVA. To examine the correlation between eye-tracking and
subjective evaluation metrics with ΔE, ΔL, ΔC, and Δh, correlation analysis was performed.
For regression analysis, eye-tracking and subjective evaluation metrics were treated as
dependent variables, while color element differences were treated as independent variables.
Based on the trend of the dependent variables relative to the independent variables, linear
regression models were established for pairs of variables that exhibited a linear relation-
ship. Multi-factor regression models were developed for each eye-tracking and subjective
evaluation metric with the image’s ΔE, ΔL, ΔC, and Δh. Two-sided tests were used in this
study, with p ≤ 0.05 indicating statistically significant differences.

The experiment collected eye-tracking indices and subjective evaluation data from
48 participants for 153 sets of images, resulting in a total of 58,752 datasets. The ANOVA p-
values for the different color hue groups of the participants’ APD, ASA, FFD, FC, TFF, TFD,
ACP, and VC were all less than 0.05, indicating significant changes in these eye-tracking
metrics as the building color differences in ΔE, ΔL, ΔC, and Δh varied.
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3. Results

3.1. Descriptive Analysis

By categorizing each experimental color combination according to hue and plotting
box plots, comparisons of various metrics across different hues were observed (Figure 5a).
Additionally, the 153 color combinations were ranked for each experimental metric based
on their values (Figure 5b), providing a more intuitive representation of the relationship be-
tween color element differences and the various metrics. As shown in Figure 5, differences
in APD, ASA, FFD, FC, TFF, TFD, ACP, and VC among participants were evident across
different hues.

In the warm color group, the orange color combinations exhibited higher mean values
for APD, ASA, and VC (2.97 mm, 2.29 mm, and 3.01, respectively), while the mean value
for FFD was lower (0.24 s). The values for FC and VC showed significant fluctuations,
whereas TFD and ACP displayed smaller fluctuations. In the yellow color group, the
color combinations had higher mean values for FFD, TFD, and VC (0.25 s, 3.13 s, and 3.01,
respectively). The values for FC and VC showed significant fluctuations, while TFF, TFD,
and ACP exhibited smaller fluctuations.

In the intermediate color group, the purple color combinations exhibited higher mean
values for FC and VC (9.1 and 3.01, respectively) and lower mean values for ASA and FFD
(2.19 mm and 0.24 s, respectively). The values for TFF, ACP, and VC showed significant
fluctuations, while FFD, TFD, and FC displayed smaller fluctuations.

Figure 5. Cont.
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Figure 5. (a) Box plots of participants’ APD, ASA, FFD, FC, TFF, TFD, ACP, and VC across different
hue groups (the middle line represents the median, the upper and lower bounds of the box represent
the 25th and 75th percentiles, respectively, and the upper and lower ends of the whiskers represent
the 5th and 95th percentiles, respectively). **: p ≤ 0.01; ****: p ≤ 0.0001. (b) The colour combination is
sorted by different indicators and their corresponding values.

In the cool color group, the blue color combinations exhibited lower mean values
for APD and ASA (2.90 mm and 2.19 mm, respectively). TFD values showed significant
fluctuations, while APD, ASA, TFF, ACP, and VC displayed smaller fluctuations. In the
green color group, the color combinations had a higher mean value for FFD (0.25 s).
The values for TFF, TFD, and VC showed significant fluctuations, while ACP showed
smaller fluctuations.

3.2. Correlation Analysis

The color element differences in ΔE, ΔL, ΔC, and Δh showed a positive linear corre-
lation with APD, ASA, FFD, and TFF (p < 0.05) and a negative linear correlation with FC,
TFD, and ACP (p < 0.05; Figure 6a).

To develop an evaluation model for comfortable colors, this study analyzed the
correlation between eye-tracking and subjective evaluation metrics with ΔE, ΔL, ΔC, and
Δh (Figure 6b). The calculations indicated that APD had a relatively low overall correlation
with ΔE, ΔL, ΔC, and Δh (0.01, 0.02, 0.01, and 0.01). ASA showed a strong correlation
with ΔL (0.31) and a relatively strong correlation with ΔE, ΔC, and Δh (0.17, 0.18, and
0.16). FFD demonstrated a moderate correlation with ΔL and ΔC (0.06 and 0.04), with
weaker correlations for the other variables. FC showed a strong correlation with ΔL (−0.33)
and a relatively strong correlation with ΔE, ΔC, and Δh (−0.15, −0.19, and −0.13). TFF
had a relatively strong correlation with ΔE, ΔL, ΔC, and Δh (0.1, 0.19, 0.11, and 0.09).
TFD exhibited a moderate correlation with ΔE, ΔL, ΔC, and Δh (−0.08, −0.15, −0.08, and
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−0.07). ACP showed a strong correlation with ΔE, ΔL, ΔC, and Δh (−0.27, −0.31, −0.19,
and −0.24). VC also showed a strong correlation with ΔE, ΔL, ΔC, and Δh (−0.3, −0.33,
−0.21, and −0.26).

Figure 6. The correlation analysis between ΔE, ΔL, ΔC, and Δh and eye-tracking metrics and subjec-
tive comfort metrics APD, ASA, FFD, FC, TFF, TFD, ACP, and VC is depicted in the figures: (a) scatter
plot matrix and (b) correlation analysis chart, with Pearson correlation coefficients. ***: p < 0.001.

It is important to note that ΔE, ΔL, ΔC, and Δh showed a strong correlation with the
subjective evaluation metrics ACP and FC, and a relatively strong correlation with the
eye-tracking metrics ASA, FC, TFF, and TFD. They exhibited a moderate correlation with
FFD, while APD showed a notable correlation only with ΔL.

3.3. Regression Analysis

Each eye-tracking and subjective evaluation metric was treated as the dependent
variable, with ΔE, ΔL, ΔC, and Δh as the independent variables. Based on the trends
observed in Figure 6, linear regression models were established for pairs of variables
that exhibited linear changes. First, single-factor regression models were created. When
the regression coefficients of these models showed statistical significance, multi-factor
regression models were subsequently developed (Table 3).

In the single-factor linear regression models established between the color element
differences and the eye-tracking metrics and subjective comfort, all regression coefficients
were statistically significant (Table 3). To develop a mathematical model for the relationship
between ΔE, ΔL, ΔC, Δh, and user visual comfort, multi-factor linear regression analysis
models were created, resulting in fitted equations. These equations revealed the trends in
variations between the color metrics and the eye-tracking metrics, clarifying the impact of
different colors on visual comfort.

This study established multi-factor linear regression models to predict APD, VD, FC,
TFD, VC, and ACP based on differences in color elements. The R2 values and regression
coefficients of these models were tested and found to be statistically significant (p < 0.05;
Table 4).
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Table 3. Single-factor regression models of color elements with eye-tracking metrics and subjec-
tive comfort.

Unstandardized Coefficients Standardized Coefficients

Variable Factors β SE β t Sig.

APD

ΔE <0.001 <0.001 0.013 3.207 0.001
ΔL 0.001 <0.001 0.022 5.398 <0.001
ΔC <0.001 <0.001 0.014 3.329 0.001
Δh <0.001 <0.001 0.011 2.765 0.006

ASA

ΔE 0.012 <0.001 0.167 40.988 <0.001
ΔL 0.038 <0.001 0.306 77.756 <0.001
ΔC 0.013 <0.001 0.176 43.219 <0.001
Δh 0.012 <0.001 0.157 38.334 <0.001

FFD

ΔE 0.001 <0.001 0.028 6.721 <0.001
ΔL 0.002 <0.001 0.06 14.425 <0.001
ΔC 0.001 <0.001 0.045 10.794 <0.001
Δh 0.001 <0.001 0.023 5.49 <0.001

FC

ΔE −0.019 0.001 −0.148 −36.253 <0.001
ΔL −0.069 0.001 −0.326 −83.298 <0.001
ΔC −0.023 0.001 −0.189 −46.572 <0.001
Δh −0.016 0.001 −0.127 −31.068 <0.001

TFF

ΔE 0.001 <0.001 0.096 23.199 <0.001
ΔL 0.004 <0.001 0.189 46.492 <0.001
ΔC 0.001 <0.001 0.111 27.051 <0.001
Δh 0.001 <0.001 0.086 20.855 <0.001

TFD

ΔE −0.003 <0.001 −0.078 −18.837 <0.001
ΔL −0.008 <0.001 −0.15 −36.749 <0.001
ΔC −0.003 <0.001 −0.079 −19.115 <0.001
Δh −0.002 <0.001 −0.07 −17.001 <0.001

ACP

ΔE −0.015 <0.001 −0.268 −67.297 <0.001
ΔL −0.029 <0.001 −0.311 −79.059 <0.001
ΔC −0.011 <0.001 −0.19 −46.815 <0.001
Δh −0.014 <0.001 −0.24 −59.762 <0.001

VC

ΔE −0.017 <0.001 −0.297 −75.171 <0.001
ΔL −0.032 <0.001 −0.326 −83.474 <0.001
ΔC −0.012 <0.001 −0.207 −51.088 <0.001
Δh −0.016 <0.001 −0.264 −66.089 <0.001

In the regression model for APD, the influence of ΔL was positive; when ΔL increased
by 1 unit, APD decreased by less than 0.001 units. In the regression model for ASA, the
influences of ΔL, ΔC, and Δh were positive. When these variables increased by 1 unit,
the ASA value increased by 0.034, 0.003, and 0.002 units, respectively. In the regression
model for FFD, the influences of ΔL and ΔC were positive; when ΔL and ΔC increased
by 1 unit, the FFD value increased by 0.002 and less than 0.001 units, respectively. In the
regression model for FC, the influences of ΔE, ΔL, and ΔC were negative; when these
variables increased by 1 unit, the FC value decreased by 0.011, 0.064, and 0.004 units,
respectively. Conversely, the influence of Δh was positive; when Δh increased by 1 unit,
the FC value increased by 0.009 units. In the regression model for TFF, the influences of
ΔE, ΔL, and ΔC were positive. When these variables increased by 1 unit, the TFF value
increased by less than 0.001, 0.003, and 0.001 units, respectively. In the regression model for
TFD, the influences of ΔE and ΔL were negative; when these variables increased by 1 unit,
the TFD value decreased by 0.002 and 0.008 units, respectively. In the regression model for
ACP, the influences of ΔE and ΔL were negative; when these variables increased by 1 unit,
the ACP value decreased by 0.016 and 0.023 units, respectively. Conversely, the influence
of Δh was positive; when Δh increased by 1 unit, the ACP value increased by 0.006 units.
In the regression model for VC, the influences of ΔE and ΔL were negative; when these
variables increased by 1 unit, the VC value decreased by 0.019 and 0.025 units, respectively.
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Conversely, the influence of Δh on VC was positive; when Δh increased by 1 unit, the VC
value increased by 0.008 units.

Table 4. Multi-factor regression models of color element differences with eye-tracking metrics and
subjective comfort.

Unstandardized Coefficients Standardized Coefficients

Variable Factors β SE β t Sig.

APD

Intercept 2.944 0.004 687.156 <0.001
ΔE <0.001 <0.001 0.012 0.831 0.406
ΔL <0.001 <0.001 0.02 3.971 <0.001
ΔC <0.001 <0.001 0.002 0.335 0.738
Δh >−0.001 <0.001 −0.007 −0.503 0.615

ASA Intercept 3.293 0.022 153.04 <0.001
ΔE 0.002 0.001 0.022 1.657 0.097
ΔL 0.034 0.001 0.27 57.769 <0.001
ΔC 0.003 <0.001 0.036 6.904 <0.001
Δh 0.002 0.001 0.033 2.547 0.011

FFD Intercept 0.451 0.007 67.425 <0.001
ΔE <0.001 <0.001 0.008 0.55 0.582
ΔL 0.002 <0.001 0.05 10.114 <0.001
ΔC <0.001 <0.001 0.02 3.708 <0.001
Δh >−0.001 <0.001 −0.006 −0.476 0.634

FC Intercept 7.379 0.036 203.959 <0.001
ΔE −0.011 0.002 −0.089 −6.71 <0.001
ΔL −0.064 0.001 −0.303 −65.304 <0.001
ΔC −0.004 0.001 −0.03 −5.925 <0.001
Δh 0.009 0.002 0.07 5.48 <0.001

TFF Intercept 0.172 0.004 47.659 <0.001
ΔE <0.001 <0.001 0.032 2.311 0.021
ΔL 0.003 <0.001 0.17 35.145 <0.001
ΔC <0.001 <0.001 0.023 4.234 <0.001
Δh <0.001 <0.001 −0.009 −0.667 0.505

TFD Intercept 2.648 0.01 262.649 <0.001
ΔE −0.002 <0.001 −0.048 −3.453 0.001
ΔL −0.008 <0.001 −0.141 −28.945 <0.001
ΔC <0.001 <0.001 −0.001 −0.193 0.847
Δh 0.001 <0.001 0.025 1.86 0.063

ACP Intercept 2.912 0.016 181.793 <0.001
ΔE −0.016 0.001 −0.28 −21.385 <0.001
ΔL −0.023 <0.001 −0.247 −53.705 <0.001
ΔC <0.001 <0.001 0.006 1.111 0.267
Δh 0.006 0.001 0.109 8.645 <0.001

VC Intercept 3.251 0.016 198.37 <0.001
ΔE −0.019 0.001 −0.331 −25.594 <0.001
ΔL −0.025 <0.001 −0.252 −55.491 <0.001
ΔC <0.001 <0.001 0.005 0.993 0.321
Δh 0.008 0.001 0.135 10.867 <0.001

3.4. Summary
3.4.1. The Relationship between Hue and Visual Perception Evaluation

In the warm color spectrum, building color combinations involving red had signifi-
cantly lower VC and ACP values compared to other color combinations (Figure 6). Red is
associated with high arousal levels and is generally linked to active emotions such as anger,
excitement, and passion [55]. These characteristics contrast with the intended architectural
attributes of residential buildings and can negatively impact visual quality by intensifying
emotional responses in users. In contrast, the orange and yellow groups exhibited signifi-
cantly higher FFD, TFD, and VC values compared to the red group, indicating that orange
and yellow tones are more stable and are generally associated with positive emotions, such
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as pleasure and happiness [55]. As a result, visual preference for color combinations in the
orange and yellow hues was significantly higher than that for the red group.

As hues transition from warm to cool, users’ emotions shift from high activity to low
activity. Purple, as a transitional color between warm and cool tones, exhibited the highest
FC value. Participants showed a greater preference for building color combinations in
purple tones, with visual quality rated higher than other hue combinations. The ACP
mean was also the highest among the different color groups, indicating a stronger overall
preference for purple color combinations. However, it is important to note that while
the ACP mean for purple color combinations was higher than that of other color groups,
the variability was significant, suggesting that participants may provide polarized visual
quality evaluations for purple combinations.

In the natural color spectrum, the green and blue groups exhibited higher average
visual quality indicators than the warm color groups. The green group showed higher FFD
and VC values compared to the blue group, indicating that the visual quality of the green
group was superior. More participants preferred building color combinations that included
green. Conversely, the blue group had lower mean values for APD and ASA compared to
the other color groups.

3.4.2. The Relationship between ΔE, ΔL, ΔC, Δh, and Visual Perception Evaluation

In the correlation analysis, ΔE showed a strong correlation with ACP and VC, and
a moderate correlation with ASA, FC, and TFF. This suggests that excessive total color
difference significantly reduced users’ subjective color evaluations and visual preferences,
leading to visual fatigue.

ΔL showed a strong correlation with ASA, FC, ACP, and VC, and a moderate cor-
relation with TFF and TFD. This indicates that excessive brightness differences caused
significant visual stimulation, which can substantially lower users’ visual perception evalu-
ations when viewing buildings.

ΔC showed a moderate correlation with ASA, FC, TFF, ACP, and VC. This suggests that
excessive chroma differences not only reduced the subjective color evaluation of residential
buildings but also increased visual fatigue and cognitive load, thereby lowering the overall
visual quality of the buildings.

Δh showed a strong correlation with ACP and VC, and a moderate correlation with
ASA, FC, TFF, and TFD. This indicates that excessive hue differences significantly impacted
users’ subjective evaluation of color combinations and, to some extent, reduced the visual
quality of residential buildings, leading to visual fatigue.

In the regression analysis of different models, ΔE strongly influenced certain eye-
tracking metrics and subjective color evaluations. ΔL affected all eye-tracking metrics and
subjective evaluations in every model. Additionally, in some models, the extreme values
of the regression coefficients for eye-tracking metrics were higher for ΔL than for ΔE. ΔC
affected eye-tracking metrics only in specific regression models, with overall regression
coefficients remaining relatively low. Notably, Δh showed a positive influence on eye-
tracking metrics related to visual preference and subjective color evaluation, with relatively
high regression coefficients. This suggests that appropriately increasing Δh may improve
the visual quality of residential buildings and enhance the living experience.

4. Discussion

4.1. Insights into Color Selection Related to Hue Factors

In traditional studies, the warm color groups of orange and yellow have been considered
the optimal choice for residential building colors due to their high visual quality [4,56,57].
However, in this study, among the six hues examined, the purple group had significantly
higher mean values for FC, ACP, and VC compared to the orange and yellow groups.
This suggests that the color combinations in the purple group provided superior visual
stimulation and subjective color preference. In the subjective metric ACP, the purple
group exhibited a large range of variation. Therefore, when using purple in building color
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combinations, it is essential to consider users’ acceptance of the color, as well as the local
cultural context and its tolerance for purple.

Furthermore, factors shaping urban color environments include natural and climatic
characteristics, as well as the interplay between color and form [16]. The green and blue
spaces, represented by “ecological spaces” and “environmental spaces”, have been shown
to influence the associations between physiological and psychological health outcomes [58]
and positively impact residents’ sense of well-being [17]. Additionally, the sky view factor
and the visibility of natural greenery have been shown to significantly affect neighbor-
hood vitality.

In this study, for the first time, blue-colored groups, as revealed through eye-tracking
physiological indicators, demonstrated lower average values and smaller numerical fluc-
tuations in response to visual stimuli compared to other color hues. This suggests that
blue, as an architectural decorative tone, can create a calming atmosphere that promotes
relaxation, inner security, and confidence [59]. In urban color planning, for certain individ-
uals or specific residential locations, selecting color combinations from the blue group can
help reduce visual pressure, lower cognitive burden, and emphasize the differentiation of
neighborhood characteristics.

4.2. Experimental Insights into Color Element Differences

Through regression analysis of ΔE, ΔL, ΔC, and Δh using eye-tracking data and
subjective questionnaires, we found the following:

(1) Residential colors with medium to high brightness and medium to low saturation
often receive higher color evaluations [4,50,60]. Further studies have explored architectural
color combinations, finding that higher brightness contrast increases visual fatigue [58].
When accent and auxiliary colors fall within the dark range (low ΔL), the public may
develop negative emotions toward these combinations [61], which can affect the vitality
of streets in the area. This experiment indicated that ΔL had a more significant impact
compared to other color difference factors (ΔE, ΔC, and Δh) on both user visual stimulation
and subjective visual evaluations. Regression models further revealed that, in various
models related to visual and subjective preferences, the regression coefficient of ΔL was
higher than that of other color difference factors, indicating a stronger and more precise
connection between ΔL and subjective visual quality.

(2) In fields such as art appreciation, consumer decision-making, and targeted informa-
tion retrieval, numerous studies have shown that a larger Δh tends to increase user visual
attention, enhance visual perception, and boost consumer engagement [38,62,63]. However,
this study found that Δh had a relatively smaller impact on visual perception compared to
other color difference elements, based on eye-tracking data and visual perception evalua-
tions. Additionally, its influence on subjective ratings was not particularly significant. Thus,
it can be observed that in the field of architectural colors, Δh does not play as significant a
role in visual perception ratings as it does in other domains. Conversely, when the ΔL and
ΔC values of architectural color combinations are kept close, combinations with a larger Δh
can still improve the visual quality of architectural color compositions, thereby enhancing
the vitality of the streetscape.

(3) In experiments exploring harmonious complementary landscapes, vibrant plant
colors, such as oranges and yellows, can play a more significant role, even when com-
bined with cooler tones [64]. This study’s regression results similarly indicated that in
architectural color research, a certain degree of Δh can enhance subjective evaluations of
buildings. This may be because moderate color contrast can elevate users’ EEG activity
levels [65]. Previous studies have demonstrated a strong correlation between EEG activity
and visual comfort [66]. Therefore, it can be inferred that controlling a certain degree of Δh
in architectural color combinations can effectively enhance the visual quality of buildings
and improve the residential experience, creating better spatial dynamics.
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4.3. Strengths and Limitations of This Study

This study focused on dual-tone architectural color combinations, exploring differ-
ences in perceptual quality under various combinations by examining the relationships
between color element differences, eye-tracking metrics, and subjective evaluations. Cur-
rent architectural color experiments often emphasize single colors, which diverge from the
reality of residential color schemes in China. By focusing on dual-tone architectural colors,
this study breaks away from the limitations of previous research on color experimental
samples. Through regression analysis, we precisely delineated and explained the specific
impact levels of color element differences, providing accurate data support for research on
dual-tone architectural color combinations.

Previous architectural color studies often used open-ended scales to gather subjective
evaluations from participants. However, subjective expressions of color preferences can
be influenced by factors such as individual education, geographic location, and cultural
background [6], leading to inconsistencies between physiological responses and subjective
evaluations. This study introduced eye-tracking as a physiological indicator to bypass
the subjective processing of color perception, directly collecting users’ visual feedback
on color stimuli to validate subjective evaluations. The aim was to enhance the accuracy
and representativeness of experimental data. It should be acknowledged that, although
eye-tracking experiments have improved the accuracy of color perception to some extent,
human visual perception and subjective preferences cannot be fully captured through a
single eye-tracking technique [15]. Future research should incorporate a broader range
of physiological indicators, such as EEG, skin conductance, and blood oxygen levels, to
conduct a more comprehensive quantitative analysis of color perception.

Additionally, this study preliminarily validated that eye-tracking metrics can serve as
evaluation indicators for measuring color visual quality. However, relying on a single ex-
periment may not accurately capture individual preferences. Previous eye-tracking studies
have shown that FC and FFD can reflect participants’ preferences to some extent regarding
experimental stimuli [46,67]. Despite this, color combinations with excessive Δh and ΔL
tend to elicit heightened physiological attention [38,68], which is not necessarily driven by
preference [65]. Therefore, future eye-tracking experiments in the field of color should focus
on identifying the specific causes behind eye movement indicators. Comprehensive data
metrics are crucial for color-related visual quality studies to fully understand individual
visual experiences.

During the experiment, the focus was on investigating the relationship between
color combinations and visual quality, so only architectural units were selected as the
experimental subjects. Factors such as the surrounding ancillary buildings, community
environment, sky view factor, and green view index were not considered in evaluating
the visual quality of individual buildings. In future research on the overall community
environment, it will be necessary to adopt a more comprehensive approach, considering
various influencing factors to assess their impact on the visual quality of architectural
color combinations.

This experiment also has certain regional limitations. The architectural styles used
as subjects were based on a survey of old residential buildings in the Shanghai area. It
is undeniable that the architectural forms of old residential buildings vary across dif-
ferent regions of China. Therefore, the generalizability of the experimental conclusions
requires further validation through color studies conducted in other regions. Additionally,
the extent to which cultural background influences individual color perception remains
under-researched and lacks quantifiable studies. Incorporating color perception data from
users with diverse cultural backgrounds is essential to enhance the generalizability of the
study’s conclusions.

5. Conclusions

In this study, through the combination of eye-tracking technology and subjective color
evaluation, two-tone architectural monoliths were used as research objects. Mathematical
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models were established to examine the relationships between two-tone color combinations,
visual quality, and subjective evaluation using single-factor and multi-factor regression
models. By collecting various eye-tracking data and color evaluation scores from partic-
ipants, the study explored the impact of two-tone color combinations on visual quality
and subjective evaluations. This provides mathematical support and multidimensional
perspectives for the updating of architectural colors, addressing a research gap in existing
studies that primarily focus on monochromatic colors. The findings offer more practical
and targeted advice for color planning in street areas, contributing to the creation of a more
vibrant and pleasant neighborhood environment.

Additionally, through a mathematical model analyzing color element differences in
relation to visual quality and subjective evaluation, this study revealed the specific impact
of color element differences on architectural colors, providing more scientific references for
the future selection of architectural color combinations. Compared to previous methods
that explored architectural color evaluation through open-ended questions, this study more
accurately captured participants’ subconscious reactions to color combinations by integrat-
ing eye-tracking experiments. This approach reduced the influence of subjective bias on
experimental results, thereby improving the reliability of the overall data feedback [69].

Moreover, new measurement indicators were introduced for studying the visual qual-
ity of multicolored buildings, exploring the potential of incorporating eye-tracking metrics
into the rating system for the color visual quality of multicolored residential buildings. The
visual quality evaluation framework for multicolored buildings was initially constructed by
combining physiological indicators with subjective evaluations. A humanistic perspective
was also introduced, providing a new measurement dimension for studying the relation-
ship between color and neighborhood vitality, while enhancing the research framework for
street vitality.
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Appendix A. Methods and Research Variables

Theme Use Case Methods Data Analysis

Building color
Colors of old residential facades in

Shanghai, China
/ AHP hierarchical analysis [4]

Color geography, the relationship between
color and architectural form

Literature search / [9]

Color and visual perception
Questionnaire, fNIRS

extraction of
hemodynamic responses

Descriptive analysis [11]

241



Appl. Sci. 2024, 14, 8227

Theme Use Case Methods Data Analysis

Xuzhou historical building color plan
On-site measurement,
color card comparison

/ [56]

Color planning for Shanghai Historic
Landscape District

Expert scoring,
questionnaires

Descriptive analysis [12]

Tall building height and color and perceived
psychological repair

Questionnaires,
measurement of

psychological variables of
recovery

Descriptive analysis, Pearson’s
correlation, multiple regression, and

analysis of variance (ANOVA)
[13]

Evaluation of architectural color combinations Questionnaire
Descriptive analysis,
regression analysis

[50]

Visual
quality

Visual quality of natural landscapes
within cities

Photographic model
simulation of streetscapes,

questionnaires

Scenic beauty estimation (SBE),
Wilcoxon signed-rank test

[24]

Relationship between forest color and
landscape aesthetics estimates

ArcGIS and FRAGSTATS
extraction of spatial

indices of color plates

One-way analysis of variance
(ANOVA) and partial correlation

analysis were used
[25]

Visual quality of historic buildings and
surrounding buildings

Questionnaire
One-way ANOVA, multiple linear

regression analyses
[26]

Visual quality of indoor light environments
in buildings

Simulation of
indoor models

Relative weight calculation [19]

Visual quality of street outdoor billboards Photo survey R.G.B bivariate histogram calculation [22]

Visual comfort and preference in specific
indoor scenes

Forced-choice approach to
psychophysical

experiments
/ [27]

Quality of visual perception of urban streets
Street view

imaging technology
Salience detection algorithm

combining simple priorities (SDSP)
[20]

Perception of visual and auditory landscapes in
urban environments

Customized deep learning
(DL) models

/ [32]

Eye
movement
technique

Evaluation of visual behavioral characteristics
and psychological perception of forest water

feature spaces

Eye-tracking techniques
and psycho-perceptual

questionnaires

Wilcoxon rank sum test, T test,
correlation analysis

[42]

Balance and visual aesthetics of building
facade compositions

Eye-tracking technology
(building facade elements)

Descriptive analysis [43]

Proportion of landscape elements and residents’
evaluation of the attractiveness of

urban complexes

Eye-tracking techniques
(landscape element

composition), online
questionnaires

Descriptive analysis,
correlation analysis

[44]

Visual behavioral characteristics of built
heritage and what factors influence

visual perception

Eye movement techniques
(visual search paths,

gaze ratios)

Descriptive analysis,
correlation analysis

[45]

Influences on the visual characteristics of
spatial elements in traditional Chinese

commercial neighborhoods

Eye-tracking techniques
(streetscape elements),

semantic differentiation

Descriptive analysis,
correlation analysis

[46]

Key factors and landscape elements of concern
in urban parks

Eye movement technology
(green vision)

Descriptive analysis,
correlation analysis

[67]

Color elements and visual comfort in
metro space

Eye-tracking techniques
(color in indoor
environments),
questionnaires

Correlation analysis,
regression analysis

[54]
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Appendix B. Color Combination and Color Value Correspondence
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Appendix C. Questionnaire

Architectural Color Visual Comfort Score (1) very uncomfortable

(2) less comfortable

(3) slightly uncomfortable

(4) general

(5) slightly comfortable

(6) more comfortable

(7) very comfortable

Architectural color visual preference scoring (1) very much disliked

(2) less favorable

(3) slightly disliked

(4) general

(5) slightly preferred

(6) prefer

(7) favorite
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Abstract: Past research suggests that images can be a useful tool in attracting people’s attention and
improving public health communication. This is especially important for the effective transmission
of health-related messages to the youth, who should be warned about risks of alcohol and tobacco
use. This study explores the application of eye-tracking methodology to investigate the influence of
monochromatic illustrations on youths’ visual attention to digital ads, with a particular emphasis on
those presenting harmful effects of alcohol and tobacco consumption. Four digital ads were designed
for the purpose of the experiment. Two ad topics (alcohol versus tobacco) and two ad contents
(text-only versus text with a monochromatic illustration) were used as variables in the digital ad
design. Analyses of eye fixations and viewing time revealed that more students noticed the digital
ads with the illustration than the text-only ads. Furthermore, we found that the ads with illustrations
had a longer viewing time and a higher number of fixations, regardless of the ad topic. The findings
highlight the effectiveness of eye-tracking technology in examining the role of illustrations in digital
ads, focusing on a better perception of addiction prevention campaigns whose message is targeted
primarily toward young people.

Keywords: attention; graphic design; warnings; youth; illustration

1. Introduction

In the current digital era, online content plays a major role in the optimization of visual
advertising, especially for young target audiences. As new media continue to evolve, the
creative use of digital images has expanded. Previous research suggests that images can
be a useful tool in attracting people’s attention and improving marketing communication.
Images serve more than just a visual embellishment; sometimes, they are key components
that can significantly enhance the effectiveness of marketing messages, particularly in
the domain of public health communication. For campaigns that require seriousness
and directness, such as addiction prevention, the use of a black monochromatic palette
can amplify the emotional effect of the advertised content. Additionally, monochromatic
imagery can stand out from the typical colorful marketing content, thereby emphasizing its
uniqueness in a mass of information and attracting more attention and the target group’s
awareness. With the development of sophisticated technologies for the analysis of graphic
content such as eye tracking, researchers are equipped to directly measure how digital
ads attract attention and how successfully they convey visual messages. As a result, they
are able to conduct precise image analyses and adjust its visual parameters to maximize
viewer engagement.

For example, a recent study [1] examined visual attention to ad features and found
that images of people attracted greater attention than other ad elements. Focusing on the ad
format, another research [2] revealed that a native advertisement attracted more attention
than a banner advertisement. More recently, an eye-tracking experiment was conducted by
Chen-Sankey et al. [3], who analyzed visual attention metrics in the context of e-cigarette
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advertisement and showed that the participants directed attention differently to various ad
features. All of these studies have predominantly focused on digital advertising and photos,
while monochromatic illustrations conveying public health warnings have not been suffi-
ciently evaluated in terms of objective direct measurements. Digital ads and corresponding
photos can offer defined parameters for effectiveness analyses, making them popular for
both academic and commercial studies. On the other hand, illustrations frequently present
more challenges for quantitative assessment due to their specific structure. The illustration
format may exhibit different potential for attracting attention, calling for a more in-depth
investigation. Therefore, in this study, eye tracking was employed to examine the effects of
monochromatic illustrations on the visual processing of public health warnings. This is
especially important for the effective transmission of health-related messages to the youth,
who should be warned about risks of alcohol and tobacco use since both are harmful and
potentially addictive [4].

2. Problem Statement

According to the 2030 Agenda for Sustainable Development [5], one of the Sustain-
able Development Goals is to ensure health and promote wellbeing for people of all ages
(Goal 3). In that context, the youth require careful consideration because supporting their
wellbeing sets the foundations for a generation that can drive progress of society, economic
stability, and sustainable development. Under the goal of wellbeing promotion, the Agenda
for Sustainable Development addresses prevention of substance abuse—including harmful
consumption of alcohol (Goal 3.5) and strengthening the capacity of all countries for the
early warning and management of global health risks (Goal 3.d). Within that framework,
public health campaigns can achieve a great amount in addressing the importance of the
youth’s healthy lifestyle on the national level. Thus, this study seeks to explore whether dig-
ital advertising with a specific, yet simple, type of illustration can be effective in promoting
anti-alcohol and anti-smoking behavior among young Croatian people.

In Croatia, alcohol use is a public health concern, so national strategy aims to reduce
alcohol-related harm by concentrating on consumption among youth [6], with a special
focus on prevention [7] and changes in drinking culture by promoting non-drinking as
a socially accepted behavior [8]. Particularly alarming are the findings of a study on the
role of social marketing in the prevention of alcohol abuse [9], which indicated that alcohol
consumption is a very common lifestyle among Croatian students. The concern is not
limited to drinking only, but extends to smoking. A recent study on students in southern
Croatia [10] revealed that there is a lack of knowledge about the harmful effects of tobacco,
which emphasizes the need for better prevention in this area also. Therefore, our study
covers both anti-alcohol and anti-smoking messages as a component of the support to the
public health authorities in tailored initiatives aimed at the young population and their
healthy lifestyle [11,12].

Previous studies investigated whether specific forms of warning messages regarding
tobacco harm can be effectively communicated through packaging [13–16]. These studies
examined the perception of warning messages in conditions where a harmful product
is already packed and offered to a potential consumer. In an effort to emphasize the
importance of prevention and warning about product harm in earlier stages (before a
young person is in direct contact with the product), the present study is focused on ads
as a medium for transmitting preventive messages. Nowadays, digital advertising is the
most rapidly expanding type of promotion [17]. It can quite successfully target message
recipients, ranging from a general to a more specific audience. In current advertising-related
targeting, more focus is on the sentiment of target groups instead of just their demographic
data [18], and this is also the case for persuasive communication in community-based
public health campaigns. For example, a study on public health advertisements confirmed
that emotion-based advertisements increased willingness to donate more than rational-
based ones [19]. Even in situations in which people search for health information of a

248



Appl. Sci. 2024, 14, 6003

more sensitive nature, such as topics on psychotic disorders, digital ads can be an effective
method for encouraging help seeking in the mental health community [20].

Still, there are studies that suggest that people sometimes pay less attention to digital
ads than other content elements regularly incorporated into a webpage design. In a
study [21], Sørum reported that the participants noticed the ads but their attention was
not maintained on the ads for a long time. This implies that, in order to understand the
complexities of people’s visual attention in a digital environment, it is essential to consider
the visual perception of an ad as a process unfolded in two primary stages. The first stage
refers to the ability of the ad to attract attention, and the subsequent stage refers to its ability
to maintain the attention of viewers. A powerful objective measure of both attention stages
is viewers’ eye movements. The effectiveness of eye movement analyses for understanding
aspects of viewer behavior is recognized in a wide range of research disciplines [22], and
marketing is not an exception [23–27]. Therefore, to explore the potential of the deliberated
selection of visual elements in public health marketing, this study employed eye-tracking
technology to investigate viewers’ visual attention to digital ads that convey health-related
messages. More specifically, our objectives were to examine whether digital ads with
illustrations promoting anti-alcohol and anti-smoking behavior can attract the attention of
Croatian students, and to understand which types of ad designs are most likely to maintain
their attention.

Hypotheses

Building upon the defined research objectives, this chapter introduces a set of hy-
potheses that served as framework that guided a systematic design of the ads in our study,
testing their attention-grabbing properties.

The foundation of our work lies in the acknowledgment that design quality is an
important aspect of visual advertising that influences visual perception. Past research
provides strong evidence for this. In a study on health advertisements [28], the authors
selected the ads that varied in three levels of design quality (i.e., low, mid, high) and
examined whether they gain different levels of participants’ attention. They found that
advertisements of low levels of design quality were viewed for a shorter amount of time
than those of higher levels of design quality. A study on print versions of ads [29] showed
that highly rated advertisements attracted more attention compared to those that were
poorly rated. Judging the quality of design often involves considering the attractiveness
of its elements. In a study on content elements of online banner ads, it was found that
the image was the most attractive element [30]. The positive effect of images is supported
by results of past research that examined the ability of visual ads to capture visual at-
tention [31,32]. The superiority of pictorial content was also demonstrated in a study in
the field of health-related advertising. O‘Malley et al. [33] used eye-tracking technology
to measure the attention toward text-only, image-only, and image–text ads promoting
osteoporosis prevention. They found that the combination of text and images was more
effective at attracting the participants’ visual attention than the image-only and text-only
ad formats. Past research suggests that graphic images included in cigarette warning labels
on advertising improved recall of the warning and associated health risks [34]. They did so
by attracting and maintaining the visual attention of smokers. Images used as an addition
to text warnings on cigarette packaging may be particularly effective for youth populations,
as suggested by Casado-Aranda et al. [35].

Therefore, we set three hypotheses as follows. The first hypothesis refers to the effect of
images (particularly illustrations) on the ad’s ability to attract youth visual attention, while
the second hypothesis refers to attention maintenance. Finally, the third hypothesis refers
to the effect of illustrations on the ad’s general noticeability. All the hypotheses focus on the
visual attention variables because the attention is necessary for further processing [36] and
greater visual attention may increase the possibility that young people will comprehend
and remember the viewed information more easily.
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H1: A digital ad with text and an illustration attracts the attention of young viewers faster than a
digital ad with no illustration.

H2: A digital ad with text and an illustration maintains the attention of young viewers for longer
than a digital ad with no illustration.

H3: Young participants notice a digital ad with text and an illustration more than a digital ad with
no illustration.

To test the hypotheses, we employed an eye-tracking experiment. Eye tracking is
considered as a suitable tool for consumer neuroscience research [37]. It allows a researcher
to obtain quantitative data by recording viewers’ eye movements during advertising
exposition, and provides an insight into the viewers’ underlying cognitive processes [35].
Hence, understanding eye movement behavior can be particularly useful in improving the
persuasive quality of digital ads in public health promotion [27], especially of those that
target young generations and gain their attention in today’s media-saturated environment.

3. Materials and Methods

3.1. Stimuli Design

We designed four digital ads that had different topics (alcohol vs. smoking) and
different content elements (text only vs. text with an illustration). Other design elements
and visual attributes were consistent in all the ads, such as size, color, layout, and alignment.
Different messages were used for different ad topics, but both consisted of two words that
were presented with the same typeface and in the same type size. Translated in English, the
text “Alcohol harms.” was used for the anti-alcohol message, and the text “Stop smoking.”
was used for the anti-smoking message. Both ads contained a brief description of health-
related issues that were directly associated with the topic. The brief description did not
exceed more than three lines of text, similar to the conditions in previous studies [33]. The
number of characters in the brief description ranged from 91 to 100, and the word count
ranged from 18 to 19 words. Each ad took up 12.65% of the webpage area. The webpage
was designed as a static page with a neutral color palette [38] and generic layout to reduce
the effects of the color saturation and surrounding on the perception of the ad. Since the
target group in this study was students, all textual content for the webpage was taken from
the website of the University of Zagreb.

The results from human–computer interaction research suggest that banner blindness
is strongest for digital banners placed on the right side of the screen [39]. A study on
teenagers’ perception of advertisements [40] showed that ads in the left column have a
positive effect on visual attention. Therefore, the ads in our study were positioned on the
left part of the webpage.

The illustrations used in those digital ads that contained the combination of text
and illustration were originally created by one of the authors (M.M.), who made them
particularly for the purpose of the study. The anti-alcohol ad contained an illustration with
a person in a bottle while the anti-smoking ad contained an illustration with a person in
an ashtray. In creating the illustrations, the goal was to present dramatic, almost shocking
visual representations of negative consequences arising from alcohol abuse and cigarette
smoking. The designer sought to apply the same graphic style to both illustrations and
to make their level of visual complexity as similar as possible. Both illustrations were
horizontally oriented. Since previous research [30] suggests that attention to digital ads
may vary depending on the viewers’ familiarity with the advertised brand, the digital ads
in our study contained an imaginary brand presented through a simple generic logo.

3.2. Participants

There were 58 participants in the study, of which 47 were females. Given that the
study deals with messages that target a young population, age was a criterion for par-
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ticipant selection. Their age ranged from 20 to 25 years (M = 22.5, SD = 1.71). All had
normal or corrected vision and reported no visual or neurological disorders. All signed
informed consent.

3.3. Equipment

The experiment took place in a controlled, quiet testing lab at the Faculty of Graphic
Arts, University of Zagreb, designed to minimize external distractions and reduce back-
ground noise. Distinct light sources were removed and the test materials were presented
directly in front of the participants to focus attention. The participants’ eye movements
were recorded by Tobii Eye Tracker X60 (Tobii Technology, Stockholm, Sweden), with a
sampling rate of 60 Hz and an accuracy of 0.5 degrees. The digital ads were presented on
a computer display (model LEN L1900pA, Lenovo, Morrisville, NC, USA) with a screen
resolution of 1280 × 1024 pixels. Tobii Studio 3.2.1 software was used for the presentation
of stimuli.

3.4. Procedure

Each student participated in an eye-tracking test individually. After a successful
5-point calibration, the experiment started. Each trial started by displaying a central
fixation dot on the computer screen. Then, a webpage with one of the ads was presented
for 10 s, and then the same procedure was carried out for a webpage with another ad. Each
student was exposed to just one version of the ad for each topic. The participants were
pre-informed of the time constraints for viewing the webpage. They were instructed to view
the page freely, without a specific task, since a recent study showed that attention to digital
ads may be influenced by a goal-oriented process [41]. Order of stimuli presentation is also
noted to have an impact on people’s responses [25]. Therefore, the order of ad presentations
was randomized by selecting the Counterbalance mode in the presentation software (Tobii
Studio 3.2.1), which was enabled for all materials in the session. The software arranged the
order according to a Latin square method.

3.5. Dependent Measures

One of the benefits of the eye-tracking software is that it allows the experimenter to
predefine areas (or regions) of interest [42]. The eye-tracking data in our experiment were
calculated for the following areas of interest: area of the digital ad, area of the illustration
on the ad, and area of the slogan. An example of one digital ad can be seen in Figure 1. For
the digital ads with no illustration, only two areas of interest were analyzed (i.e., area of
the digital ad and area of the slogan). We analyzed the measures of visual attention that
were calculated in similar studies, which employed vision-based tracking systems [43–46].
In order to test the hypotheses, we categorized these measures into two groups, with one
related to attention attraction and one related to attention maintenance.

For the first one (attention attraction), two variables were calculated: time to first
fixation (TFF) and fixations before (FB). TFF is the time spent from the stimulus onset until
the particular area of interest was fixated on for the first time [47]. A shorter time usually
indicates that the visual element is more effective in attracting the attention. FB refers to
the number of fixations that the participant directed toward other visual elements on the
webpage before noticing an area of interest.

For the second group of measures (attention maintenance), three variables were
calculated: total fixation duration (TFD), fixation count (FC), and total visit duration (TVD).
TFD is the total time that the participant spent fixating on visual content. FC is the number
of times that the participant fixated on the area of interest. TVD is the sum of visit durations
that the participant spent looking at the area of interest.

For the third hypothesis, which refers to a general ad’s noticeability, a binary variable
was used, also known as hit ratio [48]. If a participant fixated on the ad at least once, the
value was 1. If a participant did not fixate on the ad at all, the value was 0.
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Figure 1. An example of a stimulus containing one of the digital ads displayed on the webpage used
in the experiment (ad topic: smoking, ad content: text with illustration).

4. Results

The participants’ fixations were first analyzed by checking the attention maps gen-
erated by the eye-tracking software (Figure 2). Attention maps in the form of heatmaps
are a common way to present a visualization of the density of viewers’ eye-tracking data.
Different color hues represent different amounts of participants’ fixations. Longer fixations
recorded on the stimulus are presented by a red color, followed by yellow and green colors.
By comparing the regions of the webpage marked in red (Figure 2), a higher prevalence of
the red color can be noticed in the ads containing an illustration than on the ads with no
illustration, indicating a longer average fixation duration on the illustrated ads.

The eye-tracking data were then statistically analyzed with IBM SPSS 23. A two-factor
repeated measures analysis of variance (ANOVA) was carried out to examine whether
ad topic (alcohol vs. smoking) and ad content (text only vs. text with an illustration)
significantly influenced the participants’ eye-tracking measures. The results showed that
ad topic had no influence on any of the measures of visual attention (for both attention
attraction and attention maintenance), and this applies to all the examined areas of interest.
Ad content had no statistically significant effect on the attention attraction variables (TFF,
FB), p > 0.05. However, ad content significantly influenced attention maintenance variables.
The ads with an illustration had a longer TFD (M = 2.19, SD = 0.18) than the ads with
no illustration ((M = 1.78, SD = 1.18), F(1.57) = 4.69, p < 0.0). Furthermore, the illustrated
ads had a significantly higher FC (M = 10.36, SD = 0.78) than the ads with no illustration
((M = 8.53, SD = 0.84), F(1.57) = 5.92, p < 0.05), and TVD was also longer for the illustrated
digital ads (M = 2.76, SD = 0.23) compared to the ads with no illustration ((M = 2.13,
SD = 0.22), F(1.57) = 6.59, p < 0.05). Figure 3 shows the mean values for each measure.
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Figure 2. Heatmaps showing the duration of fixations by all participants (note: only the left area of
the webpage is shown to optimize data presentation).

 

Figure 3. Mean values for eye-tracking data on the digital ads: (a) time to first fixation; (b) fixations
before; (c) total fixation duration; (d) fixation count; (e) total visit duration.

253



Appl. Sci. 2024, 14, 6003

By analyzing the eye-tracking data recorded only in the area of the illustration (Table 1),
we found no significant influence of the illustration’s visual representation (man in the
bottle vs. man in the ashtray) on any of the variables (all ps > 0.05).

Table 1. Descriptive statistics and comparisons between two ad topics for all dependent variables
(note: area of interest was the illustration).

Ad Topic Statistic TFF FB TFD FC TVD

Alcohol Mean (SD) 4.03 (0.45) 9.71 (1.21) 1.20 (0.15) 5.43 (0.61) 1.35 (0.17)
Smoking Mean (SD) 3.98 (0.44) 7.68 (0.82) 1.21 (0.16) 5.28 (0.63) 1.41 (0.18)

ANOVA results F-value 0.12 2.14 1.74 0.43 0.72
p-value 0.91 0.15 0.19 0.084 0.79

McNemar’s tests were used to examine the influence of ad topic and ad content on the
general noticeability. Figure 4 shows the distribution of participants depending on whether
they noticed the ad. The only statistically significant difference was found between the ads
containing an illustration and those without, indicating that more participants noticed the
ads with text and an illustration (96.6%) than the ads with text only (89.7%); p < 0.05.

Figure 4. Participant distribution across conditions based on whether they noticed the digital ad;
(a) ad topic as factor; (b) ad content as factor.

5. Discussion

The goal of this study was to determine whether adding an illustration in digital ads
that promote anti-alcohol and anti-smoking behavior can make the ads more attention
grabbing. Thus, we compared the viewers’ eye-tracking data for the ads with an illustration
and those with text only. The main finding was that the inclusion of the illustration in the
ads had a beneficial influence on the variables that measured how long the ads maintain
the participants’ attention for. This confirms hypothesis H2 and suggests that adding
pictorial content to health-related advertising has the potential to hold the youth’s focus in
a digital environment. This is not surprising since it is reasonable to expect that the visual
richness of an ad maintains longer visual attention [49]. The result is consistent with prior
research [32], which demonstrated the effect of ad content on participants’ perception and
showed that a higher level of attention was recorded among the participants exposed to
pictorial ads than those exposed to text ads. This is also in line with the results reported
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by O’Malley et al. [33], who found that an ad with an image and text was more effective
at attracting participants’ attention than an ad with text only. This could be of particular
importance for the effectiveness of public health promotions, which should not only be
easily noticed by young people but also remembered well. As reported in a study on
banner advertisement exposure [50], a longer duration of fixation on an ad can lead to
better memory performance. Thus, our results contribute to a more general perspective
provided by prior works [51] that showed that presentation style in ads can greatly influence
whether the message will be seen and remembered. High values for two measures recorded
on illustrated ads in our study (i.e., TFD and FC) could also be considered as an indicator
of the ad’s visual interest. According to findings of earlier studies in advertising, total
fixation time can be a significant predictor of ad clicking [41], and longer fixations are also
associated with an increased depth of ad processing [23]. Additionally, more fixations
correlate with high memory [52,53]. Taken together, these results suggest that illustrations
in digital ads can assist marketing practitioners in developing a digital ad that is more
noticeable and, consequently, more memorable. Still, this does not necessarily apply to
all formats of advertising, such as television commercials. A neuroscience-based research
study on online advertising [54] showed that television commercials that had a longer visit
duration were less recalled. Since our results refer to a static digital ad (as well as to a static
webpage), this suggests that the level of content dynamics likely influences attention and
recall performances. Therefore, using an illustration for improving the attention-grabbing
properties of an ad does not guarantee good memorability for all types of advertising.

Additionally, we made an analysis of the ads’ noticeability on a more general level,
in which we compared the frequency of the people who detected the ad and those who
did not. More participants noticed the ads with text and an illustration than the ads with
no illustration, which supports hypothesis H3. This is in line with previous findings on
the strong effect of the pictorial content in ads on attention [55]. Still, caution is needed
when generalizing these results to diverse ad categories. For example, results from the field
of tourism advertising indicated that ads containing text without an image attracted the
participants’ attention more effectively [56]. This implies that relying just on imagery in
digital ads is not enough. Specific contextual characteristics of the promotional message,
such as field of advertising and target audience, should also be taken into account.

Regarding the ability of a digital ad to attract attention, our results showed no effect
of ad content on the variables that measured how fast the ads attracted the participants’
attention, which refutes hypothesis H1. This outcome deviates from other studies upon
which we based our assumptions, so it could be ascribed to the dominance of the textual
component. As Gómez-Carmona et al. [57] state, ads with negative text can activate the
viewer’s emotional system faster. Thus, it seems that the verbal aspect of the digital ads in
our study surpassed the pictorial aspect.

Although they were not included in the hypotheses, additional conclusions regarding
the ad’s pictorial content can be drawn from our results. The students in our experiment
were exposed to two different illustrations (one for each topic), and the variations in
the illustration did not influence their visual attention. This could be explained by the
position of the illustration, which was centrally located in both versions of the ad. Since the
central part of the composition has been identified as the most effective location in terms
of attracting the viewers’ interest in previous research [58], it is possible that placing the
illustrations in the ad center had a more profound influence on attention than their motifs.
However, a previous study on online health messages [59] indicated that the total fixation
duration was influenced by different illustration types. Also, a study on a tourist hotel’s
marketing images [60] showed that different images led to different levels of customers’
attention, which suggests that the lack of an image content effect should not be expected in
all types of marketing materials.

Although our results may not be representative enough to apply these findings to
broader demographic groups, they still indicate how a simple form of an ad image, such
as a monochromatic illustration, can be effective in the context of digital advertising. Still,
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some of the discrepancies with other neuromarketing studies highlight the need for further
investigation of more specific illustration attributes to comprehensively understand how
illustrated content enhances the visual interest of a digital ad. In a larger context of public
health promotion, the results of this study may contribute to the ongoing efforts to promote
wellbeing for the youth and strengthen the prevention of harmful use of alcohol and tobacco
among Croatian students.

6. Conclusions

This study explored how a combination of text and image can be effective in promoting
anti-alcohol and anti-smoking behavior among young people through digital media. The
objective was to obtain direct insight into the visual attention of Croatian students when
they view digital ads signaling alcohol and tobacco harm and to compare the amount
of attention attracted by the text-only and the text–illustration ad format. Based on the
findings, it can be concluded that the presence of an illustration in the ads improved the
level of visual interest to some extent. Although it did not reduce the time needed for
ad detection, it did increase the amount of attention that students dedicated to the ad. It
also increased the possibility of spotting the ad on the webpage. This study contributes to
the existing body of knowledge on the visual perception of digital ads by giving further
evidence toward the influence of images on people’s visual processing.

The findings may be of interest for those engaged in public health marketing and
those who are developing efficient marketing approaches for the promotion of youth
wellbeing, supporting Goal 3 of the 2030 Agenda for Sustainable Development. Regarding
theoretical implications, this study contributes to research-based knowledge on youths’
visual stimulation, suggesting that monochromatic illustrations can be particularly effective
in retaining their attention on important messages. The findings could also contribute to
the development of decision-making authorities’ guidelines or regulations that promote
the use of specific visual techniques to enhance public health initiatives.

However, this study still has some limitations. Our sample was not representative
enough to analyze the potential influence of gender on the eye-tracking outcomes. Fur-
thermore, certain aspects of the ad effectiveness, such as comprehension or recall, were
not addressed in our investigation. Investigating further hypotheses on the long-term
effects on memory from ad exposure could provide a more comprehensive understanding
of the effectiveness of the monochromatic illustrations. Future studies would benefit from
the inclusion of the variable of whether the participants themselves have a precedent of
alcohol and tobacco intake. A broader potential of illustrated anti-alcohol and anti-smoking
messages in current non-commercial marketing practices, such as the power to encourage
changes in youth behavior, is also worthy of a detailed examination. This calls for teams
of researchers and specialists from different domains, like graphic design, marketing, and
neurosciences. It is highly likely that cross-disciplinary collaboration among these fields
could lead to better persuasive performances of digital ads in promoting a healthy lifestyle
for the youth.
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45. Bočaj, N.; Ahtik, J. Effects of visual complexity of banner ads on website users’ perceptions. Appl. Sci. 2023, 13, 13317. [CrossRef]
46. Kang, D.; Kwon, J.; Nam, S. Research on effective advertising types in virtual environment. Appl. Sci. 2023, 13, 7063. [CrossRef]
47. Lai, M.L.; Tsai, M.J.; Yang, F.Y.; Hsu, C.Y.; Liu, T.C.; Lee, S.W.Y.; Lee, M.H.; Chiou, G.L.; Liang, J.C.; Tsai, C.C. A review of using

eye-tracking technology in exploring learning from 2000 to 2012. Educ. Res. Rev. 2013, 10, 90–115. [CrossRef]
48. Andrychowicz-Trojanowska, A. Basic terminology of eye-tracking research. Appl. Linguist. Pap. 2018, 25, 123–132. [CrossRef]
49. Filiopoulou, D.; Rigou, M.; Faliagka, E. Display ads effectiveness: An eye tracking investigation. In Advances in E-Business Research

Series; IGI Global: Hershey, PA, USA, 2019; pp. 205–230, ISBN 9781522572626.
50. Lee, J.W.; Ahn, J.H. Attention to banner ads and their effectiveness: An eye-tracking approach. Int. J. Electron. Commer. 2012,

17, 119–137. [CrossRef]
51. Krugman, D.M.; Fox, R.J.; Fletcher, J.E.; Rojas, T.H. Do adolescents attend to warnings in cigarette advertising? An eye-tracking

approach. J. Advert. Res. 1994, 34, 39–52.
52. Lu, Y.; Qi, W.; Qin, J. Research on the memory of online advertising based on eye-tracking technology. In Proceedings of the 2018

IEEE 15th International Conference on e-Business Engineering (ICEBE), Xi’an, China, 12–14 October 2018; IEEE: Piscataway, NJ,
USA; pp. 324–328.
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Featured Application: This research makes a significant contribution to understanding

how young people perceive informational and promotional materials published on the

websites of small financial institutions. This knowledge helps avoid mistakes in de-

signing websites containing information and promotional content aimed at this group

of respondents.

Abstract

The article explores how the design of informational and promotional messages from
financial institutions influences their reception by young people. The study combined eye
tracking, individual in-depth interviews (IDIs), and text mining analysis to examine both
visual attention and participants’ conscious reactions. The aim was to identify young users’
preferences, determine factors influencing content perception, and assess the effectiveness
of visual and audiovisual communication strategies. The main hypothesis proposed that
minimalistic and visually attractive messages, enhanced with dynamic graphics, more
effectively shape attitudes and elicit positive emotions. Specific aspects examined included
the role of infographics, color schemes, message dynamics, and references to financial
institutions in attracting attention and engagement. The results indicate that young people
operate primarily in virtual space and express limited interest in traditional media such as
television or print. They favor short, clear, and visually structured messages. Excessive
textual content and lack of clarity provoked negative reactions and discouraged further
engagement. Elements like infographics, colors, and logos were found to be strongly
associated with brand recognition and memorability.

Keywords: eye tracking; young consumers; designing informational and promotional
messages; cooperative banks; regional financial institutions

1. Introduction

Generational changes influence the banking services market, shaping its perception
and usage. Membership in different age groups affects how banks communicate, what of-
ferings they provide, and their inclination toward adopting new technological solutions [1].
One such modern development is the increasing use of eye tracking by researchers to study
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consumer behavior [2], including by banks. Initially used by psychologists to study basic
mental functions, the technique has gained recognition in other fields. Eye tracking is
a method of analyzing visual attention, particularly effective in capturing unconscious
cognitive processes. It has gained popularity because of its ability to track cognitive actions
in real time, without subjective judgments [3]. In consumer behavior research, eye track-
ing makes it possible to answer the question of how visual stimuli influence purchasing
and transactional behavior. By recording participants’ eye movements, instead of asking
direct questions, it is possible to stimulate actual purchasing scenarios, including financial
services. This makes it possible to identify visual elements, such as color, texture, appear-
ance, and the form of the message, which influence consumer decisions at the point of
purchase [4]. Eye movements are now widely used to study cognitive processes during
reading, scene perception, and visual searches [5].

One of the key factors significantly impacting individuals’ use of banking services
is age, which is reflected in the diversified range of products offered by financial institu-
tions. There are products available for school-aged children (up to 13 years), teenagers
(aged 13–18), and young adults (18–26 years) [6]. This diversification arises from the dif-
fering financial needs and capabilities of consumers at various life stages. Age-specific
services and products are widely applied in the financial sector, particularly in banking.
Both age and other household characteristics determine financial needs and attitudes toward
modern solutions, including those used in banking and strategies for reaching target groups.

The priority target groups of the National Financial Education Strategy for Poland, in
relation to financial education programs, include

• Low-income households;
• Consumers at risk of over-indebtedness or already over-indebted;
• Working individuals, especially those nearing retirement age;
• Children, youth, parents, and teachers;
• Migrants and refugees (particularly from Ukraine) [7] (p. 33).

This categorization relates both to financial situations and age. Age influences a group’s
acceptance of technology [8], allowing us to distinguish several groups and sub-groups
that vary in their acceptance of banking service methods [6].

1. Older generations:

• Baby Boomers—primarily driven by financial considerations and service quality, gener-
ally less receptive to mobile technology, and less inclined to change existing habits;

• Generation X—tends to find mobile banking complex, is cost-sensitive regarding
mobile services, and prefers traditional payment methods such as cash;

2. Younger generations:

• Generation Y (Millennials)—favors quick payments and values a positive bank
image, frequently uses online payment systems, and prioritizes convenience and
transaction speed;

• Generation Z—expects personalized services accessible through mobile apps, often
uses phone transfers and POS payments with QR codes, and favors innovative, user-
friendly technology.

These generations also differ in their behavior in the economy. Their characteristics
generate different needs in today’s labor market, which is reflected in the way of com-
municating and creating information messages [9,10]. It is also said that Generation C
has emerged—one that bridges the generational divide by being classified based on the
digital environment they inhabit and use for communication [11,12]. They stand out with
unique behaviors, values, attitudes, and a digital lifestyle. Members of this generation are
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constantly connected to the web, actively use technology, and navigate seamlessly within
digital environments [13]. They are highly tech-savvy and active on social media, creating
their own digital worlds through the content they post and view as attractive.

Research on the financial inclusion of Poles confirms that the percentage of people
with bank accounts [14] is increasing year by year [15]. An age group analysis reveals the
following account ownership rates:

• 18–24 years—93.3%;
• 25–39 years—98.6%;
• 40–54 years—95.0%;
• 55–64 years—91.0%;
• 65 years and older—80.2% [16].

This shows the special role that the younger generation plays as potential bank cus-
tomers. Consequently, financial institutions are shifting their communication towards more
intuitive, image-based messages and mobile applications. These changes are driven by the
preferences and characteristics of various age groups as well as the younger generation’s
evolving view of reality. Different information and marketing messages are needed for each
generation [8,17]. Generation Y, for instance, is more visually oriented than text-focused
and is at or has already reached an age when major decisions—such as those related to
careers or finances—must be made [18] (p. 44). Young people appreciate modern techno-
logical solutions, favoring mobile payments and apps. With easy access to the Internet and
mobile devices, cashless payments are popular among this group because they are per-
ceived as convenient and fast. Young users also value intuitive and user-friendly solutions
and being aware of potential risks, place trust in modern technologies, including biometric
security measures [19].

Modern technologies adopted by financial institutions, including banks—such as
those based on digitization of activities, artificial intelligence—are shaping how banks
operate, reach their target audiences, and sell their services.

Research indicates that for community banks, geography matters, as local conditions
strongly influence the activities of small banks [20], and banks have a stronger impact
on the development of their customers, becoming key players in existing SME financing
mechanisms, important institutions in regional financial ecosystems [21]. Replacing bank
branches with remote forms of access increases the bank’s competitiveness. To maintain
customer confidence and provide effective service in an increasingly digitized environment,
cooperative banks are being forced to use digital technology [22]. A study of German
cooperative and savings banks diagnosed the barriers to the digitalization of their opera-
tions. These were mainly related to technological and regulatory complexity and a lack
of employee involvement in the digitization process [23]. The development of remote
distribution channels in exchange for the expansion of traditional branches has a positive
impact on the bank’s operating costs, availability of products, including loans, positively
influencing local economic development [24]. The implementation and development of
e-banking by banks support their competitive advantage. A study of Spanish banks on
customer adoption of e-banking indicates that positive customer attitudes, ease of use, and
usability significantly influence customer attitudes [25]. Therefore, simplifying the message
and the interfaces, supporting customers, pointing out the strengths of using this form
of access, and encouraging customers to co-create services are tasks for banks, including
cooperative banks, which, in order to compete with the larger, commercial ones, must
constantly improve their services. To this end, a survey of the cooperative bank’s message
was conducted among young customers who rarely visit bank branches, using mainly the
bank via the Internet or an app.
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Taking into account also the fact that personal finances play an important role in
the economy, as well as their growing role in everyday life and the impact on financial
decisions, J. K. Solarz notes the transformation of personal finances and the role of gen-
erations in shaping the financial needs of a generation, referring to this phenomenon as
financial socialization [26]. This process begins in early childhood and continues into early
old age, involving parents, grandparents, friends, teachers, and social media in shaping
an individual’s financial identity.

Financial socialization involves not only acquiring theoretical knowledge but also
developing attitudes that form habits and impulses toward certain behaviors. People
who place excessive trust in their financial competence, despite a lack of knowledge, are
vulnerable to the temptations of abuse and mis-selling [27]. According to J. K. Solarz,
generational changes are shaping the modern banking system. For the younger generation,
key factors in choosing a bank and using its services include the following:

• Technology: Young people value modern technologies such as mobile applications
and contactless payments, which make managing finances easier.

• Convenience: They prefer fast, straightforward payment methods that enable instant
transactions.

• Security: They focus on the safety of their data and transactions, opting for proven
and secure payment methods.

• Financial education: Acquiring knowledge about financial management is essential
for making informed decisions.

• Self-control of expenses: They appreciate tools that help monitor and control spending,
enabling them to manage their budgets more effectively.

Young consumers tend to favor cashless payment methods, avoid complex banking
procedures, and seek simple, intuitive solutions. As a result of banking activity diversi-
fication, products aimed at younger customers should meet specific criteria. The most
important of these is to offer personalization, i.e., creating solutions tailored to the unique
needs and preferences of the young generation [6]. For younger consumers, advertising
messages should be adapted using language and interactive communication channels that
appeal to them, primarily through social media.

The characteristics of the young generation not only shape their shopping behaviors
but also require financial institutions to adopt a more tailored approach. In their view,
marketing messages should be specially prepared. Young people expect a personalized
offer, aligned to their specific needs in terms of dynamism, language, communication
channels, and the form of the presented content.

These factors should be incorporated into the marketing strategies of banks that aim
to reach this group of specific, but also prospective, customers.

2. Literature Review

2.1. Perception of Informational and Promotional Content Among Young People (Young Adults)

Young adults from ages 18 to 26, belonging to the so-called Generation Z (and partially
the youngest Millennials), have grown up in a highly digitalized environment. Their way
of processing informational and promotional content differs significantly from that of
previous generations, both in terms of preferred communication formats and cognitive
mechanisms related to attention and memory.

Characteristic features of message reception among young adults:

• Preference for visual content—young recipients respond more quickly to images,
infographics, emojis, and short videos than to continuous text. Aesthetic quality and
graphic consistency play a crucial role in capturing their attention.
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• Demand for short, concise messages (snackable content)—brief, clear messages that
are easy to scan (headings, bullet points, highlights) are favored. Long, unstructured
texts are often ignored.

• Low tolerance for information overload—excessive data or unclear formatting leads
to frustration and message rejection.

• Expectation of immediate value—messages that do not immediately convey a benefit
for the recipient are quickly dismissed.

• Importance of authenticity and credibility—young people value transparency and
quickly recognize artificial or manipulative tones. Brand consistency and values matter.

• Digital and mobile-first communication—most content is consumed on smartphones,
mainly through social media platforms. Therefore, messages must be responsive and
optimized for mobile formats.

Characteristics of the 18–26 age group:

• Digital natives—raised with the Internet and mobile technology, they are fluent in
using digital tools.

• Multitasking and selective attention—they process multiple stimuli simultaneously
but have a short attention span.

• High visual awareness—they are sensitive to visual quality and graphic details.
• Experience-driven—they expect personalized, interactive, and enjoyable user experi-

ences.
• Social and emotional sensitivity—they respond positively to messages that appeal to

emotions, values, and a sense of community.

Table 1 presents a summary of the literature concerning various aspects of Generation Z.

Table 1. A literature review on various aspects of Generation Z.

Generation Z Characteristics

Age range definitions

Most dictionaries, like the Merriam-Webster Online Dictionary, the Oxford Dictionary,
and Encyclopedia Britannica, define Generation Z as the generation of people born
in the late 1990s and early 2000s [28–30]. Researchers and popular media use the
mid-to-late 1990s as starting birth years and the early 2010s as ending birth years,
with the generation loosely being defined as people born around 1997 to 2012
(Twenge 2017) [31] (Dimock 2019) [32]. Generation Z is the generation reaching
adulthood in the second decade of the 21st century, and is perceived as being
familiar with the Internet from a very young age [33,34].

Terminology

Generation Z follows the millennial generation (or Millennials), sometimes called
Generation Y, which followed Generation X. Reaching the end of the standard
Latin alphabet, Generation Z is succeeded by Generation Alpha, the first
generation to be assigned a Greek letter.
Generation Z (often shortened to Gen Z or Gen Zers) is also known as Zoomers.
Other proposed names for the generation included: Homeland Generation,
Homelanders, Centennials, iGeneration, Post-millennials, Pluralist Generation,
Internet Generation, Net Gen, Digital Natives, and Neo-Digital Natives.
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Table 1. Cont.

Generation Z Characteristics

General description

Members of Gen Z are true digital natives; from a very young age, they have been
exposed to the Internet, social networking sites, e-commerce, and mobile systems.
Members of Generation Z have been born or raised around the time of the 9/11
terrorist attacks and have been undeniably shaped by the recession of 2007–2009
and the COVID-19 pandemic. The Economist has described Generation Z as being
more educated, well-behaved, stressed, depressed, and exam-obsessed in
comparison to previous generations [35]. While Generation Z proved to be less
resilient than older cohorts, their fundamental values did not change, and they
remained open to change, such as the transition towards hybrid school and remote
work. They prefer to get their news from social media networks such as Instagram
and TikTok and the video-sharing site YouTube rather than more traditional media,
such as radio or television. Generation Z members spend much leisure time
watching streaming, Internet scrolling, social networking, watching YouTube
videos, and playing games on smartphones. Generation Z has gradually become
the main force of market consumption [36]. As consumers, Generation Z members
typically rely on the Internet to research their options and place orders. They are
generally skeptical and avoid companies whose practices and values are
contradictory [37,38]. Their purchases are heavily influenced by trends promoted
by “influencers” on social media [39–41], as well as fear of missing out (FOMO)
and peer pressure [42]. The need to be “trendy” is a key motivator. Due to their
relatively high income, members of Generation Z have higher spending habits.
According to new research, they rely on social media to make purchasing
decisions, with health and beauty products being the most frequently purchased
category on these platforms [43]. Generation Z shows greater concern for the
environment and an eco-friendly lifestyle, which may influence consumer and
social trends [44]. Generation Z expects flexibility, development opportunities, the
use of new technologies, and transparency from employers.

Use of information
and communications
technology (ICT)

Generation Z is made up of individuals who grew up in a fully digitalized society.
Information and communications technology (ICT), including the Internet and
mobile devices, is a natural and integral part of their lives. They are characterized
by high proficiency in using digital tools and a preference for online
communication. They grew up in a world where the Internet and mobile
technologies are commonplace, unlike older generations who had to learn them
[45]. They are often referred to as digital natives [46]. Generation Z is accustomed
to processing information quickly and is capable of multitasking. Generation Z
lives in an era of widespread access to social media and consistently integrates it
into their daily lives, using it not only to communicate with friends and family but
also to interact with people they would otherwise never meet in person. The vast
majority use social media and spend a lot of time online [47]. They prefer to
communicate via social media, instant messaging, and other online platforms.
They actively create online content, not just consume it like older generations [48].
They are typically proficient in using various devices and software, often without
the need to read manuals. Generation Z is characterized by openness to new
technologies and work methods. In summary, Generation Z is a generation deeply
connected to ICT, shaping their way of thinking, communicating, and lifestyle.
Understanding their needs and preferences is crucial for businesses, education,
and society as a whole.
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Table 1. Cont.

Generation Z Characteristics

Marketing for Generation Z

Marketing to Generation Z requires understanding their unique characteristics and
preferences. These individuals have been raised in the digital age and are fluent in
technology and social media. Key principles of marketing to this generation
include authenticity, speed, visuality, interactivity, social and ecological
engagement, and personalization. Generation Z demands new forms of
communication and marketing. Companies must adapt their communication
strategies to their preferences, prioritizing authenticity, storytelling, and social
media engagement. Gen Zers have short attention spans, requiring brands to
create concise, visual, and engaging content [49,50]. Gen Z values authenticity
and credibility in brands. They expect honesty and transparency in
communication, as well as a commitment to important social and environmental
issues. Gen Z is the generation with responsible behavior regarding environmental
protection and a real promoter of Green Marketing culture [44]. Zoomers enjoy
interactive content that allows for engagement and personalization, such as
contests, quizzes, and the ability to create their own content. Gen Z is highly
engaged with social media and follows influencers, making influencer marketing
an effective way to reach this group. Gen Z spends most of its time on mobile
devices, so content should be optimized for smartphones and tablets.

Website design

Website design for Generation Z should prioritize minimalism, speed,
intuitiveness, and engaging visuals. Gen Z values authenticity, inclusivity, and
seamless mobile experiences, favoring websites that are fast, easy to navigate, and
visually appealing with interactive elements [51]. Gen Z prefers websites that are
easy to scan and understand, with ample white space and clear typography. They
prioritize simple and straightforward navigation that allows users to find
information quickly [52]. Since Gen Z is highly mobile-centric, websites have to be
fully responsive and optimized for mobile devices. Gen Z enjoys visually
stimulating designs with strong colors and dynamic elements. Interactive
elements, like animations, micro-interactions, and scroll-triggered effects, make
websites more engaging [53]. Videos, GIFs, and other multimedia content can
enhance the user experience and capture Gen Z’s attention [54]. Gen Z expects
websites to load quickly. Designers should incorporate visuals and content that
reflect a range of backgrounds and perspectives to showcase inclusivity. Websites
have to be accessible to users with disabilities and offer personalized experiences
based on user preferences [55]. By focusing on these key elements, website
designers can create engaging and effective online experiences that resonate with
Gen Z users.

Source: own research.

2.2. Application of Eye Tracking in Economic Studies

Eye-tracking technology is an affordable and relatively simple tool widely used in
experimental research on information perception and processing. Numerous studies in ex-
perimental economics and finance confirm that the way information is presented, received,
and processed significantly influences decision-making processes. Eye tracking allows
researchers to collect data that complement traditional observations of choice variables and
has gained considerable popularity among scholars in behavioral economics and finance.

The use of eye-tracking technology in experimental economics and finance research is
a relatively recent development, although similar topics have previously been addressed in
literature related to marketing, organizational studies, and accounting. Table 2 presents
examples of eye-tracking applications in the broadly understood field of economics.
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Table 2. Examples of eye-tracking applications in economic research (including consumer behavior).

Authors Title Year

K. Balcombe, I. Fraser,
L. Williams, E. McSorley [56]

Examining the relationship between visual attention and stated
preferences: A discrete choice experiment using eye-tracking 2017

P. Ballco, T. De-Magistris,
V. Caputo [57]

Consumer preferences for nutritional claims: An exploration of
attention and choice based on an eye-tracking choice experiment 2019

P. Bansal, E. J. Kim,
S. Ozdemir [58]

Discrete choice experiments with eye-tracking: How far we have
come and ways forward 2024

M. Bartels, K. Tillack,
C. T. Jordan Lin [59]

Communicating nutrition information at the point of
purchase: An eye-tracking study of shoppers at
two grocery stores in the United States

2018

N. Bault, P. Wydoodt,
G. Coricelli [60]

Different attentional patterns for regret and disappointment: An
eye-tracking study 2016

M. G. Ceravolo, V. Farina,
L. Fattobene, L. Leonelli,
and G. Raggetti [61]

Presentational format and financial consumers’ behaviour: An
eye-tracking study 2019

M. G. Ceravolo, V. Farina,
L. Fattobene, L. Leonelli,
G. Raggetti [62]

Anchoring effect in visual information processing during
financial decisions: An eye-tracking study 2022

M. Chen, Y. Chen, R. Qi,
J. H. W. Hsiao, W. W. T. Lam,
Q. Liao [63]

Testing the effects of health-benefit, environmental-benefit and
co-benefit priming for promoting sustainable food choice and
their psychological mechanisms: A randomized controlled trial
combined with eye tracking

2024

Y. Chen, J. Jermias,
T. Panggabean [64]

The role of visual attention in the managerial judgment of
balanced-scorecard performance evaluation: Insights from using
an eye-tracking device

2016

G. Devetag, S. Di Guida,
L. Polonio [65] An eye-tracking study of feature-based choice in one-shot games 2016

J. Ding, J. G. Yu, P. Bansal [66] Preferences for electric vehicles under uncertain charging prices:
An eye-tracking study 2025

R. Duclos [67] The psychology of investment behavior: (De)biasing financial
decision making one graph at a time 2015

S. Fiedler et al. [68] Social value orientation and information search in social
dilemmas: An eye-tracking analysis 2013

B. Garcia-Carrion, S. Del
Barrio-Garcia, F. Munoz-Leiva,
L. Porcu [69]

Exploring destination positioning and message congruence in
tourism management: An eye-tracking and fMRI study 2025

L.P. Hilbert, M.K. Noordewier,
L. Seck et al. [70]

Financial scarcity and financial avoidance: an eye-tracking and
behavioral experiment 2024

A. Hüsser, W. Wirth [71]
Do investors show an attentional bias toward past performance?
An eye-tracking experiment on visual attention to mutual fund
disclosures in simplified fund prospectuses

2014

J. Jin, A. Wang, C. Wang,
Q. Ma [72]

How do consumers perceive and process online
overall vs. individual text-based reviews? Behavioral and
eye-tracking evidence

2023

N. Krucien, M. Ryan,
F. Hermens [73]

Visual attention in multi-attributes choices: What can
eye-tracking tell us? 2017

J. N. Lahey, D. Oxley [74] The power of eye tracking in economics experiments 2016
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Table 2. Cont.

Authors Title Year

K. E. Lewis, C. Grebitus,
R. M. Nayga [75]

The impact of brand and attention on consumers’ willingness to
pay: Evidence from an eye tracking experiment 2016

N. Modi, J. Singh [76] Understanding online consumer behavior at e-commerce portals
using eye-gaze tracking 2023

J. Mou, D. Shin [77]
Effects of social popularity and time scarcity on online consumer
behaviour regarding smart healthcare products: An eye-
tracking approach

2018

C. Rasch, J. J. Louviere,
T. Teichert [78]

Using facial EMG and eye tracking to study integral affect in
discrete choice experiments 2015

Y. Ren, Q. Liu, G. Wu,
J. P. Loy [79]

Consumer preferences for sugar-sweetened
beverages: Evidence from online surveys and
laboratory eye-tracking choice experiments

2025

E. Reutskaja, R. Nagel, C. F.
Camerer, A. Rangel [80]

Search dynamics in consumer choice under time
pressure: An eye-tracking study 2011

T. Ruppenthal [81] Eye-tracking studies on sustainable food
consumption: A systematic literature review 2023

M. Ryan, N. Krucien,
F. Hermens [82]

The eyes have it: Using eye tracking to inform information
processing strategies in multi-attributes choices 2018

T. Shavit et al. [83] Using an eye tracker to examine behavioral biases in investment
tasks: An experimental study 2010

M. Sielicka-Różyńska, E. Jerzyk,
N. Gluza [84]

Consumer perception of packaging: An eye-tracking study of
gluten-free cookies 2021

A. Simonetti, E. Bigne [85] Customer journey-based smart technology of new
brands: a self-reported and eye-tracking study 2025

L. P. Sirois, J. Bédard, P. Bera [86] The informational value of key audit matters in the auditor’s
report: Evidence from an eye-tracking study 2018

F. M. Toma, C. O. Cepoi, M. N.
Kubinschi et al. [87]

Gazing through the bubble: an experimental investigation into
financial risk-taking using eye-tracking 2023

J. Vila, Y. Gomez [88] Extracting business information from graphs: An eye
tracking experiment 2016

Q. Wang, D. Ma, H. Chen, X. Ye,
Q. Xu [89]

Effects of background complexity on consumer visual processing:
An eye-tracking study 2020

E. Wästlund et al. [90] Heuristics and resource depletion: Eye-tracking customers’ in situ
gaze behavior in the field 2015

S. Zhen, X. Xia, L. Huang, Y. Cao,
H. Fu, Y. Ren [91]

Does risk preference matter to consumers’ willingness to pay for
functional food: Evidence from lab experiments using the
eye-tracking technology

2024

Source: own research.

Making individual financial decisions—such as those related to spending, saving,
mortgages, retirement planning, asset distribution, or insurance—typically requires choos-
ing between alternatives under constraints like limited time, information, or cognitive
capacity. Eye-tracking studies in this area have examined a range of economic theories and
have been applied across fields including behavioral economics, finance, accounting, and
organizational economics. The power of eye-tracking technology lies in the possibility of
capturing the visual attention of individuals for different types of economic behavior.
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3. Materials and Methods

Eye-tracking surveys are used to analyze the advertising messages of consumer goods
manufacturers, advertising messages [92], and, less frequently, to study the transparency of
messages and transaction services by financial institutions, particularly cooperative banks.
It can therefore be concluded that this study, although a pilot study, is pioneering in this
group of financial institutions.

Combining the eye-tracking method with in-depth face-to-face interviews (IDIs) adds
value to the results, as it allows for the additional analysis of the conscious and unconscious
aspects of the participants. In-depth interviews are often used alongside methods such as
eye tracking to provide contextual understanding and deeper insights into the cognitive
and emotional processes underlying the observed behavior [93].

Combining eye tracking with qualitative techniques, like in-depth interviews, allows
researchers to move beyond ‘where people look’ to explore ‘why they look,’ thereby
enriching interpretation and generating more holistic insights. Therefore, the authors
conducted their research using a mixed method [94].

The research involved a group of 48 young people (volunteers), aged from 18 to 26.
Among the 48 participants, 23 were high school students from two regional secondary
schools, and the remaining 25 were university students from the largest university in the
region. In total, the study included 27 men and 21 women. The study received approval
from the appropriate bioethics committee. It was carried out in two stages. Initially,
an eye-tracking session was conducted (with the usage of a Tobii Pro Fusion 60 Hz eye
tracker to capture eye movements), followed by direct interviews with the participants.

The aim of the study was to identify the cognitive, behavioral, and emotional reactions
of young users when exposed to the promotional and informational content of a financial
institution represented by a cooperative bank. For this purpose, a mixed approach was
used. Quantitative data from eye-tracker measurements (identification of gaze focus points,
fixation time, visual regression) and qualitative data obtained in in-depth face-to-face
interviews were used.

The emotional reception of the content was analyzed using text data mining, includ-
ing frequency analysis, i.e., which words and phrases most often describe the analyzed
messages and keywords indicating attitudes towards the messages. Special attention was
paid to the comparison of emotional reactions in the context of audiovisual messages
(commercials) and static content (information texts, advertising leaflets).

Analysis of the emotions that arose when viewing the promotional materials and
reading the content was carried out in two ways:

1. Visual data analysis (eye tracking)—this allowed for precise tracking of the visual
engagement of young audiences and also made it possible to identify moments when
participants focused their attention on the most salient elements of the advertising
materials. This made it possible to identify which parts of the ad triggered stronger
emotional responses (e.g., curiosity, surprise, or joy).

2. Emotion analysis in texts (text mining) during IDIs—by using sentiment analysis and
word frequency analysis, it was possible to identify positive and negative emotions
associated with different elements of the communications. Young people reacted
emotionally to different aspects of communication—infographics, colors, or images of
famous people.

4. Results of Eye-Tracking Study and In-Depth Interviews (IDIs)

In the first part of the eye-tracking study, the participants’ task was to watch a promo-
tional spot for cooperative banks and answer the question “Is this advertisement for you?”
When analyzing the recordings in Tobii Pro Lab, we examined whether the participants
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focused their attention on the logo shown in the spot and on other information about the
cooperative banks—such as the website address or the company’s mission (i.e., a decla-
ration that clearly specifies which customer needs the banks intend to satisfy and which
values they represent) (see Figure 1).

Bank mission: Taking good 

care of one another

The bank’s logo

Bank’s website address

Figure 1. Example of heat map concentrated on the logo, website address, and mission of the
cooperative banks. Source: own research.

The metrics calculated in the Tobii Pro Lab software (Full edition 25.7.1400 (x64)) are
presented in Appendix A, with examples provided in Table A1. The four most relevant
ones in this study are listed below:

1. The time to the first fixation inside an AOI during an interval (TTFF): This metric
measures how long it takes for a participant’s gaze to land on a specific area of interest
(AOI) for the first time. A shorter TTFF indicates that the visual features of the
element are more successful in drawing immediate attention. It is especially useful for
determining which items attract the gaze most quickly.

2. The total duration of the fixation inside an AOI during an interval: This indicator
reflects the total time and the mean position of a sequence of fixations within a
defined AOI. It may consist of several fixations and short saccades between them. The
sequence is considered finished once the gaze shifts outside the AOI.

3. The number of fixations occurring in an AOI during an interval: This measure
shows how often an AOI is fixated upon. A higher number of fixations suggests that
the element is perceived as more important or relevant. Closely related to fixation
duration, it helps evaluate the overall level of attention devoted to different stimuli
across tasks of varying length.

4. The last AOI fixated during an interval: This identifies the final area of interest (AOI)
where the participant’s gaze remained within a defined time window of the study.

As part of statements during IDIs, in the context of audiovisual messages, dynamism
appeared to be a key factor that attracted the attention of young audiences. Although some
respondents indicated that the ad was intended for a younger age group, it was noted
that the dynamism of the message—involving rapid visual changes, intense colors, and
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movement—had a strong impact on their perception. Young people reacted positively to
the commercial and enjoyed watching it (Figure 2).

0 5 10 15 20 25

Definitely No

 Rather No

Hard to say

Rather Yes

Definitely Yes

1

13

9

3

11

11

Number of participants

High school students University students

Question: Is this advertisment for 

Figure 2. Distribution of respondents’ answers to the question: “Is this advertisement for you?”.
Source: own research.

Interview participants were asked what aspects could increase their involvement, and
the participants indicated that the scenes presented should be more focused on situations
relevant to their generation. This may mean that active emotional and visual involvement
during the viewing of such material is an important factor for them in determining the
attractiveness of the message, with increased involvement being additionally achieved by
making the message more personalized to their age group.

In interpreting the keywords of the reception of what they saw, it can be pointed
out that young people prefer messages that offer dynamic visual scenarios. The slogan
dynamism and dynamic were the main summaries of what they saw while expressing
a positive reaction to it. Although the advertising message itself may have been dedicated
to a younger age group, participants perceived the positive aspects of this dynamism,
which promoted a better assimilation of the content, even if the advertising itself was not
directly aimed at them.

The analysis of eye-tracking data related to the presented commercial spot, together
with the responses provided by the participants during interviews (IDIs), made it possible
to develop guidelines and recommendations for the cooperative bank. These could sig-
nificantly improve the informational message so that it appeals to both groups of young
people, namely, high school students and university students.

In the second part of the study, traditional advertising materials in the form of leaflets
were presented. For the purposes of the eye-tracking experiment, they were converted
into electronic form, and some of them were additionally discussed during the IDI. The
participants’ task was to review selected bank leaflets. The aim of this part of the study
was to examine whether the information contained in the leaflet, as well as the way it was
arranged, was understandable and clear to young people.
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4.1. Importance of Readability in Written Messages

When analyzing and interpreting written messages (e.g., information materials and
leaflets of the cooperative bank), the readability of the content played a key role in the
reception. The study revealed that excessive text (see Figure 3) and a lack of clear structure
generated negative emotions in the form of discouragement, which was noticeable in
participants’ textual responses and sentiment analysis. They often emphasized the need
for the information presented to be straightforward, avoiding overburdening content that
did not capture their attention. The colored dots in Figure 3 represent fixation points and
scan paths, illustrating how individual high school students processed the information
presented in the leaflet. A higher density of fixation points observed at the beginning of the
leaflet suggests a more detailed and attentive reading of the initial sections. In contrast, the
decreasing number of fixations in later parts implies that cognitive fatigue and information
overload may have diminished participants’ engagement with the subsequent content.

Figure 3. Bank leaflet with excessive text discouraging young people from reading. Source: own research.

Interview participants emphasized the need for the information presented to be
straightforward, avoiding overburdening content that did not capture their attention. In
terms of emotion, the readability of the content was considered an important factor influ-
encing the level of satisfaction with communication. During individual in-depth interviews
(IDIs), respondents indicated that too much text or complicated messages, full of industry
jargon, made the message unattractive. Simplicity and clarity of information appeared to
be an important factor in the ease of reception of the material. Young people preferred
short, concise messages that were easy for them to understand and remember. From the
analysis of the results, it appears that an excess of information resulted in a decrease in
engagement and, therefore, a decreased effectiveness of communication. Participants ex-
pected information to be presented in a minimalist way, without unnecessary detail, and to
be clearly organized in the form of headlines, lists, or infographics.

272



Appl. Sci. 2025, 15, 9635

4.2. Importance of Visual Elements—Infographics, Logos, Colors

Very important elements that young people identify with financial institution brands
are infographics, colors, and logos. The IDIs showed that they regard these elements as
key brand identifiers that enable them to quickly recognize the institution. In this context,
participants paid particular attention to the visual consistency of the materials, as well as
the aesthetic appeal. Infographics were seen as a particularly useful tool that allowed for
quick understanding of complex content, which is important in the case of offers regarding
banking services.

The sample bank information leaflet presented in Figure 4 contains very short and
easy-to-remember information for young people regarding payment card security, its
expiration date, card number, PIN, and CVV code. Accompanied by an illustration of the
card, it uses arrows to indicate the location of each element.

Key no. 1

Card number

Key no. 2

Card PIN

Key no. 3

CVV code

Key no. 4

Card expiry date

Figure 4. Example of a bank leaflet that graphically (using arrows) and with short notes indi-
cates the location of individual elements of a payment card and how they should be protected.
Source: own research.
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Additionally, with the use of text highlighted in green font, guidelines were provided to
help young people understand how to protect their payment card information, for example:

• Card number—“Do not let anyone see it”;
• Card PIN—“Keep it secret”;
• CVV code—“No one but you can see it”;
• Card expiry date—“No one but you should know it”.

4.3. Role of Celebrity Image

Another important element that significantly influenced young people’s perception
was the images of celebrities in the advertising material (see Figure 5).

Build local relationships with us

Figure 5. An example of an advertisement featuring images of athletes well-known to the local
community. Source: own research.

Figure 5 presents an example of an advertisement placed on the homepage of
a cooperative bank, featuring images of athletes well-known to the local community.
The caption indicated by the athletes encourages potential customers of the bank to build
local relationships together.

It was observed that participants reacted positively to the use of celebrity images, but
their perception depended on the degree of familiarity with this person and the link to
their personal context. As their statements during interviews indicated, if the celebrity was
close to them, e.g., came from their region or was related to their interests, the effect of
positive perception was clearly stronger. In contrast, in the case of less familiar characters,
the effectiveness of advertising featuring them declined, indicating the importance of
recognizability and emotional connection with the depicted character.

4.4. Interaction with Online Advertising

The results of the study indicated that young people are mainly involved in the
virtual world, where they encounter a variety of advertising and information messages on
a daily basis. They occasionally associate forms outside of it. They openly declare a lack
of interest in traditional media such as television or the press. Nonetheless, as the study
participants declared during the IDI, young people’s attention is selective, and they treat
most advertisements and messages as background or ignore them, especially when these
are received on social media platforms. Young people rarely pay particular attention to
adverts unless they are specifically tailored to their interests or offer content that they find
interesting and engaging.
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In conclusion, it should be stated that the key element is the simplicity of the message
and the use of graphic forms that support the cognitive process based on identifying
keywords. The study revealed that the way young people and students browse pages
resembles social media habits—rapid, fragmented reading, even in contexts requiring
concentration. This indicates the necessity of designing content with consideration for new
models of perception, based on minimalism and visual clarity.

5. Discussion and Future Work

In the context of the study, an important element that emerged among young partici-
pants was the need for personalization of the offer. Young people indicated that advertising
and informational messages must be tailored to their individual needs and preferences, as
well as to their associations with the financial institution, in order to be more attractive and
effective. In particular, it was noted that messages corresponding to their interests or needs
were better received and evoked positive emotions, such as interest in the mentioned material.

A positive reception among the younger generation was observed in the case of leaflets
with colorful characters, even though the association with the financial institution was
weaker. These leaflets were more willingly picked up. The way in which the informational
content was positioned was also important; when it required more analysis or effort,
participants reacted with irritation. This was the case with a leaflet presenting a colorful
circle with descriptions of the functionalities offered by the cooperative bank (see Figure 6).
During interviews, participants emphasized that it should not be necessary to turn one’s
head in order to read the information.

Figure 6. A graphic element from a leaflet promoting various bank services (“We Have It All Here”
Campaign). Source: own research.
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Students also responded positively to colorful materials but paid more attention to the
alignment of the leaflet with its content. Both groups were more likely to choose materials
that clearly identified with the bank, which makes this form more preferable for them. The
balance between graphic design and content must therefore be adjusted in favor of less text
and more slogans or highlights.

Students were interested in accounts offering added value; therefore, one option worth
considering is the introduction of deposit offers on favorable terms, which could persuade
them to consider the bank. Moreover, since they tend to monitor their expenses more
closely, the possibility of analyzing them through a transparent graphical cost planner
would meet their stated need.

High school students, on the other hand, are much less inclined to change their current
accounts but remain open to exploring new opportunities offered by the bank. Therefore, to
build their openness to the brand and encourage them to consider it in the future, it would
be worthwhile to introduce workshops or classes where they could simultaneously learn
something new while engaging with the brand. This could also reshape their perception of
the bank, which they often associate with people outside their age group.

The emotional reception of the content was analyzed using text data mining, includ-
ing frequency analysis, i.e., which words and phrases most often describe the analyzed
messages and keywords indicating attitudes towards the messages. Special attention was
paid to the comparison of emotional reactions in the context of audiovisual messages
(commercials) and static content (information texts, advertising leaflets).

The combination of the results of visual analysis (eye tracking) and interviews with
text mining analysis shows that young people’s emotions were strongly dependent on the
dynamism of the visual message and the simplicity of the content. Infographics, colors
and logos were perceived as positive elements that built an emotional bond with the
brand, while an excess of text or complexity of the message resulted in negative emotional
reactions, such as fatigue.

The study thus made it possible to accurately measure the emotional reactions of
young people in the context of different forms of promotional materials, as well as to
identify factors that determine the positive or negative reception of communication. The
results point to the need to proactively tailor content to the emotional preferences of young
consumers in order to increase their engagement and the effectiveness of communications.

The authenticity of the communication was also an important element. Young people
preferred adverts that have a more “human touch”, rather than just to general marketing
standards. They associated advertisements in the form of storytelling in a positive way and
were much more likely to indicate that they associated such advertisements that they had
watched and enjoyed.

Future research (concerning the same set of audiovisual advertisement materials from
cooperative banks) will involve a larger cohort of participants, focusing on young adults
aged between 18 and 26 years. This will allow for the identification of potential differences
in the behavior of young people representing high school students and college students.
The study will incorporate a deeper eye-tracking analysis of fixation and saccade patterns.

Additionally, different approaches to designing informational and promotional mes-
sages across various banks will be compared by creating a controlled set of stimuli, which
will enable drawing clear conclusions based on predefined hypotheses.

6. Limitations

The above section presents the results of a study aimed at analyzing the behavior
of young customers seeking information in a regional bank. The study was of a pilot
nature, and the sample size (N = 48) limits the possibility of generalizing the findings to the
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entire population. The participants were students and young adults from a single region
of one country. The analysis focused mainly on the indicators available in the Tobii Pro
Lab software (e.g., number and duration of fixations), while other indicators that could
potentially deepen the interpretation of the results (such as regressions, etc.) will be the
subject of future analyses planned by the authors as part of subsequent in-depth studies.

Despite these limitations, the research and conclusions presented in the article offer
valuable insights for practitioners, particularly in the design of advertising leaflets tailored
to young customers. These findings can be valuable for a wide range of businesses,
including banks and cooperative banks, as well as companies that target young consumers.
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Appendix A

Data analysis in Tobii Pro Lab enabled the identification of the following eye-tracking
indicators (see Table A1):

1. Interval metrics:

• The duration of an interval.
• The start time of an interval.

2. Area of Interest (AOI) fixation metrics:

• The total duration of the fixation inside an AOI during an interval.
• The average duration of the fixation inside an AOI during an interval.
• The duration of the shortest fixation inside an AOI during an interval.
• The duration of the longest fixation inside an AOI during an interval.
• The number of fixations occurring in an AOI during an interval.
• The time to the first fixation inside an AOI during an interval.
• The duration of the first fixation inside an AOI during an interval.
• The last AOI fixated during an interval.
• The AOI fixated at the end of an interval.
• The average pupil diameter of all fixation samples in an AOI in an interval. Calculated

using the resulting pupil diameter after applying a pupil diameter filter.

3. AOI glance metrics:

• The total duration of the glances inside an AOI during an interval.
• The average duration of the glances inside an AOI during an interval.
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• The duration of the shortest glances inside an AOI during an interval.
• The duration of the longest glances inside an AOI during an interval.
• The number of glances occurring in an AOI during an interval.
• The time to the first glance inside an AOI during an interval.
• The duration of the first glances inside an AOI during an interval.

4. AOI saccade metrics:

• The number of saccades occurring in an AOI during an interval.
• The duration until the start of the first saccade that ends in an AOI during an interval.
• The duration until the start of the first saccade that exists in an AOI during an interval.
• The peak velocity of the first saccade that ends in an AOI during an interval.
• The peak velocity of the first saccade that exists in an AOI during an interval.

5. Event properties:

• The type of event of the current row (fixation, saccade, blink).
• The validity of the event of the row, either whole or partial.
• Represents the order of the events in the current TOI interval.
• The start time, counted from the current TOI interval start.
• The start time, counted from the current TOI interval stop.
• The duration of the event.

6. Fixation properties:

• The name of the AOI that the current fixation hits.
• The proportion of the fixation that occurs within the AOI.
• The normalized horizontal coordinate of the fixation point.
• The normalized vertical coordinate of the fixation point.

7. Saccade properties:

• The angle of the straight line between the preceding fixation and succeeding fixation.
This can only be applied to whole saccades.

• The average velocity across all samples belonging to the saccade, even outside
the interval.

• The maximum velocity across all samples belonging to the saccade, even outside
the interval.

• The amplitude for whole saccades.
• The name of the AOI, in which the current saccades started, if any, as determined by

the preceding fixation position.
• The name of the AOI, in which the current saccades landed, if any, as determined by

the succeeding fixation position.
• The normalized horizontal coordinate of the current saccade’s start position, as deter-

mined by the preceding fixation.
• The normalized vertical coordinate of the current saccade’s start position, as deter-

mined by the preceding fixation.
• The normalized horizontal coordinate of the current saccade’s landing position, as

determined by the succeeding fixation.
• The normalized vertical coordinate of the current saccade’s landing position, as

determined by the succeeding fixation.
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Table A1. Part of the table with metrics for selected participants.
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k01 604699 183 2 29037 183 2 383 1 29037 417 417 1 29004

k01 604699 119 3 8578 158 2 425 1 8578 425 425 2

k01 604699 190 5 19936 200 4 1151 1 19936 1151 1151 3

k01 604699 133 2 27887 133 2 300 1 27887 350 350 1 27837

k01 604699 203 6 370 203 6 317 4 370 375 283 2 320

k01 604699 112 4 29504 128 3 630 1 29504 713 713 1 29421

k01 604699 158 2 4286 158 2 350 1 4286 367 367 1

k01 604699 733 1 28271 733 1 733 1 28271 750 750 0

k01 604699 340 5 21537 408 4 1798 1 21537 1865 1865 4 21470

k03 598355 124 3 8550 150 1 440 1 8550 440 440 2

k03 598355 319 3 19924 275 2 1022 1 19924 1056 1056 2 19890

k03 598355 133 1 27907 133 1 133 1 27907 150 150 0 27891

k03 598355 261 3 29141 261 3 867 1 29141 900 900 2 29107

k03 598355 254 2 4090 333 1 542 1 4090 575 575 1 4056

k03 598355 250 3 28107 250 3 783 1 28107 850 850 2 28041

k03 598355 288 4 21724 288 4 600 2 21724 675 350 2 22290
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Table A1. Cont.
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k04 594612 106 3 8561 142 2 434 1 8561 451 451 2 8544

k04 594612 522 2 19916 0 1094 1 19916 1094 1094 1

k04 594612 1200 1 28111 1200 1 1200 1 28111 1233 1233 0 28078

k04 594612 517 1 4611 517 1 517 1 4611 567 567 0 4561

k04 594612 192 2 3944 192 2 433 1 3944 500 500 1

k04 594612 739 1 29378 0 739 1 29378 806 806 0 29312

k04 594612 820 1 22497 0 820 1 22497 820 820 0

k05 620186 202 2 8544 0 438 1 8544 438 438 1

k05 620186 211 5 19909 278 3 561 2 19909 577 1049 3 21324

k05 620186 197 5 27953 242 4 534 2 27953 559 17 3 27991

k05 620186 156 3 790 156 3 242 2 790 292 383 1 723

k05 620186 198 3 29124 217 2 305 2 29124 355 183 1 29091

k05 620186 51 1 4590 0 51 1 4590 68 68 0

k05 620186 183 1 29341 183 1 183 1 29341 250 250 0 29274

k05 620186 309 4 21974 256 3 1338 1 21974 1438 1438 2 21874
Source: own research.
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Abstract

This study analyzes Brazilian consumer behavior regarding quality and visual cues in fresh
red meat and cooked beef. Using eye tracking to collect visual attention metrics and psy-
chological scales to assess food behavior, the research examines how visual attention to beef
attributes impacts product choice. A discrete choice method combined nine hypothetical
products with varied attributes. Results showed that consumers display different visual
behaviors toward cues, influencing their probability of choosing a product. For fresh beef,
color was the most significant factor, especially bright red and brown hues. Color influ-
enced both the time to first fixation and total fixation time, while breed also affected total
fixation time. Dark-red color and unspecified breed information increased the purchase
probability, while Nellore breed and brown color decreased it. Total fixation numbers were
significantly impacted by color, breed, marbling, and price. In cooked beef, tenderness,
price, and flavor were key visual cues. Tenderness and flavor influenced the time to first
fixation, whereas price and flavor impacted the number of fixations. This research con-
tributes to understanding visual cues and attention in food choices, suggesting strategies
for enhancing beef labeling and communication to better inform Brazilian consumers.

Keywords: eye tracking; visual attention; visual cues; meat; consumer behavior

1. Introduction

Eye tracking is a powerful and precise method for analyzing visual attention, par-
ticularly effective in capturing non-conscious cognitive processes. Traditionally used by
psychologists to investigate fundamental mental functions, this technique has gained recog-
nition in other fields such as education and consumer behavior research due to its capacity
to track real-time cognitive actions without relying on self-reported data [1].

In consumer research, eye tracking offers an objective means to assess how visual
stimuli influence purchasing behavior. By recording participants’ eye movements, rather
than asking direct questions, researchers can closely simulate real-world shopping sce-
narios. This allows for the identification of visual elements—such as color, texture, and
packaging—that drive consumer decisions at the point of purchase [2].
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Beef products provide a compelling case for studying the role of visual attention, as
consumers often rely on visual cues to assess quality. For fresh beef, color is the primary
indicator, while packaging plays a similar role for cooked beef. Appearance is not only
the first sensory attribute to be noticed but is also a key driver of appetite and product
acceptability [3]. Prior research has shown that visual features significantly influence
expectations related to tenderness, flavor, and overall eating quality—even before tasting
the product [4,5].

Despite these insights, consumers often face challenges in accurately predicting beef
quality based on visual inspection alone, creating a major challenge for the meat industry.
Understanding how consumers interpret visual cues—especially in the context of both raw
and cooked forms of the same product—is essential for aligning marketing strategies and
product development with consumer expectations.

The existing literature confirms the relevance of visual attention in food choice [6,7],
yet few studies have specifically focused on Brazilian consumers. Recent findings indicate
that Brazilian consumers associate bright red coloration in fresh beef with higher quality,
while a tough texture in cooked beef negatively affects choice and willingness to pay [8].

Therefore, this study has two main objectives: (1) to evaluate how visual attention
to different visual and quality cues affects the probability of purchase for both fresh and
cooked beef among Brazilian consumers; and (2) to introduce a novel statistical approach
to analyze eye tracking data in the context of food choice.

By incorporating both raw and prepared forms of beef, this research captures a more
complete understanding of how visual cues shape consumer decision-making throughout
the purchasing and consumption cycle.

2. Literature Review

2.1. Visual Attention for Food

Vision is the most used sense during the process of buying food [9,10] because con-
sumers need to visualize information before they can use it in the selection process [11].
Visual attention broadly represents the cognitive process of understanding specific visual
information and demarcating these into areas of interest (AOI) [12–15]. Visual attention is
understood to be the first stage of a series of processes that influence consumer choice [16].

The attention given by consumers to a stimulus is selective and can be presented in
the following two ways: bottom-up, in which attention is directed to stimuli, and top-
down, which is related to the objectives of the observer [17,18]. The bottom-up situation
occurs when a stimulus stands out in the visual field, that is, attention is guided by visual
characteristics, such as the size, color, and shape of a stimulus or internal characteristics of
stimuli that automatically capture the attention of individuals [19–22]. Researchers have
explored how the appearance of cereal bars influences the consumer purchasing decisions
across different brands and flavors [13]. They found that brand and variety were key
determinants in driving consumer attention, suggesting that greater attention given to a
brand increases the likelihood of its selection. Another study evaluated the effect of visual
attention on product labels on chocolates, yoghurt, and tomato with the organic symbol
in different sizes [23]. They found that the use of bottom-up effects to improve the design
and visibility of this information increased attention capture as well as the probability of
product choice.

Conversely, top-down attention occurs when consumers focus on stimuli that are
in line with their goals, expectations, and even their emotions [19,24–26]. Research has
observed that consumers perceive the healthiness of mayonnaise, bread, and yoghurt, as
well as their willingness to buy, and found that consumers directed visual attention to
specific information such as ingredients and nutritional information [27]. The effect of
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beef fat content on visual attention and purchase choice has also been examined, with
researchers finding that consumers pay more attention and more often choose beef with a
lower fat content due to the perception of healthiness [28]. Specific objectives can focus on
visual attention and food choice [29].

When observing a stimulus, the consumer’s eye movements can be measured with
eye-tracking equipment, which allows accurate recording of periods and fixation sites.
The literature suggests that consumers process AOI information with fixations on specific
attributes. Alternations between these fixations, e.g., color and size, are called saccades.
Fixations are the periods of attention given to an area of interest, characterized by periods
of discrete immobility of the eye while the information is visualized and processed before
looking for another AOI. Although it is understood that the view is suppressed during
the saccades, they are useful to reveal elements of the consumer’s visual search, such
as trade-offs and the order seen in the AOI [18,30,31]. In the present study, the AOIs
contemplate information on quality and visual cues based on the color, marbling, breed,
flavor, tenderness, and aroma of beef.

The main parameters of visual attention contemplated in the present study include the
following: (1) time of the first fixation—reflects the time it takes the consumer to process
information of an AOI for the first time. In general, information that is more complex for
the consumer takes longer to be visualized, so the shorter the time for the first fixation,
the greater the ability of information to capture visual attention. (2) The total fixation
time—indicates the total time of fixing on an AOI throughout the stimulus. Long fixations
may indicate that the consumer has difficulty in interpreting the information presented.
(3) The number of fixations in an AOI (number of looks)—refers to the total number of
fixations on a specific attribute or area of interest. The more a consumer fixes on an attribute
of interest, the more importance the consumer places on this, e.g., color [1,32,33].

The information contained in the food itself is an important communication channel
that directs how visual attention and consumer choices will be affected [10,16]. It is
important to understand which elements can effectively capture the consumer’s attention
to explore their behavior and increase the probability of choosing a food [9,13,27]. Thus,
eye tracking is used to measure which stimulus information has the shortest time for the
first fixation, the path taken by the eye, total fixation time, the percentage of areas fixated
on, and the quantity of fixations [16,18,34,35].

Studies focusing on the visual attention of Brazilian consumers have previously
been conducted [16,36,37]; however, they focused on other products than beef. As such,
the current study aims to contribute novel data that can assist private and government
institutions to explore which quality and visual cues are more responsible for the visual
attention of consumers. Using this information, it is possible to design strategies to increase
the probability of choice and gain insights for future research.

2.2. Quality and Visual Cues for Foods

The quality of a product may have an impact on the food choice process, but only if it
is perceived [38]. The visualization of quality cues is necessary for understanding and used
at the time of choosing a food product since the first sensory contact of the consumer with
food is through the eyes [39]. Thus, before food is effectively chosen by the consumer, visual
attention is directed to visual cues, which provide information about the characteristics of
food through words, images, symbols, or the appearance of the product [39,40].

Consumers make purchasing decisions based on intrinsic and extrinsic visual cues that
they correlate to specific attributes based on prior experience and credibility [41]. Intrinsic
visual cues are inherent to the food itself and cannot be manipulated without affecting its
physical properties—these include appearance, taste, and texture. Extrinsic visual cues
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are related to the product and include labelling, packaging, marketing information or
situational contexts [42]. Regarding beef, the main intrinsic visual cues reported are cut,
color, fat content, flavor, tenderness, and taste [41–48]. Extrinsic visual cues represent all
the other product characteristics, such as brand, price, packaging, origin, and information
regarding animal production [5,43,49].

Exposure to visual cues can promote variations in consumption, acceptance, visual
attention, and the creation of expectations by the consumer [39], which can have a halo
effect, modifying the perception of flavor and acceptability of food. In this sense, visual
properties are critical for holding visual attention and swaying the choosing of products sold
by their own appearance, and not by the packaging design. According to previous studies,
foods marketed by their own appearance stand out by visual cues of color, texture, and the
perception of flavor stimulated by color [40]. Regarding beef, studies have shown that the
acceptance of beef with information highlighting a dark red color is higher compared to
those with a bright red color (cherry red) [50,51]. Additionally, it was found that intrinsic
and extrinsic visual cues significantly influence consumer emotions, hedonic perception,
and even food purchase intention, and the provision of additional information, such
as names or information on the packaging, can increase the choice and probability of
purchase [52].

From a Brazilian perspective, the main visual cues of beef presented to consumers at
points of sale can be divided into two groups: (a) regulated: mandatory labelling informa-
tion by governmental agencies, such as beef cut name, manufacturer name, expiration date,
etc.; and (b) strategic: explored in the form of claims or seals by private initiatives.

When buying fresh beef in Brazil, consumers can purchase from one of three situations:
meat available in butcher shops and packed according to the consumer’s request, chilled
meat cuts, and vacuum-packed meat [53]. When purchasing from a butchery or as chilled
meat, the consumer has little extrinsic information available about the product—there is a
focus mainly on price and visual cues such as appearance. On the other hand, vacuum-
packed meats are labelled with regulated visual cues for packaged products, namely:
weight, origin, federal inspection seal, product preservation, brand, batch identification,
manufacture date, expiration date, and registration number [54]; and strategic visual cues,
such as breed, premium quality seals, livestock system, and age, among others.

When purchasing cooked beef (in a restaurant), two main options are available: a la
carte dishes prepared with specific beef cuts or all-you-can-eat buffets with various types of
meats and beef cuts [55]. In both cases, consumers are provided with specific information
on price, regulated visual cues, and strategic visual cues, such as animal breed. Usually,
additional information can be obtained from the waiter or even from the appearance and
aroma of the meat.

Visual cues of food are determinants in the food choice process; however, the way
foods are presented to consumers is not standardized. Previous studies on visual attention
attempted to use such data to estimate the amount of consumption, eating behavior, reward
process, stimulation of healthy consumption and reducing obesity, differences in dietary
perceptions between generations, and effect of expanding areas of exposure to increase
sales [39,56–62]. However, few studies have focused on the contribution of visual attention
to the probability of choice [52], and studies focusing on beef are scarce.

2.3. The Relationship Between Eye Tracking and Packaging in Consumer Research

Visual attention plays a crucial role in consumer decision-making processes, partic-
ularly in environments characterized by high information density such as retail shelves.
Eye-tracking technology has emerged as a powerful methodological tool to objectively mea-
sure visual attention and explore how packaging elements influence consumer behavior.
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Research has consistently shown that packaging design elements—such as color,
typography, shape, and visual claims—capture attention and can influence product eval-
uation and purchase intention [63]. Eye-tracking metrics such as time to first fixation,
fixation duration, and number of fixations on areas of interest (AOIs) are commonly used
to evaluate which package attributes attract consumer attention and for how long.

It has been demonstrated that visual saliency and branding elements on packaging
significantly affect gaze patterns and ultimately influence brand choice. Findings indicate
that consumers tend to fixate first and longer on visually salient packages, and that such
visual prominence increases the likelihood of product selection [64]. Likewise, strong
design features on packages have been shown to not only increase attention but also
enhance memory and preference, particularly when integrated into coherent branding
strategies [65].

Moreover, eye-tracking studies have revealed that consumers do not process all avail-
able visual information on packaging but tend to rely on heuristic cues, often guided by
top-down expectations [66]. This behavior underscores the importance of strategically
placing key product attributes—such as sustainability claims or nutritional information—in
visually dominant positions on the package.

In the context of sustainable packaging, eye-tracking techniques have been used
to investigate how eco-labels on food packaging affect consumer attention and choices.
Findings suggest that eco-labels can influence purchasing decisions, but only when they
are visually accessible and aligned with consumer values [67].

Overall, the integration of eye tracking into packaging research enables a nuanced
understanding of the visual mechanisms that drive product perception and choice. These in-
sights are invaluable for marketers and designers aiming to create more effective, attention-
capturing packaging in competitive marketplaces.

3. Materials and Methods

3.1. Research Data

The study was conducted in the city of Piracicaba (SP, Brazil) in December 2020, with
23 participants. The participants were randomly selected from the researchers’ contact
network and through recommendations from other participants. All individuals who
participated in the research reported consuming and buying beef at least once a week.
The study was conducted in person, with a scheduled time to avoid large groups, in an
open space and respecting the World Health Organization (WHO) and local authorities’
protocols to prevent COVID-19 infection. Data collection addressed all the requirements
of Resolution 510/16 of the National Commission for Research Ethics [68] regarding the
protection of research participants and was approved by the Ethics Committee on Research
with Human Beings of ESALQ/USP, the researchers’ institution. In the experimental
space, the participants were given eye-tracking equipment and directed towards an online
questionnaire that aimed to collect socioeconomic and consumer behavior data.

3.2. Visual Attention—Eye Tracking

The study presented consumers with nine hypothetical products to choose from
according to the protocol [8]. Two purchase situations were used for fresh and cooked beef,
as well as a combination of information on visual cues including color, marbling, breed,
tenderness, flavor, and aroma, in order to evaluate whether visual attention interferes with
the probability of consumer choice.

Two different visual stimuli were created to represent hypothetical products to con-
sumers, a vacuum-packed striploin representing fresh beef and a dish with striploin steak
representing cooked beef. The attributes were inserted directly into the images with the

289



Appl. Sci. 2025, 15, 7360

same spacing, font size, and image, mitigating the risks of interference in the readability
of the information. Each product was compared by occupying the right and left positions
to avoid favoring visual field position, and a total of 18 visual stimuli were presented in
each purchasing situation. After visualizing the stimulus, the consumer had to indicate
which product was their choice (“product on the right”, “product on the left”, or “none of
the products”).

All visual stimuli were presented to participants on Microsoft® PowerPoint® with
standard slide (4:3) maximized and used eye-tracking equipment (Tobii T120, Edge Eye,
Stockholm, Sweden) with an integrated monitor, on a 17” screen with a resolution of
1280 × 935 pixels and full-screen adjustment. Before starting the presentation of the
images to consumers, the equipment was calibrated for each participant, considering
equipment distance and height, to ensure better capture of the field of vision. Calibration
was performed according to the manufacturer’s recommendations.

The images were displayed in sequence and the transition time was 10 s. Amongst
the transitions, there was a black background image, with the aim of “cleaning the image”
and preparing the consumer for comparison with the following products. Before being
presented to consumers, the areas of interest for capturing visual attention in the images
were marked around the quality cues studied, with the geometric shape of identical areas
for all attributes, according to Figure 1.

 
(a) 

 

(b) 

Figure 1. Areas of interest demarcated: (a) cooked beef; (b) fresh beef.

Eye tracking metrics used were the tree [18]:

• Time to First Fixation: This refers to the elapsed time until the user’s gaze first fixates
on a specific area of interest. A shorter time indicates that the visual characteristics of
the area are more effective in capturing attention. This metric is particularly valuable
when analyzing attention to a specific target [1].

• Fixation Duration: This metric captures the total time and average location of a
sequence of fixations within a designated area of interest. It may include multiple
fixations and short saccades between them. The fixation sequence is considered
complete when the gaze moves outside the area of interest [1].

• Number of Fixations (Visits) on an Area of Interest: A higher number of fixations
suggests that the area holds greater significance for the viewer. This measure is closely
related to fixation duration and helps assess the total number of fixations in tasks of
varying lengths. The number of times an element is fixated on reflects its perceived
importance [69,70].

A total of 414 observations were collected from the 23 participating consumers (23 par-
ticipants × 18 questions = 414 observations) for each situation. These data were initially
used as variables of a Logit regression model, making it possible to find their effects on the
choice of the visualized product.
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3.3. Data Analysis—Logit Model

Logistic or logit regression is used as a nonlinear model designed specifically for binary
dependent variables [8]. This regression allows the estimation of the probability associated
with the occurrence of a given event, considering a set of explanatory variables [71]; this
type of analysis also aims to understand the differences between groups and to estimate the
probability that an individual belongs to a particular category, based on a set of explanatory
variables [72].

Two logit models were estimated, one for fresh meat and another for cooked meat.
The explanatory variables of each model, as well as the details of the logistic equations, are
presented in Appendix A. The data related to the variables of the two models (fresh and
cooked beef) were considered significant when p < 0.05. The analyzes of the models were
based on the evaluation of the marginal effect provided by the coefficients of the explanatory
variables on the dependent variable. Other models were estimated considering the presence
of other variables, using a stepwise method and with the aid of the lowest value for the
Akaike Information Criterion (AIC), and the most robust model (best statistical adjustment)
was defined for each stage. The lower the AIC, the better the fit of the model [73,74]. A way
to evaluate the adjustment of logistic regression to data is to use Pseudo R-Squared. They
play a similar role to R2 in linear regression, by representing the proportion of variation
that occurred in the dependent variable that is explained by the model [74]. These values
can also be used to compare the performance of competing models, between two equally
valid logistic equations. For this, the one with the highest Pseudo-R2 should be chosen.

4. Results

4.1. Participant’s Profile

The participant’s profile was obtained by data collection via online surveys (Table 1).

Table 1. Socioeconomic profile of participants.

Information Description % N

Frequency of weekly consumption
Once a week 13% 3

2 or 3 times a week 61% 14
4 or 7 times a week 26% 6

Frequency of month purchase

Once a month 9% 2
2 or 3 times a month 52% 12
4 or 5 times a month 22% 5

6 or more times a month 17% 4

Gender
Male 57% 13

Female 43% 10

Age range (years) 18–30 74% 17
31–40 26% 6

Education
High School completed 13% 3
University completed 57% 13

Postgraduate 30% 7

Average income (month)
USD 200.00–600.00 61% 14
USD 601.00–1000.00 26% 6
USD 1001.00–3000.00 13% 3

Location
São Paulo 96% 22

Others 4% 1

The most prominent participants included men aged 24 to 30 years, with a college
degree, a minimum frequency of purchase of 2 times a month, weekly consumption of beef
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2 to 3 times per week, living in the state of São Paulo, Brazil, and a salary ranging from
USD 200.00–600.00, which corresponded to approximately 22% of the research participants.

4.2. Visual Attention—Fresh Beef

The results obtained from the Logit model for fresh and cooked beef are presented
in Tables 2 and 3, respectively. When comparing the predicted values obtained with the
estimated models for fresh beef to the observed values of the sample, an accuracy index of
95.19% was obtained, which is considered a good fit [75].

Table 2. Estimates of Logit model coefficients for fresh beef and respective values of marginal effects.

Variables Coefficients
Standard
Deviation

p-Value MgE #

Intercepto 17.359 4.2607 0.0000 *** -

FRESH.PRICE 0.0952 0.0370 0.0101 ** 0.0318

CBROWNCO −3.4719 1.1442 0.0024 *** −0.1116

FRESH.FBRIGHTCO −0.5713 0.2405 0.0175 ** −0.0050

FRESH.FBROWNCO −0.7133 0.3780 0.0592 * −0.0062

FRESH.TDARKCO 3.7014 1.9604 0.0590 * 0.0325

FRESH.TNELLOREB −3.3003 1.6080 0.0401 ** −0.0289

FRESH.TWITHOUTB 13.2524 4.4611 0.0029 *** 0.1163

FRESH.TBROWNCO −2.8524 1.3094 0.0293 ** −0.0250

FRESH.VDARKCO −1.7553 0.6874 0.0106 ** −0.0154

FRESH.VSMALLMAR −2.4407 0.7195 0.0007 *** −0.0214

FRESH.VMODERATEMAR −0.9295 0.41418 0.0248 ** −0.0081

FRESH.VABUNDANTMAR −1.6202 0.4790 0.0007 *** −0.0142

FRESH.VPRICE380 −1.1141 0.5596 0.0465 ** −0.0097

FRESH.VWITHOUTB −5.4550 1.5222 0.0004 *** −0.0479

FRESHQCONS_C 5.3391 2.0705 0.0099 *** 0.0265

FRESHQPURCHASE_D −7.3969 2.0462 0.0004 *** −0.7977

MED_COMP −1.4765 0.5006 0.0031 *** −0.0129

n 229

AIC 92.213

Mc Fadden (Pseudo-R2) 0.74

Cox–Snell (Pseudo-R2) 0.51

NagelKerke (Pseudo-R2) 0.83
# MgE: marginal effect; * p value < 0.10; ** p value < 0.05; *** p value < 0.01.

Appendix B describes the guidelines that were given to consumers regarding breed,
color, and marbling. For the item color and marbling, photos were provided with guidelines.

First Fixation (Table 2)

Considering the first fixation, two visual cues related to color were significant:
FRE.FBRIGHTCO and FRE.FBROWNCO. In this study, visual cues for fresh beef including
color, breed, marbling, and price were considered; however, the information about color
was the only one found to be significant for first fixation. Consumers who first fixated
on color information had a 0.50% lower purchase probability after looking at visual cue
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information on FRE.FBRIGHTCO and 0.62% lower probability after looking at visual cue
information on FRE.FBROWNCO.

Table 3. Estimates of Logit model coefficients for cooked beef and respective values of marginal effects.

Variables Coefficients
Standard
Deviation

p-Value MgE #

Intercepto 1.14007 1.62154 0.4820 ND -

COOK.PRICE 0.16837 0.06606 0.0108 ** 0.0050

COO.TOUGHMC −2.21684 0.86441 0.0103 ** −0.1660

COO.FTOUGH −0.88719 0.20065 0.0000 *** −0.0266

COO.FWEAKFLAVOUR −0.36660 0.15630 0.0190 ** −0.0110

COO.VPRICE580 −0.99133 0.32722 0.0024 *** −0.0297

COO.VPRICE900 −2.28778 0.65485 0.0005 *** −0.0686

COO.VINTENSEFLAVOUR −0.61987 0.29383 0.03489 ** −0.0186

COO.FREQCONSU_B 2.09243 0.84142 0.0128 ** 0.0867

COO.FREQPURCHASE_D −1.74068 0.87018 0.0454 ** −0.0944

N 226

AIC 85.109

Mc Fadden (Pseudo-R2) 0.68

Cox–Snell (Pseudo-R2) 0.46

NagelKerke (Pseudo-R2) 0.77
# MgE: marginal effect; ** p value < 0.05; *** p value < 0.01; ND: not significant (p value > 0.10).

Total Fixation (Table 2)

Considering the total time (seconds) that participants fixated on specific attributes,
visual cues including color and breed were significant: FRE.TDARKCO, FRE.TBROWNCO,
FRE.TNELLOREB, and FRE.TWITHOUTB. The information on visual cues FRE.TDARKCO
and FRE.TWITHOUTB increased the probability of choice by ~3% and ~12%, respectively.
However, FRE.TNELLOREB and FRE.TBROWNCO reduced the probability of choice by
~3% and ~2.5%, respectively. Fixation on color, before the presentation of the products in
the equipment, was studied; consumers were asked to visualize a color pattern, guided by
the authors.

Total Number of Fixations (Table 2)

Considering the number of times that each participant fixated on an AOI (visit), color,
marbling, price, and breed were significant, namely FRE.VDARKCO, FRE.VSMALLMAR,
FRE.VMODERATEMAR, FRE.VABUNDANTMAR, FRE.VPRICE380, and FRE.VWITHOUTB.

4.3. Visual Attention—Cooked Beef

Table 3 presents the results of the final Logit model estimated for cooked beef. Re-
garding the predicted values obtained with the estimated model for cooked beef, when
comparing them with the observed values of the sample, an accuracy index of ~96.7%
concordance was established, which indicates a good fit of the data [75].

First Fixation (Table 3)

Considering the first fixation, tenderness and flavor were significant: COO.FTOUGH
and COO.FWEAKFLAVOUR. Consumers who first fixated on tenderness information re-
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duced the purchase probability by 2.6% by looking at visual cue information COO.FTOUGH
and by 1.1% after looking at visual cue information COO.FWEAKFLAVOUR.

Total Fixation (Table 3)

The best-fitting model did not present any significant variables related to “total fixa-
tion” metrics for explaining the choice of cooked meat.

Total Number of Fixations (Table 3)

Considering the number of times that individuals visited an AOI, the informa-
tion regarding price and taste was significant: COO.VPRICE580, COO.VPRICE900, and
COO.VINTENSEFLAVOUR. Only two levels of price and one level of flavor had a high
frequency of visits.

Regarding COO.VPRICE580 and COO.VPRICE900, each time the consumer revisited
the AOI, there was a reduction in the probability of choice by 2.97% and 6.86%, respectively.
To a lesser extent, on the COO.VINTENSEFLAVOUR: each time the consumer revisited the
AOI, there was a reduction in the probability of choice by 1.86%.

5. Discussion

Knowledge about the socio-economic profile of participants is very important in
research such as this. For this, firstly, the possible participants were indicated by people
that knew what the focus would be. Then, these participants were randomly chosen,
resulting in a total of 23 individuals. The indications were to better select a priori the
education of the participants, having, at least, graduated from high school. Almost half
belong to the same gender, with 57% being male and 43% being female (Table 1). Differences
were found among gender about specific preferences and attitudes towards meat color; for
instance, female participants more commonly held skeptical attitudes towards red meat
and meat-eating [76].

Parameters such as frequency of consumption and average income are very important
to measure, mainly given that beef is an expensive component of a meal. The consumer
is motivated by both internal and external influences, at the time of purchase, and the
external part is determined by social class, culture, family, and the groups that they are
included [77]. In this study, beef was typically consumed by the participants two or three
times a week (61%), and at least once a week (Table 1).

Visual attention was measured both in fresh and cooked beef. First, observations
regarding the fresh meat will be discussed, as the results of both were analyzed separately.
For fresh beef, as mentioned above, the accuracy index was very representative with 95.19%,
comparing predicted values with the estimated models.

The results of the first fixation, the aspect that the participants first pay attention to,
were significant, regarding fresh beef, for the FRE.FBRIGHTCO and FRE.FBROWNCO,
stimulus of beef with bright red color and brown color, respectively. This was the parameter
that they perceived more compared to breed, marbling, and price. This was corroborated
with other studies [39,40]. These results indicate that, for the sample of consumers studied,
the color of fresh beef is the visual cue that attracts their visual attention of during the
first fixation.

Changes between the bright red color (oxymyoglobin) and brown color (metmyo-
globin) of fresh beef can be considered as “extreme” changes [78]. Brazilian consumers
typically find dark-colored beef (deoxymyoglobin) at the point of sale [79]. It is suggested
that the first fixation is concentrated on the color. This can be due to the difference from
what is typically expected, which can cause distrust [9]. Alternatively, a possible justifi-
cation for why other quality cues were not significant when first fixating may be the lack
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of understanding of the consumer about those parameters or not being able to determine
other attributes for the beef choice [13].

Regarding the time to first fixation, which is the first stimulus displayed, the color was
the main parameter that was associated with it, as discussed above. However, regarding
the total fixation, which is the duration of all fixations within an AOI, or within all AOIs
belonging to an AOI group [80], it was indicated that the respondents focused significantly
on color and breed attributes (FRE.TDARKCO, FRE.TBROWNCO, FRE.TNELLOREB, and
FRE.TWITHOUTB), regarding fresh beef. The dark red color and any breed information
increased the purchase chance while the information regarding brown color and Nellore
breed reduced it.

Regarding FRE.TDARKCO, the increased purchase probability as a consequence of
visual attention increase may be motivated by the consumer’s familiarity with that informa-
tion [10,81]. For FRE.TBROWNCO, the reduction in the probability of choice may be due to
doubts in the interpretation of this information, because it is known that the color of beef
can change according to the type of packaging—typically, vacuum-packed beef is brown in
color [82,83]. In addition, microbiological, physicochemical, or temperature changes may
also give beef a brown color [84,85]. Thus, it can be posited that the consumer’s preference
may be influenced by their knowledge about color variations in beef, but also due to their
concerns with quality, which can be correct.

The increase in the probability of choice when viewing the information on FRE.TWITHOUTB
(total time of fixation in the AOI related to the stimulus of beef without any breed infor-
mation) may indicate that the consumers participating understand that less information
about beef is more attractive and facilitates their choice; thus, visual cues of the beef itself
can be a sufficient source of information, as reported by [40,86]. There was a reduction
in the probability of sale caused by the information on FRE.TNELLOREB, which may be
due to previous negative experiences associated with beef from the Nellore breed, lack of
knowledge about the contribution of the breed to the quality of beef, or even the habit to
consume beef without the identification of the breed [41,87,88].

It is also possible that some consumers have preferences for specific breeds, such as
Angus (Bos taurus taurus) than Nellore (Bos taurus indicus), as it has been proven by many
authors [89,90] that they present more tender meat. Meat from Bos indicus crossbred cattle
is less tender than meat from Bos taurus cattle, regardless of marbling score [91]. This can
lead to decreased acceptance of Nellore meat by consumers, especially since such research
is more feasible today. Moreover, advertising for the Brazilian Angus, the main Bos taurus
breed in Brazil, uses tenderness as a key selling point.

The correlation found between total fixation time and probability of choice is sim-
ilar to the findings of a study in which an increase in visual attention was found to in-
crease the probability of choice [10]. The total number of fixations, which is the num-
ber of times that each participant fixated on an AOI, with respect to fresh beef and
considering the parameters color, marbling, price, and breed, were FRE.VDARKCO,
FRE.VSMALLMAR, FRE.VMODERATEMAR, FRE.VABUNDANTMAR, FRE.VPRICE380,
and FRE.VWITHOUTB.

Analyzing the information on FRE.VDARKCO, it was observed that the probability
of the consumer choosing beef with this information was reduced by 1.54% each time the
individual revisited fixating on the dark red color. The return of the consumer to the same
visual cue indicates importance, doubt, or difficulty in understanding the attribute [18,32].
Additionally, the understanding of information can be facilitated or hindered according to
the level of consumer involvement with beef [2,88]. Participants’ level of involvement with
fresh and cooked beef was not measured.
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The information on the visual cues FRE.VSMALLMAR, FRE.VMODERATEMAR, and
FRE.VABUNDANTMAR reduced consumer choice by 2%, 0.8%, and 1.4% at each return
fixation, respectively. This study indicated that all levels of marbling were important, and
they reduced the probability of purchase. These results differ partially from the findings
of [92], who identified a higher preference for beef with lower fat content, and in this case,
lower marbling lead to more rejection. These authors found that beef variation in fat content
can produce different patterns in terms of visual attention and product choice; the present
study found the same pattern for all levels of marbling. The differences found may be due
to different cultural habits since the study [87] was conducted with Portuguese consumers.
It is important to consider the level of knowledge about the contribution of marbling
to flavor, succulence, and tenderness of beef [92]. Consumers who make health-based
food choices are more likely to seek information that helps them assess the healthiness
of products but may encounter difficulties related to knowledge and quality cues of the
product [93,94].

Regarding FRE.VPRICE380, the high number of visits indicates the importance of this
visual cue for consumers, which may represent a reduction in the probability of choice
due to mistrust and difficulty in identifying trade-offs. In Brazil, one kg of beef typically
costs more than USD 3.80. When consumers find cheaper prices, they tend to distrust
the establishment or the characteristics of the product; this is reflected in the reduction in
the probability of purchase by 0.97% each time the individual fixates on the price. These
results agree with the study [8], who also identified a reduction in the probability of choice
for beef with lower prices. Additionally, consumers make decisions based on a variety of
quality and visual cues. For beef, a range of products are available, and consumers need to
evaluate both regulated and strategic visual cues before deciding which confers greater
complexity [27].

Regarding breed, some consumers may understand that the presence of information
about the breed can help them distinguish between beef quality. Regarding the information
on FRE.VWITHOUTB, the high number of visits to this attribute may indicate distrust
or lack of understanding of differences between breeds, as there was a reduction in the
probability of choice by 4.79% for each fixation, or that the breed has no influence on their
decision. This can be attributed to the fact that in Brazil, the purchase of the meat often
occurs directly in the butcher shops that offer a variety of cuts fresh or cooked, without the
label, and some information about breed, gender, age, and others.

The dark color of beef, without breed information, showed different behaviors between
the metrics. When evaluated for total fixation, they increased the probability of choice;
however, when evaluated considering the number of fixations (visits), the probability of
choice was reduced.

For both the total fixation time and the number of visits, greater visual attention
reduced the probability of choice for all visual cue information. One hypothesis may be that
beef consumers are more sensitive to information about visual cues, leading them to reject
beef, than they are to information that is of interest. It is likely that the lack of familiarity
with the information presented to consumers may justify difficulty in interpreting the
information, resulting in a preference for not buying beef with unavailable information.

Considering the first fixation about cooked beef, only tenderness and flavor were
significant: COO.FTOUGH and COO.FWEAKFLAVOUR. The participants contemplated
visual cues including flavor, aroma, tenderness, and price. The most significant for first
fixation was ‘weak flavor’ and ‘tough beef’. First fixation on these attributes suggests
that consumers looking for cooked beef primarily considered information on taste and
tenderness. Those with weak flavor and tough beef reduced the purchase probability
by 2.6% and 1%, respectively, as this is negative information. The findings agree with

296



Appl. Sci. 2025, 15, 7360

research [8] that evaluated the same visual cues through online research in cooked beef and
identified which ones could increase the probability of choice. These authors found that
there is a significant reduction in the probability of choice when the product has weak flavor
and a tough consistency. It included negative information on the product description; this
is not likely to occur in a real purchase situation, but we found it important to highlight that
visual cues that refer to undesirable characteristics should be the target of future studies.

For the metric referring to time of the first fixation, the visual cues that were most
significant were tough meat and weak flavor, again demonstrating that, contrary to the be-
haviors identified for fresh beef, consumers of cooked beef are more interested in avoiding
meat beef with negative information about attributes. These results are in accordance with
other research [8]. A possible explanation for this may be the repeated experiences of beef
consumption with these negative characteristics.

Regarding cooked beef, the number of times that individuals visited an AOI was
analyzed, and it was found to be significant for price and taste: COO.VPRICE580,
COO.VPRICE900, and COO.VINTENSEFLAVOUR. Prices of USD 5.80 (COO.VPRICE580)
and USD 9.00 (COO.VPRICE900) reduced the probability of choice by 2.97% and 6.86%,
respectively. The participants were more resistant to choosing more expensive beef. A de-
crease in the probability of purchase for beef with a price of USD 9.00/kg was also found [8].

Considering COO.VINTENSEFLAVOUR, the high number of returns to this informa-
tion may indicate consumer preference. It was observed that the probability of the consumer
choosing beef reduces by 1.86% each time they revisit the AOI related to intense flavor.

Unlike fresh beef, metrics referring to the number of return fixations of cooked beef
were composed of information about attributes that generate difficulty in understanding
or differentiation (i.e., breed). For cooked beef, the total time of fixation on AOIs was not
significant, so they were not included in the model. A possible justification for this may
be the greater understanding and familiarity of consumers with visual qualities of cooked
beef compared to fresh beef [9,10]. Interestingly, cooked beef is usually presented with
little information available, so the increase in information in the study may have caused
confusion and difficulty, because they are desirable quality cues, but not normally reported.

6. Conclusions

Visual attention is the process by which consumers use visual attributes to determine
if they are interested in a product. These may be attributes that consumers know, and
these can either increase or reduce the probability of choice. Attributes regarding color and
breed maintained more attention among the consumers than the others, specifically, dark
color and any information about the breed. The other visual attributes studied reduced the
probability of consumers making a choice, which may be an indication that the participants
of this study focused visual attention on the information that they reject as the brown
color; it was also proved that the consumers would like to have more information, such
as breed, and that this can be more representative of the purchasing decisions of Brazilian
consumers.

Information on marbling and different breeds should be highlighted if it is clear to the
consumer what the benefit of these attributes is for the final product. It may therefore be
beneficial to include this information as explanatory texts on the packaging. Legislation on
strategic visual cues can be implemented, so mandatory additional information should be
placed on the packaging, or standardization of specific information should be enforced to
highlight relevant health attributes.

This study contributes to a better understanding of how visual attention influences
consumer decision-making in the context of beef purchases, integrating eye-tracking tech-
nology with experimental design to capture non-conscious responses. By identifying which
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visual cues—such as color, marbling, breed, price, tenderness, and flavor—drive atten-
tion and affect choice probability, the findings confirm that visual information is a key
determinant in food selection, particularly in fresh and cooked meat contexts.

These insights have practical implications for product packaging design, retail market-
ing strategies, and food labeling practices. For instance, the prominence of color in driving
attention toward fresh beef suggests that enhancing the visual appeal of product displays
can increase purchase likelihood. In the case of cooked beef, the findings emphasize the
relevance of flavor and tenderness cues, which can be strategically highlighted in visual
communication and promotional materials.

For future research and applications, these findings support the expansion of eye-
tracking methods to other food categories and retail environments. Moreover, they en-
courage the integration of psychological metrics and biometric tools in market analysis,
allowing a more comprehensive and precise approach to understanding consumer behavior
and optimizing visual merchandising.

Author Contributions: All authors contributed to the study’s conception and design. B.A.M., E.E.S.
and C.J.C.C. conceived the study. All authors acquired and interpreted the data. C.N.A. drafted
the manuscript. L.M.d.L. performed the analyses and interpretation of data and statistical analyses.
B.A.M. wrote the original draft and reviewed and edited the manuscript. C.N.A., E.E.S., C.J.C.C.
and L.M.d.L. performed critical manuscript revisions. E.E.S. and C.J.C.C. supervised the study. All
authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by grant 2017/26667-2, São Paulo Research Foundation (FAPESP).

Institutional Review Board Statement: All procedures and protocols used in this study complied
with the Institutional Animal Care and Use Committee Guidelines (protocol 2019/22, 11 December
2020) and were approved by the committees of the Luiz de Queiroz College of Agriculture at the
University of São Paulo.

Informed Consent Statement: All participants in the tests provided informed consent, in accordance
with the form approved by the ethics committee, under CAAE number 39155320.5.0000.5395.

Data Availability Statement: The original contributions presented in this study are included in the
article. Further inquiries can be directed to the corresponding author.

Conflicts of Interest: Author Bruna Alves Malheiros was employed by the company Symrise. Author
Carolina Naves Aroeira was employed by the company AgroProx. Author Lilian Maluf de Lima was
employed by the company Pecege Institute. The remaining authors declare that the research was
conducted in the absence of any commercial or financial relationships that could be construed as a
potential conflict of interest.

Appendix A

Detailed description of the models for fresh and cooked meat, according to the ex-
planatory variables.

Thus, for the fresh beef model:

Y = β0 + β1X1 + β2X2 + . . . + β17X17 + ut

Y is the binary variable where Y = 1 characterizes the consumer who chose the product
(right or left) of the stimulus visualized in fresh beef; Y = 0 characterizes the consumer who
chose neither the product on the right nor the product on the left of the slide; β0, β1, β2, ...β17

are the parameters of the model to be estimated (coefficients) and it refers to the term of
stochastic error. The values assumed by X are described below:

X1 = “FRESH.PRICE”, price that the participant would be willing to pay for the beef
visualized in the stimulus, assuming values of USD 3.80, USD 5.80, and USD 9.00;
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X2 = “FRESH.BROWNCO”, brown-colored beef, assuming value 1 when the beef
visualized by the participant has a brown color and value 0 when the beef has dark red or
bright red color;

X3 = “FRESH.FBRIGHTCO”, total time (seconds) of the first fixation in the AOI,
related to the stimulus of beef with bright red color;

X4 = “FRESH.FBROWNCO”, total time (seconds) of the first fixation in the AOI related
to the stimulus of the beef with brown color;

X5 = “FRESH.TDARKCO”, total time (seconds) of fixation in the AOI related to the
stimulus of beef with dark red color;

X6 = “FRESH.TNELLOREB”, total time (seconds) of fixation in the AOI related to the
stimulus of beef from animals of the Nellore breed;

X7 = “FRESH.TWITHOUTB”, total time (seconds) of fixation in the AOI related to the
stimulus of beef without any breed information;

X8 = “FRESH.TBROWNCO”, total time (seconds) of fixation in the AOI related to the
stimulus of beef with brown color;

X9 = “FRESH.VDARKCO”, number of times that the individual fixates on the AOI
related to the stimulus of beef with dark red color;

X10 = “FRESH.VSMALLMAR”, number of times that the individual looks at the AOI
related to the stimulus of beef with small marbling;

X11 = “FRESH.VMODERATEMAR”, number of times that the individual looks at the
AOI related to the stimulus of beef with moderate marbling;

X12 = “FRESH.VABUNDANTMAR”, number of times that the individual looks at the
AOI related to the stimulus of beef with abundant marbling;

X13 = “FRESH.VPRICE380”, number of times that the individual looks at the AOI
related to the stimulus of beef price of USD 3.80;

X14 = “FRESH.VWITHOUTB”, number of times that the individual looks at the AOI
related to the stimulus of beef without breed information;

X15 = “FREQCONS_C”, frequency of beef consumption in the week, assuming value
1 when consumption is 4 to 5 times a week and value 0 when otherwise;

X16 = “FREQPURCHASE_D”, frequency of purchase of beef in the month, assum-
ing value 1 when the frequency of purchase is 6 or more times per month and value 0
when otherwise;

X17 = “MED_COMP”, average of the scores assigned by the participants during
the product choice experiment. These scores1 refer to information on comparisons of
knowledge of the general population with the interviewed consumer.

For the cooked beef model, the values assumed by X are described below:
X1 = “COOK.PRICE”, price that the consumer would be willing to pay for the beef

visualized in the stimulus, considering values of USD 3.80, USD 5.80, and USD 9.00;
X2 = “COOK.FREQCONS_B”, frequency of beef consumption in the week, assuming

value 1 when consumption is 2 to 3 times a week and value 0 when otherwise;
X3 = “COOK.FREQPURCHASE_D”, frequency of buying beef in the month, assuming

value 1 when the purchase is 6 or more times per month and value 0 when otherwise;
X4 = “COOK.TOUGHMC”, tough beef, assuming value 1 when the beef visualized by

the consumer is tough and value 0 when otherwise (tender or very tender beef)
X5 = “COOK.FTOUGH”, total time (seconds) of the first fixation in the AOI related to

the stimulus of tough beef;
X6 = “COOK.FWEAKFLAVOUR”, total time (seconds) of the first fixation in the AOI

related to the stimulus of beef with weak flavor;
X7 = “COOK.VPRICE580”, number of times that the individual visits the product and

fixates on the AOI related to the stimulus of beef price of USD 5.80;
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X8 = “COOK.VPRICE900”, number of times that the individual visits the product and
fixates on the AOI related to the stimulus of beef price of USD 9.00;

X9 = “COOK.VINTENSEFLAVOUR”, number of times that the individual visits the
product and fixates on the AOI related to the stimulus of beef with intense flavor.

Appendix B

BREED

A group of animals that share similar physical and genetic characteristics.

Non-Breed Nellore Breed Angus Breed

Undefined origin Originating from India Originating from Scotland

Undefined hardiness It is the hardiest breed It is a less hardy breed

Undefined heat tolerance Breed with high heat tolerance Breed with low heat tolerance

Represents 10% of the total cattle
herd in Brazil

Represents 80% of the total cattle
herd in Brazil.

Represents 10% of the total cattle
herd in Brazil.

COLOR

It can be observed on the surface of the meat.

Bright red                   Brown                      Dark red        

 

MARBLING

It refers to the intramuscular fat within the meat.

    Low marbling            High marbling             Moderate marbling    
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