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Monitoring situational awareness is critical in highly demanding environments
where sustained attention and vigilance are essential for safety and performance.
Electroencephalography (EEG) and eye-tracking (ET) provide complementary
insights into the perceptual layer of situational awareness, capturing neural and
ocular signatures of information processing, attention, and fatigue. However,
studies have typically examined perception-related conditions such as workload,
fatigue, stress, and drowsiness in isolation, limiting understanding of their
shared and distinct physiological patterns. This systematic review synthesizes
findings from studies that recorded EEG and ET concurrently to investigate
perception-related conditions. Following the PRISMA 2020 statement, five
databases were searched, and 47 studies met the inclusion criteria. The most
frequently reported EEG features included theta, alpha, and beta activity, while
ET metrics commonly involved fixation patterns, pupil diameter, blink dynamics,
and percentage of eyes closed (PERCLOS). Across studies, fatigue, mental
workload, and stress exhibited overlapping physiological signatures, although
multimodal data helped differentiate these closely related states. Drowsiness
and vigilance decrement appeared along a shared continuum, with microsleeps
showing distinct physiological profiles. Classification models generally achieved
higher accuracy when integrating EEG and ET features than when using either
modality alone. This review highlights the potential of concurrent EEG and ET
monitoring for improving the detection of perception-related conditions and
for disambiguating closely related states. These findings also support the need
for standardized multimodal protocols and real-time multimodal classification
models to strengthen cognitive-state monitoring, operational performance, and
error prevention in high-risk domains.
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1 Introduction

Situational awareness is fundamental for optimal human
performance in complex and highly demanding fields such
as military, aerospace, and industrial operations. According to
Endsley’s model (Endsley, 1995), its first layer, perception, depends
on attention and vigilance processes to filter, prioritize, and
maintain focus on critical information over time. Failures at
this perceptual stage can result in significant adverse outcomes,
especially in environments that require continuous monitoring,
rapid decision-making, and sustained alertness (Endsley, 1995;
Mohammadfam et al., 2021; Naderpour et al., 2015).

Cognitive and physiological states, such as mental workload,
fatigue, and drowsiness, affect arousal and resource allocation,
which in turn alter perceptual accuracy. These conditions are also
highly interrelated. For instance, prolonged exposure to stress or
mental workload can lead to mental fatigue (Holm et al., 2009;
Kunasegaran et al., 2023). Similarly, alterations in sleep patterns
or experiences of boredom can result in drowsiness (Chowdhury
et al., 2018; Guede-Fernandez et al., 2019; Rafid et al., 2020) or
lead to periods of inattention due to mind wandering (Smallwood
and Schooler, 2015). Together, these factors contribute to impaired
sustained attention or vigilance. Thus, identifying these conditions
and developing objective, real-time measurement and prediction
systems is critical for enhancing safety, training, and performance
outcomes (Endsley, 2001; Endsley and Robertson, 2000; Graafland
et al., 2015; Rodriguez et al., 2017).

Two non-invasive and wearable sensing modalities,
electroencephalography (EEG) and eye tracking (ET), have
emerged as promising tools for assessing cognitive states in
operational environments. EEG provides direct measurements
of brain dynamics, sensitive to fluctuations in attention, working
memory load, fatigue, and arousal (Cohen, 2017; Ismail and
Karwowski, 2020; Jackson and Bolger, 2014; Kirschstein and
Kohling, 2009; Soufineyestani et al., 2020). In parallel, ET offers
insights into visual attention and processing, with metrics related
to eye gaze, eyelid opening, and pupil dilation serving as established
behavioral indicators (King et al., 2019; Martinez-Marquez et al.,
2021; Popa et al., 2015; Skaramagkas et al., 2023; Ziv, 2016).

Based on their complementary capabilities, integrating EEG
and ET could facilitate the development of more robust and
discriminative monitoring systems that capture the multimodal
dynamics underlying perception and situational awareness.
Although hybrid EEG-ET approaches have been reviewed in
other disciplines such as neuromarketing (Kalaganis et al., 2021)
or brain-computer interface (Hong and Khan, 2017), previous
reviews addressing perception-related conditions have primarily
surveyed a broad range of monitoring techniques and organized
findings by individual signal modalities and within condition-
specific scopes. For example, those focused on drowsiness, mental
fatigue, vigilance, stress, mental workload, and mind wandering
largely summarized physiological measures in a unimodal manner,
with limited synthesis of multimodal integration (Doudou et al.,
2020; Kunasegaran et al., 2023; Kuvar et al., 2023; Mehrabi
and Kim, 2022; Tao et al., 2019; Torkamani-Azar et al., 2022).
On the other hand, reviews focusing on situational awareness
report few or no multimodal studies, despite acknowledging
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multimodal approaches for mental workload and their potential
for detection improvement (Elshafei and Romano, 2023; Zhang
et al., 2020). Consequently, existing literature provides valuable
condition-specific overviews but offer limited insight into how
neural and ocular signals jointly reflect and differentiate closely
related perception-related cognitive states.

To address this gap, the present systematic review aims
to: (1) identify and synthesize studies that combine EEG
and ET to characterize perception-related conditions, including
stress, vigilance, drowsiness, fatigue, mental workload, and mind
wandering; (2) delineate the primary EEG and ET metrics utilized
in these studies; and (3) evaluate the effectiveness of multimodal
vs. single-sensor approaches for monitoring these states by
comparing the performance of machine learning classifiers.
Ultimately, this review seeks to inform the development of a
unified framework for cognitive-state monitoring, intended to
enhance perceptual performance and safety in complex, real-
world environments.

The theoretical background in which this study was based has
been recently treated by the main authors in a previous work
(Cordoba et al.,, 2024). From the proposed cognitive model of
perception, only those conditions that have been formerly assessed
by both EEG and ET sensing modalities have been selected for
this review.

2 Methods

This systematic review followed the PRISMA 2020 statement
(Page et al., 2021).

2.1 Eligibility criteria

Studies were eligible if they co-registered cerebral and ocular
activities using EEG and ET technologies in any of the following
conditions: stress, vigilance, sleep, drowsiness, physical fatigue,
mental fatigue, mental workload, or mind wandering. To be
included, studies had to quantify these states with specific metrics
derived from both eye and brain data. Only studies published in
English were selected.

Studies were excluded if they were reviews, meta-analyses,
theses, dissertations, or posters. Additional exclusions were applied
to studies involving pediatric or clinical populations, non-
condition-specific tasks (e.g., reading, learning, robotic control),
pharmacological interventions (e.g., caffeine, drugs, anesthesia),
animal studies, and research on artifact correction.

Clinical and pediatric samples were excluded to avoid
confounding factors related to pathological or developmental
alterations in brain or ocular functions that would not be
representative of the target population. The rationale for restricting
brain signal recording to electroencephalography was that other
techniques, such as functional near-infrared spectroscopy (fNIRS)
or magnetic resonance imaging (MRI), are less compatible
with eye-tracking setups or unsuitable in real-world workplace
environments due to hardware constraints.
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2.2 Information sources and search strategy

Electronic searches were conducted across five databases
(PubMed, Scopus, Cochrane Library (CENTRAL), IEEE Xplore,
and Web of Science) using the following query: [(eeg) AND
(“eye tracking”)] AND [(stress) OR (vigilance) OR (sleep) OR
(drowsiness) OR (“physical fatigue”) OR (“mental fatigue”) OR
(“mental workload”) OR (“mind wandering”)]. This query was
designed to capture studies that co-registered brain activity (EEG)
and eye movements across the defined relevant conditions to our
research, such as stress, fatigue, and attention states. Searches
covered all records from database inception to October 2024.

2.2.1 Selection process

After completing the electronic searches, all records were
imported into the Systematic Review Accelerator (SRA)
Deduplicator tool (Forbes et al., 2024) to identify and remove
duplicate studies. The deduplication results were then manually
reviewed by the first author to confirm accuracy.

Following deduplication, first and second authors screened the
titles and abstracts of the remaining studies for relevance. During
the title screening phase, studies were excluded if they focused
on ineligible populations (e.g., children or clinical populations
with specific diseases), targeted condition-unrelated tasks, effects of
pharmacological agents, or if they were reviews, meta-analyses, or
other secondary sources. The following abstract screening applied
these same criteria to any additional exclusions not evident in the
title and excluding studies that mentioned only one of the two
required technologies (EEG or ET) or those lacking references
to any of the targeted conditions. Studies primarily investigating
interactions with computers or interfaces through EEG and ET
rather than assessing the cognitive or physiological conditions of
interest were also excluded. Additionally, six studies were excluded
due to unavailable abstracts.

For those that passed the initial screening, full texts were
obtained and reviewed by the same two reviewers to confirm
they met all predefined eligibility criteria, including the use of
both EEG and ET technologies to co-register cerebral and ocular
activities and the presence of specific metrics used to quantify the
targeted conditions.

Disagreements between reviewers were resolved through
discussion or, if necessary, by consulting the other two reviewers.
Studies meeting all criteria were included in the final analysis.

2.3 Data collection process and data items

Three data extraction tables were generated in Microsoft
Excel (available as PDFs in the Supplementary material) to collect
information from the studies that met the inclusion criteria. Each
table captured specific dimensions of the experiments, with the
third one focusing exclusively on collecting information on those
studies that explored the classification of the conditions.

The first table captured experimentation details such as the
number and characteristics of the participants involved in the
studies, the condition elicited, and the type of data collected

Frontiers in Neuroergonomics

10.3389/fnrgo.2025.1736672

(e.g., physiological, cognitive/performance-based, or subjective
measures). Additionally, the number of EEG channels and their
configuration or the type of signal ET (gaze, eyelid opening, or pupil
dilation) were collected.
For the second
and ET and available
qualitative or subjective tests were collected. Additionally, if

table, extracted features from EEG

information from other sensors or

available, the table synthesized information on how the target
condition influenced the extracted features across the different
data modalities.

Finally, the third table collected information on conditions’
classification based on information from physiological signals.
Available data such as labels, types of classifiers, performance
metrics and validation methods used were included. If available,
information on the comparison between classification using
single physiological signal modality or its combination was
also included.

Data extraction was performed by the first author using the
predefined data extraction tables. The data fields included in these
tables were established through consensus with other reviewers to
ensure completeness and consistency. No automation tools were
used in the process. If any data field was not reported in a study, it
was marked as “Not Available” (NA) in the extraction tables. While
every effort was made to minimize errors, the possibility of bias or
omissions cannot be entirely ruled out, and this is acknowledged as
a limitation of the study.

2.4 Study risk of bias assessment

The ROBINS-I (Risk of Bias in Non-Randomized Studies of
Interventions) tool (Sterne et al., 2016) was employed to evaluate
the risk of bias (RoB) in the included studies. This tool was
selected because most studies in this review employed experimental
or observational designs without strict randomization. Given the
variability in the conditions assessed, each study was evaluated only
for the condition(s) it investigated. For example, studies focusing
on mental workload were assessed for bias related to that condition
but not for others, such as stress or vigilance.

Studies were rated across the seven ROBINS-I domains,
including bias due to confounding, participant selection, and
outcome measurement. Ratings included “Low Risk,” “Moderate
Risk,” “Serious Risk,” “Critical Risk,”
with the overall RoB determined by the least favorable rating

or “No Information,

across domains.

RoB assessments were conducted independently by the
first author, with discrepancies resolved through discussion or
consultation with the other reviewers. Studies lacking sufficient
information to assess a domain were rated as “No Information.”
While every effort was made to ensure accuracy, the possibility of
subjective bias cannot be entirely ruled out. The RoB assessment
was considered when interpreting the findings and was used to
contextualize the strength of evidence in the narrative synthesis.
Particularly, studies rated as having serious or critical risk of bias
were not excluded but were interpreted more cautiously, especially
regarding the reliability of the reported condition effects impact and
classification results.
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2.5 Effect measures

Data extracted included EEG and ET features, as well
as other available measures. Studies varied in the type of
information reported: some studies analyzed the variation of
collected features with changes in task conditions (e.g., increasing
task load for mental workload condition), others provided
statistical analyses (such as correlations between features), and
others focused on feature selection for classification models (most
significant features).

Among the 47 included studies, 29 reported the impact
of conditions on EEG and ET features, while the remaining
did not explicitly analyze these effects. Additionally, 25 studies
reported classification results for identifying conditions based on
physiological data. Performance metrics varied across studies,
including accuracy (ACC), precision, recall, root mean squared
error (RMSE), Fl-score, area under the curve (AUC), sensitivity,
and specificity.

2.6 Synthesis methods

A descriptive synthesis approach was used to summarize and
integrate the extracted data. The results were first organized
into a comprehensive overview of EEG and ET features across
conditions, detailing how frequently each metric was used and
its relative prevalence within the literature. A second synthesis
qualitatively described how each condition influenced EEG and
ET features, emphasizing consistent condition-feature associations
and the direction of reported effects. Given the diversity of
analytical methods and reporting standards across studies, only
qualitative summaries (e.g., reported correlations or directional
changes) were included.

Lastly, a classification synthesis table was created for studies
that developed classification models, categorizing them by
condition, classification type (e.g., binary, multi-class) and reported
classification performance. Available performance metrics such as
ACC, RMSE, and mean squared error (MSE) were included for
EEG-based, ET-based, and multimodal (EEG + ET) approaches.
The analyzed data were limited to EEG and ET sensors; therefore,
the combination with other types of signals was not considered.
Additionally, studies that used the physiological features as
classification labels were distinguished. Where applicable, the
table also highlighted performance variations across different
evaluation settings (e.g., cross-subject, cross-session, gender-group
performance). Given the variability in reporting formats, a direct
statistical comparison across studies was not conducted; instead,
classification performance was qualitatively compared across
modalities and evaluation settings.

Since no quantitative analysis was performed, missing data
did not require specific handling, and only reported data were
included in the synthesis. The choice of descriptive synthesis
over meta-analysis was due to the heterogeneity of study designs,
extracted features, and reporting formats. Studies were subdivided
per condition to facilitate comparisons within each category. No
formal sensitivity analyses were conducted.
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2.7 Reporting bias assessment

Selective reporting bias was evaluated by examining whether
studies provided sufficient detail on key results. A summary table
was created to systematically document this, indicating whether
each study reported the condition’s impact on EEG and ET features
and/or developed condition classification models.

Concerning publication bias, studies were identified through
a comprehensive database search. However, no additional efforts
were made to locate unpublished studies or papers outside those
databases. Additionally, it is acknowledged that if a study did
not explicitly mention both EEG and ET in its abstract, title, or
keywords, it may have been mistakenly excluded during initial
screening, despite including both modalities in the full text,
introducing a potential source of identification bias.

2.8 Certainty assessment

Due to the qualitative nature of the synthesis and the variability
in targeted conditions and study designs, a formal certainty
assessment was not conducted. However, evidence confidence was
informally considered based on the overall RoB, the consistency of
findings across studies within each condition, and the directness in
addressing the research questions. These informal considerations
supported identifying general associations while acknowledging
limitations in precision and reporting.

3 Results
3.1 Study selection

Initially, 581 studies were identified through database searches.
After removing 174 duplicates, title screening excluded 120 studies.
Abstract screening was then conducted for the remaining studies,
excluding an additional 163 studies. Subsequently, full texts were
sought for 124 studies, of which 47 met all eligibility criteria and
were included in the final analysis. The study selection process is
illustrated in the PRISMA flow diagram (Figure 1).

Among the full-text studies assessed, 77 were excluded based
on specific criteria listed in the flow diagram. A notable portion
of exclusions corresponded to studies that, while recording both
EEG and ET, did not use them to assess the same condition (n
= 10). For example, some researchers recorded both EEG and
ET but only used EEG to assess mental workload, leading to its
exclusion (Sengupta K. et al., 2017). Along the same lines, another
study measured mental workload via EEG and reaction time via
ET without examining their joint relationship under the same
conditions (Acerra et al., 2019).

Another group of studies (n = 14) was excluded due to a lack
of feature extraction for either EEG or ET signals. For instance,
in one study, EEG and ET data were recorded during alertness
and concentration tasks but did not conduct feature extraction
or analysis, resulting in exclusion (Pei et al., 2022). Similarly,
(Chatterjee et al., 2021) recorded ET signals alongside EEG signals
during attention-related tasks but only analyzed the EEG signals,
limiting its applicability for this review.
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FIGURE 1
PRISMA 2020 flow diagram.

»| Reports not retrieved
Not available (n = 4)

Reports excluded:
Not written in English (n = 4)
No experimentation (n = 5)
ET or EEG signal not registered (n = 5)
Co-registered signals but not used to
quantify the same condition (n = 10)
ET and/or EEG signal not analysed (n = 2)
Feature extraction not included for EEG
and/or ET (n = 14)
Population studied n<= 5 or non-specified
(n=14)
Population does not meet inclusion criteria
(n=1)
Objective non-related to targeted
conditions (n = 18)

A further set of studies (n =
their primary objective was not related to attention and vigilance

18) was excluded because

conditions. For example, Kula et al. (2017) evaluated the usability
and user experience of different car instrumentation by analyzing
visual attention and engagement markers derived from EEG and
ET signals.

Finally, additional exclusions comprised studies with fewer
than five participants or unspecified sample sizes (n = 14); studies
with no experimentation (n = 5); studies that did not to register
either EEG or ET signals (n = 5); non-English publications (n = 4);
studies that did not analyzed either EEG or ET signals (n = 2); and
populations failing to meet inclusion criteria (n = 1).

3.2 Study characteristics

3.2.1 Study design

Among the 47 included studies, most followed an experimental
approach (n =
Additionally, two studies conducted a dataset analysis, where the

25), while 20 studies were simulation-based.

dataset originated from an experiment using a simulator (Zaky
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et al, 2021; Zhu, 2021). Regarding control studies, only one
reported use of control participants (Bodala et al., 2016).

3.2.2 Population

Across the 47 included studies, the number of participants
ranged from 8 to 150, with a mean of 25.48 (SD = 22.95). One
study (Matthews et al., 2015) stands out as a superior outlier
with 150 participants (based on the mean =+ 2*SD criterion).
Statistically dismissing this study results in a revised range of 8 to
61 participants, with a mean of 22.83 (SD = 14.17). Four outliers
remain on the upper end, with seven studies reporting 52, 53, 60,
and 61 participant counts. Notably, one study (Planke et al., 2021)
conducted two independent studies with sample sizes of 12 and 17,
which were treated as separate entries.

As for the population characteristics, six studies focused on
specialized populations, including professional drivers (Pan et al.,
2024), air traffic controllers (ATCs) (Di Flumeri et al., 2019b),
special vehicle crews (Guo et al., 2024), military pilots (Diaz-Piedra
et al., 2019; Previc et al., 2009), and marine pilots (Orlandi and
Brooks, 2018). All these studies included only male participants, as
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did five additional studies (Borys et al., 2017a,b; Chua et al., 2012;
Di Flumeri et al., 2019a, 2018).

3.2.3 Experimental equipment

ET modalities varied across studies, with 27 using remote
systems and 19 using head-mounted systems (one study did not
specify ET modality). Sampling rates, when reported (n = 38),
ranged from 25 to 500 Hz.

EEG systems ranged from single-channel and low-density
headbands (n = 28) to high-density 124-channel caps (n = 18)
(one study did not specify EEG system used). Sampling rates,
when reported (n = 41), ranged from 80Hz to 10,000 Hz, with
most studies (n = 30) using recording frequencies between 128
and 512 Hz. The number of channels and targeted regions also
varied considerably, with low-density setups (<32 channels) often
targeting prefrontal, frontal, central, or parietal regions, and high-
density configurations (32-124 channels) typically covering frontal,
central, parietal, temporal, and occipital regions.

Additional details regarding experimental equipment can be
found in Supplementary material.

3.2.4 Study classification

There was occasional overlap in the classification of studies
based on conditions, particularly in studies investigating fatigue
and vigilance with sleep deprivation. However, for clarity, these
studies were classified under their primary focus.

The largest category was mental workload, which was the
primary focus of 22 studies. Mental workload is a cognitive state
reflecting the interaction between task demands and available
cognitive resources (Gaillard, 1993). Various methodologies were
used to study this condition, such as driving (n = 5), various
cognitive tasks (n = 5), military tasks (n = 5), arithmetic tasks
(n = 3), robotic-assisted surgical tasks (n = 2), and other specialized
tasks (n = 2).

Nine studies examined fatigue, defined as reduced mental or
physical performance resulting from sleep disturbances, prolonged
cognitive or physical effort or monotonous tasks (ICAO, 2013). Of
these, seven induced fatigue through cognitive demands, while two
studies focused on fatigue caused by sleep deprivation (Li et al.,
2023; Previc et al,, 2009). In addition, many studies (n = 4) focused
on studying this condition during a driving task.

Seven studies focused on vigilance, sustained attention over
time (Oken et al, 2006). One of them specifically examined
vigilance during sleep deprivation (Chua et al., 2012). At a lower
level of arousal, six studies assessed drowsiness, the transitional
state from wakefulness to sleep (Chowdhury et al., 2018), and
sleep-related conditions. For example, four studies included the
investigation of micro-sleeps (Arsen’ev et al., 2015; Poudel et al.,
2010; Zaky et al., 2021, 2023), which are involuntary lapses of sleep
over a few seconds (Gradwell and Wilkinson, 2025).

Three studies explored mind-wandering, an involuntary shift
of attention away from the primary task toward unrelated
thoughts during periods of monotony or boredom (Smallwood
and Schooler, 2015). Finally, two studies examined stress, a state
that emerges when intentions cannot be realized or when task and
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environmental demands are perceived as uncontrollable (Gaillard,
1993), together with fatigue (Giindogdu et al., 2019, 2021).

Table 1 provides a detailed breakdown of the studies, including
study design, sample size, conditions, and tasks. Additionally, it
includes a summary of whether the study assessed the condition’s
impact on the measured features and/or classification of the
studied conditions.

3.3 Risk of bias in studies

Regarding RoB, most of the included studies (n = 34) were
categorized as moderate overall RoB, while 10 studies were rated
as low and three as serious.

Confounding (D1), participant selection (D2), and missing
data (D5) were notable sources of potential bias, primarily due
to the high proportion of studies with insufficient reporting
in these domains. For D1, while 20 studies had low risk, 25
did not provide sufficient information, and two were moderate.
Similarly, in D2, 17 studies had low risk, nine moderate risk,
and 21 lacked adequate information. In D5 20 studies were
at low risk but 27 lacked information. Missing or unclear
reporting in D1 and D2 could suggest a potential problem
when comparing different studies, while in D5 could introduce
uncertainty if data loss was non-random. In contrast, for selection
of reported results (D7), 22 studies had low risk, 21 had
moderate risk, three were categorized as serious, and one did not
report information. Partial reporting could limit the discovery of
associations between studies. Lastly, classification of interventions
(D3), deviations from intended interventions (D4), and outcome
measurement (D6) generally showed low risk (42, 36, and 41
studies respectively), indicating that interventions were mostly
well-defined, appropriately implemented, and reliably measured to
allow comparability across studies (Jiini et al., 2016; Sterne et al,,
2016).

A visualization plot of the complete RoB of the included
studies broken down for each criterion can be found in the
Supplementary material [obtained using robvis tool (McGuinness
and Higgins, 2020)].

3.4 Results of synthesis

Across all conditions, EEG power bands were the most
consistently analyzed feature. From a neuroscientific perspective,
the commonly studied bands include delta (1-4Hz), theta
(4-8Hz), alpha (8-12Hz), beta (12-30Hz), and gamma (30-
150 Hz). These frequency bands are broadly associated with distinct
cognitive signatures: delta with target detection and inhibitory
control, theta with memory and executive processes, alpha with
attentional modulation and cortical inhibition, beta with motor
and sensorimotor functions, and gamma with cortical activation
and perceptual processing. However, these are general functional
associations rather than direct links to specific cognitive functions;
thus, increases or decreases in power can reflect different cognitive
demands depending on the context (Herrmann et al., 2016).
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TABLE 1 Characteristics of the included studies.

Study design Sample Condition(s) & tasks Impacton Classification

size feature

Giindogdu et al. (2021) Experimental 10 Stress, mental fatigue, and attention measures during Yes No
e-sport activity (test battery: VAS, d2 test, N-back test,
electronic sport game task)

Giindogdu et al. (2019) Experimental 8 Stress and mental fatigue during 3 N-back test tasks Yes No
(Position single task, Position-Color 2-Back task and
Position Image 2-Back task)

Hopstaken et al. (2016) Experimental 47 Mental fatigue during a cognitive task: time-on-task Yes No
paradigm (N-back task, visual letter 2-back task) with
alternative task-unrelated stimuli (reward stimuli) to
examine attentional disengagement

Previc et al. (2009) Simulator 10 Fatigue during sleep deprivation Yes No
Lietal. (2023) Experimental 35 Fatigue based on KSS drowsiness level (test battery: PVT, Yes Yes
KDT, AAT, V-P300, A-P300, VAS, KSS-CN)
Huo et al. (2016) Simulator 21 Fatigue during driving No Yes
Zhu (2021) Dataset analysis 15 Fatigue during driving No Yes
He et al. (2016) Simulator 50 Fatigue during driving No Yes
Zhang et al. (2023) Simulator 8 Fatigue during driving No Yes
Esposito et al. (2022) Experimental 15 Attention, boredom and mind wandering during vigilance Yes No

and sustained attention test: MCT (adapted for boredom
and mind wandering inclusion)

Asish et al. (2024) Experimental 27 Internal and external distractions in educational VR No Yes
environments
Refling et al. (2022) Experimental 45 Mind wandering while using digital technologies during No No

divergent thinking tasks: UTT

Pan et al. (2024) Simulator 60 Vigilance during monotonous driving task (dual-task No Yes
paradigm: simulated driving as primary task, random
stimulus detection as secondary task)

Larue et al. (2015) Simulator 25 Alertness during simulated highway-driving task No Yes

Sengupta A. et al. (2017) Experimental 30 Alertness during mental workload (test battery: ST, VRT, Yes No
LC, ART)

Farha et al. (2022) Experimental 9 Vigilance during modified version of the Stroop color Yes Yes
word task (SCWT)

Di Flumeri et al. (2019b) Simulator 14 Vigilance of ATCos using a highly automated HMI Yes No

Bodala et al. (2016) Experimental 12 Vigilance during challenge integration: monitoring task as Yes No
primary task and noisy visual stimulus as challenging
stimulus

Chua et al. (2012) Experimental 24 Sleep decrements in psychomotor vigilance during sleep Yes Yes

deprivation: PVT task

Zaky et al. (2023) Experimental 20 Microsleeps during 2D CVT task Yes No
Zaky et al. (2021) Dataset study 14 Microsleeps during 2D CVT task Yes No
Poudel et al. (2012) Experimental 20 Drowsiness during CVT task No No
Poudel et al. (2010) Experimental 20 Tonic drowsiness and microsleeps during 2D No No

pursuit-tracking task

Arsen’ev et al. (2015) Experimental 19 Drowsiness (decrease in level of arousal) and microsleeps Yes No
during visuomotor coordination task

Zandi et al. (2019) Simulator 53 Drowsiness during driving No Yes

Borys et al. (2017b) Experimental 20 Mental workload during arithmetic tasks with different No No
levels of difficulty

Borys et al. (2017a) Experimental 20 Mental workload during arithmetic tasks No Yes

Kujur et al. (2022) Experimental 13 Mental workload during numerical estimation tasks, with Yes Yes

induced distraction

(Continued)
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TABLE 1 (Continued)

Study design  Sample Condition(s) & tasks Impact on  Classification
size feature

Guo et al. (2024) Simulator 20 Mental workload during a multi-phase operational task Yes Yes
(search, strike, observe, report)

Singh et al. (2021) Simulator 14 Mental workload during MUM-T for Pilot-UAV Teaming Yes Yes
Applications

Diaz-Piedra et al. (2019) Simulator 15 Mental workload during in-flight emergencies (task load Yes No
variations as a function of flight complexity)

Matthews et al. (2015) Simulator 150 Mental workload during 4 military monitoring tasks No No
(simulation of unmanned ground vehicle operation)

Di Flumeri et al. (2019a) Experimental 8 Mental workload during driving Yes No

Di Flumeri et al. (2018) Experimental 20 Mental workload during driving (different traffic Yes No
conditions and road types)

Yang et al. (2020) Simulator 32 Mental workload and behavior during driving Yes No

Angkan et al. (2024) Simulator 23 Mental workload during driving No Yes

Eniyandunmo et al. Simulator 52 Mental workload during driving (five-task driving Yes Yes

(2024) scenario)

Shafiei et al. (2024) Simulator 26 Mental workload during surgical tasks with different No Yes
difficulty levels

Barragan et al. (2022) Simulator 8 Mental workload during robotic-assisted surgical tasks Yes Yes

Orlandi and Brooks Simulator 10 Mental workload during different ship-handling Yes No

(2018) conditions while berthing ships in a simulator

Igbal et al. (2024) Experimental 8 Mental workload of control room operators No Yes

Jimenez-Molina et al. Experimental 61 Mental workload during web browsing task Yes Yes

(2018)

Lobo et al. (2016) Experimental 21 Mental workload during dual task paradigm: primary task No Yes
(visual search task), secondary interfering task (syntactic
transformation task).

Mark et al. (2024) Simulator 23 Mental workload during six cognitive tasks (working Yes No
memory, vigilance, risk assessment, shifting attention,
situation awareness, and inhibitory control)

Aksu et al. (2024) Simulator 15 Mental workload during n-back tasks Yes Yes

Planke et al. (2021) Experimental 17 Mental workload during MATB scenario Yes Yes

John et al. (2022) Experimental 24 Mental workload during tacking and collision prediction Yes Yes
tasks with 3 levels of difficulty

In contrast, ET metrics showed greater variability, although
certain features appeared with higher frequency. ET metrics can
be broadly grouped into gaze behavior, eyelid opening, and pupil-
based measures. Within gaze behavior, fixations are events in which
the eyes remain on a location to process visual information, while
saccades are the rapid transitions between fixation points that
allow for visual exploration. Eyelid opening-related metrics include
blinks, semi-voluntary brief closures of the eyelids, and eyelid
openness or percentage of eyes closed (PERCLOS), which quantify
the time and percentage the eyes are closed, are commonly used as
indicators of cognitive processes such as visual attention or arousal.
Lastly, pupil-based measures include pupil diameter (absolute size
of the pupil) and pupil dilation (change in pupil size over time)
and reflect changes in cognitive load and arousal, although are
highly sensitive to changes in brightness (Klein and Ettinger, 2019;
Skaramagkas et al., 2023).
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Across the selected studies, pupil diameter and fixation
metrics were the most common (both n = 20), followed by
blinks and PERCLOS/eye-closure metrics (both n = 17). At the
condition level, the most frequently used ET features were gaze
heatmaps for stress (n = 2), while PERCLOS was predominant
in fatigue studies (n = 5). Mind-wandering studies most often
employed gaze metrics (n = 2) and pupil diameter (n = 2).
For vigilance, blinks (n = 5), saccades (n = 4), fixations
(n = 4), and eye closure/PERCLOS (n = 4) were the most
commonly analyzed. Drowsiness and sleep studies mainly used
gaze metrics (n = 6), eyelid closure/PERCLOS (n = 5), and
blinks (n = 3). Lastly, for mental workload, pupil diameter
and fixation-related metrics were the most frequently used (both
n=13).

A summary of the extracted metrics per condition is provided
in the Supplementary material.
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TABLE 2 Summary of EEG and ET metrics changes across conditions.

10.3389/fnrgo.2025.1736672

Eye gaze
Gaze metrics - 4 missing gaze - - | focus, 1 variability from target -
center (drowsiness), flat or
incoherent gaze for 0.05-0.15s
(microsleeps)
Fixation metrics - - 4 1+ TTFE - 4 rate, |, or
4 fixations/s duration, | %
external
environment
Saccade metrics - - -  velocity, 4 latent periods (drowsiness), 4 number,
J amplitude absent (microsleeps) amplitude, 1
duration
Scan & 1 heatmap 4 heatmap - - - 1 gaze entropy,
Pattern-based dispersion dispersion ({ gaze entropy *)
metrics (stable*)
Eyelid opening
Eyelid Openness — - 1 - A >80% (microsleeps) -
Closure/PERCLOS
Blinks - - 4 rate - 4 duration, 1 or |,
({ rate **) rate
Pupil dilation
Pupil diameter/size - | - - - T
Pupil dilation - - - - - 1
EEG frequency bands
8 band (1-4 Hz) - A - 1, | after 22-26 11 (microsleeps), | tor | (region
hrs** (after microsleeps) changes)
0 band (4-8 Hz) 4 4 - A 4 (drowsiness), 11 (microsleeps) 4
o band (8-13 Hz) A ) 1 ) 1 (drowsiness), 1 (microsleeps), | | or 1 (region
(after microsleeps) changes)
B band (13-30 Hz) 4 4 - 4 post-sleep hrs** 4 (microsleeps) tor | (region
changes)
y band (30-100 Hz) - - - 4 (microsleeps) 4
Power ratios la/B la/B - 10/, | B/a (drowsiness), | 1+0/a,
M a+0)/B a/ (8 + 0) (drowsiness) 1B/ O +a)
Time-based
P3 amplitude - | - - - -

Reported effects of conditions on EEG and ET features. For each condition, feature variations (e.g., increased/decreased values) are reported alongside the direction of observed associations

when available.

Standardized symbols (1, |, 11) indicate increases, decreases, or strong variations, facilitating comparisons across conditions.

hrs, hours; PERCLOS, percentage of eyes closed, TTFF: time-to-first-fixation.
* Association observed in professional participants, reflecting practiced scanning behavior.
**Sleep deprivation effects on feature associations.

3.4.1 Impact of condition on EEG and ET features

Grouping studies by condition enabled the characterization
of EEG and ET features associated with each condition
(Table 2).

Under stress, gaze heatmaps showed an increased pattern
dispersion, suggesting less focused attention (Giindogdu et al.,
2019, 2021). Similarly, EEG power analysis revealed higher alpha,
beta, and theta power, while the alpha/beta ratio decreased,
indicating a relatively more significant increase in beta activity than
alpha activity (Giindogdu et al., 2021).
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Fatigue similarly led to increased gaze heatmap dispersion
(Gundogdu et al, 2019, 2021), in addition to more
offscreen/missing gaze, reduced pupil diameter (Hopstaken et al.,
2016), and increased PERCLOS (Li et al., 2023). However, scanning
behavior remained largely unaffected among professionals (USAF
pilots), suggesting that well-rehearsed scanning strategies may
be resistant to fatigue, particularly in expert populations (Previc
et al,, 2009). As for EEG, with fatigue, alpha, beta, and theta power
increased and the alpha/beta ratio (Giindogdu et al., 2019, 2021)
and P3b amplitude decreased (Hopstaken et al., 2016). However,
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with sleep deprivation, there was an increase in delta and theta
power but a decrease in alpha with wakefulness, showing an
opposite pattern of associations between EEG features and the
condition (Li et al., 2023; Previc et al., 2009).

Mind wandering was linked to increased alpha activity
(Esposito et al., 2022). Furthermore, the onset of alpha-band event-
related desynchronization (ERD) occurred immediately upon
gaze fixation, suggesting active visual processing during mind
wandering episodes (Refling et al., 2022).

Vigilance decrement was characterized by increased PERCLOS,
blink frequency (Bodala et al., 2016), fixations per second, and
TTFF (Di Flumeri et al., 2019b), alongside a reduction in saccadic
velocity and amplitude (Bodala et al., 2016; Farha et al.,, 2022;
Sengupta A. et al., 2017). EEG changes included increased alpha
and delta activity (Bodala et al., 2016; Sengupta A. et al., 2017),
higher (alpha + theta)/beta ratio (Larue et al., 2015), and lower
theta/alpha ratio (Bodala et al, 2016). The impact of sleep
deprivation on vigilance led to a decreased number of blinks,
increased PERCLOS and theta and beta activity, and decreased
alpha (during usual sleep hours) and delta (after 22-24 h) (Chua
etal., 2012).

Drowsiness was characterized by a less focused gaze with
increasing variability and increased latent periods of saccades,
while saccadic movement was absent for microsleeps (Arsen’ev
et al, 2015; Zandi et al., 2019). Moreover, overall, microsleeps
were defined based on flat or incoherent gaze tracking (0.5-
0.15s) accompanied by complete or partial eye closure (over 80%
PERCLOS). EEG patterns showed increased theta and alpha during
drowsiness, with microsleeps exhibiting heightened beta, gamma,
alpha, delta, and theta activity, followed by a decrease in alpha and
delta upon microsleep termination (Arsen’ev et al., 2015; Poudel
etal, 2010, 2012; Zaky et al., 2021, 2023). Additionally, reductions
in beta/alpha and alpha/(delta+theta) ratios signaled drowsiness
(Zandi et al., 2019).

Mental workload generally was indicated by increased beta,
theta, gamma, and delta activity (Eniyandunmo et al., 2024; Guo
et al., 2024; Jimenez-Molina et al., 2018; Kujur et al., 2022; Orlandi
and Brooks, 2018; Singh et al., 2021), though regional differences in
beta and delta were noted (Barragan et al., 2022; Diaz-Piedra et al.,
2019; John et al., 2022). Similarly, alpha power typically decreased
(Jimenez-Molina et al., 2018; John et al, 2022; Singh et al.,
2021; Yang et al., 2020) but was sometimes reported to increase
depending on brain regions (Aksu et al., 2024). Additionally, there
was also an increase in the theta/alpha ratio (Di Flumeri et al., 2018)
as well as in the engagement index [beta/(theta+alpha)] (Singh
et al,, 2021). ET changes included more significant pupil dilation
and size, saccade number, amplitude and duration, fixation rate and
blink duration (Aksu et al., 2024; Borys et al., 2017b; Eniyandunmo
et al., 2024; Guo et al., 2024; Jimenez-Molina et al., 2018; John
et al,, 2022; Kujur et al, 2022; Mark et al, 2024; Orlandi and
Brooks, 2018; Planke et al., 2021; Singh et al., 2021). Dwell time and
scan pattern entropy also increased (Planke et al., 2021), although
professionals (military fighter pilots) displayed more systematic
scanning patterns with lower entropy (Orlandi and Brooks, 2018).
This finding aligns with standardized aviation procedures, where
pilots rely on deterministic scanning behavior during specific
scenarios. On the other hand, fixations on task-unrelated regions,

Frontiers in Neuroergonomics

10.3389/fnrgo.2025.1736672

fixation duration, and blink rate decreased (Borys et al., 2017b; Di
Flumeri et al., 2019a, 2018; John et al., 2022; Planke et al., 2021;
Singh et al., 2021; Yang et al., 2020). However, some variations
were reported regarding fixation duration and blink rate, such as
increased fixation duration (Yang et al., 2020) and blink number
(Aksu et al., 2024), which could be due to differences in the type of
task used to induce mental workload. A summary of metric changes
across conditions is provided in the Supplementary material.

Taken together, several EEG and ET features showed recurring
patterns across conditions, while others diverged. In EEG,
increased theta activity was reported in stress, fatigue, vigilance
decrement, drowsiness, and mental workload studies. Beta power
also tended to increase, although some mental-workload studies
reported regional decreases, indicating task and region-specific
variability. Alpha activity generally increased across conditions but
decreased under some instances of high mental workload, sleep
deprivation or immediately after microsleeps, reflecting opposite
associations depending on the underlying cognitive demand. Delta
activity showed no reliable cross-condition pattern, and gamma
activity was rarely examined, with increases documented only for
microsleeps and mental workload.

As for ET metrics, increased scanpath dispersion was observed
in stress, fatigue, and mental workload studies, as well as
this effect diminishing when participants were highly trained
professionals, suggesting expertise-related stability. Other eye gaze
metrics such as increased fixations were seen in mind wandering,
vigilance decrement and mental workload studies, whereas saccade
amplitude diverged, decreasing during vigilance decrement but
increasing under mental workload. For eyelid opening metrics,
PERCLOS was shown to increase for fatigue, vigilance decrement
and drowsiness studies, while blink-related metrics varied across
studies, particularly for vigilance decrement and mental workload.
Lastly, for pupil dilation metrics, pupil diameter decreased with
fatigue but increased with mental workload.

Despite these patterns, comparisons across conditions were
often limited by heterogeneous feature extraction, as many studies
used only a subset of EEG or ET metrics.

3.4.2 Classification of conditions based on EEG
and ET features

Of the studies included in this review, 25 investigated
the classification of the respective elicited conditions. Various

classification ~ strategies were employed, including binary
classification (n = 12), multi-class classification (n = 8 for
three classes and n = 6 for four classes), and continuous

classification (n = 3). Among conditions with more than one
classification study (fatigue, vigilance, and mental workload),
binary and multi-class approaches were relatively balanced, while
continuous classification was less common. Mind wandering
and drowsiness/sleep were exclusively studied using binary
classification, and no classification studies were found for stress.
Seven studies adopted the approach of using one signal to label
the condition while another was used for classification (four using
EEG and three using ET as labels). Fatigue studies predominantly
employed this method (n = 4), utilizing both EEG and ET as
condition labels. Similarly, one vigilance and one drowsiness/sleep
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study used EEG as a label, while one mental workload study used
ET. Beyond studies that used one modality to label the other, a wide
range of additional labeling strategies was employed: six studies
used task-level labels, where predefined task difficulty levels where
treated as ground truth, six studies relied on subjective ratings,
five studies used performance-based metrics, and one studied
compared the use of subjective and performance-based labeling
methods (Guo et al., 2024).

Regarding validation approaches, the most common strategy
was k-fold cross-validation, typically 5-fold or 10-fold, sometimes
stratified to balance class distributions. Additionally, other studies
implemented train-test splits, rolling-origin time series validation,
or leave-one-subject-out (LOSO). A minority combined multiple
strategies depending on the design, such as intra-subject tuning
with inter-subject validation or mixed approaches for ecological vs.
traditional experimental setups (Angkan et al., 2024; Asish et al.,
2024; Singh et al.,, 2021). Overall, this heterogeneity in validation
approaches reflects the diverse goals of studies, from optimizing
model performance to evaluating generalizability, with the latter
remaining largely untested.

Concerning the impact of signal fusion on classification, only
nine of the studies reported results of models using individual
sensors along with their combination. Five studies presented only
fusion results, two compared EEG and fusion, and two compared
EEG and ET. Additionally, one study reported only results for ET
without using EEG as a label. Across studies, multimodal fusion
generally improved classification performance for mind wandering,
vigilance, and mental workload, typically outperforming EEG-only
or ET-only models. ET features tended to outperform EEG in
mind wandering and mental workload, whereas EEG was superior
for vigilance. Comparative data for fatigue and drowsiness were
not available.

Classification performance varied by condition (see Table 3).
For fatigue, using either EEG or ET as a label showed comparable
classification performance (He et al., 2016; Huo et al., 2016; Zhang
et al, 2023; Zhu, 2021). When comparing the results of those
studies to a fatigue classification model built with both sensors (Li
et al.,, 2023), performance was lower. This comparison is limited,
however, as the fusion study addressed a four-class problem and did
not report on individual sensor classification. In mind wandering
classification, sensor fusion consistently improved classification
performance across different scenarios (cross-subject and gender-
grouping), achieving 83% and 87% accuracy, respectively, and with
single-ET outperforming single-EEG classification (Asish et al,
2024). For vigilance classification, one study employed EEG as
the label for three-level classification, achieving over 90% accuracy
(Larue et al., 2015). Another study classified four vigilance classes,
with ET-only reaching 75% accuracy, EEG-only 83%, and EEG+ET
fusion 88% (Pan et al., 2024). Likewise, for a binary classification,
researchers found that fusion enhanced performance (76% for ET,
92% for EEG, and 97% for fusion) (Farha et al., 2022). One more
study also reported strong binary classification results for EEG and
ET but did not include a fusion comparison using both sensors
(Chua et al.,, 2012). For drowsiness/sleep classification, fusion’s
impact could not be assessed as only EEG was used as a label,
though ET alone achieved strong results (88% accuracy) (Zandi
etal., 2019).
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Lastly, in mental workload classification, four studies focused
only on fusion models (Guo et al., 2024; John et al., 2022; Kujur
et al., 2022; Lobo et al., 2016), while one reported only ET results
(Planke et al., 2021). Additionally, one study employed ET as a label
to classify four workload levels, achieving 70% accuracy (Jimenez-
Molina et al., 2018). In binary mental workload classification,
one study found that fusion improved accuracy (78%) compared
to an EEG-only model (68%) (Barragan et al., 2022). Similarly,
another study reported superior fusion performance to EEG in
both binary (80% vs. 77%) and three-class classification (71% vs.
64%) (Angkan et al., 2024). For a three-level mental workload
classification, researchers found that fusion achieved the highest
accuracy (66%), followed by ET (63%) and EEG (50%) (Igbal
et al., 2024). Another study also showed that fusion outperformed
ET and EEG in four-level classification (71% vs. 65% vs. 56%)
(Aksu et al.,, 2024). In a continuous classification, fusion also
resulted in higher coeflicient of determination (R*) and lower mean
absolute error (MAE) and RMSE than individual signals (Shafiei
et al., 2024). However, one study reported no significant difference
between fusion and individual sensors (Eniyandunmo et al., 2024)
and two studies found individual sensors outperforming fusion:
one of them reported higher EEG accuracy (67%) than fusion
(66%) in three-level classification (Singh et al, 2021), and the
other found ET (90%) superior to fusion (85%) (Borys et al,
2017a).

3.5 Reporting biases

There was notable variability in the type of results reported
across studies. As summarized in Tablel, out of the 47
included studies, 12 studies (25.5%) reported the condition’s
impact on EEG and ET features along with classification
outcomes. Another 12 studies (25.5%) examined only condition’s
impact on EEG and ET features without including classification
results, while eight studies (17.0%) focused exclusively on
classification outcomes. Additionally, five studies (10.6%) did not
report either type of analysis. Overall, this variability reflects
differences in study objectives rather than a selective omission
of results. However, the lack of specific analyses in some
studies limited the possibility of a comprehensive comparison
of findings.

3.6 Certainty of evidence

Findings were generally consistent across studies of the
same condition, particularly regarding commonly reported EEG
and ET features. However, some variability was noted in
specific metrics, which may reflect methodological differences or
population characteristics.

The included studies predominantly provided direct evidence,
with EEG and ET features assessed concerning the impact of the
target conditions. Nevertheless, the moderate risk of bias observed
in many studies and the limited statistical certainty reporting
suggest a cautious interpretation of the observed condition-
feature associations.
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TABLE 3 Summary of performance of EEG-only, ET-only, and EEG+ET fusion methods across conditions.

Condition

Classes

Best
classifier

EEG-only

10.3389/fnrgo.2025.1736672

Fusion EEG+ET

Fatigue Li et al. (2023) 4 LR Not reported Not reported ACC: 76.8%, P: 62.9%, R:
75.4%
Huo et al. (2016) - DG-RELM RMSE: 0.1037 Label
Zhu (2021) 2 NN Label MAE: 1.361e-6
He et al. (2016) 2 ANN Label ACC: 89.2%—88.9%
Zhang et al. (2023) 2 LSTM ACC: 93.1% Label
Mind Asish et al. (2024) 2 RF ACC: 69.9%; 69%—74% ACC: 77.3%; 79%—82% ACC: 83.60%; 87%—91%
wandering (by gender) (gender) (gender)
Vigilance Pan et al. (2024) 4 WDCGAN + ACC: 83.0%, F1: 83% ACC: 75.75%, F1: 76% ACC: 88.75%, F1: 89%
CNN + LSTM
Farha et al. (2022) 2 SVM ACC: 92%, S: 91.7%, Sp: ACC: 76.8%, S: 76.4%, Sp: ACC: 96.8%, S: 97.2%, Sp:
92.2% 77.1% 96.4%
Chua et al. (2012) 2 THR AUC: 0.82, S: AUC: 0.89-0.91, S: Not reported
70.8%—77.8%, Sp: 76.9%—81.3%, Sp:
76.3%—83.8% 87.3%—87.6%
Drowsiness Zandi et al. (2019) 2 RF Label ACC: 88.37%—91.18%
and sleep
Mental Borys et al. 2,3 BT, kNN, ACC: 73.9%, AUC: 0.66 ACC: 90.4%, AUC: 0.9 ACC: 85.2%, AUC: 0.93
workload (2017a) SVMs * (binary); ACC: 50.4% (binary); ACC: 73% (multi) (binary); ACC: 63.5% (multi)
(multi)
Kujur et al. (2022) 2 XGB Not reported Not reported ACC: 66%
Guo et al. (2024) 3 LDA Not reported Not reported ACC: 84.3%
Singh et al. (2021) 3 LDA ACC: 67% ACC: 56% (intra-subject); ACC: 66% (intra-subject);
(intra-subject); ACC: ACC: 55% (inter-subject) ACC: 55.6% (inter-subject)
55.6% (inter-subject)
Angkan et al. 2,3 RE XGB * ACC: 77.4%, F1: 73.4% Not reported ACC: 80.8%, F1: 78.1%
(2024) (binary); ACC: 64.5%, (binary); ACC: 71.2%, F1:
F1:64.1% (3-class) 71.2% (3-class)
Eniyandunmo 4 LinR ACC: 88 + 5%, F1: 89.5 ACC: 88 = 5%, F1: 89.5 = ACC: 88 £ 5%, F1: 89.5 =
etal. (2024) + 14.5% 14.5% 14.5%
Shafiei et al. - XGB R%:0.75-0.9, MAE: R?:0.64-0.75, MAE: 6.5-13.5, | R%:0.81-0.83, MAE: 4.5-11,
(2024) 6.6-14.1, RMSE: 9.2-18 RMSE: 8.7-18.05 RMSE: 6.8-13.8
Barragan et al. 2 LSTM, NN, RF | ACC: 68.3%—77.9% Not reported ACC: 78.6%—80.9%
(2022) *
Igbal et al. (2024) 3 DT ACC: 50.2% ACC: 63.07% ACC: 66.8%
Jimenez-Molina 4 MLP ACC: 70.9%, R: 82%, P: Label
etal. (2018) 65.1%, K: 58.4%
Lobo et al. (2016) 3 kNN Not reported Not reported P: 15.7%, R: 16.5%, F1: 15.5%
(Low); P: 69.6%, R: 68.8%, F1:
68.9% (M); P: 16%, R: 15.7%,
Fl1: 15.6% (High);
Aksu et al. (2024) 2,3,4 Light GBM ACC: 56.15% (4-class) ACC: 65.67% (4-class) ACC: 71.9%, K: 63%, AUC:
0.92 (4-class); ACC: 80.5%, K
> 70% (3-class); ACC: 89.6%,
K > 70% (2-class)
Planke et al. 4 ANFIS Not reported MAE: 0.51 Not reported
(2021)
John et al. (2022) - Multiple LinR Not reported Not reported R?: 54.3%—61.7%

The classification approaches include binary, multi-class, and continuous models. If data was not reported for a specific modality, it is marked as Not reported. If a signal was used as a

classification label, the respective signal column is marked as Label and the Fusion EEG+ET column is shaded in dark gray.

*best classifier depended on signal and number of classes.
The classifiers include LR, Logistic Regression; DG-RELM, Discriminative Graph Regularized Extreme Learning Machine; NN, Neural Network; ANN, Artificial Neural Network; LSTM,
Long Short-Term Memory Network; RE, Random Forest; WDCGAN, Wasserstein Deep Convolutional Generative Adversarial Network; CNN, Convolutional Neural Network; SVM, Support
Vector Machine; THR, Threshold-based supervised learning; BT, Bagged trees; KNN, k-Nearest Neighbors; XGB, Extreme Gradient Boosting; LDA, Linear Discriminant Analysis; LinR, Linear
Regression; DT, Decision Tree; MLP, Multi-Layer Perceptron; GBM, Gradient Boosting Machine; ANFIS, Adaptive Neuro Fuzzy Inference System.
The reported performance metrics include ACC, accuracy; AUC, area under the curve; P, precision; R, recall; F1, F1-score; K, Kappa; S, sensitivity; Sp, specificity; R?, coefficient of determination;
MAE, mean absolute error; MSE, mean squared error; RMSE, root mean squared error.
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4 Discussion

This systematic review was grounded in the cognitive model
of perception developed in a previous study, which characterizes
how different cognitive states, such as mental workload, stress,
fatigue, and drowsiness, can influence and interact to affect human
perception in operational environments (Cérdoba et al., 2024). The
model emphasizes that these conditions often co-occur or unfold
sequentially in real-world contexts, highlighting the importance
of distinguishing between them for accurate monitoring. In this
context, our review aimed to examine how multimodal recordings
of EEG and ET have been employed to assess these perception-
related conditions and evaluate the potential of these modalities for
simultaneous monitoring.

Across the 47 studies reviewed, several recurring condition-
feature associations were observed. The most frequently employed
EEG measures were frequency bands metrics, while common
ET indicators included fixation-related metrics, pupil diameter,
blink-related metrics, and PERCLOS. However, several potentially
informative metrics have not been utilized in co-registration
studies, despite their established relevance in single-modality
studies. For example, pupil size has been linked to stress, and
saccadic movement features are frequently used in fatigue detection
(Bafna and Hansen, 2021; Skaramagkas et al., 2023).

The combined impact of EEG and ET features varied across
the conditions reviewed, with some common indicators observed
in multiple conditions, whereas other metrics showed condition-
specific relationships (Table 2). Mental workload studies commonly
reported elevated theta activity and enlarged pupil diameter,
indicators known to rise with increasing task difficulty (Lean and
Shan, 2012; Tolvanen et al., 2022). However, findings across other
EEG bands (e.g., delta, alpha, and beta) and ET features (e.g.,
fixation duration, blink rate, and saccade amplitude) demonstrated
inconsistent relationships across studies.

Stress studies showed elevated theta and beta power, aligning
with prior evidence that links increases in the theta band to
emotional stress and cognitive effort and in the beta band to anxiety
(Nirabi et al., 2022). However, an unexpected increase in alpha
activity was reported, contradicting the typical alpha decrease seen
during stress. This discrepancy may be explained by the included
studies investigating stress and fatigue together, making it difficult
to distinguish their unique neural signatures.

Fatigue-related studies revealed increasing EEG activity across
the delta, theta, alpha, and beta bands. While these associations
reliably reflected fatigue onset, particularly the increases in theta
and alpha power, delta and beta bands changes during fatigue
have shown inconsistent relationships, hypothesized to be due
to differences in fatigue-inducing tasks (Tran et al, 2020).
Additionally, decreased pupil diameter and increased PERCLOS
have been widely used in fatigue detection (Bafna and Hansen,
2021).

Both vigilance decrement and drowsiness conditions can be
considered part of a continuum. Early signs of vigilance decrement
are reflected in increased delta and theta power in EEG, alongside
subtle changes in ET metrics such as decreased saccadic velocity
and amplitude and rising PERCLOS values. These markers signal
an initial cognitive slowing and lapses in sustained attention. As
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drowsiness deepens, these changes intensify: theta and alpha power
rise, fixations become less coherent, and the blink rate increases.
Once PERCLOS exceeds approximately 80%, microsleep episodes
can occur, marked by pronounced increases in delta activity, absent
saccades, and flat or incoherent gaze patterns. Some other findings,
such as high-frequency EEG components during microsleeps, have
unclear functional significance and lack consistent replication.

Lastly, although fewer studies targeted mind wandering, both
increased alpha power and increased fixations without processing
were reported, reflecting a scanning behavior and EEG patterns
consistent with previous research (Kam et al., 2022; Reichle et al.,
2010; Schad et al., 2012).

When synthesizing results across conditions, increased theta
and beta power were the most consistently reported EEG
features, whereas alpha and delta activity showed more divergent
patterns. Regional variations, particularly in mental-workload
studies, further suggest sensitivity to task- and region-specific
dynamics. ET indicators exhibited similar shared and condition-
specific relationships: increased scanpath dispersion, fixations, and
PERCLOS appeared across multiple conditions, while metrics such
as pupil diameter, saccade amplitude, and blink behavior varied
depending on condition and task structure.

Together, these multimodal patterns highlight that EEG and
ET often provide complementary information, as features that
are uninformative in one modality for a given condition may be
discriminative in the other. This is particularly relevant for those
conditions that often co-occur, such as mental workload and stress
leading to fatigue, as conceptualized in our perception framework.
Consistent with this complementarity, combining both sensing
modalities for classification tasks has generally shown improved
performance compared to using either signal alone (Table 3).
As a result, these findings emphasize the value of multimodal
measurement for differentiating between closely related cognitive
states and, ultimately, for building monitoring systems capable of
detecting perception deterioration in real-time.

4.1 Strengths and contributions

To our knowledge, this review represents the first systematic
effort to examine EEG and ET together across a broad range
of perception-related conditions. By focusing on concurrent
recordings, it provides a comprehensive overview of how neural
and ocular markers jointly reflect fluctuations in attention,
vigilance, and arousal.

Beyond mapping existing evidence, this review also synthesizes
how machine learning approaches have been used in cognitive
state classification across multimodal studies. The resulting
comparative framework can support researchers and practitioners
in selecting appropriate EEG and ET metrics and understanding
general modeling patterns suitable for developing cognitive-states
monitoring systems. Furthermore, by highlighting underexplored
modality combinations and inconsistent reporting practices, the
review identifies key opportunities for advancing multimodal
modeling and for standardizing data collection and analysis
protocols in future research.
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4.2 Limitations

Several limitations should be noted. First, the substantial
variability across the included studies, such as differences in
task paradigms, sensor configurations (e.g., EEG channel layouts
or sampling rates), and extracted features, limited comparability
and precluded a quantitative meta-analysis, even for conditions
represented by multiple studies. In particular, as only a subset
of EEG or ET metrics was reported in most studies, potentially
informative features were not consistently analyzed across the
literature. As a result, additional cross-study relationships may
remain undetected, reinforcing the need for broader and more
consistent extraction of EEG and ET metrics in future work.

Second, the underrepresentation of some conditions (such as
stress or mind wandering) in the literature limited the strength
of conclusions regarding these states and highlights the need
for more research in these areas. Third, there was considerable
variation in classification methodologies, including differences in
labeling strategies or algorithm choice, which complicated direct
comparison of model performance. Moreover, few studies assessed
cross-subject validation, and those that did typically reported lower
accuracy, suggesting limited generalization across individuals.

4.3 Implications

The findings support the integration of EEG and ET in applied
settings where continuous vigilance is critical, such as aviation,
defense, and nuclear power operations. Multimodal monitoring
systems utilizing physiological signals may facilitate early detection
of situational awareness and perception deterioration, thereby
potentially preventing critical failures (Gumus and Saylam, 2023;
Shaw and Harrell, 2023; Thomas and Russo, 2007). At the policy
level, organizations dependent on sustained human attention
should consider developing guidelines or allocating funding for
research on real-time physiological monitoring technologies.

Future research should prioritize the development of
coordinated, transparent, and multimodal standards. Establishing
shared frameworks for signal synchronization, data preprocessing,
and reporting, model after existing EEG and ET standards,
would enhance reproducibility and comparability across studies.
Moreover, protocols that assess multiple cognitive conditions
within a single experimental context would clarify the overlaps and
distinctions between perception-related states.

Although the studies reviewed rarely addressed real-time
applicability directly, several principles can be outlined for
the development of real-time EEG-ET monitoring systems.
Preprocessing and artifact rejection must operate on short, sliding
windows and be fully automated, and feature extraction pipelines
should remain computationally lightweight to prevent delays
and ensure timely classification outputs. Real-time systems also
cannot rely on dataset-wide normalization. Instead, they might
require adaptive calibration strategies such as subject-specific
calibration phases or models trained on groups of participants
with similar signal characteristics. Further investigation into real-
time classification models, especially those employing machine
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learning or deep learning, may enable the creation of adaptive
training environments and perception-aware interfaces. Follow-up
studies and real-world validations are also essential for translating
laboratory findings into operational applications.

4.4 Future directions: toward an integrative
experimental protocol

A key challenge identified in the literature is the tendency to
study perception-related conditions in isolation, even though they
are conceptually and operationally interlinked. While many studies
use similar EEG and ET metrics to investigate mental workload,
stress, fatigue, or drowsiness, few evaluate these conditions
concurrently or within the same subjects. This fragmentation
hinders the development of reliable multimodal models for
operational contexts, where such conditions frequently co-occur or
evolve sequentially.

To address this
framework is recommended. This framework should include:

issue, an integrative experimental
(1) concurrent induction of multiple cognitive states within
the same participants using similar task designs, enabling the
modeling of transitions and interactions between conditions;
(2) harmonized multimodal pipelines, where EEG and ET
are set up and processed following standardized procedures;
and (3) adoption of benchmark labeling schemes and cross-
condition validation protocols to systematically evaluate model
generalizability across individuals, contexts, and hardware
configurations. This framework would enable direct within-
subject comparisons, assisting researchers in distinguishing
between shared and condition-specific features in EEG and
ET data. Over time, such an approach could support the
creation of generalizable classification systems for perception

deterioration markers.

4.5 Conclusions

This systematic review demonstrates that combining EEG
and ET improves the detection and differentiation of closely
related perception-related conditions. Future research should
explore integrative experimental frameworks that evaluate multiple
conditions within the same participants, capturing transitions
between states as they co-occur or evolve. Finally, integrating
machine learning with multimodal data for real-time classification
offers significant potential for developing perception-aware
monitoring systems to enhance safety and performance in
operational settings.
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