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Abstract 

Cognitive load is a critical factor that influences learning and performance. In recent years, eye-
tracking technologies have emerged as a promising method for detecting and measuring cognitive 
load in real-time during learning activities. This paper presents a comprehensive review of the state-
of-the-art machine learning (ML) and deep learning (DL) methods utilizing eye-tracking technology 
for cognitive load assessment. We systematically selected and analyzed 27 studies using the PRISMA 
protocol, focusing on the methodologies, data, and tasks employed. The reviewed studies leverage a 
variety of eye-tracking features, such as pupil size, fixations, saccades, blink rate, and eye gaze, to 
classify cognitive load. Key contributions of this review include identifying specific eye movement 
patterns associated with cognitive load and exploring multimodal approaches that combine eye-
tracking data with other physiological measures to enhance model accuracy and generalizability. By 
tracking changes in eye movements, researchers can gain insights into the cognitive processes 
underlying learning activities and identify strategies for improving instructional designs. ML and DL 
models have become increasingly popular for cognitive load classification based on eye-tracking 
metrics. These algorithms are capable of learning complex patterns in data and identifying subtle 
changes in eye movements that are indicative of changes in cognitive load. Therefore, this review 
focuses on how ML/DL models are used to study cognitive processes using eye-tracking technology, 
along with relevant variables. The review involved an extensive examination of electronic 
repositories and a thorough exploration of references from papers that met the inclusion criteria. 
After removing duplicates and irrelevant papers, the analysis focused on journal articles that 
presented well-executed studies involving eye-tracking and physiological signals. Specifically, the 
studies needed to analyze healthy individuals both at rest and during cognitive load. Eye-tracking 
offers a rich source of data, including fixations, pupil size, saccades, blinks, and eye-gaze, which can 
provide valuable insights into attentional processes during cognitive tasks. Several studies focus on 
the use of DL algorithms for automated detection and classification of cognitive load levels using eye-
tracking features. While the potential of Artificial Neural Networks (ANNs) and Convolutional 
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Neural Networks (CNNs) in accurately classifying cognitive load levels is emphasized, it is crucial to 
acknowledge their limitations. These models heavily rely on the quality and quantity of training data, 
as well as the generalizability of the learned patterns to different populations and learning contexts. 
We discuss the challenges posed by these gaps and emphasize the need for privacy-preserving 
technologies and robust legal frameworks to protect individuals' privacy as the adoption of eye-
tracking technology grows. Additionally, the interpretability of DL models poses challenges, as their 
decision-making processes are often perceived as black boxes. Thus, it is important for future research 
to address these limitations and develop more robust and interpretable ML/DL models for cognitive 
load classification. It is worth noting that eye-tracking data are subject to potential bias as the related 
experiments are often conducted under controlled conditions with a small number of participants. 
Although eye-tracking technology has been the primary focus of analysis in many studies, 
researchers are increasingly exploring the benefits of combining eye-tracking data with other 
physiological signals. By integrating eye-tracking data with other physiological signals, effective 
classification models can be established to enhance the understanding of human cognitive processes. 
However, further research is needed to understand the generalizability and effectiveness of these 
approaches in different contexts and larger datasets. 

Keywords: eye-tracking; deep learning; machine learning; cognitive load; artificial intelligence 

1. Introduction 

Cognitive Load Theory (CLT) is a well-established instructional framework that aims to 
understand and manage the limited capacity of a learner’s working memory during the learning 
process. CLT specifically addresses the short-term memory load imposed by learning tasks and how 
it affects learners' ability to process and retain information effectively [1]. The primary objective of 
CLT is to develop instructional methods that minimize unnecessary cognitive load and optimize the 
use of learners' working memory, thereby enhancing their ability to process and learn new 
information [2]. CLT suggests that working memory has a limited capacity, which can be easily 
overwhelmed if too much information is presented simultaneously or if the information is not 
structured in a way that aligns with the learner's cognitive processes. This limitation is a fundamental 
characteristic of working memory [3], meaning that learners can only handle a finite amount of 
information at any given time. Therefore, instructional designers must carefully consider the 
cognitive demands of a task or activity to ensure that it does not exceed the learners' working memory 
capacity. To achieve this, CLT emphasizes the importance of designing instructional materials and 
activities that account for the constraints of working memory. This involves breaking down complex 
information into manageable chunks, using clear and concise instructions, and providing supportive 
scaffolding to help learners process new information efficiently. Effective instructional design, guided 
by CLT principles, aims to reduce extraneous cognitive load (unnecessary mental effort unrelated to 
the learning task) and enhance germane cognitive load (mental effort directly related to the learning 
process). For instance, CLT suggests using multimedia learning principles, such as the split-aĴention 
effect and the modality effect, to design instructional content that leverages both visual and auditory 
channels of working memory. By doing so, learners can process information more effectively, as these 
strategies help distribute cognitive load across different sensory modalities.  

The use of simulation environments has proven to be highly beneficial in various fields such as 
psychology [4], neuroscience [5], and education [6], as it allows researchers to learn knowledge and 
skills in a safe environment, without any risk to themselves or others. Moreover, simulation 
environments enable researchers to collect and analyse data, providing insights that may be difficult 
to obtain through conventional methods [7]. In addition, simulation environments offer several 
advantages over traditional research methods, such as providing the opportunity to re-create 
complex scenarios that are hard to reproduce in real life [8], e.g. training novice fire-fighters during 
real bushfire situations. They can also facilitate the evaluation of different variables and conditions 
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[9], allowing researchers to examine the effects of specific variables on human behaviours and 
performance. Simulation tasks often involve replicating real-world situations in controlled 
environments, enabling researchers to manipulate and measure cognitive demands. A common 
simulation task used to assess cognitive load is the N-back task [10]. This task requires participants 
to monitor a sequence of stimuli and identify the situation when a current stimulus matches the one 
presented in an earlier trial. The task places high demands on working memory, which has been used 
to assess cognitive load in both healthy and clinical populations. Driving simulators are another 
example of a simulation task used to assess cognitive load [11]. These simulators replicate real-world 
driving situations, allowing researchers to manipulate the complexity and difficulty of driving 
scenarios. Measuring the reaction times, decision-making processes, and errors can provide insights 
into cognitive load demands and the effectiveness of the driver’s training programs. The Stroop task 
[12] is a classic cognitive load assessment tool that measures the interference of response time when 
identifying the colour of a word printed in a different colour than the word itself (e.g., the word "red" 
printed in blue). The task requires participants to inhibit their automatic response of reading the word 
and, instead, identify the colour, placing a high demand on cognitive control processes. Puzzles, 
video games, and virtual reality game-based environments are additional examples of simulation 
tasks that can be used to assess cognitive load. These tasks can be designed to present different levels 
of difficulty and complexity, allowing researchers to measure how cognitive load changes with task 
demands.  

The assessment of cognitive load in psychology often involves subjective measurements such as 
questionnaires [13], as well as objective measures like physiological measures [14]. Questionnaires 
are a common tool used to gather participants' subjective experiences pertaining to cognitive load. 
By asking participants to rate their perceived level of difficulty or effort during a task, researchers can 
gain insights into the mental effort required to complete a designed task [15]. While questionnaires 
can provide valuable information, they are subjected to biases and individual differences in cognitive 
ability [16]. Additionally, self-reported cognitive load via questionnaires can be unreliable due to 
retrospective memory biases [17], affecting the accuracy and validity of the collected data. Moreover, 
participants may fail to accurately assess their own cognitive load, leading to inaccurate responses. 
Objective measures of cognitive load, on the other hand, provide more direct insights into the 
cognitive processes underlying task performance. Physiological measures, such as 
Electroencephalography (EEG) [18], Functional near-infrared spectroscopy (fNIRS) [19] or Functional 
Magnetic Resonance Imaging (fMRI) [20], can provide information on brain activity associated with 
cognitive load. Among these measures, eye-tracking is often considered a superior technique for 
measuring cognitive load over other physiological measures [21]. This is because eye-tracking 
provides direct information on aĴention and cognitive processing, which enables researchers to track 
where a person is looking during a task and identify the areas of the task that require the most 
cognitive resources. This information can be invaluable for understanding how individuals allocate 
their cognitive resources, leading to optimised learning or performance.  

Eye tracking is a comparatively easily accessible option for researchers with limited resources, 
as it is non-invasive, user-friendly, and cost-effective, unlike other physiological measures such as 
EEG or fNIRS. [22,23]. Eye-tracking technology involves tracking and measuring eye movements and 
the focus points of a user's gaze [24]. This technology is becoming essential across various domains. 
In these fields, eye tracking is utilized to study how individuals process information, providing 
insights that other methods might not easily capture. In computer science, eye tracking is particularly 
beneficial for studying user interactions and information processing tasks [25]. The technology 
measures eye movements using an eye-tracking sensor or a standard camera, making it accessible 
and easy to implement. This ease of use allows researchers to collect rich datasets that include various 
eye-tracking metrics such as fixation duration, saccades, and blink rate [26]. These metrics can then 
be analysed for different classification tasks, offering insights into cognitive load [27]. Furthermore, 
eye tracking can be used in practical environments to study cognitive load in naturalistic seĴings, 
providing more ecologically valid data. Eye tracking can provide immediate feedback during a task, 
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enabling researchers to identify areas of high cognitive load and modify the task in real-time. 
Although eye-tracking has limitations in measuring cognitive load as it is exclusively focused on 
visual aĴention and susceptible to individual differences [26,28], it is still a valuable means for 
researchers to study cognitive load in different contexts. Eye-tracking provides information on areas 
of a task that require the most cognitive resources and allows optimized tasks to be designed for 
improving performance or learning outcomes [24,29].  

In the recent decade, the trend of using Machine Learning (ML) and Deep Learning (DL) has 
increased across various domains, including the analysis of eye-tracking data [30]. These advanced 
computational techniques have been employed to predict cognitive load from eye-tracking metrics. 
Machine learning models can be trained to recognize paĴerns in eye movement data that correlate 
with high cognitive load, such as longer fixation durations or increased blink rates [31]. Deep 
learning, particularly neural networks, has shown promise in this area due to its ability to handle 
large and complex datasets, learning hierarchical features from raw eye-tracking data without the 
need for extensive pre-processing [32]. By integrating these machine learning methods, researchers 
can develop more accurate and robust models for predicting cognitive load, leading to beĴer 
understanding and optimization of tasks in various applications [33]. Therefore, in this review article, 
we focus on the intersection of ML/DL algorithms with eye-tracking techniques, specifically applied 
to the study of cognitive load. The articles included in this review were selected using the Preferred 
Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) [34] protocol, ensuring a 
rigorous and systematic approach to the literature selection process. We specifically analyse studies 
that utilize their own eye-tracking datasets, providing a detailed examination of the unique 
contributions and methodologies employed. Notably, there is a lack of reviews that specifically use 
eye-tracking data to analyze cognitive load using ML and DL. The primary aim of this article is to 
thoroughly analyse the application of ML and DL algorithms to eye-tracking data in the context of 
cognitive load. We explore the strengths and limitations of these algorithms, offering a 
comprehensive understanding of their effectiveness. By doing so, we aim to highlight the current 
state of the field and identify areas where improvements are needed. Our review reveals significant 
gaps in the existing literature, particularly in the application of advanced ML and DL techniques to 
cognitive load analysis using eye-tracking data. These gaps suggest opportunities for future research 
and development, which are discussed in subsequent sections. Additionally, this research also covers 
possible future directions for the use of eye-tracking techniques in conjunction with ML and DL. 

This review covers the fundamental concepts of DL and ML pipelines, which are essential for 
the analysis of eye-tracking data. The design and training of existing models for analysing of eye-
tracking data are examined. It is envisaged that this review can help readers to gain a deeper 
understanding of the technical aspects involved in the use of DL and ML models to analyse and assess 
cognitive load. 

The main contributions of this review are three-fold, as follows: 
 Comprehensive coverage of recent research publications (2011-2022) that leverage eye-

tracking data and other physiological measures to classify cognitive load using state-of-the-art DL 
and ML models. 

 A detailed explanation of the fundamental concepts of DL and ML pipelines, including 
the design and training processes of existing DL and ML models for analysing eye-tracking data; 

 Future research and development directions in ML and DL models pertaining to 
cognitive load assessment. 

This article is structured as follows: In Section 2, we detail our literature search strategy, 
outlining our inclusion and exclusion criteria. Section 3 provides a summary of all cognitive load 
studies we have reviewed. In Section 4, we discuss the challenges and implications of our review 
findings. Concluding remarks are presented in Section 5. 

2. Materials and Methods 
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This literature review adopts a rigorous and comprehensive approach in line with the PRISMA 
[34] guidelines. To ensure a systematic and up-to-date literature review, we conduct a detailed search 
for relevant articles using several reputable databases, including IEEExplore, PubMed, Scopus, Web 
of Science and EBSCO. Table 1displays the search terms used in our literature search.  

Table 1. Search strings applied to each subject area. 

Subject area Query terms 

Cognitive load 
"cognitive load" OR "dual task" OR "working memory" OR "mental load" OR 

"mental effort" OR "germane load" OR "intrinsic load" OR "extraneous load" OR 
"extraneous cognitive load" 

Artificial intelligence 
"deep learning" OR "machine learning" OR "artificial intelligence" OR predict* OR 

classif* OR detect* OR quantif* OR recogni* 

Eye-tracking eye* OR gaz* OR fixat* OR saccad* OR pupil* OR ocul* OR "gaze track*" OR "eye 
move*" OR "eye track*" 

We utilise a combination of search terms relevant to the topics of cognitive load, artificial 
intelligence, and eye tracking. By employing a diverse range of search terms, we aim to capture a 
wide range of relevant studies and maximise the comprehensiveness of our literature search. Our 
search terms are carefully selected to ensure that they are as inclusive as possible, while being specific 
enough to yield the most relevant results. We adopt Boolean operators, such as "AND" and "OR" to 
combine our search terms and refine our search results. We use the search keywords in the identified 
electronic databases, and screen the extracted titles and abstracts based on the following inclusion 
and exclusion criteria. 

2.1. Inclusion Criteria 

This review aims to investigate ML and DL models for analysing cognitive tasks using eye-
tracking data. We have chosen to examine literature from the past decade to encompass the most 
recent and impactful research, especially concerning cognitive load assessment using eye-tracking 
technology. Our review spans from January 1, 2011, to January 1, 2023, a crucial timeframe for the 
evolution of ML/DL techniques in eye-tracking studies. During this period, significant progress has 
been made in algorithmic advancements, computational capabilities, and data accessibility, all of 
which are necessary for the accuracy and efficacy of cognitive load measurement models. Focusing 
on the past ten years ensures the inclusion of the latest techniques and validation studies, offering a 
thorough understanding of the current capabilities and constraints of eye-tracking technologies. This 
approach not only reflects the state-of-the-art but also keeps pace with technological advancements, 
ensuring that the review’s findings are relevant and applicable to ongoing and future research in the 
field. To be included in our review, a selected publication must meet the following criteria: 

1- The cognitive tasks analysed are complex and demanding; 
2- The analysis utilises AI-based models; 
3- The AI models undergo training with either eye-tracking data alone or a combination of 

eye-tracking and other physiological data. This approach allows a thorough exploration of the 
capabilities of AI-based models in analysing cognitive tasks and provides insights into the relative 
contributions of different types of physiological data on cognitive load assessment; 

4- The search is limited to peer-reviewed journal papers, excluding conference papers and 
other non-peer-reviewed publications that are deemed less reliable. 

5- Articles published between January 1, 2011 and January 1, 2023 
6- Studies: involving humans in good health and without any detected cognitive 

impairments as participants. 
By focusing on studies that meet the aforementioned criteria, we can gain a deeper 

understanding of how ML and DL models can be leveraged to analyse cognitive tasks and inform the 
development of practical applications related to cognitive load. 

2.2. Exclusion Criteria 
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To determine which articles should be excluded from our review, the following criteria are 
applied: 

1. Articles that lack sufficient details for assessing research quality or are presented solely 
in an abstract form are not considered; 

2. Dissertations, case studies, theses, pre-prints, overviews, and book chapters are excluded; 
3. Studies involving patient populations are not considered; 
4. Studies that rely solely on publicly available cognitive load-related data sets are excluded; 
5. Studies that rely solely on a statistical analysis of cognitive load data are not considered; 
6. Studies conducted on animals are excluded since this review is on human cognitive load 

analysis using AI-based models; 
7. Studies wriĴen in languages other than English are excluded. 
By applying these criteria, we can ensure that the articles included in our analysis meet the 

necessary standards for quality and relevance, thereby enhancing the validity and reliability of our 
findings. 

2.3. Search Results 

Figure 1 presents a flowchart outlines our systematic review procedure, as per the PRISMA 
guidelines [34]. It provides a visual representation of the number of studies identified, screened, and 
included at each stage of our review process. After conducting a thorough search for relevant articles 
in several reputable databases, we use the Rayyan systematic review software [35] to screen the 
resulting titles and abstracts. This software enables us to efficiently and systematically evaluate the 
extracted articles and identify those that conform with our inclusion and exclusion criteria. To ensure 
that the resulting set of articles is free of duplicates, we manually review and exclude any articles 
appearing more than once in our search results. Armed with all included articles from this initial 
screening stage, we further review them in the full-text stage.  

Id
en

tif
ic

at
io

n
Sc

re
en

in
g

In
cl

ud
ed

Records identified from:
IEEE Explore = 751

PubMed = 10
Scopus = 269

 Web of Science = 697
EBSCO = 28

(Total = 1755)

Records Screened.
( n = 194 )

Records excluded due to 
duplicates.
( n = 82 )

Total records considered for 
the review.
( n = 1673 )

Records excluded based on 
irrelevant title or abstract.

( n = 1479 )

Number of included studies.
( n = 27 )

Studies that met the 
exclusion criteria.

( n = 170 )

 

Figure 1. PRISMA [34] flowchart illustrating the process of selecting studies. 
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Following the initial screening process, a total of 82 articles are excluded, owing to duplication. 
An additional 1479 articles are removed after reviewing their abstracts and titles, as they are 
irrelevant to our research question. Further screening is conducted using the inclusion criteria, 
resulting in the removal of an additional 170 articles failing to meet the requirements, namely studies 
on cognitively demanding tasks, use of AI-based models for analysis, and involvement of healthy 
human subjects. After applying the screening processes, a total of 24 articles are identified, which 
meet the established inclusion criteria. These selected articles are thoroughly examined and evaluated 
to gain a deeper understanding of the application of ML and DL-based models for analysing 
cognitive tasks with eye-tracking data, as well as to identify potential areas for future research in this 
field. 

3. Bibliometric Analysis of ML/DL Models on Cognitive Load Classification 

The process of eye-tracking involves extracting features from eye movements and using these 
features to analyse different cognitive states. Figure 2 illustrates this process, which involves 
capturing eye movements using an eye-tracking device, processing the data to extract relevant 
features, and then utilising the features for analysis and classification of different cognitive states.  

 

Eye-tracking 
signals

Feature 
extraction

Statistical 
analysis of 
features

ML/DL-based 
classification of 
cognitive load

 

Figure 2. Process of capturing eye movements, extracting features, and classifying cognitive states using eye-
tracking data. 

This process offers valuable insights into a range of cognitive processes, including aĴention, 
perception, and decision-making. Classifying eye-tracking data involves several stages, including 
feature extraction, statistical analysis, and ML/DL models for categorisation. In the following sections, 
we describe each stage and explain their significance in the classification process of cognitive load. 

3.1. Eye-Tracking Data 

Eye-tracking devices are useful for directly measuring eye movements in response to different 
cognitive tasks [36]. These devices provide valuable information into the working principle of the 
human mind, as eye movements provide an indication of where an individual's aĴention is focused, 
the level of engagement, and the cognitive workload [37,38]. Eye-tracking devices can be categorized 
into two types based on their mobility and proximity to the person being studied: mobile and remote 
devices. Compared with remote devices, mobile devices are typically binocular, which can offer 
greater accuracy. Mobile devices can be used in a variety of seĴings, and are particularly useful for 
studying eye movements during naturalistic activities [39]. Tobii eyeglasses [40] have emerged as a 
popular and widely used eye-tracking device for research purposes. This device requires the 
participants to wear glasses equipped with small cameras to capture eye movements [41]. The glasses 
are designed to be non-intrusive and comfortable to wear, ensuring that participants can engage in 
naturalistic activities without any hindrance [42]. Tobii eyeglasses offer a range of advantages over 
other types of eye-tracking devices. These devices capture information on how individuals process 
information and make decisions [43]. The use of Tobii eyeglasses has become increasingly prevalent 
in a range of research fields, including psychology [44], neuroscience [45], marketing [46], and 
human-computer interaction [47]. Researchers have used these glasses to study a range of cognitive 
processes, such as aĴention, perception, decision-making, and emotion. These glasses have also been 
used to study social interactions and how individuals interact with technology in real-world seĴings 
[48]. In addition to providing direct eye related features, Tobii eyeglasses are designed to capture eye 
movements with minimal noise and distortion, ensuring that the data collected are accurate and 
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reliable [49,50]. This is particularly important in research studies, where data quality can significantly 
impact the validity of results. On the other hand, remote eye-tracking devices do not require any 
contact with individuals, as eye movement measurement are conduct from a distance using a camera. 
Comparing with mobile devices, these devices are typically less accurate, but are more convenient to 
use in a wider range of seĴings [39]. They are particularly convenient for capturing eye movement 
data from large groups of people.  

3.2. Feature Extraction From Eye-Tracking Data 

The first stage in eye tracking classification is feature extraction. These features can provide 
valuable insights into visual aĴention, cognitive load, and other psychological states. For instance, 
fixation-related features such as fixation duration, count, and spatial distribution can reveal how long 
and where a person focuses their gaze. Saccade-related features, including saccade amplitude and 
velocity, offer information about the rapid eye movements between fixations. Pupil diameter changes 
can indicate cognitive and emotional states. Figure 3 illustrates the distribution of studies utilizing 
different eye-tracking features, highlighting the diverse approaches researchers have taken in this 
field. Some studies focus on a single type of feature, while others combine multiple types to capture 
a more comprehensive picture of eye movement behaviour. 

 
 

 

Figure 3. Comparative distribution of eye-tracking features employed in cognitive load classification. 

In general, feature selection is determined by the research question and the available eye-
tracking technology. The selected features have a significant impact on the accuracy and efficiency of 
a classification model. Table 2 presents various eye behaviour features along with their respective 
sources or references. Commonly used eye-tracking features include pupil size, fixation, saccade, 
blink, and eye-gaze, as explained in the following sub-sections.  

Table 2. Eye behaviour features. 

Eye behaviour  Features  Sources 

Pupil size 
Pupil diameter [51–58] 
Pupil dilation [51,52] 

Fixation  
Fixation velocities [59] 
Fixation duration [55–61] 

Fixation count [56,60–63] 

Saccade 

Saccade velocities [57,59,60] 
Saccade duration [55,58,59,63] 

Saccade frequency  [57] 
Mean duration of saccades [58,60] 

Amplitude of saccades [56,58,60,63] 

19%

31%29%

10%

11%

Pupil size

Fixation

Saccade

Blinks

Eye gaze
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Saccade angle [60] 

Blinks  
Blink number [56,58,63] 

Mean duration of blinks [58] 
Blink frequency  [54] 

Eye gaze 

Vertical/horizontal position of gaze [57] 
Eye rotation [57,64,65] 

Gaze distribution maps  [66] 
Entropy of gaze transitions [67] 

3.2.1. Pupil Size 

The pupil is a distinguishing feature of the human eye that serves a critical role in regulating the 
amount of light entering the retina. The pupil size is primarily influenced by the illumination level, 
with a smaller pupil size being more common in a brighter environment and a larger pupil size in a 
low-lighting condition [68]. However, pupil size is also subject to other factors, such as emotions, 
stress, cognitive processes, and mental workload. The relationship between pupil size and cognitive 
load has been extensively explored, with studies demonstrating that an increased dilation response 
in the pupil is associated with higher cognitive demands and increased cognitive load [69]. Moreover, 
as the pupil responds rapidly to changes in cognitive demands, it allows real-time monitoring of 
mental workload [70]. Consequently, researchers have examined pupil size to beĴer understand the 
cognitive effects in simulated environments. To analyse the cognitive load, researchers commonly 
use a set of pupil features, including baseline pupil size, mean pupil diameter, the average percentage 
change in pupil size, peak dilation, entropy of pupil, time to peak and peak dilation speed, latency to 
peak, mean pupil diameter, peak dilation, average percentage change in pupil size, percentage 
change in pupil size, maximum pupil size, minimum pupil size, and standard deviation of pupil size 
[51–53,64]. By analysing these features, researchers can gain insights into the cognitive demands of 
different tasks and understand how mental workload affects the physiological responses of 
individuals. The pupil and its associated features provide a valuable mechanism for understanding 
cognitive processes and mental workloads. 

3.2.2. Fixation 

Fixation measures play an important role in evaluating the cognitive load and efficiency of visual 
information processing. Fixation is a stable and precise state of the eye when it is focused on a 
particular point [71]. Eye fixations are an essential component of visual aĴention, reflecting the brain's 
cognitive and perceptual processes in response to different stimuli. During fixation, the eye remains 
stationary for a duration of approximately 180-300 milliseconds [39], giving individuals the 
opportunity to gather new information from objects or locations. Fixation is typically assessed by 
researchers through measures such as fixation rate, fixation duration, and transition rate. Fixation 
rate and fixation duration are inversely correlated given the same trial duration, and the 
interpretation of results is highly task-specific [72]. As an example, in tasks that require frequent 
searching of different locations, an increased fixation rate is associated with a high cognitive load, 
accompanied by a short fixation duration. On the other hand, in tasks that involve deep and effortful 
processing of specific visual targets, a long fixation duration indicates a high cognitive load 
[56,59,63,73]. In addition to these measures, other commonly used fixation-related features include 
maximum fixation duration, mean fixation duration, median of fixation duration, variance of fixation 
duration, standard deviation of fixation duration, skewness of fixation duration, kurtosis of fixation 
duration, maximum fixation count, minimum fixation count, average fixation count, number of 
fixations, average fixation length, maximum fixation length, and total fixation duration [58]. These 
measures provide a comprehensive understanding of fixation characteristics and the underlying 
cognitive processes. 
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3.2.3. Saccade 

Saccades refer to rapid eye movements that occur when a person shifts his/her focus between 
fixations. These eye movements typically last between 10 to 100 milliseconds [39]. As the difficulty of 
a task increases, individuals tend to decrease the amount of visual exploration and rely more heavily 
on goal-directed saccades. Therefore, it is reasonable to expect a higher saccade frequency during a 
highly difficult task [74]. Researchers often use several features to study saccades. These features 
include the number of saccades, mean and standard deviation of saccade durations, maximum, 
average, and standard deviation of saccade amplitudes, average velocity and angle of the next 
saccade, saccade frequency, and skewness and kurtosis of saccades [56,59,63]. These measures can 
provide insights into the underlying cognitive and perceptual processes involved in task 
performance. As an example, saccade frequency can reflect the level of aĴentional demand and 
information processing required for a given task. Meanwhile, the amplitude and duration of saccades 
provide valuable insights into the efficiency of oculomotor control and clarity of visual perception. 
Additionally, skewness and kurtosis of saccades indicate the presence of outliers or abnormalities in 
eye movement paĴerns. 

3.2.4. Blinks 

The rate of blinks is a measure of the frequency at which individuals blink their eyes, expressed 
as the number of blinks per second or minute. Blinks are influenced by various physiological factors, 
such as mood state, task demands, aĴention, and tension [75]. Research has shown that the blink rate 
increases as a function of time on a task, as well as fatigue and workload. However, it is important to 
note that the blink rate as a measure of cognitive load is task-specific and may not be applicable across 
all types of tasks [39]. In addition to the blink rate, there are several other blink-related features that 
researchers commonly use to study eyeblink behaviours. These features include blink count, blink 
frequency, mean, median, standard deviation, minimum, and maximum blink durations [59,63,76]. 
These measures provide valuable information on one’s eyeblink behaviour in response to different 
stimuli, tasks, and environments. As an example, the blink count and frequency provide insights into 
the overall blink rate and how it changes over time, or in response to different task demands. 
Meanwhile, the mean, median, standard deviation, minimum, and maximum blink durations reveal 
the temporal characteristics of eyeblink behaviours, such as the duration and variability of individual 
blinks. Moreover, recent research has explored the use of eyeblink behaviours as a potential marker 
of cognitive and emotional states. In this respect, changes in the blink rate and duration have been 
linked to changes in aĴention, arousal, and anxiety. This suggests that eyeblink behaviours serve as 
a useful mechanism for studying cognitive and emotional processes in various contexts. 

3.2.5. Eye Gaze 

The dynamics of eye gaze offer insights into cognitive states by analysing various features 
related to gaze biometrics and behaviours [77], which are often used in research studies. Some 
common features of gaze behaviours include the mean and standard deviation of the horizontal and 
vertical positions of the gaze. This provides information on the direction and focus of eye gaze, which 
can be used to infer an individual's aĴention and interest. Gaze transition is another feature that is 
often analysed in gaze biometrics. This includes transitions from the front to the right side, front to 
right front, front to rear, and front to left front [57,64,66,67]. These transitions provide insights into 
an individual's cognitive and emotional states, such as his/her level of engagement or distraction. 
Gaze distribution is also a commonly studied feature in gaze biometrics. It involves creating feature 
maps or images of the gaze behaviours, serving to identify areas of interest or paĴerns in one's gaze. 
Gaze density, which is a measure of the concentration of eye gaze in a particular area, is another 
useful feature. All these gaze biometric features offer is useful for deriving insights into various 
cognitive load states. 
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3.3. Eye-Tracking Features Constraints 

To this end, several studies have investigated the relation of eye-movements like fixations, 
saccades, pupil size and blink number on cognitive processes. Through the tracking of the eyes, one 
can study a user’s physical reaction to a task and a system and adapt the interface accordingly. For 
example, in controlled environments, high-precision eye-trackers and pupillometers can be used to 
detect small pupil dilations that are indicators of cognitive load. Several studies has proved these 
eye-tracking features as a reliable source of monitoring cognitive load, however it suffers from a some 
constraints which needs to be addressed in eye-tracking studies. 

3.3.1. Constraints in Eye Tracking in Dynamic Environments 

Many eye-tracking glasses and video-based trackers available today require the eye to remain 
still and on-axis with respect to the eye tracking camera. However, in experiments involving dynamic 
environments like driving or flying simulators, this requirement poses a significant challenge [78,79]. 
Participants in such studies need to move continuously to interact realistically with the simulation. 
Thus, the conventional setup of eye trackers inhibits participants' natural behavior, compromising 
the ecological validity of the research outcomes. One of the most critical performance parameters of 
eye trackers is the sampling rate, measured in Hz [80]. A higher sampling rate allows eye trackers to 
capture more detailed information about eye movement behaviors, including fixations, saccades, and 
blink frequency. However, achieving a high sampling rate often entails using advanced eye-tracking 
sensors and increasing the number of infrared light sources, which consequently raises experimental 
costs and generates larger datasets for processing. Therefore, researchers must carefully consider the 
sampling rate of the eye trackers based on the specific requirements of their study. In studies focusing 
on cognitive load, where eye-tracking technology plays a significant role in understanding visual 
aĴention, the sampling rates of selected eye trackers typically range from 30 to 500 Hz. However, the 
most commonly selected sampling rates are 50 Hz and 100 Hz. Eye trackers with a minimum 
sampling rate of 50 Hz are generally deemed sufficient for detecting participants' fixations, eye gaze, 
and other relevant behaviors [81]. Most eye-tracking devices utilized in cognitive studies meet or 
exceed these requirements. It's important to note that while lower sampling rates may be sufficient 
for certain studies, they can introduce additional variations in the data, potentially affecting the 
accuracy and reliability of the results. 

Eye-tracking technology employed in cognitive load studies can typically be classified into two 
main categories: desktop devices and wearable devices. Desktop devices consist of stationary eye-
tracking systems where participants do not need to wear any additional equipment on their heads. 
Instead, they are seated in front of a monitor and engage with screen-based stimuli. These desktop 
setups are commonly utilized in laboratory seĴings, particularly in studies involving screen-based 
materials such as images and videos. While desktop eye-tracking systems offer precise measurements 
in controlled environments, they have limitations, especially when it comes to capturing eye 
movements during dynamic activities or simulations [82]. This is where wearable eye-tracking 
devices come into play. Wearable eye trackers are equipped with sensors integrated into glasses or 
head-mounted displays, allowing participants to move freely while their eye movements are 
recorded. This flexibility is particularly advantageous in simulator-based experiments where 
participants engage in activities that mimic real-world scenarios, such as driving or flying simulations. 
Moreover, wearable eye trackers can also be integrated with Virtual Reality (VR) headsets, allowing 
researchers to measure eye movements within virtual environments. This integration with VR 
significantly expands the scope of cognitive load studies, as it allows researchers to create and 
manipulate realistic scenarios without exposing participants to actual risks or hazards. However, 
wearing glasses or head-mounted eye trackers during dynamic activities, such as driving or flying 
simulations, can pose challenges. Excessive movements or shifts of the glasses can potentially 
interfere with the quality of the eye movement data collected [83]. Researchers need to address these 
issues by ensuring that wearable eye-tracking devices are securely fiĴed and do not impede 
participants' movements or comfort during the experiment. 
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3.3.2. Constraints Related to Features Estimation Methods. 

Exploring the relationship between eye-tracking metrics and cognitive load presents a typical 
paĴern recognition challenge, seeking to extract cognitive information embedded within eye 
movement data. While extensive research has focus on iris and pupil localization for eye detection 
and tracking [84,85], the process entails complexities influenced by multiple factors. Traditionally, 
the determination of pupil coordinates serves as a first step enabling gaze estimation and analysis of 
eye movements within images and video frames. Eye images are characterized not only by the 
intensity distribution of the iris, pupil, and cornea but also by their shapes [86]. However, it's essential 
to acknowledge the factors influencing eye appearance, including viewing angle, ethnicity, head 
position, lighting conditions, eye colour, eye state, and overall well-being [81]. Despite the general 
darker hue of pupils and irises compared to the surrounding eye area, thresholds can be applied 
effectively in cases where the contrast is pronounced. However, the operational mechanisms of 
commercially available eye-tracking systems like Tobii is unknown, posing challenges in certain 
cognitively demanding environments where off-the-shelf solutions may not be sufficient. 
Consequently, researchers often resort to developing custom eye-tracking setups using video 
cameras or leveraging open-source eye-tracking platforms [87]. 

To estimate pupil area via customized eye-tracking methodologies, researchers have devised 
iterative threshold algorithms grounded in skin-color models [39]. These algorithms identify dark 
areas meeting specific anthropometric constraints. However, the efficiency of such methods 
diminishes significantly in the presence of dark areas surrounding the eye, such as eyebrows or 
eyelashes [88]. Moreover, these approaches struggle to model eye closure accurately. In response to 
these limitations, alternative pupil detection techniques have emerged, including shape-based, 
feature-based, appearance-based, and hybrid methods. Shape-based methods describe open eyes by 
their contours, incorporating pupil and iris shapes alongside eyelid contours [89]. Feature-based 
approaches aim to identify local eye features less susceptible to illumination and viewpoint variations. 
Appearance-based methods rely on detecting and tracking eyes based on photometric characteristics, 
such as colour distribution and filter responses to eyes and surroundings. Hybrid methods Endeavor 
to integrate various techniques to mitigate the shortcomings inherent in individual methods. These 
conventional methods for gaze estimation rely on corneal reflections, necessitating precise 
localization of both the pupil centre and glints. Algorithms for pupil and glint localization typically 
leverage image processing techniques, such as morphological operators for contour detection and 
intensity threshold identification, followed by fiĴing using ray-based ellipse models. Hybrid methods 
based on topography employ a series of filters to estimate the iris centre. However, these techniques 
often assume that the pupil resides in the darkest area of the input image, rendering them vulnerable 
to fluctuations in illumination conditions that may necessitate manual adjustment of threshold 
parameters. 

Recent advancements have seen the integration of DL algorithms into pupil segmentation 
processes, utilizing CNN to segment the pupil's region and subsequently determine the centre of 
mass within that region [90]. While these DL-based methods offer promising accuracy, they come 
with computational costs and increased processing requirements, rendering them less efficient for 
real-time implementation of these models. There is a need to develop accurate and lightweight DL 
models that can robustly predict pupil area while mitigating computational overhead. Future 
research endeavours should prioritize the refinement of DL algorithms and find a balance between 
accuracy and computational efficiency, thereby facilitating their practical application in real-time 
gaze estimation systems. Additionally, efforts to enhance the robustness of DL models against 
varying lighting conditions and occlusions would further enhance their utility in gaze estimation 
tasks across diverse environmental seĴings. 

3.4. Eye-Tracking Data Analysis 

Traditionally, eye-tracking data is analyzed by examining various metrics such as the duration 
and velocity of fixations, the characteristics of saccades, and the frequency of blinks [91]. These 
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metrics provide valuable insights into cognitive processes, as they are often correlated with changes 
in cognitive load. Generally, a positive correlation has been observed between eye-tracking metrics 
and cognitive load; as cognitive load increases, there are typically longer fixation durations, faster 
saccade velocities, and an increased number of blinks [92,93]. This correlation suggests that as tasks 
become more cognitively demanding, individuals' eye movement paĴerns change in predictable 
ways, reflecting their heightened mental effort. However, this relationship is not universally 
observed across all studies. Research conducted by Desmet et al. [94], Walter et al. [95] and Schmidt 
et al. [96] has reported negative correlations or even a lack of correlation between cognitive load and 
certain eye-tracking metrics. These findings challenge the assumption that increased cognitive load 
always leads to more pronounced changes in eye movement behaviors. The variability in these 
findings could be aĴributed to several factors. Different tasks may place varying types of cognitive 
demands on participants, leading to different eye movement paĴerns. Additionally, individual 
differences in cognitive strategies and visual processing abilities can result in diverse eye-tracking 
behaviors under the same cognitive load. Environmental factors and the specific design of the eye-
tracking study, such as the stimuli used and the duration of the tasks, can also influence the observed 
correlations. 

To mitigate the challenges of analyzing eye-tracking data, researchers have traditionally 
employed parametric techniques such as ANOVA and t-tests. These statistical methods are used to 
detect significant differences between various levels of cognitive load by examining eye-tracking 
metrics [97,98]. However, ANOVA and t-tests come with inherent limitations. As parametric 
methods, they rely on specific assumptions about the data distribution namely, that the data are 
normally distributed and have homogeneity of variances. When the data is non-normal or skewed, 
these methods may not perform optimally. Furthermore, ANOVA and t-tests are not well-suited for 
handling complex relationships or high-dimensional data, which are often encountered in eye-
tracking studies. Given these limitations, there is a growing necessity to employ ML and DL models 
to manage the complexity inherent in eye-tracking data. ML and DL techniques can handle large 
volumes of data with complex structures and uncover paĴerns that traditional parametric methods 
might miss. These advanced models are particularly effective in dealing with non-linear relationships 
and high-dimensional spaces, making them ideal for analyzing the intricate dynamics of eye 
movements under varying cognitive loads.  

Currently, researchers often use ANOVA and t-tests in conjunction with ML and DL methods. 
For example, preliminary statistical tests can be used to identify significant features within the eye-
tracking data [99,100], which can then be further analyzed using ML algorithms. This hybrid 
approach leverages the strengths of both parametric and non-parametric methods, providing a more 
comprehensive analysis framework. ML models, such as SVMs, Random Forests, and neural 
networks, can then be applied to these significant features to build predictive models of cognitive 
load. In addition, DL models, particularly CNNs and RNNs, have shown great promise in eye-
tracking research [62]. These models can automatically learn feature representations from raw eye-
tracking data, reducing the need for extensive manual feature engineering. CNNs, for instance, can 
capture spatial hierarchies in eye movement paĴerns, while RNNs can model temporal 
dependencies, both of which are crucial for understanding the dynamic nature of cognitive 
load.Moreover, combining parametric methods with ML and DL approaches allows researchers to 
cross-validate their findings and ensure robustness. For instance, significant features identified 
through ANOVA can be validated through ML model performance, ensuring that the detected 
paĴerns are not due to random chance. This integrated methodology enhances the reliability and 
validity of the research findings. The integration of ML and DL techniques with traditional statistical 
methods represents a significant advancement in the field of eye-tracking research. By addressing the 
limitations of parametric techniques and utilizing the power of advanced computational models, 
researchers can more accurately and comprehensively analyze eye-tracking data. 
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Statistical analysis of features 

Eye movement features are a valuable source of cognitive information that is strongly linked to 
cognitive load. Extracting meaningful features from eye movement data requires careful 
consideration of the statistical methods used [101,102]. In addition, analysing eye-tracking data can 
be challenging owing to the large volume of data and complexity of the signals [103]. One important 
step to analyse eye-tracking data is feature selection, where relevant features are identified and 
extracted from eye-tracking data. Numerous research studies have utilised various statistical tests to 
analyse eye-tracking data and extract significant features. Among these methods, the t-test and 
ANOVA tests are commonly used to compare means across groups and identify statistically 
significant differences [99,100]. In this regard, Hijazi et al. [104] have used the t-test to identify 
significant features and determine whether there are significant differences between them. Similarly, 
Rizzo et al. [60], Kaczorowska et al. [58], Roy et al. [53] and Oppelt et al. [105] have employed the 
ANOVA test to extract significant features from eye-tracking data. By analysing the variance between 
groups and within groups, researchers can determine whether there are significant differences in 
means across different conditions or factors. Parametric methods are frequently utilised in eye 
movement research to compare various experimental conditions and assess feature effectiveness. 
However, these tests require the assumption of normality and equal variance, which may not always 
hold true in eye movement data. 

To address this issue, various statistical tests to check the distribution of eye-tracking data can 
be employed. Yousefi et al. [106], used the Kolmogorov-Smirnov test, while Mitre-Hernandez et al. 
[52] used the Shapiro-Wilk test to assess the normality of eye-tracking data. If the data samples do 
not follow a normal distribution, non-parametric tests, such as the Wilcoxon rank-sum test, can be 
used to evaluate feature efficiency. The Wilcoxon rank-sum test is a non-parametric method that can 
be used to compare two groups of data and is particularly useful when dealing with small sample 
sizes or non-normal data distributions. It ranks the data values and then computes the test statistics 
based on the sum of the ranks for each group. This test is robust to deviations from normality and 
can be used to evaluate the efficiency of the extracted features from eye movement data. Both 
parametric and non-parametric tests have their advantages and limitations when evaluating feature 
efficiency in eye movement data. While parametric tests such as t-test and ANOVA are commonly 
used, non-parametric tests such as the Wilcoxon rank-sum test can provide more reliable results 
when the assumptions of normality and equal variance are not met. By carefully selecting appropriate 
tests and considering specific research questions and characteristics of the data being analysed, 
feature efficiency can be accurately evaluated pertaining to eye movement data, leading to a beĴer 
understanding of cognition and related behaviours. 

3.5. ML/DL Models on Eye Movement Studies 

Eye tracking provides valuable indications of how individuals process information by 
measuring their visual aĴention. After feature selection, the next step is the automatic classification 
of eye-tracking signals, which can be accomplished by using ML and DL algorithms. As an example, 
eye-tracking data can be classified based on the level of cognitive loads, the type of tasks, or the 
emotional states of an individual. Figure 4 illustrates the distribution of studies that utilize different 
ML and DL algorithms for classifying eye-tracking data. This figure provides a comprehensive 
overview of the algorithmic approaches adopted in the research community, showcasing the 
prevalence and popularity of various techniques. By analysing eye tracking data, various paĴerns 
associated with eye movements that correspond to different levels of cognitive load can be identified.  
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Figure 4. Analysis of Machine Learning and Deep Learning Algorithm Usage in Eye-Tracking Research. 

Figure 5 illustrates the trend of cognitive load classification, as observed in various eye-tracking 
studies. These studies have extensively utilized statistical tests to determine the optimal feature 
sample size for processing eye-tracking data. The selected statistical features encompass a wide range 
of metrics, including mean, variance, maxima, minima, slope, skewness, kurtosis, and normalization, 
among others. These features are derived from essential eye-tracking parameters such as pupil size, 
blink rate, fixation duration, saccades, and eye-gaze. The process of cognitive load classification using 
ML/DL techniques involves leveraging these statistical features. By training ML/DL models with 
labelled datasets, the classification of cognitive load levels becomes feasible. This approach has been 
widely adopted and has shown promising results in discerning different cognitive load states. 

However, some recent studies have taken a different approach by bypassing the traditional 
statistical feature selection techniques altogether. Instead, they directly apply the raw eye-tracking 
data to ML/DL models for cognitive load classification. These studies aim to explore the potential 
benefits of using unprocessed data, allowing the ML/DL models to automatically extract relevant 
paĴerns and features from the raw inputs. We will delve deeper into these studies and their outcomes 
in the subsequent sections of this discussion. The decision to employ statistical feature selection or 
direct raw data application depends on various factors, including the complexity of the cognitive 
load classification task, the size of the available dataset, and the computational resources at hand. 
Each approach has its advantages and challenges, and further research is necessary to determine the 
most suitable method for specific scenarios. 
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Figure 5. Taxonomy of cognitive load classification using eye-tracking features. 

ML/DL-based algorithms provide predictive models for cognitive load classification based on 
eye-tracking data. These models can be used to develop accurate and personalised measures of 
cognitive load for different individuals, tasks, and learning materials. Many different ML/DL 
algorithms can be used for automatic classification of eye-tracking data. Table 3 provides a summary 
of recent ML/DL studies in eye-tracking classification. These studies use a range of ML/DL algorithms, 
including decision trees, random forests, Support Vector Machines (SVM), k-Nearest Neighbours (k-
NN) classifier, and neural networks, to classify eye-tracking data. Table 3 also includes information 
on the features used in each study, number of participants, and accuracy of the classification model. 
These algorithms can be trained using labelled data, whereby eye-tracking signals are labelled into 
appropriate categories. The trained models can then be used to classify new eye-tracking data 
samples that have not been learned previously. 

Table 3. Overview of Eye-Tracking based Classification Techniques. 

Author Task Eye features Validation Model Accuracy Other metrics Test subjects 

Rahman et al. 
(2021) [59] 

12 scenarios in 
the driving 
simulator 

(auditory n-back 
task) 

Saccades 
and fixation 

5-fold CV SVM and CNN 
SVM = 92% 
and CNN = 

91% 

SVM 
(Sensitivity = 

0.9, specificity 
= 0.94 and 
precision = 
0.94) and 

CNN 
(Sensitivity = 

0.91, specificity 
=0.9 and 

precision = 0.9) 

33 
participants 

(33 males and 
0 females) 

Fan et al. (2022) 
[62] 

English 
paragraphs 

chosen from the 
Fixation 5-fold CV 

Siamese 
network model 

92.5%  
Sensitivity = 

0.9, Specificity 
= 0.950, AUC = 

80 
participants 
(40 were in 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 16 June 2026 doi:10.20944/preprints202606.1188.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202606.1188.v1
http://creativecommons.org/licenses/by/4.0/


 17 of 51 

 

close tests of 
four exams of 

CET-4 and CET-
6 

0.956, F1-score 
= 0.923 

the Pass 
group with 24 

women and 
40 in 

the non-pass 
group with 18 

women) 

Mitre-
Hernandez et 
al. (2022) [51] 

Digit 
memorization 

task 
Pupil size  5-fold CV Random forest -- 

F1-score = 82%, 
precision = 0.82 

and recall = 
0.81 

24 
participants 

Mitre-
Hernandez et 
al. (2021) [52] 

Refraction video 
games with 

different 
difficulty levels 

Pupil size -- Random forest 87.5% -- 

14 
participants 
(10 male and 

4 female) 
between 16 

and 37 years 
old 

Kaczorowska et 
al. (2021) [58] 

Digit symbol 
substitution test 

(DSST) 

Fixations, 
saccades 

and blinks 
-- Multi-layer 

perceptron  
0.97 ± 0.05  

Recall = 
0.97±0.05, 

precision = 
0.98±0.04, F1-

score = 
0.97±0.05, and 

ROC = 
0.99±0.01 

29 
participants 

(23 males and 
six females) 

aged 20 to 24, 
mean = 20.61 

years, 
standard 

deviation = 
1.54 

Bachurina et al. 
(2022) [56] 

Colour 
matching task 

(n-back) 

Pupil size, 
saccades 

and blinks 

Leave one out 
CV 

XGBoost 
regression 

mode 
-- R2 = 0.828 

57 
participants 
(23 male and 

34 female)  

Rizzo et al. 
(2022) [60] 

Stroop task 
Fixations 

and 
saccades 

5-fold CV ANN -- -- 

64 subjects (32 
male and 32 

female) 
average age = 
30,2 ± 11,72) 

Kaczorowska et 
al. (2022) [63] 

Digit symbol 
substitution test 

(DSST) [107] 

Saccade, 
fixation and 

blinks 
-- Random forest 95.97% 

F1-score = 
95.98 

30 
participants 

(23 males and 
7 females) 

aged 20 to 24 
(M = 20.45; SD 

= 1.62);  

Ktistakis et al. 
(2022) [76] 

CAPTCHA 
Puzzle of 21 

images. 
Cognitive load 
is induced by 
the time and 
difficulty of 

puzzle images 

Fixation, 
saccade, 

blink and 
pupil size 

5-fold CV 
Gaussian 

Naive Bayes 88% -- 

47 
participants 
(21 male and 
26 female). 

Mean age = 32 
± 8 years 

(range: 18–47 
years)  
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Liao et al. (2016) 
[57] 

Driving in an 
urban and in 
speed limited 
environment 

Eye gaze, 
fixation, 

pupil size 
and saccade 

Leave-one-
out 

SVM with 
Radial Basis 

Function (RBF) 
-- 

Correct rate 
(CR) for Urban 
environment = 
95.8 ± 4.4 and 

CR for 
highway 

environment = 
93.7 ± 5.0% 

27 
participants 

Cao et al. (2016) 
[64] 

Transfer of 
rubber pegs in a 

surgery 
simulator 

Eye gaze, 
pupil size 
and eye-

gaze 

10-fold CV 

SVM and 
Probabilistic 

Neural 
Network 

(PNN) 

SVM = 
88.6%, PNN 

= 97.2% 
-- 

12 
participants 
(10 male, 2 

female) 
average age 

23 years 

Hirayama et al. 
(2016) [65] 

Driving a 
vehicle 

Eye gaze  
Leave-one-

map-out 
k-NN 95.4% -- 

40 
participants 

(20 males and 
20 females) 

average = 37.3 
years old 

(with a range 
of 22 to 58 
years old) 

Roy et al. (2017) 
[53] 

Young girl and 
Old Woman 

image (YGOW) 
and the Duck 

and rabbit (DR) 

Fixation and 
pupil size  

10-fold CV 

Decision trees, 
linear 

discriminant 
analysis, QDA, 

SVM (linear, 
quadratic, and 

cubic kernel 
function), 

bagged trees 
and k-NN 

-- -- 
24 

participants 

Okafuji et al. 
(2021) [66] 

Controlling the 
steering wheel 

of a car at a 
constant speed 
of 45km/h and 

90km/hr 

Eye Gaze  -- 

FB Delay 
PilotNet 

(CNN-based 
model) 

-- -- 3 participants 
(3 males only) 

Bafna et al. 
(2021) [54] 

Eye-typing is 
used to induce 6 
levels of mental 

workload 
 

Pupil size 
and blinks 

5-fold CV 
Random forest 

regression 
-- 

MAE = 0.943, 
variance = 
23.049%  

19 
participants (9 

males, 10 
females) 

Zhou et al. 
(2021) [55] 

33 situation 
awareness 
videos of 

driving a car 

Fixations, 
pupil size 

and 
saccades  

 

10-fold CV LightGBM -- 
RMSE, 0.121, 
MAE = 0.096, 
Corr = 0719 

32 
participants 
(29 males, 3 

females) 
between 22 

and 29 years 
old (M=24.2, 

SD=1.8) 
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Pillai et al. 
(2022) [67] 

n-back (0-back 
and 2-back), 

Detection 
Response Task, 
and driving in a 

simulator 

Pupil size, 
eye-gaze, 
fixations, 

and blinks 

1-fold CV Naive Bayes -- -- 

16 
participants 

ranging in age 
from 18 

to 60 years (M 
= 22, SD = 3) 

Sabab et al. 
(2022) [61] 

Visual intention 
for perceiving 

textual or 
graphical 

information 

Fixations 10-fold CV 
SVM (linear 

kernel 
function) 

92.19% 

AUC = 0.9548, 
Precision = 

0.9307, Recall = 
0.9212, F1-

score = 0.9206 

31 
participants 
(Mean: 28.32 

years, SD: 
10.30 years, 

Male: 66.67%, 
Female: 
33.33%) 

In the following sections, we will thoroughly analyse and compare the outcomes of both feature 
selection techniques and direct raw data application in cognitive load classification using ML/DL 
models. This analysis aims to shed light on the potential improvements and limitations of each 
method, ultimately contributing to the advancement of cognitive load assessment and its practical 
applications in various fields such as education, human-computer interaction, and healthcare. 

3.5.1. Support Vector Machines (SVM) 

The SVM is a supervised learning model for data classification and regression analysis. 
Originally, the SVM has been used as non-probabilistic binary classifiers, but they have now been 
extended to handle multi-class problems. The SVM works by creating hyperplanes in an n-
dimensional space that divides the data samples into various groups or classes. It has been utilised 
in many eye-tracking studies for cognitive load classification with promising results, e.g., for 
accurately identifying the level of cognitive load experienced by individuals. Table 4 shows the 
strength and limitation of studies that utilize the SVM for eye-tracking data. These studies highlight 
the versatility and potential of SVMs in analysing eye-tracking data for various applications. 

Table 4. Comparative analysis of studies utilizing SVM for cognitive workload classification. 

Study Strengths Limitations  

Liao et al. 
[57] 

Used SVM Recursive Feature Elimination 
(SVM-RFE) for feature selection, enhancing 

model efficiency. 

Fusion of eye features and driving performance features 
didn't significantly improve results. 

Combination of features might not always lead to better 
results. 

Cao et al. 
[64] 

Used cognitive process and eye-tracking 
technology to improve accuracy and efficiency 

of endoscope operation. 

SVM yielded higher intention estimation accuracy, but 
PNN was more effective in controlling endoscope 

direction using intentional gaze segments. 

Roy et al. 
[53] 

Analysed eye-tracking data using various ML 
classifiers to understand cognitive behaviours. 
Provided insights into classifier performance 

for cognitive behaviour analysis. 

Focus on analysing ML classifiers rather than specific 
problem-solving. 

No direct comparison of cognitive behaviour 
understanding effectiveness between classifiers. 

Sabab et al. 
[61] 

Proposed a pipeline-based approach for 
efficient extraction of eye features for visual 

attention task classification. 
Identified significant features contributing to 

visual attention task classification. 

SVM achieved better accuracy and other metrics, but RF 
had higher AUC. 

SVM had slightly lower AUC compared to RF. 
Limited information about the broader impact of the 

proposed method beyond classification. 
Liao et al. [57] conducted a study that aimed to evaluate the performance of drivers in a 

cognitively distracted environment by combining eye features and driving performance features 
obtained from a driving simulator. The study used the SVM Recursive Feature Elimination (SVM-
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RFE) model to select the most optimal features from eye-tracking signals. The selected features were 
then used to train the SVM with radial basis function to classify normal and cognitively distracting 
driving scenarios. To evaluate the performance of drivers, a detection response task was used. The 
experimental results revealed that the fusion of features did not necessarily demonstrate significant 
improvements, implying that the combination of eye features and driving performance features 
might not always lead to beĴer results. However, the SVM model used was able to effectively classify 
normal and cognitively distracting driving scenarios, demonstrating the potential of using ML 
algorithms in eye-tracking research for cognitive load classification pertaining to driving scenarios. 
Cao et al. [64] developed an intention recognition system by utilising the cognitive process and eye-
tracking technology to estimate the direction of an endoscope. The system was controlled by two 
classifiers, the SVM and a Probabilistic Neural Network (PNN).  

The SVM classifier used an individual's eye movement velocity and pupil variation to estimate 
his/her intention, while the PNN classifier used intentional gaze segments to control the direction of 
the endoscope. The study aimed to improve the accuracy and efficiency of endoscope operation by 
using the intention recognition system. The study involved a group of participants who performed a 
simulated endoscope operation task while their eye movements were recorded using an eye-tracking 
device. The recorded eye data set was then used to train and test the SVM and PNN classifiers. The 
SVM classifier yielded higher accuracy in estimating the participant's intention, as compared with 
that from the PNN classifier. However, the PNN classifier was more effective in controlling the 
direction of the endoscope using intentional gaze segments. Roy et al. [53] conducted a study based 
on eye-tracking data solicited from participants observing the Young girl and Old Woman image 
(YGOW) and the Duck and Rabbit (DR) images to understand cognitive behaviours. The fixation data 
set was analysed using the bucket algorithm to identify a total of 46 optimal features. Additionally, 
one-way ANOVA was applied to select 6-dimensional features from YGOW images and 9-
dimensional features from DR images. To further reduce the data dimensionality, the Principal 
Component Analysis (PCA) was applied. The study provided a detailed analysis of several ML 
classifiers, including decision trees, linear discriminant analysis, quadratic discriminant analysis, 
SVM with linear, quadratic, and cubic kernel functions, bagged trees, and k-NN models.  

For the DR images, decision trees, linear discriminant analysis, and bagged trees achieved 
similar results, while SVM and bagged trees achieved nearly 90% accuracy. This study offered 
insights into the use of ML classifiers for analysing eye-tracking data toward understanding cognitive 
behaviours. Sabab et al. [61] proposed a pipeline-based approach to extract eye features from webcam 
images for the classification of visual aĴention tasks. Initially, facial regions were extracted from the 
images using the voila-jones algorithm. The iris areas were detected using heuristic calculations [108], 
histogram equalisation, Gaussian pyramid, Circular Hough transform, and Kalman filtering on the 
extracted facial regions. The extracted eye regions were used to compute features such as Maximum 
Fixation Count (MAX_FC), Minimum Fixation Count (MIN_FC), Average Fixation Count (AVG_FC), 
and Movement Ratio (MR) for classification purposes. The extracted features were employed to train 
several classification algorithms, including k-NN, Gaussian Naive Bayes (NB), Logistic Regression 
(LR), random forest (RF), and SVM with a linear kernel function. The SVM performed beĴer in terms 
of accuracy, precision, recall, and F1-score as compared with those from other algorithms.  

However, RF produced a higher AUC of 0.9631, as compared with 0.9548 from the SVM. The 
study also found that the eye-movement ratio and average fixation count contributed more toward 
classification. For visual aĴention tasks, younger adults tended to lean toward graphical tasks while 
older adults were more inclined toward word tasks. The proposed method was efficient for extracting 
eye features to facilitate classification of visual aĴention tasks. Although the SVM has been 
extensively used in eye tracking studies for cognitive load classification, there are some issues 
associated with its usage. The performance of SVM models can be highly dependent on the choice of 
kernel function used. Linear kernels are often used for feature selection and interpretation, while non-
linear kernels, such as the radial basis function, are commonly used for classification. In addition, the 
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performance of SVM models can vary depending on data characteristics, as some eye tracking data 
sets may not have a clear separation boundary that can be learned using an SVM model. 

3.5.2. Naive Bayes 

The Naive Bayes algorithm has gained popularity due to its foundation on the Bayesian 
probability theorem. Unlike other classification algorithms, Naive Bayes doesn't require the 
specification of an outcome, and it uses conditional probability to assign data samples to the predicted 
classes, making it a form of unsupervised learning. However, when used for classification purposes, 
Naive Bayes requires both input and target variables and hence makes it a supervised learning 
technique. Naive Bayes has been utilised in several studies for cognitive load classification with eye-
tracking data. Table 5 provides an overview of the strengths and limitations of studies that employ 
the Naive Bayes algorithm for eye-tracking data analysis. These studies showcase the adaptability 
and potential of Naive Bayes in deciphering intricate paĴerns within eye-tracking data for cognitive 
load assessment and related applications. 

Table 5. Comparative analysis of studies utilizing Naive Bayes for cognitive workload classification. 

Study Strengths Limitations  

Pillai et al. [67] 

Highlighted the effectiveness of Signal to Noise 
Ratio (SNR) in selecting useful features for 

classification. 
Provided the importance of entropy-based eye 

features in cognitive load classification. 

Focused on specific eye features, potentially 
missing broader context. 

The study did not directly address the effectiveness 
of Naive Bayes itself, but rather emphasized the 

feature selection process. 

Ktistakis et al. 
[76] 

Conducted a comprehensive evaluation of 
multiple ML algorithms, including Naive Bayes, 
for cognitive load assessment using eye-tracking 

data. 
Utilized two-way ANOVA analysis for optimal 

feature selection, enhancing classification 
accuracy.  

The study did not directly focus on the advantages 
or disadvantages of Naive Bayes algorithm itself, 
but rather its performance in comparison to other 

algorithms. 

Pillai et al. [67] investigated the effectiveness of Naïve Bayes using the information of the Signal 
to Noise Ratio (SNR) and eye tracking data to assess the cognitive load of drivers in a simulation 
environment. The results of the SNR analysis revealed that entropy-based eye features gave a greater 
contribution in classifying cognitive load as compared with that of Driving Response Time (DRT). 
Moreover, the study highlighted that feature such as the Nearest Neighbour index (NNI), entropy of 
eye movements, and entropy of gaze transitions could further improve the classification accuracy, in 
view of their higher SNR scores. The study emphasised the potential of SNR in selecting useful 
features from data samples. While the research did not compare the classification results from other 
ML or DL algorithms, it provided a comparison of accuracy derived from different combinations of 
features.  

The performance of participants under cognitive load induced by CAPTCHA puzzle images was 
evaluated in a study conducted by Ktistakis et al. [76]. Optimal eye features for classification were 
selected using two-way ANOVA analysis, and ML algorithms, namely Gaussian Naive Bayes (GNB), 
Random Forest (RF), Linear Support Vector Machine (SVM), Ensemble Gradient Boosting (EGB), K-
Nearest Neighbour (k-NN), Bernoulli Naive Bayes (NB), Logistic Regression (LR) and Decision Trees 
(DT) were used for classification. The finding indicated that GNB outperformed all other algorithms, 
with similar results shown by the DT classifier. 

3.5.3. k-Nearest-Neighbors (k-NN) 

The k-NN algorithm is an instance-based statistical analysis method for tackling classification 
tasks. To implement this method, an integer k, a set of training data, and a closeness metric must be 
specified. The training set is used to define different regions with respect to different classes in the 
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input space. When an unlabelled data sample is given, the k-NN classifier searches for k training 
samples in the input space that is the closest to the given sample and assigns it to the class that has 
the most nearby training samples.  

In a study conducted by Hirayama et al. [19], eye gaze paĴerns were used in combination with 
peripheral vehicle heatmaps to classify driving behaviours in both neutral and distracted 
environments. The performance of k-NN classifiers with k=1, 3, 5, 7, and 9, as well as class-featuring 
information compression (CLAFIC), Multiple Similarity Method, and eigenspace methods, were 
compared. The k-NN classifier with k=7 achieved 80.4% accuracy in classifying neutral driving and 
95.4% accuracy in classifying distracted driving. This study indicated the potential of using eye-
tracking data in combination with other types of information, such as vehicle heatmaps, to improve 
classification accuracy in real-world scenarios. It also demonstrated the effectiveness of k-NN in 
classifying complex behaviours based on multimodal data. While the k-NN is a popular algorithm 
due to its simplicity and ease of implementation, it has some notable drawbacks. One major 
disadvantage of the k-NN is its computational demand, which grows in accordance with the data set 
size. This is because, for a given data sample, the k-NN algorithm needs compare it with all data 
samples in the training set to find the k closest neighbours. Additionally, its performance is 
susceptible to high-dimensional data or noisy data with irrelevant features. Improving current k-NN 
algorithms can be approached in several ways. Firstly, the selection of optimal features using 
techniques such as PCA, ANOVA, or t-test can aid in maintaining the impact of noisy data by 
removing irrelevant features [109]. By focusing on the most informative features, the algorithm can 
operate more effectively, leading to improved classification accuracy. Moreover, enhancing the 
performance of eye-tracking data processing is necessary for enhancing the overall performance of 
k-NN classifiers. One approach involves optimizing the approximation methods utilized for 
proximity searches. Techniques such as k-d trees [110], k-d forests [111], or the progressive k-NN 
algorithm have been proposed as alternative methods for efficiently locating nearest neighbours [111]. 
While these approximate algorithms offer promising approaches for improvement, their performance 
has been found to be comparable to traditional k-NN algorithms in many cases. Therefore, while they 
present potential enhancements, further exploration and refinement are necessary to fully exploit 
their capabilities and distinguish their advantages over conventional k-NN approaches. 

3.5.4. Random Forests 

A random forest is an ensemble learning algorithm introduced in [112]. The name "random 
forest" refers to the creation of a "forest", or an ensemble of decision trees, trained on randomly 
sampled data subsets from an original data set. Each decision tree in the forest is constructed using a 
different subset of features in the data set and a different subset of the training samples. By 
aggregating the predictions of decision trees, a random forest can provide accurate and robust 
predictions than single decision tree. One of the key advantages of random forest models is their 
ability to handle a wide range of data types and can work with missing values and outliers in the 
data set. Table 6 presents a comprehensive overview of the strengths and limitations of studies that 
utilize the random forest algorithm for the analysis of eye-tracking data. Additionally, random forest 
models provide a measure of variable importance, which can help identify the most relevant features 
for making accurate predictions. Random forests can be used to analyse eye-tracking data by creating 
an ensemble of decision trees that are trained on randomly sampled subsets of the data. 

Table 6. Comparative analysis of studies utilizing Random forests for cognitive workload classification. 

Study Strengths Limitations  
Mitre-Hernandez et 

al. [51] 
Demonstrated Random Forest's superior performance 

in classifying cognitive workload. 
Did not directly compare Random Forest 

with other ML algorithms. 

Mitre-Hernandez et 
al. [52] 

Highlighted the importance of appropriate statistical 
tests for non-normally distributed data in eye-

tracking studies. 

Focused more on statistical tests and 
findings rather than in-depth exploration 

of Random Forest. 
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Kaczorowska et al. 
[63] 

Employed ex-gaussian statistics for feature selection 
and achieved high accuracy (96%).  

Identified significant features from eye tracking data, 
contributing to the understanding of cognitive 

workload. 

Did not extensively compare Random 
Forest with other algorithms or feature 

selection techniques. 

Bafna et al. [54] 
Utilized Hidden Markov Model for labelling and 
showed Random Forest's superior performance in 

classifying mental workload. 

Focused more on model comparison and 
selection than on in-depth exploration of 

Random Forest. 
Mitre-Hernandez et al. [51] analysed cognitive workload by using memorisation tasks with 

varying levels of difficulty. To classify the resulting cognitive workload, they used the Tukey HSD 
test to identify the significant variables. The study evaluated several ML algorithms, including 
Support Vector Machine (SVM), Decision Tree (DT), Linear Discriminant Analysis (LDA), and 
Random Forest (RF) for the classification of mental workload. The Random Forest model 
outperformed the other ML algorithms in classifying cognitive workload. This study indicated the 
potential of using ML algorithms, specifically Random Forest, to accurately classify cognitive 
workload based on eye-tracking data. In another study, Mitre-Hernandez et al. [52] employed the 
Shapiro-Wilk test to assess the distribution of data, which showed that the data samples were not 
normally distributed. The study classified different levels of mental workload in a game-based 
environment using the random forest algorithm. To detect the significant variables, the Wilcoxon 
signed rank test was utilised. A combination of several features, including the total errors, time to 
complete the stage, and peak dilation, yielded an accuracy of 87.5%. In contrast, the peak dilation 
features alone achieved only 62.5% accuracy. This study highlighted the importance of selecting 
appropriate statistical tests to analyse non-normally distributed data in eye-tracking studies. The 
findings also suggested that ML algorithms such as random forest models served as an effective 
approach to classifying different levels of mental workload in a game-based environment. The use of 
multiple eye-tracking features could improve the accuracy of mental workload classification. These 
findings have important implications in game design, where understanding mental workload can 
lead to the development of more engaging and effective games.  

Kaczorowska et al. [63] employed ex-gaussian statistics to identify relevant features from eye 
tracking data. The feature derived from the symmetric standard deviation of normal components was 
not significant in classification, therefore was discarded from further analysis. On the other hand, the 
mean and exponential information of data distribution pertaining to saccade, fixation, and blink-
related features were found to contribute significantly to the classification process, achieving 96% 
accuracy when the random forest model was applied, outperforming other algorithms, such as 
decision trees, SVM with a linear kernel function, and logistic regression. The use of ex-gaussian 
statistics to select relevant features combined with random forest indicated the potential of ML in 
accurately classifying cognitive workload levels based on eye tracking data. Nonetheless, further 
research to explore the potential of other ML algorithms and feature selection techniques for 
improving classification accuracy is useful. Bafna et al. [54] induced six levels of mental workload 
using an eye typing task. The level of task difficulty was based on the Leipzig corpus and the 
readability score Lasbarheits index (LIX) score [113]. To classify different mental workload levels, the 
data set was labelled using the Hidden Markov Model. Four ML algorithms were trained, namely 
AdaBoost [114] regressor with regression trees, random forest regression, partial least squares 
regression, and support vector regression with bagging. Experimental results indicate that the 
random forest regression model performed beĴer in terms of variance and mean absolute error as 
compared with those from other models, indicating its effectiveness in classifying the levels of mental 
workload induced by an eye-typing task. Random forests have emerged as a significant tool for 
predicting cognitive load using eye-tracking data. However, directly comparing the results across 
different studies is complex due to various influencing factors such as disparate sample sizes, diverse 
eye-tracking modalities, and differing methods for feature selection. Despite these challenges, 
commonalities emerge among the studies, including similar approaches to performance validation 
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and a consistent trend indicating that combining features from different categories enhances 
cognitive load prediction accuracy. Notably, the literature highlights instances where random forest 
classifier achieved remarkable accuracies, approaching 97%, particularly when trained on high-
dimensional and multi-modal data [115]. This exceptional performance underscores RF's unique 
ability to discern changes in variables that may remain undetected by alternative algorithms. Upon 
these findings, it becomes evident that random forests strength lies in its capacity to effectively 
integrate diverse data sources and identify subtle paĴerns within them. By harnessing the collective 
information from various eye-tracking modalities and feature categories, RF models can identify 
relationships that contribute to accurate cognitive load classification. Moreover, the consistent 
validation approaches adopted across studies contribute to the reliability of the observed trends.  

While random forest models have shown promising results in cognitive workload classification 
using eye-tracking data, they still suffer from some drawbacks. It is often difficult to understand how 
a random forest model arrives at its predictions. This is because a random forest generates multiple 
decision trees with different variable subsets and different splits, which makes it challenging to 
interpret the overall prediction process. Another limitation is its demand for significant 
computational resources, especially when working with large data sets with high-dimensional data. 
Therefore, further investigations on solving these drawbacks are necessary, in order to optimal the 
performance of ML algorithms in cognitive load analysis with eye-tracking data. Moreover, the 
studies reviewed have employed various feature extraction methods, including Tukey's HSD [51], 
ex-Gaussian statistics [52], and Hidden Markov Models [54]. While these techniques have contributed 
to understanding cognitive workload dynamics, the optimization of feature space remains a critical 
aspect for developing consistent and practical classification systems. Additionally, optimizing the 
feature space holds promise for informing the design of future application-oriented eye-tracking 
sensors. Further research efforts should focus on evaluating the robustness of feature spaces created 
using filter or embedded feature selection methods. By systematically assessing the effectiveness of 
different feature selection techniques, researchers can identify the most informative and 
discriminative features for cognitive load classification. This, in turn, will facilitate the development 
of more accurate and efficient ML models tailored to cognitive workload analysis with eye-tracking 
data. 

3.5.5. Ensemble Machine Learning Methods 

Ensemble methods work on the principle of combining multiple models to improve the overall 
predictive performance. In particular, boosting is an ensemble method that iteratively trains weak 
models, which are then combined to form a strong model. XGBoost and LightGBM are two popular 
gradient-boosting models that use the boosting method to improve the predictive performance of 
decision trees. XGBoost and LightGBM take the boosting concept a step further by incorporating 
techniques to enhance performance and efficiency. They optimize the learning process by assigning 
appropriate weights to data points and utilizing advanced algorithms for constructing decision trees. 
These gradient boosting models excel at capturing complex relationships within the data, handling 
both numerical and categorical features effectively, and combating overfiĴing through regularization 
techniques. Table 7 provides an overview of the strengths and limitations of studies that utilise the 
power of ensemble methods, specifically XGBoost and LightGBM, for the analysis of eye-tracking 
data. These studies underscore the immense potential of ensemble methods in enhancing the 
accuracy and robustness of cognitive load classification and other applications involving eye-tracking 
data. 

Table 7. Comparative analysis of studies utilizing Ensemble ML methods for cognitive workload classification. 

Study Strengths Limitations  

Zhou et al. [55] 
Employed the Shapley Additive Explanation 

(SHAP) algorithm for feature selection, enhancing 
model interpretability.  

Lacked comprehensive exploration of 
different hyper-parameter settings or model 

variations. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 16 June 2026 doi:10.20944/preprints202606.1188.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202606.1188.v1
http://creativecommons.org/licenses/by/4.0/


 25 of 51 

 

Compared performance using relevant indicators 
(RMSE, MAE, correlation) with other ML models. 

Bachurina et al. [56] 
Explored important factors for classification, 

offering insights into the relevance of eye movement 
features. 

No direct analysis of XGBoost's limitations or 
potential challenges. 

These models implement several optimisation schemes to improve the speed and accuracy of 
the boosting process. Zhou et al. [55] utilised an ML ensemble model known as LightGBM (Light 
Gradient Boosting Machine) to predict situation awareness during takeover conditions in a simulated 
environment [116] with automated driving. The model was trained using eye-tracking data such as 
fixation, pupil diameter, and saccades, which were selected using the Shapley Additive Explanation 
(SHAP) algorithm [117]. In the study, the performance of LightGBM was compared with those from 
other ML models, such as Linear SVM, Quadratic SVM, Gaussian SVM, Linear regression, Random 
Forest, and XGBoost algorithms. The performance indicators included RMSE, MAE, and correlation 
between the actual and predicted values. Similarly, Bachurina et al. [56] investigated the use of 
reaction time, difficulty level, and eye-tracking data to predict cognitive load during a colour-
matching task. The extracted features were used to train Linear Regression, Lasso Regression, Ridge 
Regression, k-NN Regression, XGBoost Regression, and Random Forest Regression models. The 
experimental results indicated that XGBoost outperformed the other models. Furthermore, the mean, 
standard deviation, maximum and minimum values of eye movement features were identified as the 
important factors for classification. Both XGBoost and LightGBM have been shown to achieve state-
of-the-art performance on a range of tasks, including classification, regression, and ranking. However, 
their performance is affected by several factors, such as the size of data sets, model complexity, and 
computing resources. Additionally, both models require tuning of hyper-parameters to achieve 
optimal performance. 

3.5.6. Artificial Neural Network (ANN)  

ANNs mimic the neural structure of the human brain [118]. ANNs are composed of 
interconnected nodes, known as neurons, which are grouped into layers. The input layer receives the 
data samples, while the output layer produces the predicted results. In between the input and output 
layers, there can be one or more hidden layers that process the data samples [119]. The ability of 
ANNs to handle complex and nonlinear relationships in data sets has made them a popular tool for 
many applications, including the classification of cognitive load using eye-tracking data. In recent 
years, several studies have explored the use of ANNs for accurately classifying cognitive load levels 
based on eye-tracking measures. In Table 8, we presented a comprehensive overview of the strengths 
and limitations of studies that leverage ANNs for the analysis of eye-tracking data. Two selected 
papers that employ ANNs for this purpose are discussed, demonstrating their potential effectiveness 
in cognitive load classification. One of the benefits of using ANNs for cognitive load classification is 
their ability to learn from large amounts of data, which can improve the accuracy of the classification. 
ANNs can also adapt to new data, making them versatile and adaptable to different contexts and 
situations. 

Table 8. Comparative analysis of studies utilizing ANN for cognitive workload classification. 

Study Strengths Limitations  

Kaczorowska et 
al. [58] 

Conducted feature selection and explored multiple ML 
algorithms, including Multilayer Perceptron (MLP), for 

cognitive workload classification. 
Demonstrated the performance of MLP in comparison 

with traditional models (SVM, logistic regression). 

Limited discussion on tuning hyper-
parameters or exploring variations in 

MLP architecture. 

Rizzo et al. [60] 
Highlighted significant fixation features and compared the 

performance of various algorithms. 
Focused only on specific fixation and 
saccade features, potentially missing 
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Demonstrated the challenges of selecting appropriate 
features and the potential limitations of random forest for 

the task. 

broader context of cognitive load 
classification.  

Kaczorowska et al. [58] conducted feature selection using ANOVA and verified the normal 
distribution and variance equality of the selected variables using the Kolmogorov-Smirnov test. The 
study explored the use of several ML algorithms, namely SVM with linear, quadratic, and cubic 
kernels, Logistic Regression, Decision Tree, k-NN, the Multilayer Perceptron neural network, and 
Random Forest to classify different levels of mental workload based on eye-tracking data. The results 
indicated that fixations and saccades were more significant features for classification than other eye-
related features. The SVM with linear kernel function and logistic regression models performed 
similarly to the multi-layer perceptron, which outperformed other algorithms. Rizzo et al. [60] used 
7 fixation and 22 saccade features from the Stroop task to classify different levels of mental workload. 
To select useful variables for classification, the ANOVA test was applied to all the features. Several 
ML algorithms, including ANN, SVM, logistic regression, and random forest, were evaluated. The 
experimental results indicated that the maximum and minimum fixation features performed 
significantly beĴer as compared with other features, and random forest exhibited the worst 
performance in the classification task. One benefit of using ANNs for cognitive load classification is 
their ability to learn from large data sets, which can improve classification accuracy. ANNs can also 
adapt to new data, making them versatile and robust to different contexts and situations. Despite 
their effectiveness, ANNs have limitations in terms of their trial-and-error training process, which is 
time-consuming. Additionally, the optimal number of hidden neurons in the network is often 
unknown, and selecting an incorrect number can lead to overfiĴing or underfiĴing a given data set, 
compromising the performance [120]. 

3.5.7. Convolutional Neural Network (CNN) 

CNNs have emerged as one of the most widely used cognitive load classifiers using eye-tracking 
data. One of the primary reasons for their effectiveness is that they can extract features from raw 
signals automatically, which eliminates the need for manual feature engineering [121]. This is 
particularly advantageous in the context of cognitive load classification, as it allows CNNs to learn 
and identify features that are most relevant to the cognitive load levels. Another reason why CNNs 
are effective for cognitive load classification is that they rely on spatial features. Eye tracking data 
provide information on the spatial distribution of fixations, saccades, and other eye movements, 
which allow a CNN to extract meaningful features. As an example, the CNN can identify regions of 
interest in the visual stimuli that are most relevant to the cognitive load levels and use this 
information to make a prediction. The basic structure of a CNN includes several layers, such as the 
convolutional layer, pooling layer, and fully connected layer [122].  

Table 9. Comparative analysis of studies utilizing CNN for cognitive workload classification. 

Study Strengths Limitations  

Rahman et al. 
[59] 

Utilized both eye-tracking data and camera images to 
extract saccade and fixation information for cognitive 

load classification. 
Explored various ML and DL classifiers, including 
SVM, LR, LDA, k-NN, DT, CNN, and LSTM, for 

cognitive load prediction. 
Highlighted the importance of cross-validation for 

model evaluation. 

Smaller dataset size could have impacted the 
accuracy of CNN models. 

Focus on accuracy without in-depth analysis of 
potential limitations or challenges of using 

CNN or other models.  

Okafuji et al. 
[66] 

Established a strong association between eye gaze 
data and steering wheel performance, showcasing the 
potential of DL models in driver behaviour analysis. 

Limited sample size and scope may affect 
generalizability of findings to more complex 

driving scenarios. 
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Fan et al. [62] 

Explored the use of Siamese networks trained on 
fixation count heatmaps for classification of eye-

tracking data. 
Demonstrated feasibility of Siamese networks for 

classification tasks using eye-tracking data. 

Performance difference between models was 
not significant, potentially requiring further 

investigation or optimization. 

The convolutional layer, which is the first layer in a CNN, performs feature extraction from a 
large amount of data. In the context of cognitive load classification, this layer is able to extract relevant 
features from eye-tracking data, such as the duration and frequency of fixations and saccades, as well 
as pupil size and blink rate. The pooling layer is the next in a CNN, and it compresses the input 
feature map to extract the main features. This layer can be used to reduce the data dimensionality 
while retaining the relevant features for classification. The fully connected layer is the last in a CNN, 
which processes the features extracted from the previous layers to produce the final output. In the 
context of cognitive load classification, this layer classifies different levels of cognitive load based on 
the extracted features. In the literature on cognitive load classification using eye-tracking data, several 
studies have explored the use of CNNs as a classification algorithm. Specifically, we have identified 
three studies that have successfully implemented CNNs for this purpose. 

Rahman et al. [59] utilised eye-tracking data and camera images to extract saccade and fixation 
information from drivers in a simulation environment. The study found a strong correlation between 
the features obtained from both data modalities, with correlation scores ranging from 0.98 to 0.95. 
The main objective of the study was to classify the mental workload of drivers using various ML and 
DL classifiers. The ML classifiers used were SVM, LR, LDA, k-NN and DT, while the DL classifiers 
explored were CNN with a 16-layered network and an LSTM network. These models were trained 
using features with sample sizes of 60, 30, and 15 seconds. The experimental results that the models 
achieved the highest accuracy with the 30-feature data set, and 5-fold cross-validation achieved 
higher accuracy than holdout cross-validation. Although the accuracy of SVM was higher than that 
of CNN, the lower accuracy of CNN could be aĴributed to the small dataset size used in the study. 

Okafuji et al. [66] introduced a new approach to analyse the cognitive behaviours of drivers 
during the control of the steering wheel using a DL model. Specifically, they proposed a CNN-based 
model named FB-Delay-Pilot Net, which had 11 layers. The model was trained on feature maps 
generated from eye gaze data. The study found a strong association between eye gaze data and 
steering wheel performance. Since the study was conducted with only three participants, the results 
might not generalise to more complex driving scenarios. Further research is necessary to replicate 
and validate the findings with larger sample sizes and more diverse driving scenarios, in order to 
fully evaluate the potential of the proposed approach. Nevertheless, this study demonstrated a 
promising step toward utilising DL models and eye gaze data to beĴer understand and improve 
driver behaviours and performance.  

Fan et al. [62] conducted a study using heatmaps of participants' fixation counts to train Siamese 
networks. The study classified participants who previously passed the examination using their eye-
tracking data with two Siamese networks. The first was trained from scratch, while the second was 
trained using the pre-trained weights of the VGG-16 model, which had a similar structure to that of 
the Siamese network. While the second model outperformed the first, the performance difference was 
not significant. The study demonstrated the feasibility of using Siamese networks for the classification 
of eye-tracking data. Further studies to ascertain the effectiveness of these models on different types 
of data and tasks are necessary. 

These studies collectively illustrated the effectiveness of integrating diverse eye-tracking 
features into a unified tensor, thereby enabling the extraction of complementary signals through 
convolutional operations. This method offers a straightforward implementation path without 
necessitating extensive modifications to standard CNN structures. CNNs can be deployed in various 
configurations and architectures, allowing for versatility in addressing different applications 
associated with the eye-tracking data analysis. Interestingly, many of these studies presented here 
developed custom CNN architectures based on their specific research objectives and datasets. CNNs 
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represent a paradigm shift in data analysis, revolutionizing the way information is extracted from 
spatial data. Unlike traditional methods that often necessitate meticulous feature engineering to 
uncover relevant paĴerns, CNNs possess the remarkable ability to extract meaningful features from 
raw input data [32]. In conventional parametric or machine learning approaches applied to eye-
tracking data, feature engineering involves carefully combing through input data redundancies and 
extracting latent variables to best describe the response variable. Essentially, these models must be 
trained to recognize relevant features before tackling the problem at hand. While feature engineering 
offers a degree of control over the model by leveraging prior knowledge, its efficacy is constrained 
when confronted with unknown systems characterized by myriad dimensions and intricate 
interactions. In contrast, CNNs learn to perceive features iteratively through the optimization of 
transformations, particularly within their convolutional layers [123], throughout the training process. 
This end-to-end learning principle renders traditional feature engineering obsolete, potentially 
obviating the need for additional preprocessing steps. Moreover, supplementary feature engineering 
methods, such as feature extraction via ANOVA or t-tests, may inadvertently introduce information 
loss and undermine model accuracy. Consequently, deep learning shifts the focal point from defining 
what a model should learn to refining how a model should learn. Despite their advantages, CNNs 
also have some limitations when used for cognitive load classification. In Table 9, we present an 
inclusive overview of the strengths and limitations of studies employing CNNs for the analysis of 
eye-tracking data.  

One of the main limitations is that they can be computationally intensive, requiring powerful 
computing hardware and significant processing time [124]. Additionally, CNNs can be prone to 
overfiĴing if they are trained on small data sets. CNN models are also complex. OverfiĴing in models 
isn't solely determined by the number of parameters; it's also influenced by the representativeness of 
the sampled data [125]. In eye-tracking studies, samples are often taken under limited conditions, 
increasing the risk of model overfiĴing to these specific scenarios. A simple fix is to enlarge the 
training dataset to include more variance or a wider range of circumstances. However, acquiring 
labelled observations can be prohibitively expensive. Researchers commonly resort to data 
augmentation techniques, which involve generating additional samples synthetically from existing 
data. Among the diverse methodologies for data augmentation, Generative Adversarial Networks 
(GANs) stand out as an elegant framework. Rooted in game theory principles, GANs operate through 
a dynamic interplay between a generator module, responsible for crafting synthetic data, and a 
discriminator module tasked with distinguishing between synthetic and authentic data [126]. 
Throughout the training process, GANs refine their ability to synthesize observations from noise 
while simultaneously honing their discrimination skills. This dual objective enriches the creation of 
high-quality synthetic data that closely mimics the characteristics of real-world observations, thereby 
enriching the training dataset and mitigating the risk of overfiĴing. 

3.6. Eye-Tracking and Other Physiological Measures for Cognitive Load Classification 

Instead of solely relying on eye-tracking data, there are studies that combine them with other 
physiological data for cognitive load classification. Figure 6 illustrates the distribution of studies 
using eye-tracking data alone to classify cognitive load, compared to those that integrate eye-tracking 
with other physiological signals. The rationale includes the complex nature of cognitive load and the 
fact that eye movements are just one aspect of the overall physiological response. Although eye 
tracking can provide useful information on gaze paĴerns and fixation durations, but it does not 
capture a full range of physiological responses that can occur during cognitive tasks. When 
performing a task that demands a high cognitive load, individuals can experience various 
physiological changes, including alteration in heart rate, breathing paĴerns, and brain activity. These 
changes can be measured using various parameters such as Electrodermal Activity (EDA), 
Electrocardiography (ECG), Electromyography (EMG), Electroencephalography (EEG), 
Photoplethysmogram (PPG), skin temperature, Heart Rate Variability (HRV), Galvanic Skin 
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Response (GSR), and Respiration Rate (RR). Each of these parameters provides a unique insight into 
an individual's physiological response toward cognitive tasks.  

 

Figure 6. Distribution of studies using eye-tracking data alone versus those incorporating additional 
physiological signals for cognitive load classification. 

By employing deep learning techniques, researchers aim to develop models that can effectively 
detect and classify cognitive load based on the physiological data collected [127]. Deep learning 
algorithms have demonstrated great potential in handling complex paĴerns and extracting 
meaningful features from large datasets [128], making them well-suited for analysing the intricate 
relationships between physiological responses and cognitive load. Alternatively, researchers may opt 
to extract relevant features from the physiological data before inpuĴing them into deep learning 
models [129]. This feature extraction process involves applying signal processing techniques to derive 
meaningful characteristics that capture the variations and paĴerns specific to cognitive load. These 
extracted features can then be used as inputs to the deep neural networks, enabling them to learn the 
relationships between these features and cognitive load levels.  

Integrating eye tracking with other physiological measures can provide a more complete picture 
of an individual's physiological response, which can improve the accuracy of cognitive load 
classification. Table 10 provides a summary of recent studies on the fusion of eye-tracking data with 
other physiological signals. Since there exist individual differences in the physiological response 
toward cognitive tasks, some may show a stronger physiological response in one measure as 
compared with another, which can make it difficult to accurately classify cognitive load based on just 
a single measure. These fusion approaches enable the classification model to consider a broader range 
of physiological responses, thereby improving the classification accuracy and reducing the impact of 
individual variations. Moreover, integrating multiple physiological measures facilitates a more 
comprehensive understanding of the complex interplay between cognitive load and physiological 
responses. Different measures capture various aspects of the physiological state, such as heart rate, 
respiration rate, electrodermal activity, and brain activity. By examining these multiple dimensions, 
researchers gain a deeper understanding of the underlying mechanisms and dynamics associated 
with cognitive load. 

Table 10. Summary of Eye-Tracking and Physiological Signal Classification Techniques. 
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Author Task 
Physiological 

measures 
Validation Model Accuracy 

Other 
metrics 

Test 
subjects 

Vaitheeshwari 
et al. (2022) 

[130] 

Battlefield 
environment 
developed in 

Unity 3d game 
engine 

Galvanic skin 
response (GSR) 

sensor, and 
eye-tracking 

5-fold CV LSTM 99.7% -- 

20 male 
participants 

aged 
between 20 

and 23 

Yousefi et al. 
(2022) [106] 

Stroop task 
and a 

mathematical 
stressor task 

Pupil diameter (PD) 
and electrodermal 

activity (EDA) 

10-fold CV 
(Stroop task) 

and 
Leave-One-

Out 
(mathematical 

Task) 

Linear 
discriminant 

analysis 
classifier 

Stroop task = 
88.43% and 

mathematical 
task = 91.1% 

-- 

15 
participants 
(8 males and 

7 females 
with an 

average age 
of 

26.93 ± 2.05) 

Oppelt et al. 
(2023) [105] 

n-back and 
playing songs 

while 
watching a car 

simulation 
video  

Eye tracking, 
Electrocardiography 

(ECG), 
Electrodermal 

Activity (EDA), 
Electromyography 

(EMG) 
Photoplethysmogra
m (PPG), respiration 

rate, and skin 
temperature, 
Facial regions 

Nested 
k-fold cross-

validation 
with 10 inner 
folds as the 

validation set 
and 10 outer 

folds 

XGBoost 
classifier 

-- 

AUC = 
0.91 ± 0.02 

and F1-
score = 

0.82 ± 0.06 

51 
participants 
(26 male, 24 

female 
subjects and 

1 subject 
that did 

not want to 
state gender 

and age) 

Hijazi et al. 
(2021) [104] 

Tellback task 
(Cognitive 

load of 
programmers) 

Eye tracking and 
Heart Rate 

Variability (HRV) 
5-fold CV SVM 83 ± 0.75 % 

Precision 
= 0.89, 
recall = 

0.79, and 
F1-score = 

0.83 

30 
participants 

He et al. (2022) 
[115] 

n-back task (1 
and 2) while 
driving a car 

in a simulation 
environment  

Eye tracking, heart 
rate (HR), ECG and 

galvanic skin 
response (GSR) 

10-fold CV 
Random 
forests 

97.8%  

33 
participants 

(18 males 
and 15 

females) 
average age 
= 27.6 and 
SD = 4.45 

Wang et al. 
(2023) [131] 

Impact 
sensitivity 
experiment 

EEG and eye 
movement 

5-fold CV 
SVM and 
random 
forests 

SVM = 94.9 % 
and RF = 

94.3 % 

SVM 
(AUC = 

0.984) and 
RF (AUC 
= 0.961) 

21 male 
participants 
(mean age 
was 23.1 ± 
2.4 years)  

Similar to research that solely leverages eye-tracking data to analyse cognitive load, studies that 
utilise eye-tracking data alongside other physiological measures have also relied on statistical 
methods to analyse the gathered data sets. To combine features from different modalities that are 
normally distributed, the t-test and ANOVA are frequently used. Meanwhile, the Wilcoxon test is 
employed to combine features that do not follow a normal distribution. Oppelt et al. [105] took an 
additional step to ensure the accuracy of the results by normalising all features using subject-wise z-
scores. This approach took into account the unique distribution of each subject's data and 
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standardised it accordingly. After extracting useful features, the next step involves classification. 
Various studies have utilised multiple physiological measures to analyse cognitive processes and 
mental workload. He et al. [115] evaluated several ML algorithms for the purpose of predicting 
human emotional states, namely k-NN, SVM with radial basis function, feedforward neural network, 
recurrent neural network, and random forest. To determine the accuracy of each algorithm, a 
combination of physiological measures, including eye tracking, heart rate (HR), electrocardiogram 
(ECG), and galvanic skin response (GSR), was used. The results revealed that prediction accuracy 
increased up to 34.5% with a combined data set. Similarly, Yousefi et al. [106] used a combination of 
pupil diameter and electrodermal activity (EDA) features to study cognitive load. Their research 
aimed to understand the relationship between cognitive workload and physiological responses. 
Meanwhile, Hijazi et al. [104] combined eye-tracking and heart rate variability (HRV) features to 
investigate the relationship between cognitive workload and cardiac response. Their study focused 
on understanding how cognitive workload could affect cardiovascular responses, and how these 
responses could be used to assess cognitive workload.  

In another study, Wang et al. [131] utilised a combination of EEG and eye-tracking features to 
analyse mental workload in a simulated cognitive environment. The Relief algorithm was employed 
to select features indicative of cognitive load. This approach identified the δ, θ, and γ frequency bands, 
as well as the left-eye pupil diameter (LEPD), right-eye pupil diameter (REPD), and fixation time (FT), 
as key features of cognitive load analysis. Their research identified the underlying neural 
mechanisms of cognitive workload and determined the effectiveness of using EEG and eye-tracking 
features in assessing cognitive workload. These studies highlight the importance of utilising multiple 
physiological measures in analysing cognitive processes and workload. By combining features from 
different modalities, researchers can gain a comprehensive understanding of the underlying 
mechanisms that contribute to cognitive processes. Furthermore, these studies demonstrate that the 
use of various physiological measures can be effective in assessing cognitive workload in different 
contexts. Vaitheeshwari et al. [27] conducted a study to investigate the effectiveness of incorporating 
Galvanic Skin Response (GSR) features for ML models to predict cognitive load levels. A combination 
of GSR data and eye-tracking features was formed for the classification of cognitive load using a 7-
layered Convolutional Neural Network (CNN) and a Long Short-Term Memory (LSTM) model with 
50 units. To compare the performance of different ML algorithms, the accuracy of 1D-CNN, LSTM, 
SVM, and Random Forest models was compared. The SVM algorithm outperformed other models. 
The study found that incorporating raw features resulted in beĴer accuracy for LSTM and 1D-CNN 
models. However, when using GSR data, the combination of GSR features achieved the highest 
accuracy, which outperformed other feature combinations. The results of this study suggested that 
incorporating GSR features could substantially enhance the usefulness of ML models in predicting 
cognitive load levels. The finding implied the importance of considering multiple physiological 
measures, such as GSR, in cognitive load analysis, particularly the effectiveness of SVM in predicting 
cognitive load levels. The advantage of ML/DL-based approaches lies in their ability to learn complex 
representations and capture intricate dependencies within the data. By leveraging the power of 
neural networks, these models can potentially uncover hidden paĴerns and nuances in the 
physiological responses that may not be readily apparent through traditional analysis methods. The 
integration of DL-based approaches in cognitive load classification research, leveraging multiple 
physiological signals, exhibits promising potential for enhancing the accuracy and robustness of 
these classification models. However, the integration of multiple physiological measures does 
present some challenges. These include the need for appropriate feature extraction techniques, data 
alignment and synchronization, and the selection of suitable fusion methods. Additionally, the 
dimensionality and complexity of the resulting dataset can pose challenges in terms of computational 
efficiency and model interpretability. Nonetheless, the integration of multiple physiological measures 
remains a promising approach for advancing cognitive load classification research. By considering 
the diverse physiological responses exhibited by individuals and making use of fusion techniques, 
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researchers can improve the accuracy, robustness, and individual specificity of cognitive load 
classification models. 

4. Challenges, Possible Solutions, and Limitations 

Thus far, we have presented a comprehensive review of various ML and DL models for 
developing automatic cognitive load analysis based on eye-tracking data. To conduct a thorough and 
critical analysis of this topic, a total of 24 relevant research articles have been selected based on a set 
of inclusion and exclusion criteria. Of the 24 carefully selected research articles, 18 of them employ 
ML-based models, with the remaining 6 utilising DL-based models to build automatic cognitive load 
classification solutions using eye-tracking data. The chosen articles have been meticulously screened 
to ensure they are representative of the current state-of-the-art development in the field of cognitive 
load classification through eye-tracking data analysis. This study also delves into the categorization 
of workload using different AI models. While there is no universally standardized taxonomy to 
classify workload levels [132], as a few basic cognitive load levels cannot fully capture the entire 
spectrum, researchers and theorists have proposed various taxonomies based on cognitive load 
theory. One approach to classifying cognitive load involves utilising cognitive load tasks such as N-
back tasks, Stroop tasks or creating virtual environments within simulated environments. These 
studies employ cognitively demanding tasks as stimuli to evoke specific physiological responses in 
subjects, which are then recorded to assess their mental states.  

However, it is important to acknowledge the challenge of categorizing workload levels as they 
increase in complexity. Figure 7 presents a comprehensive list of challenges that arise when 
aĴempting to categorize workload levels as they increase in complexity. In the context of developing 
automatic cognitive load analysis based on eye-tracking data, these challenges play a significant role 
in shaping the direction and effectiveness of research efforts in the field. As the number of workload 
levels grows, it becomes increasingly difficult to assign them with distinct labels or categories. This 
complexity underscores the need for sophisticated AI models capable of accurately capturing and 
analysing the intricate nuances of cognitive load. Considering these factors, this paper provides a 
comprehensive framework for the classification of cognitive load using eye-tracking data. By 
examining the methodologies, algorithms, and performance metrics presented in the selected articles, 
this review offers a comprehensive understanding of state-of-the-art techniques in the domain and 
to identify potential areas for future research. 

 

Extracting 
representative 

features from eye-
tracking data

Recent DL models 
for the analysis of 
eye-tracking data

Interpretability 
challenges in DL for 
eye-tracking data 

analysis

Incorporating 
behavioral data into 

eye-tracking 
analysis

Enhancing 
generalizability of 

classifiers

Cognitive task 
complexity and 

engagement Levels

 

Figure 7. Challenges in utilising ML/DL for eye-tracking data. 
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4.1. Cognitive Task Complexity and Engagement Levels 

The dynamics of working memory vary significantly based on whether it interacts with 
previously stored information in long-term memory or processes new data from the environment. In 
the case of previously processed information from long-term memory, working memory exhibits 
distinct characteristics. It capitalizes on the established pathways of knowledge, efficiently accessing 
and applying the stored insights to navigate the current situation. This process is marked by a certain 
fluidity and fluency, facilitated by the familiarity of the information. Conversely, when confronted 
with new and unfamiliar information from the environment, working memory assumes a different 
set of aĴributes. It operates on a heightened alert, actively processing, and integrating the novel data 
to make informed decisions. This mode of operation involves a heightened cognitive engagement, as 
the system strives to comprehend and adapt to the unforeseen circumstances. 

Most of the reviewed studies have employed the n-back task, the Stroop task, or the mental 
arithmetic task as tools for assessing cognitive load [133–135]. These tasks have proven to be 
particularly valuable due to their ability to elicit varying degrees of cognitive demand. The cognitive 
tasks, participants will be presented with various stimuli, such as numbers and leĴers, and were 
asked to perform different types of mental operations, such as n-back tasks, mathematical equations 
(addition, subtraction, and multiplication), counting, or comparing. These tasks were designed to 
elicit different levels of cognitive load, ranging from low to high, and will be presented either alone 
or in combination with the driving or flying tasks. For the driving or flying tasks, the participants will 
be asked to navigate a simulated environment and respond to various stimuli, such as traffic lights 
or obstacles [136]. The tasks were designed to simulate real-world driving, flying, or training 
scenarios and were presented either alone or in combination with the cognitive tasks. Engaging 
participants in cognitive tasks gives rise to a range of distinct challenges. One pivotal concern pertains 
to the intricate interplay between the cognitive load inherent in these tasks and the participants' 
engagement levels. When cognitive tasks are overly simplistic, participants might become 
disengaged, blurring the demarcation between a state of normal cognitive functioning and one under 
cognitive load [137]. Consequently, the imperative arises to judiciously curate cognitive load-based 
tasks to strike an optimal balance. The selection of cognitive load tasks assumes a paramount 
significance. Tasks ought to be meticulously chosen, ensuring they encompass a degree of challenge 
that is not excessively facile, but instead stimulates participants to be optimally engaged. This delicate 
equilibrium is pivotal, as it fosters an environment wherein users are stretched to their cognitive 
limits while remaining motivated to conquer the challenges at hand. However, it is crucial to tread 
cautiously, for an excessive cognitive load can potentially tip the delicate balance into unfavourable 
direction [138]. When participants are confronted with an overwhelming cognitive load that 
surpasses their coping capacities, they are susceptible to commiĴing errors and mistakes during the 
execution of cognitive tasks. Such instances underscore the critical importance of calibrating the 
cognitive demands of tasks with the users' cognitive capabilities and the contextual environment. 

The assessment of cognitive load through the utilization of a secondary task, commonly referred 
to as dual task methodologies. Researchers frequently employ a dual-task paradigm as a strategic 
approach to address the challenges associated with cognitive tasks. The utilization of a dual-task 
framework has emerged as a valuable strategy to tackle the complexities inherent in studying 
cognitive load and engagement. Nevertheless, it is essential to acknowledge that the substantial 
benefits of this approach may be counterbalanced by the intricate nature of the experimental design 
that it necessitates. The deployment of dual task methodologies demands careful orchestration and 
meticulous control over the simultaneous tasks, potentially introducing complexities that could 
challenge the interpretation of results. These tasks were designed to assess the participants' ability to 
multitask and to measure the cognitive load associated with this type of activity. Furthermore, it is 
imperative to address the potential encumbrance posed by this method, particularly when applied 
within contexts involving learning or problem-solving tasks.  

However, the utilization of the secondary task technique comes with a set of inherent limitations 
that necessitate careful consideration [139]. One significant constraint involves the potential 
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encroachment of the secondary task upon the primary task, introducing a propensity for the subject 
to alter their approach and strategy. This phenomenon has the potential to introduce distortions both 
in the execution and framework of the primary task, thereby influencing the overall performance 
outcomes. When the response modalities for both tasks coincide, the level of interference caused by 
the secondary task is at its highest. This is especially pronounced in scenarios where intricate tasks 
are involved, as their heightened structural complexity inherently restricts the allocation of aĴention 
across the inputs required for each task. This intricate relationship between task characteristics and 
aĴention-sharing underscores the pivotal role played by the nature of the primary task in shaping 
the efficacy and efficiency of the secondary task. Another critical concern revolves around the 
potential for the secondary task to impose an excessive cognitive burden on the subject, thus exerting 
a deleterious impact on the execution of the primary task. This potential for overload introduces an 
element of distortion to the performance of the primary task, further complicating the interpretation 
of results and undermining the reliability of the findings. This variance is aĴributed to the activation 
of arousal that the secondary task invokes, and its interaction with individual personality traits. For 
instance, individuals characterized by a 'Type A' personality exhibit distinct performance paĴerns 
under conditions of high cognitive load compared to those with a 'Type B' disposition [140]. Similarly, 
subjects with disparate decision-making styles respond differently to the demands imposed by the 
secondary task. [139] 

To prevent the burden of excessive cognitive load often associated with authentic tasks, an 
effective training program employs a gradual approach. Initially, learners engage with learning tasks 
that present simplified versions of the overall task complexity. As their proficiency and knowledge 
advance, they progressively tackle more intricate renditions of the complete task. It is essential for 
these training tasks to closely mirror the real-world activities that await them post-training, striving 
for a high degree of fidelity. However, it is important to recognize that while training tasks should 
align closely with real-life scenarios, they need not be exact replicas, here lies the distinction between 
cognitive authenticity and physical authenticity. Prioritizing cognitive authenticity holds greater 
significance. While physical authenticity is certainly valuable, there exist valid reasons to adopt a 
somewhat less physically authentic, simulated training environment. This simulated approach can 
offer several advantages, such as curbing material expenses and the costs associated with errors. It 
also enables the controlled sequencing of tasks, affording the opportunity to introduce tasks that are 
infrequent in actual practice yet hold relevance for training purposes. Additionally, this approach 
allows for dedicated time intervals for feedback and contemplation during task execution, 
contributing to a more effective learning experience. The primary focus remains on cultivating 
cognitive authenticity, which may entail making thoughtful trade-offs with physical authenticity. 
While the laĴer is not to be dismissed, the decision to embrace a simulated training environment can 
be justified by its capacity to manage costs, optimize learning outcomes, and facilitate deliberate skill 
development. 

4.2. Extracting Representative Features from Eye-Tracking Data 

One of the most significant challenges in developing ML/DL-based models for cognitive load 
classification using eye-tracking data is identifying representative and meaningful features that can 
be utilised as inputs to generate an effective classification architecture [141]. This challenge arises 
from the complexity and high dimensionality of the data set, which can make it difficult to extract 
relevant information. Predominantly blink rate, pupil size, eye-gaze and fixation duration are 
commonly employed indicators of cognitive load in eye-tracking research [51,57,59,63]. They have 
shown the potential in capturing variations in cognitive processing demands. However, it is essential 
to conduct further research to elucidate the intricate relationship between pupil size and cognitive 
processing. This measure is influenced by multiple factors, including cognitive load and processing 
difficulty. Understanding these influences is crucial for accurately interpreting eye-tracking data and 
leveraging fixation duration as a reliable marker of cognitive load. Interestingly, conflicting research 
findings have emerged regarding the role of pupil size as an indicator of cognitive load. For instance, 
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Mitre-Hernandez et al. [52] reported that features related to pupil size did not exhibit significant 
improvements in cognitive load classification. In contrast, other studies have indicated that pupil 
size-related features yield significant improvements in assessing cognitive load [142]. This conflicting 
evidence underscores the need for additional investigation to reconcile these discrepancies and gain 
a comprehensive understanding of the relationship between pupil size and cognitive load [143].  

To address this challenge, many researchers have resorted to statistical methods such as 
ANOVA [58], t-test [104], and Wilcoxon signed rank test [52] to evaluate the effectiveness of different 
features and determine which ones can lead to improved classification accuracy. By utilising 
statistical methods to analyse the efficacy of various features, researchers can beĴer understand the 
underlying paĴerns in the data set and identify the most relevant features as inputs to the ML/DL 
algorithms. The adoption of this methodological approach engenders a twofold benefit. Firstly, it 
cultivates a heightened comprehension of the underlying intricacies intrinsic to the dataset, thereby 
fostering a richer understanding of the dynamics that underpin cognitive load. Secondly, it facilitates 
the selection of optimal features to empower the machine learning and deep learning architectures, 
subsequently fostering the creation of more precise and robust cognitive load classification models. 
These advanced models are endowed with the potential to be wielded across an array of domains 
encompassing education, training, and the realms of human-computer interaction. 

In addition to utilizing statistical methods for feature selection and evaluation, researchers have 
also explored the direct application of Deep Neural Networks (DNNs) on eye-tracking data for 
cognitive load classification [144]. DNNs have gained significant popularity in recent years due to 
their ability to automatically learn hierarchical representations from complex and high-dimensional 
data. When applying DNNs to eye-tracking data, researchers design neural architectures that can 
take raw eye-tracking data as input and learn to extract relevant features automatically through 
multiple layers of interconnected nodes. This process is known as feature learning [145], where the 
neural network learns to identify paĴerns and representations that are most informative for the 
cognitive load classification task. The advantage of using DNNs lies in their capacity to handle 
intricate paĴerns and relationships in the data, which is often difficult for traditional statistical 
methods. DNNs can effectively capture intricate spatial and temporal dependencies present in eye-
tracking data, making them well-suited for cognitive load classification tasks. However, the 
successful application of DNNs to cognitive load classification using eye-tracking data comes with 
its own set of challenges. The majority of the reviewed DL/ML work has been primarily focused on 
the choice of models for classification rather than the extraction of relevant features. Many of the 
features used, such as pupil size, blink rate and gaze direction, are often selected manually. This 
approach raises questions about the optimality of these features for the given cognitive load 
classification task. The full potential of DNNs, which lies in their capability for automatic feature 
learning, remains largely unexplored in these studies. As a result, the extracted features in these 
works often appear static or are aggregated and averaged measures. This limits the ability of the 
models to capture the intricate and dynamic paĴerns present in eye-tracking data. The absence of 
utilizing multimodal temporal paĴerns for classification is a significant limitation observed across 
the reviewed works. This limitation not only restricts the overall performance of the models but also 
misses out on a substantial opportunity to enhance the accuracy and robustness of cognitive load 
classification. Moreover, training deep neural networks requires a large amount of labelled data, and 
acquiring such data for cognitive load classification can be a laborious and time-consuming process. 
Furthermore, deep neural networks are prone to overfiĴing, where the model may perform well on 
the training data but fail to generalize to new, unseen examples [146]. To address overfiĴing, 
researchers often employ techniques such as dropout, regularization, and data augmentation [147]. 
Despite the challenges, the direct application of deep neural networks to eye-tracking data has shown 
promising results in cognitive load classification tasks. The ability of DNNs to learn complex 
representations from raw data enables them to discover subtle cues and hidden paĴerns that might 
not be apparent through traditional statistical approaches alone. 
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By combining statistical methods for feature evaluation and selection with the power of deep 
neural networks, researchers can potentially achieve even higher classification accuracies and gain 
deeper insights into the underlying cognitive processes involved in different tasks. The development 
of accurate cognitive load classification models holds great potential for various domains, including 
education, training, and human-computer interaction, as it can help optimize learning experiences, 
improve task performance, and enhance the overall user experience. As the field continues to evolve, 
the integration of statistical techniques and deep learning approaches is likely to lead to more robust 
and sophisticated cognitive load classification models, further advancing our understanding of 
human cognition and its applications in real-world scenarios. 

4.3. Investigating More Recent DL Models for the Analysis of Eye-Tracking Data 

A variety of classifiers have been employed in conjunction with ML algorithms to tackle the task 
of classification or labelling and train systems to quantify different levels of cognitive workloads. 
Cognitive load classification using eye-tracking data has been explored through various machine 
learning algorithms, SVM, Naive Bayes, k-NN, Random Forests, Ensemble Machine Learning 
methods, ANN, and CNN. Among the numerous studies reviewed, it was observed that SVM was 
the most commonly utilised classifier for this purpose. Following SVM, other classifiers such as 
random forests, k-NN, CNN and various other machine learning and deep learning techniques were 
also applied in the reviewed studies. Naive Bayes, although a simple algorithm, has also been 
effective in certain cognitive load classification tasks. k-NN has demonstrated its potential in 
classifying complex behaviours based on multimodal data, but its computational demand and 
sensitivity to high-dimensional or noisy data are noted drawbacks. Random Forests, as an ensemble 
learning method, have shown accuracy in classifying cognitive workload, but their interpretability 
and computational resource requirements remain concerns. Ensemble machine learning methods, 
such as LightGBM and XGBoost, have emerged as powerful tools for predicting cognitive load levels. 
They can handle large data sets and extract relevant features automatically. ANNs have 
demonstrated their effectiveness in handling eye-tracking data for cognitive load classification. They 
can learn from vast amounts of data and adapt to different contexts, but their training process can be 
computationally intensive and prone to overfiĴing with small data sets. CNNs have also been 
successful in extracting spatial features from eye-tracking data, but they may require significant 
computing resources. Each algorithm has its strengths and weaknesses, and the choice of the 
appropriate method should consider the specific context, data characteristics, and interpretability 
requirements.  

While traditional ML/DL classifiers have been extensively studied, it is important for the eye-
tracking community to explore newer DL models and architectures that have emerged in recent years. 
The utilisation of CNN architectures has been notably successful, as demonstrated by previous 
studies. These architectures have showcased impressive capabilities in various computer vision tasks, 
leading to advancements in object recognition, image segmentation, and paĴern analysis. However, 
when it comes to the domain of eye-tracking, a certain hesitancy can be observed among researchers 
towards embracing the potential of newer CNN models. While the efficacy of conventional CNN 
architectures is acknowledged, the dynamic and intricate nature of eye-tracking data demands a 
nuanced approach. The traditional CNNs, while powerful, might not be optimally tailored to capture 
the subtleties inherent in eye movement paĴerns, fixations, and gaze transitions. This recognition has 
prompted a growing interest within the eye-tracking community to explore newer and more 
specialized CNN models that could beĴer accommodate the distinctive characteristics of eye-tracking 
data.  

Newer models such as GhostNet [148], Densenet [149], and Capsule Net [150] could be 
particularly beneficial in this domain. CapsuleNet is a neural network architecture that aims to 
address the limitations of traditional CNNs by incorporating "capsules" that capture more 
hierarchical and spatial relationships in the data. DenseNet, on the other hand, introduces dense 
connections between layers, allowing for beĴer gradient flow and feature reuse. GhostNet is a 
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lightweight network architecture designed for efficient resource utilisation, making it suitable for 
deployment on devices with limited computational capabilities. The reluctance among researchers to 
adopt these newer CNN models in the eye-tracking domain could be aĴributed to multiple factors. 
Firstly, deep learning is characterized by its rapid evolution, which can make it challenging for 
researchers to stay up to date with the latest architectural developments. This can lead to a certain 
comfort with well-established CNN models that have already proven their meĴle in various tasks. 
As the field of DL advances, models can become increasingly complex, making it difficult to decipher 
the decision-making processes that underlie their predictions. Transitioning to newer models might 
necessitate substantial changes in data preprocessing, training procedures, and fine-tuning 
techniques, potentially requiring more time and effort from researchers who are already familiar with 
existing CNN architectures. However, it is precisely these challenges that underscore the importance 
of investigating and embracing these newer CNN models within the eye-tracking domain. The 
unique characteristics of eye-tracking data warrant a tailored approach, and the pursuit of more 
advanced models is essential for unlocking deeper insights into cognitive load, visual aĴention, and 
other cognitive processes. By investigating these newer models and architectures on eye-tracking, 
researchers can achieve further advancements in automatic cognitive load analysis. To further 
enhance the accuracy and generalizability of these models, future research should focus on 
improving feature selection techniques, addressing computational challenges, and exploring novel 
approaches to interpretability. As eye-tracking technology continues to advance, the application of 
ML/DL algorithms in cognitive load classification is likely to lead to valuable information. State-of-
the-art DL models can lead to improved classification accuracy, enhanced feature representation, and 
ultimately, a beĴer understanding of cognitive workload levels based on eye-tracking data.  

4.4. Interpretability Challenges in DL for Eye-Tracking Data Analysis 

The high performance of end-to-end Deep DNNs is often counterbalanced by their intricate 
nature and the multitude of optimized weights they entail. Consequently, comprehending the 
rationale behind the classifications produced by a DL model for cognitive load analysis remains a 
challenging task. These DL algorithms are commonly referred to as "black boxes," leading us to accept 
the final outcomes (classifications or statistics) without accompanying explanations. To address this 
opacity, researchers have explored various methods for enhancing the interpretability of these 
models [151]. One prevalent approach in this quest for transparency is the utilization of feature-based 
interpretability methods [152]. These methods involve the extraction of pertinent features from input 
data, often derived from intricate eye-tracking signals. The significance of these features lies in their 
ability to reveal subtle paĴerns, hard to estimate through direct observation. These extracted features 
encompass a spectrum of physiological signals, including those operating within the time or 
frequency domains. Remarkably, these input features exert a profound influence over the final 
classifications produced by the model. Consequently, a key area of interest revolves around the 
determination of the relative importance of these input signals in shaping specific predictions [153]. 
This endeavour involves estimating the significance of individual input signals in contributing to the 
overall decision-making process of the model. The outcomes of these importance estimations hold 
the potential to be visualized, effectively giving rise to what are commonly referred to as saliency 
maps.  

However, despite the potential benefits of incorporating interpretability into models for 
cognitive load analysis, especially those utilizing deep learning methodologies, there remains a lack 
of studies within the eye-tracking domain that have employed interpretability techniques. The 
pursuit of improved interpretability in models for cognitive load analysis, especially those based on 
deep learning methodologies, offers numerous promising benefits. Firstly, experts in the field can 
gain a deeper understanding into the underlying learning mechanisms of the models. This enhanced 
understanding opens up avenues for refining the models, particularly in terms of anticipating and 
rectifying potential shortcomings when confronted with new data. Moreover, individuals who are 
not specialists in the domain, including medical professionals who rely on these DL/ML models for 
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crucial decisions, can benefit. A clear understanding of the internal workings of these algorithms 
gives users greater confidence that the model will work as expected even when presented with new 
data. Additionally, it encourages end users to have more trust in and acceptance of these models. 

A few recent studies have aimed to address the challenge of interpretability in eye-tracking data 
with ML/DL models [66]. Some studies have investigated the addition of expert features to ML/DL 
architectures to enhance the model interpretability. Expert features are domain-specific 
characteristics that can be explicitly added to a DL model to aid in the interpretation of results. There 
are two main research directions in addressing the challenge of interpretability in DL models for eye-
tracking data analysis. The first involves using existing expert knowledge to design DNN 
architectures. As an example, in a recent study [62], a method for guiding multilevel weights using 
expert features for modelling eye-tracking data was proposed. This approach aims to improve the 
model interpretability by explicitly incorporating expert knowledge into the DL architecture. This 
approach aims to improve the model interpretability by explicitly incorporating expert knowledge 
into the DL architecture. Models that are simpler and smaller offer enhanced comprehensibility and 
operational efficiency. Consequently, leveraging conventional statistical models becomes a viable 
approach to elucidate the intricate operational dynamics of deep learning systems. However, the task 
of interpreting DNNs poses a significant challenge, primarily due to the inherent non-linearity 
involved in the processing and integration of input features across successive layers. The intricate 
transformations that take place within DNNs often result in complex relationships that are not easily 
interpretable by humans. The transformational processes are characterized by complex interactions 
and weight adjustments, rendering the overall decision-making process of the network difficult to 
understand intuitively. Once deep neural networks have undergone training and demonstrated high 
proficiency. This strategy involves distilling the acquired knowledge within these complex networks 
into more conventional and interpretable models. One such approach is the utilization of Local 
Interpretable Model-agnostic Explanations (LIME) [154]. LIME, designed to explain the inner 
workings of intricate non-linear models, operates by creating a simplified, locally linear surrogate 
model in the proximity of a specific prediction. 

The second is to leverage a DL model as a feature extractor to derive latent embeddings from 
the model. This approach involves using the trained DL model to extract meaningful features from 
the dataset and using the extracted features as inputs to a traditional ML algorithm. In some cases, 
expert features can be combined with deep features to construct hybrid models that offer improved 
interpretability and accuracy [59]. Although the addition of expert features to DL models represents 
a step towards enhancing interpretability, comprehensive investigations are required in this area. 
Nevertheless, it is noteworthy that despite the remarkable strides made in this direction, there 
remains an unexplored area that holds significant potential for further advancement. Specifically, 
XAI techniques grounded in layer-based methodologies, such as GradCAM, and LRP, have yet to be 
utilised in the analysis of eye-tracking signals linked to cognitive load. As of the present state of 
knowledge, these sophisticated XAI techniques have not been brought to bear upon the intricate 
domain of unravelling the complex interplay between eye-tracking signals and cognitive load. Their 
utilization has the potential to unveil intricate paĴerns and salient regions within the eye-tracking 
data, thus offering a deeper comprehension of the cognitive load dynamics. Future research can focus 
on developing advanced methods for incorporating expert knowledge into DL architectures and 
extracting meaningful features from the models. This will contribute to bridging the gap between the 
power of DL in capturing complex relationships and the necessity of transparent and interpretable 
decision-making processes, particularly in applications that demand clear explanations. 

4.5. Incorporating Behavioral Data Into Eye-Tracking Analysis 

While eye-tracking data classification has been the primary focus in many studies, a growing 
number of researchers have begun exploring the potential benefits of combining eye-tracking data 
with other sources of information. By utilising multiple data modalities, researchers may be able to 
develop more robust and accurate models for analysing human behaviour and performance [155]. In 
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recent years, there has been an increasing interest in multimodal analysis, which involves combining 
data from different modalities such as ECG, GSR, hear rate, EEG and fNIRS to provide a 
comprehensive view of cognitive processes. The data collected from these multimodal devices 
contains a diverse array of aĴributes, features and characteristics that can illuminate the intricacies 
of human cognition. These devices record data at differing sampling rates, which typically span the 
range of 20 to 100ௗHz, contingent upon the specific activities being observed. However, before these 
data can be subjected to analysis, a preliminary step involves data pre-processing. One challenge 
encountered during this pre-processing phase is the presence of noise and spikes within the sensor 
data. Noise interferences can impede the accuracy of measurements and compromise the integrity of 
subsequent analyses. To mitigate these effects, a variety of methods are commonly used. These 
methods encompass a spectrum of techniques, ranging from nonlinear algorithms to the application 
of low-pass and high-pass filters, among other sophisticated filtering methodologies. The goal of 
employing these techniques is to cleanse the data in order to produce more accurate reflection of the 
underlying cognitive processes. 

Joint analysis of eye-tracking data with other modalities can lead to a beĴer understanding of 
the underlying mechanisms of cognitive processes and improve the ability to predict and diagnose 
cognitive impairment. Numerous researchers are dedicated to identifying the most pertinent features 
related to cognitive load within physiological signals. These features encompass a variety of domains, 
such as time domain features, frequency domain features, higher-order spectra, and time-frequency 
domain features. Time domain features offer a several advantage in terms of computational efficiency, 
rendering them particularly suitable for real-time implementation within cognitive load systems. 
These features empower researchers to analyse and understand the temporal evolution of cognitive 
load with remarkable precision. The time domain features most frequently employed in the literature 
include mean, median, standard deviation, signal amplitude, entropy, variance, kurtosis, and 
skewness. On the other hand, frequency domain features play a unique role in separating the complex 
network of sensor signals. By delving into the distribution of signal energy across different frequency 
components, these features capture the rhythmic and repetitive aspects of cognitive load-related 
phenomena. Feature fusion offers a powerful mechanism for integrating diverse feature vectors of 
distinct types, thereby facilitating the establishment of spatial-temporal associations. This 
phenomenon holds particular significance within the domain of cognitive load analysis, owing to the 
inherent hierarchical structures that characterize cognitive processes. In the literature, researchers 
have employed various statistical and algorithmic techniques to effectively fuse different features 
derived from a wide array of physiological sensor sources. Among these methods, prominent 
approaches include the utilization of t-test, ANOVA, Wilcoxon test, and relief algorithms. Through 
feature fusion, researchers can combine time and frequency domain features, enabling a 
comprehensive understanding of cognitive load dynamics.  

The use of machine learning algorithms, such as SVM, Random Forests, and XGBoost, alongside 
eye-tracking and other physiological data, has facilitated accurate cognitive load classification. By 
leveraging the power of these algorithms, researchers can extract meaningful features and discover 
intricate relationships within the data, improving classification accuracy. Moreover, deep learning 
techniques have demonstrated their potential in handling complex paĴerns and extracting relevant 
features from large datasets. Researchers have employed CNNs and LSTM models to classify 
cognitive load levels based on eye-tracking and physiological data, achieving high accuracy levels in 
prediction tasks. The fusion of eye-tracking with other physiological measures offers a more 
comprehensive understanding of the underlying mechanisms and dynamics associated with 
cognitive load. By considering multiple dimensions of physiological responses, such as heart rate, 
respiration rate, electrodermal activity, and brain activity, researchers can beĴer assess cognitive 
workload in various contexts and reduce the impact of individual variations. 

Despite the exploration of numerous features, there is still a lack of clear evidence regarding 
which combinations of features derived from physiological signals hold the most significant 
relevance to changes in cognitive load. The progress in understanding the mechanisms underlying 
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cognitive load generation, particularly from the perspective of the human brain, may play a crucial 
role in advancing this field. Nevertheless, integration and analysis multimodal data entails challenges 
in various aspects, including data collection, preprocessing and integration, as well as analytics for 
identifying relevant features and building effective models. Combining multiple physiological 
measures poses some challenges, including feature extraction techniques, data alignment, 
synchronization, and selection of suitable fusion methods. Additionally, multimodal data tends to be 
larger and more complex than single-modality data, requiring significant computational resources 
and expertise in data processing and analysis. Despite these challenges, there is a growing need for 
research that explores the benefits of multimodal analysis in eye-tracking research. By developing 
models that can utilise multiple data modalities, researchers can have new insights into cognitive 
load analysis and classification. 

4.6 Generalizability in Eye-Tracking Data 

Eye-tracking data are susceptible to bias, as most experiments are conducted under controlled 
conditions with a limited number of participants. It is thus challenging to develop effective DL-based 
methods that require large data sets with labels for training with many model hyperparameters. As 
an example, the study in [59] identified that a small data set constituted a probable cause for the low 
accuracy of the CNN model used in the experiments. The limited size of eye-tracking data samples 
can pose significant challenges for developing reliable ML and DL models. When small data sets are 
used, many models tend to under/over-fit, meaning that they become too closely tailored to the 
training data; compromising their generalization in classifying new data. This is particularly 
problematic for eye-tracking studies, as the limited size and variability of data sets cannot sufficiently 
capture the range of factors that influence cognitive load. Acquiring high-quality physiological data 
for affective analysis is a crucial consideration that requires careful aĴention and a well-designed 
experimental setup [156]. When studying cognitive load, researchers commonly employ two 
approaches. The first is the standard lab seĴing, where participants are comfortably seated in front 
of a visible screen. This controlled environment provides stability and minimal noise, ensuring data 
quality. However, a challenge with this setup is obtaining genuine cognitive load data that accurately 
represents real-world scenarios. The stimuli used in the lab may not fully reflect the complexity and 
variability of cognitive load experienced in everyday life, as they are artificially determined with 
manually assigned labels. Moreover, the ratings assigned to these materials may deviate significantly 
due to variations in individuals' cognitive load even when exposed to the same stimuli. The lack of a 
well-defined and thoroughly tested experimental paradigm further hampers the acquisition of high-
quality physiological data for affect analysis. Therefore, it is necessary to invest significant effort into 
developing an experimental framework and constructing an extensive open-source database, which 
are crucial milestones in the study of cognitive load. 

A notable observation from the reviewed studies is the uniformity in participant demographics, 
age and gender representation, which raises concerns about the broader applicability of their findings 
[157]. Many studies, especially those using proprietary datasets, lacked comprehensive demographic 
information, such as ethnicity or race, crucial for understanding sample diversity. Instead, they often 
focused on narrow age ranges or specific demographic groups, as seen in the works of Rahman et al. 
[59], Okafuji et al. [66], and He et al. [115]. While this targeted approach aids-controlled 
experimentation, it may limit the relevance of findings to more diverse populations. The lack of 
diversity across studies could introduce biases and hinder extrapolation to real-world scenarios with 
greater demographic variability. Additionally, the absence of standardized reporting practices 
regarding participant demographics impedes assessing biases or confounding factors that could 
influence cognitive load classification outcomes. Moreover, most ML/DL models developed were not 
publicly available for further evaluation, complicating the assessment of their robustness and 
generalizability. Without access to models and datasets, validating and benchmarking their 
performance across diverse populations becomes challenging, limiting opportunities for 
independent verification and replication of findings. The lack of comprehensive details and 
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transparency surrounding both data and models presents a significant obstacle to systematically 
evaluating the robustness and potential biases inherent in cognitive load classification research. 
Without sufficient information about datasets, architectures, and parameters, it's hard to assess the 
reliability and generalizability of findings, undermining the credibility of individual studies and 
hindering efforts to replicate and validate results across different seĴings and populations.  

Furthermore, many studies appear to use relatively constrained experimental seĴings and tasks, 
potentially limiting their relevance to real-world scenarios. For instance, Okafuji et al. [66] conducted 
their study in a simulated driving environment with a small participant pool, raising questions about 
generalizability to actual road conditions. Similarly, Fan et al. [62] focused on fixation count heatmaps, 
which may not fully capture cognitive load experiences across various tasks and contexts. 
Incorporating datasets that mirror the diversity of the target population holds the key to fortifying 
the robustness and generalizability of cognitive load classification models. For instance, the study by 
Vaitheeshwari et al. [130] exemplifies this approach by integrating Galvanic Skin Response (GSR) 
features alongside eye-tracking data to predict cognitive load levels. Their research underscores the 
potential benefits of amalgamating multiple physiological measures, shedding light on avenues for 
enhancing model performance in real-world applications. By embracing a multifaceted approach to 
data collection, researchers can glean deeper insights into the complex interplay between cognitive 
processes and physiological responses, thereby enriching the efficacy and versatility of cognitive load 
classification models. Moreover, the adoption of rigorous validation techniques is paramount in 
accurately assessing the reliability and generalizability of machine learning and deep learning models. 
Techniques such as cross-validation, particularly when applied across diverse datasets, serve as 
invaluable tools for evaluating model performance under varying conditions and demographic 
compositions. The study conducted by Hijazi et al. [104], which integrated eye-tracking and Heart 
Rate Variability (HRV) features to explore the correlation between cognitive workload and cardiac 
response, highlights the significance of robust validation methodologies. By subjecting models to 
comprehensive validation processes encompassing diverse populations and contexts, researchers can 
instill greater confidence in the reliability and applicability of cognitive load classification models 
across a spectrum of real-world scenarios. Furthermore, the utilization of diverse datasets and 
rigorous validation methodologies not only bolsters the credibility of individual studies but also 
fosters a culture of transparency and accountability within the research community.  

To address these limitations, future research should prioritize collecting diverse datasets 
encompassing a broader range of demographic factors and experimental conditions. Greater 
diversity in training data enables models to learn nuanced paĴerns, enhancing performance and 
generalizability across real-world scenarios. Additionally, further research is needed to generate 
affective data that beĴer captures real-world cognitive load, which could involve exploring methods 
like virtual reality, driving simulators and flying simulators equipment to induce more direct and 
accurate cognitive load experiences that closely mimic real-world situations. In most studies, the 
number of subjects involved is usually small, typically ranging from two or three to a maximum of 
thirty individuals. This limited sample size poses challenges when aĴempting to generalize the 
performance of classifiers to subjects who have not undergone training. To address this issue, two 
potential approaches have been devised. The first approach involves including a larger number of 
subjects from diverse age groups and backgrounds to enhance the classifier's performance and 
generalizability. The second approach is to train a specific classifier for each user when the user 
population is small, as classifiers demonstrate superior performance when trained on individual 
subjects. By adopting either of these approaches, the limitations imposed by a restricted sample size 
can be mitigated. The absence of readily available and researcher-friendly datasets has led many 
researchers to create their own databases. The lack of a centralized database can be aĴributed to 
several factors. Each research team adopts its own unique approach, resulting in a lack of consensus 
on the techniques for emotion classification or the preferred model for cognitive load. This lack of 
agreement makes it challenging to establish a common ground for dataset construction. Moreover, 
copyright issues further impede researchers' access to and utilisation of participant data, including 
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essential information such as gender, age, demographics, and even medical databases. Accessing and 
utilising such data for comparative analysis is often restricted unless the respective organisation has 
made it publicly accessible. These copyright constraints pose additional barriers to the establishment 
of a centralised database that can serve as a valuable resource for the research community. There are 
several strategies that researchers can use to mitigate these issues and improve model performance. 
One approach is to use transfer learning, where a pre-trained model that has been trained on a large 
data set is fine-tuned on a smaller data set. Transfer learning can help to improve the accuracy of 
models on smaller data sets by leveraging the pre-existing knowledge and weights from a larger data 
set, making it possible to improve the performance of the model with fewer data [158,159]. To further 
facilitate the development of effective models using transfer learning, it is recommended that authors 
open source their models for future research. Another strategy is to generate synthetic training data 
sets using generative models, such as GANs. GANs are DL models that can learn to generate 
synthetic data samples that closely resemble the distribution of the original data set [160]. By using 
GANs to generate additional data samples, researchers can expand the size of their training data set 
and improve the accuracy of their models [161]. 

5. Conclusions 

In this paper, we conducted a systematic review of 27 papers selected using the PRISMA 
protocol to explore the state-of-the-art studies in machine ML/DL-based eye-tracking methods for 
assessing cognitive load. Our review focused on examining these studies from the perspectives of 
models, data, and tasks, providing a detailed analysis of the methodologies and findings within this 
interdisciplinary field. The reviewed studies utilize a diverse array of eye-tracking features, including 
but not limited to pupil size, fixations, saccades, blink rate, and eye gaze. Each study employs its 
unique framework, resulting in different combinations of these features for classifying cognitive load. 
This variation underscores the necessity for a comprehensive understanding of available features and 
their potential contributions to cognitive load classification tasks. It also highlights the importance of 
selecting the most relevant features to improve model performance and accuracy. Our review 
identifies several key contributions in the field. First, it highlights specific eye movement paĴerns 
that are consistently associated with cognitive load, such as changes in pupil size and fixation 
duration. These paĴerns provide valuable insights into how cognitive load manifests in eye-tracking 
data, which can be leveraged to develop more effective ML and DL models. Second, the study 
emphasizes the gaps and opportunities within various DL/ML approaches, particularly in feature 
extraction. For instance, the extraction of spatio-temporal features from eye-tracking data with 
different semantic labels can significantly enhance the interpretability of the models. Moreover, the 
fusion of multiple physiological and brain signals, such as combining eye-tracking data with EEG or 
HRV, has shown promise in enhancing model accuracy and generalizability. This multimodal 
approach provides a detailed understanding of cognitive load and can lead to the development of 
more robust and reliable models. 

Furthermore, this paper has addressed the limitations of ML techniques used in the field, which 
have often relied on hand-tuned features to address the challenge of complex decision spaces. Instead, 
the potential of DL should be harnessed to directly learn new features from the data. DL can be used 
as a tool to understand how eye tracking behaviour changes with different task and cognitive 
workload. Traditional feature extraction cannot unify the different tasks, but deep learning may 
potentially do so, especially with foundation models today with zero and few shot learning. If these 
models can demonstrate zero-shot learning for different tasks, we can reverse engineer the features 
and the models provide new insight into the biology of eye tracking versus cognitive workload. The 
adoption of DL methods could lead to more sophisticated and data-driven feature extraction, 
enabling the models to capture intricate relationships within the eye-tracking data. This presents a 
new opportunity to understand what these features are by applying XAI methods to work backwards 
from successful DL classifiers. There is probably significant variability in the eye tracking paĴern 
from day-to-day and session-to-session for the same person and same cognitive workload. This 
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natural variation is difficult to identify and separate with conventional feature design. But with DL, 
there is some hope that this can be done, because of the strong denoising properties that DL networks 
can learn. 

Additionally, we identified that many of the cited inference methods were only tested under 
controlled laboratory conditions and lack evaluation in real-world scenarios. This limitation raises 
concerns about the generalizability of these findings. However, companies with access to extensive 
eye-tracking data from consumer devices may possess larger sets of training data, greater technical 
expertise, and more financial resources than the researchers cited in this paper, potentially bridging 
this gap. It is also important to acknowledge that the included studies often did not address gender 
and demographic issues, which could influence the generalizability of the findings. As the adoption 
of eye-tracking technology continues to grow, it is imperative that the research community and 
industry stakeholders address these privacy challenges. This involves developing and implementing 
privacy-preserving technologies, such as anonymization and secure data storage methods. Adding 
noise to this data representation might not protect private aĴributes, as the added noise could easily 
be removed by smoothing. Instead, we recommend using statistical or aggregated feature 
representations that summarize temporal and appearance statistics of a variety of eye movements, 
such as fixation, saccades, and blinks, if the eye-tracking data should be made publicly available. 
Additionally, a robust legal and ethical framework is essential to guide the collection, use, and 
sharing of eye-tracking data, ensuring that individuals' privacy rights are protected. 

However, it is important to note that model performance is influenced by various factors such 
as data quality, feature selection, and parameter tuning. Therefore, one should carefully consider 
these factors when selecting a classifier for performing eye-tracking data analysis. Consequently, 
future should be dedicated to the development of a comprehensive framework for effectively 
harnessing AI-based algorithms in the analysis of physiological signals. Multi-modality data fusion 
shows promise in addressing limitations associated with cognitive load analysis and classification 
based solely on eye-tracking data. However, small sample sizes commonly encountered in eye-
tracking studies hinder generalization, highlighting the need for diverse populations or subject-
specific classifiers to improve the robustness of findings. Furthermore, the long-term monitoring of 
cognitive load using wearable devices requires further refinement. Progress in this field is thwarted 
by the absence of a centralised database and restricted data accessibility, which impede collaborative 
efforts and overall advances. Despite the challenges, the potential of ML and DL to revolutionize the 
field of cognitive load assessment using eye-tracking data is immense. As the amount of data 
generated continues to grow and computing power increases, these technologies offer promising 
avenues for more accurate and insightful analyses. Future research should focus on addressing the 
identified gaps, exploring innovative applications, and developing robust privacy-preserving 
techniques. 
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