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Abstract
Maram Awad Abdelrahman Mohamed

Enhancing Microsleep Prediction Performance Through
Temporal Modeling, Multimodal Fusion, and Label-Efficient

Learning

Microsleep episodes are brief involuntary transitions into sleep-like states that
occur during wakefulness and are strongly associated with fatigue, reduced vigi-
lance, and cognitive overload. Although microsleeps may last only a few seconds,
they can severely impair attention, reaction time, perception, and decision-making,
posing substantial risks in safety-critical environments such as transportation, in-
dustrial manufacturing, healthcare monitoring, aviation, and military operations.
Accurate prediction of microsleep onset before behavioural failure remains a ma-
jor challenge due to the transient, heterogeneous, and low signal-to-noise nature of
the underlying physiological processes. Existing approaches are further constrained
by limited subject generalisation, heavy dependence on handcrafted features, and
insufficient understanding of multimodal physiological interactions underlying vig-
ilance decline. This thesis addresses these challenges through the development of
robust EEG-EOG-based machine learning and deep learning frameworks for mul-
timodal microsleep prediction, with a focus on physiologically meaningful represen-
tation learning, temporal modelling, multimodal interaction analysis, and practical
real-world applicability.

This thesis investigates microsleep prediction through a sequence of studies
examining physiological feature representation, temporal forecasting, multimodal
EEG-EOG integration, and label-efficient learning. The findings show that physi-
ologically meaningful EEG features provide informative and discriminative repre-
sentations for microsleep prediction, while temporal modelling substantially im-

proves forecasting performance by capturing the progressive transition into mi-
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crosleep states. The integration of EEG and EOG further improves predictive per-
formance and provides insight into cross-modal physiological interactions preceding
microsleep onset through information-theoretic measures including mutual informa-
tion and transfer entropy. Finally, a multimodal disagreement-based active learning
framework demonstrates that annotation requirements can be reduced considerably
while maintaining competitive forecasting performance. Collectively, these results
indicate that combining temporal modelling, multimodal physiological information,
and label-efficient learning yields more robust and scalable microsleep prediction
systems.

Overall, this thesis contributes a comprehensive framework for multimodal mi-
crosleep prediction that combines physiological feature analysis, temporal forecast-
ing, multimodal interaction modelling, and label-efficient learning. The findings ad-
vance understanding of microsleep-related neurophysiology while providing practical
insights for the development of future vigilance-monitoring systems. More broadly,
the methodologies developed in this work may be applicable to fatigue monitoring,
neuroergonomics, biomedical signal analysis, and related brain—computer interface

applications.

Funding: This work was supported by Science Foundation Ireland under Grant

No. SFI/12/RC/2289 P2.

XXX



Chapter 1

Introduction

1.1 Background and Motivation

Microsleeps are brief episodes of involuntary sleep-like activity that occur during
wakefulness and are commonly associated with fatigue, reduced vigilance, and cog-
nitive overload [1]. Although these events often last only a few seconds, they can
severely impair attention, perception, reaction time, and motor control. Microsleeps
are particularly dangerous in operational environments that require sustained atten-
tion, including driving, aviation, healthcare monitoring, industrial operations, and
military systems [2], [3], [4], [5], [6]. Because microsleeps frequently occur with-
out full awareness by the affected individual, their detection and prediction remain
critical challenges in biomedical signal analysis and intelligent monitoring systems.
From an EEG perspective, microsleep onset is commonly associated with a
shift in spectral activity from wake-related alpha and beta rhythms towards lower-
frequency theta activity. This transition is illustrated in Figure [1.1} Microsleep
should not be interpreted as a distinct frequency band; rather, it involves spectral
reorganisation, including increased theta power, poorly defined or reduced alpha
activity, and reduced beta activity relative to alert wakefulness.
Electroencephalography (EEG) has become one of the most widely used physio-
logical modalities for studying vigilance decline and microsleep behaviour because it

provides direct measurements of neural activity with high temporal resolution [7], [§].
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Figure 1.1: TIllustrative EEG frequency bands and their broad associations with
vigilance and sleep. Beta activity is commonly associated with active wakefulness,
alpha activity with relaxed wakefulness, theta activity with drowsiness and light
sleep, and delta activity with deeper sleep. Microsleep does not constitute a separate
EEG frequency band; instead, it is commonly associated with a transition involving
increased theta activity, reduced or poorly defined alpha activity, and reduced beta
activity relative to alert wakefulness. The displayed waveforms are schematic and
are intended to illustrate differences in frequency rather than represent recorded
EEG segments.

EEG-based microsleep analysis has therefore attracted substantial research interest
over the last decade. Early studies primarily focused on detecting microsleep states
after onset using handcrafted spectral features and conventional machine learning
classifiers. These approaches demonstrated that physiological changes associated
with drowsiness and microsleep can be identified from neural signals, particularly
through slowing of EEG activity and reductions in signal complexity [9].

However, despite progress in microsleep detection, several important limitations
remain unresolved in the literature. First, many existing systems rely heavily on
static classification frameworks that do not adequately model the progressive tempo-
ral transition into microsleep. Second, a large proportion of prior work focuses only
on EEG, even though microsleep transitions involve coordinated neural and ocular
processes that may be better captured through multimodal physiological analysis.
Third, many systems require extensive manually annotated datasets, making model

development expensive and difficult to scale. Finally, improvements in predictive
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performance are often pursued primarily through increasingly complex classifiers
rather than through systematic investigation of the underlying representational,
temporal, multimodal, and annotation-related challenges.

These observations motivate the perspective adopted in this thesis, namely that
microsleep prediction should not be treated as a single-stage classification prob-
lem. Instead, it should be viewed as a progressive modelling problem in which
several interdependent components collectively determine predictive performance.
Informative physiological feature representations must first be identified. Temporal
structure must then be preserved to capture transitional dynamics. Complemen-
tary sensing modalities must be integrated in a physiologically meaningful manner.
Finally, the resulting models must remain trainable under realistic annotation con-
straints.

This thesis addresses these challenges through a multi-stage framework for mi-
crosleep forecasting based on EEG and electrooculography (EOG) signals, which
capture blink behaviour, eye movements, and eye-closure dynamics associated with
vigilance decline [10]. The work is organised around four research questions that
progressively examine feature representation, temporal modelling, multimodal in-
tegration, and label-efficient learning. Collectively, these studies aim to improve
short-horizon microsleep forecasting, where prediction is performed several seconds
before microsleep onset rather than at the moment a microsleep occurs, while main-

taining interpretability, physiological relevance, and practical feasibility.

1.2 Problem Statement

Although substantial progress has been made in EEG-based vigilance monitoring,
reliable short-horizon microsleep forecasting remains difficult. Existing approaches
often suffer from several methodological limitations.

A major limitation concerns feature representation. Many previous systems rely
on generic EEG descriptors without systematically evaluating whether those fea-

tures capture physiologically meaningful indicators of vigilance decline [9], [11], [12].
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Since microsleep transitions involve changes in neural oscillatory activity, reductions
in complexity, and evolving cross-regional interactions, inadequate feature represen-

tation can limit downstream predictive performance.

A second limitation concerns temporal modelling. Traditional machine learning
pipelines frequently treat EEG segments as independent observations, even though
microsleep transitions occur progressively over time. Static classifiers therefore
struggle to preserve temporally local information that may be critical for identi-

fying imminent microsleep events [13].

A third limitation concerns modality usage and physiological interaction mod-
elling. While EEG provides valuable information about neural activity, ocular be-
haviour measured through EOG also reflects fatigue-related processes associated
with vigilance decline. However, many previous systems rely on either EEG or EOG
independently, with limited research explicitly modelling the interaction between
neural and ocular dynamics through combined EEG-EOG analysis for microsleep
prediction. Furthermore, little attention has been given to understanding the tempo-
ral directionality of microsleep-related physiological transitions, specifically whether
microsleep-related changes emerge first in cortical EEG activity, ocular EOG activ-
ity, or synchronously across both modalities. Investigating these relationships may
provide important insight into the underlying physiology of microsleep onset and

improve multimodal forecasting performance [10], [14], |15], [16], [17].

A fourth limitation concerns annotation efficiency. Microsleep datasets require
labour-intensive expert labelling procedures, particularly for event forecasting tasks.
Fully supervised training approaches therefore become increasingly impractical as
datasets scale. Despite advances in predictive modelling, comparatively little atten-
tion has been given to reducing annotation requirements while preserving forecasting

performance [18].

Together, these limitations indicate that microsleep prediction is constrained not
only by classifier capacity, but also by feature quality, temporal structure preserva-

tion, multimodal dependency modelling, and efficient use of labelled data. Address-
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ing these challenges requires an integrated modelling framework rather than isolated

improvements to individual classifiers.

1.3 Research Aim

The overall aim of this thesis is to improve the prediction of microsleep events
from physiological data, with particular emphasis on short-horizon forecasting under
realistic operational and annotation constraints.

To achieve this aim, the thesis investigates microsleep prediction as a multi-stage

modelling problem involving;:

1. Identification of informative physiological feature representations.
2. Explicit modelling of temporal structure for forecasting.
3. Integration of complementary multimodal physiological information.

4. Reduction of annotation requirements through label-efficient learning.

The thesis therefore addresses microsleep prediction not only as a machine learn-

ing problem, but also as a physiologically grounded forecasting problem.

1.4 Research Questions

The thesis is structured around four interconnected research questions.

RQ1: Feature Representation Which physiological FEG features provide the most
informative representation for microsleep detection and form a robust founda-

tion for subsequent forecasting models?

This question investigates whether spectral, nonlinear, and complexity-based
EEG features can reliably capture physiologically meaningful indicators of

vigilance decline and microsleep transition.
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RQ2: Temporal Modelling How does explicit modelling of temporal structure in-

fluence short-horizon microsleep forecasting performance?

This question evaluates whether sequence-sensitive architectures improve fore-
casting beyond static classification pipelines by preserving temporally local

information relevant to microsleep onset.

RQ3: Multimodal Fusion Can multimodal integration of EEG and EOG im-
prove microsleep forecasting performance compared with unimodal approaches,
and what physiological interaction patterns exist between meural and ocular

activity during microsleep transitions?

This question investigates whether complementary neural and ocular infor-
mation improves forecasting performance and whether modelling cross-modal
interaction provides additional benefits beyond simple feature fusion. In addi-
tion, the research examines the temporal directionality of microsleep-related
physiological dynamics using information-theoretic measures such as Transfer
Entropy (TE) to determine whether microsleep transitions originate predomi-
nantly from EEG activity, EOG activity, or emerge synchronously across both

modalities.
RQ4: Label-Efficient Learning Can active learning reduce annotation require-
ments while maintaining strong multimodal forecasting performance?

This question examines whether intelligent sample-selection strategies can sub-
stantially reduce labelling effort without significant degradation in predictive

performance.

1.5 Research Contributions

The contributions of this thesis are cumulative and progressively connected across

the four research questions.




1.5.1 Contribution 1: Physiologically Meaningful Feature

Representation

The thesis demonstrates that microsleep prediction depends strongly on physiolog-
ically relevant feature extraction. Spectral and nonlinear EEG features are shown
to provide stable discriminative information associated with vigilance decline and

reduced neural complexity.

1.5.2 Contribution 2: Sequence-Sensitive Temporal Fore-

casting

The thesis demonstrates that preserving temporally local information substantially
improves forecasting performance. Temporal modelling approaches incorporating
causal attention and recurrent processing improve sensitivity and discrimination

across prediction horizons.

1.5.3 Contribution 3: Multimodal Physiological Fusion and

Directionality Analysis

The thesis shows that EEG and EOG provide complementary physiological informa-
tion for microsleep forecasting. The work further demonstrates that multimodal gain
is strongest when cross-modal interaction is modelled explicitly through information-
theoretic coupling measures rather than through simple concatenation alone. In
addition, Transfer Entropy analysis is used to investigate the directional flow of
information between EEG and EOG activity during microsleep transitions, provid-
ing insight into whether microsleep-related dynamics emerge predominantly from

cortical activity, ocular behaviour, or synchronised multimodal processes.

1.5.4 Contribution 4: Label-Efficient Multimodal Learning

The thesis demonstrates that active learning can substantially reduce annotation

requirements while retaining near-baseline forecasting performance. The proposed
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multimodal disagreement-based acquisition strategy provides an interpretable and

practically effective framework for label-efficient microsleep prediction.

1.5.5 Contribution 5: Integrated Perspective on Microsleep

Forecasting

Beyond individual modelling improvements, the thesis contributes a unified perspec-
tive in which microsleep prediction is understood as a progressive modelling problem
involving representation quality, temporal preservation, multimodal interaction, and

annotation efficiency.

1.6 Significance of the Research

The significance of this research lies in both its scientific and practical contributions.

From a scientific perspective, the thesis advances understanding of how physio-
logical representations, temporal dynamics, and multimodal dependencies contribute
to microsleep forecasting. The work also contributes to explainable biomedical ma-
chine learning by emphasising interpretable physiological mechanisms alongside pre-

dictive accuracy.

From a practical perspective, reliable microsleep forecasting has direct relevance
for fatigue monitoring systems in transportation, healthcare, defence, and industrial
environments. Systems capable of forecasting microsleep transitions before full onset

may support earlier intervention and improve operational safety.

Importantly, the thesis also addresses one of the major deployment barriers in
physiological machine learning systems: annotation cost. By demonstrating that
active learning can recover strong performance with substantially reduced labelled
data, the work improves the feasibility of developing scalable real-world microsleep

monitoring systems.




1.7 Relationship Between the Research Questions

Although each research question addresses a distinct modelling challenge, the thesis
is intentionally cumulative in structure.

RQ1 establishes the representational foundation of the thesis by identifying in-
formative physiological EEG features. These representations form the basis for all
later modelling stages.

RQ2 builds upon this foundation by introducing temporal modelling approaches
that preserve sequence-dependent information necessary for forecasting imminent
microsleep events.

RQ3 extends the framework into multimodal learning by integrating complemen-
tary EEG and EOG information, modelling cross-modal synchrony during vigilance
transitions, and investigating the directional flow of information between neural and
ocular activity using information-theoretic interaction analysis.

RQ4 then addresses the practical challenge of annotation scalability by inves-
tigating whether strong multimodal forecasting systems can be trained efficiently
under limited supervision.

Taken together, the research questions form a progression from representation,

to temporal structure, to multimodal integration, and finally to efficient learning.

1.8 Thesis Structure

This thesis is organised into 9 chapters.

Chapter (1| — Introduction This chapter introduces the microsleep prediction prob-
lem, outlines the research motivation, presents the research questions and ob-

jectives, and summarises the overall contributions and structure of the thesis.

Chapter [2| — Foundations and Related Work This chapter reviews the litera-
ture related to physiological vigilance monitoring using EEG and EOG, mi-

crosleep detection, temporal modelling, multimodal physiological analysis, and
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active learning in biomedical signal processing. The chapter also identifies the

major research gaps addressed by the thesis.

Chapter (3| — Dataset and Evaluation Framework This chapter describes the
datasets, preprocessing procedures, feature extraction methods, forecasting
protocols, evaluation metrics, and statistical analysis procedures used through-

out the thesis.

Chapter [4] — Feature Representation for Microsleep Prediction (RQ1) This
chapter investigates physiologically meaningful EEG feature representations
for microsleep prediction, with particular emphasis on spectral and nonlinear

descriptors associated with vigilance decline.

Chapter |5 — Temporal Modelling for Microsleep Forecasting (RQ2) This chap-
ter evaluates sequence-sensitive forecasting architectures and investigates how
temporal modelling influences predictive performance across different forecast

horizons.

Chapter [6] - Multimodal EEG-EOG Fusion for Forecasting (RQ3) This chap-
ter investigates multimodal integration strategies for combining EEG and EOG
information, including information-theoretic interaction measures, Transfer
Entropy-based directionality analysis, and cross-modal fusion mechanisms for

microsleep forecasting.

Chapter [7| — Active Learning for Label-Efficient Forecasting (RQ4) This chap-
ter examines whether active learning can reduce annotation requirements while
preserving multimodal forecasting performance. Benchmark active learning
methods are compared with the proposed multimodal disagreement-based ac-

quisition strategy.

Chapter (8] — Cross-Study Synthesis and Design Insights This chapter syn-
thesises the findings across all research questions, discusses the major cross-

cutting themes, outlines the methodological limitations of the thesis, and
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presents implications for future research.

Chapter [9] — Conclusions and Future Work This chapter summarises the prin-
cipal findings and contributions of the thesis, revisits the research questions,
discusses key limitations, and outlines several directions for future research in
microsleep forecasting, multimodal physiological modelling, and label-efficient

learning.

1.9 Chapter Summary

This chapter introduced the problem of microsleep prediction and motivated the
need for reliable short-horizon forecasting systems based on physiological monitor-
ing. The chapter identified key limitations in existing approaches related to feature
representation, temporal modelling, multimodal integration, and annotation effi-
ciency.

To address these challenges, the thesis proposed a progressive modelling frame-
work structured around four research questions investigating physiologically mean-
ingful feature extraction, sequence-sensitive forecasting, multimodal EEG-EOG fu-
sion, and label-efficient active learning.

The following chapter reviews the literature related to these research areas and

identifies the theoretical and methodological gaps addressed throughout the thesis.
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Chapter 2

Foundations and Related Work

2.1 Introduction

Microsleeps are transient episodes of involuntary sleep intrusion into wakefulness,
typically lasting between 0.5 and 15 seconds, and are characterised by complete
or partial loss of responsiveness, behavioural disengagement, and brief eye closure.
These episodes are especially dangerous in environments requiring sustained at-
tention such as driving, aviation, industrial monitoring, and healthcare operations
because even a short lapse may lead to catastrophic consequences [2], [3], [4], [5], [6]-
Microsleeps have therefore become a major research focus within neuroengineering,
sleep science, and intelligent transportation systems |19], [20], [21].

Although drowsiness and fatigue have long been studied using behavioural and
physiological measurements, microsleeps represent a more challenging phenomenon
because they occur abruptly, are short-lived, and often emerge even in non-sleep-
deprived individuals [9], [21], [22], [23]. Traditional behavioural indicators such as
eyelid closure, steering deviation, or reaction time are often insufficient for reliable
early detection. Consequently, electroencephalography (EEG) has emerged as one
of the most informative modalities for microsleep analysis due to its direct measure-
ment of cortical activity and high temporal resolution [7], [§]

Recent advances in machine learning and deep learning have accelerated research

in automated microsleep detection and prediction. Early approaches relied heavily
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on handcrafted spectral features and classical classifiers, whereas modern systems
increasingly employ convolutional neural networks (CNNs), recurrent neural net-
works (RNNs), temporal convolutional networks (TCNs), attention mechanisms,
and multimodal fusion frameworks [24], [25], [26], [27], |28], [29], [30]. Despite this
progress, major challenges remain unresolved, including severe class imbalance, poor
inter-subject generalisation, variability in microsleep definitions, lack of standardised
evaluation protocols, and insufficient integration of neurophysiological knowledge

into learning systems [31], [32], [33].

This chapter critically reviews the literature relevant to EEG-based microsleep
detection and prediction. In addition to electroencephalography (EEG), the review
also considers electrooculography (EOG), which captures eye-movement and ocular
activity that are closely associated with vigilance decline and microsleep onset. The
review covers physiological foundations of microsleeps, EEG and EOG characteris-
tics, datasets and experimental paradigms, signal preprocessing, feature engineering,
machine learning and deep learning methods, multimodal systems, active learning
frameworks, and current methodological limitations. The chapter concludes by iden-

tifying research gaps that motivate the contributions of this thesis.

The remainder of this chapter is organised as follows. First, the physiological and
neurocognitive foundations of microsleeps and vigilance degradation are reviewed.
Next, EEG and EOG characteristics associated with microsleep episodes are dis-
cussed, followed by an overview of datasets and experimental paradigms used in
microsleep research. The chapter then reviews traditional machine learning and
modern deep learning approaches for microsleep detection and forecasting. Subse-
quently, multimodal systems integrating EEG with complementary modalities such
as EOG are examined. The chapter further discusses active learning and label-
efficient learning strategies for EEG analysis and driver monitoring applications.
Finally, current challenges including subject variability, data imbalance, noisy real-
world environments, and limited forecasting robustness are discussed, highlighting

the research gaps addressed in this thesis.
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2.2 Microsleeps and Vigilance Degradation

Microsleeps are considered brief intrusions of sleep into wakefulness and are com-
monly associated with degraded vigilance and impaired task responsiveness [22],
[34]. Unlike ordinary drowsiness, microsleeps represent discrete behavioural failures
during which individuals temporarily lose conscious control over task execution [9).
They are operationally characterised using combinations of eye closure, behavioural
slowing, head nodding, and tracking failure [22].

The relationship between fatigue, vigilance decline, and accidents has been exten-
sively documented in transportation research. Williamson et al. demonstrated that
fatigue-related impairment may be comparable to alcohol intoxication in terms of
reaction-time degradation and cognitive decline [3]. Similarly, Howard et al. showed
that extended wakefulness significantly degrades simulated driving performance [35].
These findings support the importance of objective physiological monitoring systems
capable of identifying microsleeps before behavioural failure becomes catastrophic.

Microsleeps are not restricted to severely sleep-deprived individuals. Peiris et al.
demonstrated that healthy non-sleep-deprived subjects can still experience frequent
microsleeps during monotonous continuous tracking tasks [9]. Similarly, Poudel
et al. showed that microsleeps emerge even under rested conditions but become
substantially more frequent following sleep restriction [36]. This observation sug-
gests that microsleeps arise from dynamic instability between wake-promoting and
sleep-promoting neural systems rather than from sleep deprivation alone. Recent
machine learning studies have further demonstrated that microsleep episodes exhibit
identifiable physiological signatures that can be automatically detected from EEG
recordings using both feature-based and deep learning approaches [24], [37].

The concept of wake-state instability has therefore become central to microsleep
research. According to this theory, sustained attention tasks produce fluctuating
competition between wake-promoting neural systems (often referred to as arousal
networks) and the homeostatic drive for sleep, resulting in transient lapses of con-

sciousness [§]. Microsleeps may thus represent the behavioural manifestation of
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unstable transitions between wakefulness and sleep [22], [34].

These findings collectively suggest that microsleeps are not isolated behavioural
failures but rather manifestations of dynamic neurophysiological instability. Con-
sequently, understanding the neural mechanisms underlying vigilance degradation
is essential for developing reliable early-warning systems capable of predicting mi-

crosleeps before behavioural failure occurs.

2.3 EEG and EOG Signals in Microsleep Analysis

Electroencephalography (EEG) is one of the most widely used neurophysiological
modalities for studying vigilance, fatigue, and microsleep phenomena due to its
ability to directly measure cortical electrical activity with millisecond-level temporal
resolution [7]. EEG signals are acquired non-invasively through electrodes placed
on the scalp, where voltage fluctuations generated by synchronized postsynaptic
activity of cortical pyramidal neurons are recorded. Because microsleeps emerge
rapidly and involve transient alterations in neural activity, EEG is particularly well
suited for detecting and forecasting these events.

A major advantage of EEG is its ability to capture dynamic temporal changes
associated with vigilance degradation. Prior research has consistently demonstrated
that declining alertness is accompanied by characteristic spectral changes, partic-
ularly increased low-frequency activity in the theta (4-8 Hz) and alpha (8-13 Hz)
bands [9], [11], [38]. Theta-band increases are commonly associated with drowsi-
ness and reduced attentional engagement, whereas alpha-band modulation has been
linked to fluctuations in cortical arousal and visual attention [8]. More recent work
has shown that microsleeps involve complex spatio-temporal neural dynamics ex-
tending beyond simple spectral slowing, including transient spindle-like activity, de-
fined here as brief, waxing-and-waning bursts of rhythmic EEG activity resembling
the sleep spindles typically observed during Stage-2 non-rapid eye movement sleep,
as well as altered connectivity patterns and localised cortical activation changes [39],

[40], [41], [42]. Furthermore, studies investigating vigilance instability and sleep de-
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privation have reported altered neural oscillations, phase-amplitude coupling, and

dynamic cortical state transitions associated with declining alertness [43].

EEG-based microsleep analysis has employed both single-channel and multichan-
nel acquisition systems. Single-channel EEG systems offer simplicity, portability,
and lower computational requirements, making them attractive for real-time mon-
itoring applications such as driver vigilance systems [25]. However, their limited
spatial coverage may fail to capture distributed neural processes associated with
microsleep onset. Multichannel EEG systems, in contrast, provide richer spatial
information and improved robustness by capturing interactions across multiple cor-
tical regions [44]. Nevertheless, increased channel count introduces greater system
complexity, setup time, and computational burden, which may limit practical de-

ployment outside laboratory environments.

EEG signals are highly susceptible to contamination from physiological and
environmental artifacts. Eye blinks, eye movements, muscle activity, electrode
impedance fluctuations, and motion-related disturbances can substantially degrade
signal quality [45]. This challenge becomes particularly important in real-world en-
vironments such as transportation, industrial monitoring, and healthcare settings,
where subjects naturally move, speak, and interact with surrounding systems. Re-
cent studies have highlighted the growing importance of robust artifact handling for
wearable and mobile EEG systems operating under naturalistic conditions [14], [15],
[16], [17]. Consequently, robust EEG-based microsleep forecasting requires methods

capable of handling substantial signal variability and noise contamination.

Electrooculography (EOG) provides a complementary physiological modality for
analysing vigilance and microsleep behaviour. EOG measures voltage differences
generated by ocular movement and retinal-corneal potential changes using electrodes
placed around the eyes [10]. Because eye behaviour changes significantly during
fatigue and microsleep onset, EOG has become widely used in sleep research and

fatigue monitoring applications.

Several ocular behaviours have been associated with declining vigilance, includ-
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ing slow eye movements, blink duration changes, prolonged eye closures, and altered
saccadic dynamics [22]. Sustained eyelid closure and reduced blink responsiveness
are particularly strong indicators of microsleep onset. Video-based eye-aspect-ratio
analysis has therefore gained popularity as a non-invasive behavioural monitoring
approach [46]. However, camera-based systems are sensitive to illumination condi-
tions, head pose variation, occlusion, and image quality degradation, limiting their

reliability in uncontrolled environments [28].

Unlike video-based methods, EOG directly captures ocular electrophysiological
activity and can therefore provide more robust measurements under challenging en-
vironmental conditions. EOG signals have been used extensively in sleep staging,
fatigue monitoring, and ocular artifact analysis [10]. Deep learning approaches based
on EOG have recently demonstrated strong performance in sleep-stage classification
and vigilance analysis, highlighting the growing utility of EOG-driven representa-
tion learning frameworks [47], [48], [49]. Moreover, EOG recordings often contain
informative pre-microsleep patterns associated with slow rolling eye movements and

blink dynamics that may emerge before overt behavioural lapses occur.

Importantly, EEG and EOG capture distinct yet complementary aspects of the
microsleep process. EEG reflects cortical vigilance dynamics and neural state tran-
sitions, whereas EOG captures behavioural and ocular manifestations of fatigue.
Their joint analysis may therefore provide a more comprehensive representation of
pre-microsleep physiology than either modality alone. Recent multimodal fatigue-
monitoring systems integrating EEG with EOG, eye tracking, motion signals, or
video-based behavioural analysis have demonstrated improved robustness and pre-
dictive performance compared with unimodal systems [29], [50], [51], [52], [53].
These findings suggest that multimodal integration can improve resilience under

noisy and heterogeneous real-world conditions.

Despite this progress, most existing microsleep forecasting systems remain pre-
dominantly unimodal and rely mainly on EEG or behavioural measurements in-

dependently. Furthermore, relatively little attention has been given to explicitly
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modelling the physiological interaction between neural and ocular dynamics during
vigilance degradation. Consequently, the integration of EEG and EOG for physio-
logically grounded microsleep forecasting remains an important and underexplored

research direction.

2.4 Neurophysiological Basis of Microsleeps

Understanding the neural basis of microsleeps is critical for designing physiologically
grounded detection systems. Early EEG studies reported increases in low-frequency
activity, particularly theta activity (4-8 Hz), commonly associated with drowsiness,
and alpha activity (8-13 Hz), often linked to cortical arousal and attention, during
microsleep episodes [9]. However, more recent work suggests that microsleeps involve
considerably more complex neural dynamics [54], [55].

Jonmohamadi et al. demonstrated that microsleeps are frequently associated
with alpha-band spindle activity originating from bilateral anterior temporal gyri
and hippocampal regions, brain areas involved in memory processing and higher
cognitive functions, resembling Stage-2 sleep spindles [39]. Their findings suggest
that microsleeps may represent brief intrusions of genuine sleep mechanisms into
wakefulness rather than simple reductions in alertness. Importantly, they also iden-
tified frontal-orbital theta activity associated with microsleep events, supporting
the role of frontal attentional systems in vigilance failure. These observations are
consistent with broader sleep physiology literature showing that sleep spindles and
alpha rhythms arise from complex thalamo-cortical interactions [56], [57], [5§].

Subsequent work by Zaky et al. expanded these findings by investigating source-
localised EEG activity during microsleeps [40]. Their analysis revealed increases not
only in delta, theta, and alpha bands but also in beta and gamma activity. The
authors proposed that increased high-frequency activity may reflect unconscious cog-
nitive processes attempting to restore wakefulness and consciousness during active
task performance. This interpretation aligns with neuroimaging findings showing

transient cortical hyperactivation during microsleeps and vigilance instability [59],
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[60).

Functional neuroimaging studies further support the existence of compensatory
cortical mechanisms. Poudel et al. observed transient activation in fronto-parietal,
parahippocampal, and thalamo-cortical networks during microsleeps [36]. Impor-
tantly, they demonstrated that behavioural performance often improved immedi-
ately after microsleep recovery, suggesting that microsleeps may temporarily alle-
viate sleep pressure and restore vigilance. Similar observations were reported by
Strauss et al., who showed that loss of responsiveness during sleep onset is associ-
ated with dynamic changes in large-scale neural connectivity [61]. These findings
challenge simplistic interpretations of microsleeps as merely failures of wakefulness

and instead position them as dynamic neurophysiological recovery phenomena.

Recent EEG studies have further demonstrated that microsleep-related vigilance
decline is associated with distinct spectral reorganisation patterns involving theta
and alpha activity [12], [41]. Dynamic analyses of neural connectivity and EEG
microstates additionally suggest that vigilance transitions involve rapidly evolving
spatio-temporal brain states rather than static spectral slowing alone [62], [63], [64].
Such findings reinforce the importance of modelling temporal dynamics and cross-

regional neural interactions in computational microsleep prediction systems.

The distinction between behavioural microsleeps and ordinary drowsiness is
therefore essential. Whereas drowsiness represents a tonic state of reduced alert-
ness, microsleeps are phasic transitions involving transient disengagement from the
environment and activation of sleep-related neural mechanisms [22]. This distinction
has major implications for algorithm development because systems trained only on
drowsiness-related features may fail to capture the discrete neural signatures asso-

ciated with true microsleeps.

These findings indicate that microsleeps involve distributed and dynamic neural
processes spanning cortical, thalamic, and hippocampal systems. Consequently,
computational models designed for microsleep prediction must capture not only

spectral slowing but also complex spatio-temporal interactions across multiple brain
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regions and frequency bands.

2.5 EEG-Based Microsleep Detection and Fore-

casting

2.5.1 Traditional EEG-Based Detection Methods

Early microsleep detection systems primarily relied on handcrafted EEG features
combined with traditional machine learning classifiers. Spectral slowing, particu-
larly increased theta activity and reduced alpha power, has consistently been asso-
ciated with vigilance decline and microsleep onset [9], [11]. Consequently, many early
systems employed spectral power features extracted from canonical EEG frequency
bands. Spectral EEG analysis during microsleep events further demonstrated char-
acteristic low-frequency alterations associated with fatigue progression and reduced

alertness [12].

Beyond conventional spectral analysis, researchers explored nonlinear and information-
theoretic features to better capture the complexity of microsleep-related neural
dynamics. Joint entropy and mutual information features demonstrated strong
discriminative capability for distinguishing microsleep from responsive states [44].
Spatio-temporal approaches based on Common Spatial Patterns further improved
classification performance by exploiting spatial covariance structures across EEG
channels [13]. However, forecasting performance was shown to degrade substan-
tially as prediction horizons increased, largely due to loss of fine-grained temporal
information.

Ayyagari et al. investigated dimensionality reduction techniques for microsleep
classification, comparing methods including principal component analysis, proba-
bilistic PCA, and nonlinear embeddings [65]. Their findings demonstrated that re-
ducing feature dimensionality could improve computational efficiency while preserv-

ing discriminative information. Similar investigations were conducted in subsequent
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studies examining feature selection, channel optimisation, and statistical validation
strategies for EEG-based microsleep analysis [66], [67], [68], [69]. Recent work has
also explored handling class imbalance in microsleep datasets through oversampling
and discriminative feature engineering strategies [32].

Several studies also explored blind source separation and independent component
approaches for isolating microsleep-related EEG activity from artifacts and noise.
Leong et al. proposed blind extraction methods capable of identifying microsleep-
related signal components from mixed EEG recordings [70]. These approaches high-
lighted the importance of preprocessing and signal decomposition for improving
microsleep detection reliability.

Traditional machine learning classifiers including support vector machines (SVM),
k-nearest neighbours (KNN), linear discriminant analysis (LDA), and random forests
have been widely employed for EEG-based fatigue and microsleep detection [66],
[68], [69]. While these approaches often achieved promising within-subject perfor-
mance, their ability to generalise across unseen individuals remained limited due to
substantial inter-subject EEG variability.

Despite promising results, traditional handcrafted feature pipelines suffer from
several limitations. Feature engineering often requires extensive domain expertise,
handcrafted features may not generalise across subjects, and classical machine learn-
ing classifiers frequently struggle to capture complex nonlinear temporal dependen-
cies present in EEG recordings. These limitations motivated the transition toward

deep learning and end-to-end neural architectures.

2.5.2 Deep Learning for Microsleep Detection and Forecast-
ing

Recent advances in deep learning have transformed EEG analysis by enabling end-

to-end learning directly from raw or minimally processed signals. CNN-based archi-

tectures have demonstrated strong performance in extracting spatial and spectral

representations from EEG recordings |24], |[71]. Deep learning approaches reduce
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reliance on handcrafted feature engineering and allow models to learn hierarchical

signal representations automatically.

Single-channel CNN systems have shown that compact EEG acquisition setups
can achieve practical microsleep and drowsiness detection performance [25], [72].
However, multichannel deep learning approaches generally achieve superior robust-
ness by exploiting distributed neural information across multiple cortical regions.
Temporal convolutional networks and recurrent neural networks have therefore be-
come increasingly popular for modelling sequential EEG dynamics associated with

vigilance decline.

Recurrent neural networks, particularly long short-term memory (LSTM) ar-
chitectures and gated recurrent units (GRUs), have enabled modelling of temporal
dependencies associated with behavioural lapses and vigilance degradation [73], [74],
[75], [76]. These models are especially relevant for forecasting tasks because they

preserve temporal context across sequential EEG windows.

Recent studies have also demonstrated the effectiveness of hybrid deep learn-
ing frameworks integrating convolutional feature extraction with temporal attention
mechanisms [77], [78]. Such architectures improve representation learning by jointly
modelling spatial, spectral, and temporal EEG characteristics associated with fa-
tigue progression. Attention-based CNN frameworks have similarly shown improved
performance in motor imagery EEG decoding and drowsiness recognition tasks [79],
[80].

One of the few studies specifically addressing multi-horizon microsleep forecast-
ing was conducted by Shoorangiz et al. [13], who examined prediction horizons
ranging from 0.25 to 1 second prior to microsleep onset. Their findings demon-
strated substantial degradation in sensitivity as the forecasting horizon increased,
primarily due to reduced preservation of short-lived temporal cues preceding mi-
crosleep events. This highlighted the need for architectures capable of preserving

temporal resolution while learning long-range sequential dependencies.

More recently, attention mechanisms and transformer-inspired architectures have
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emerged as promising approaches for EEG decoding due to their ability to capture
long-range temporal relationships and dynamically emphasise informative signal re-
gions [81], [82]. Attention mechanisms enable models to selectively focus on tem-
porally relevant EEG patterns while suppressing irrelevant or noisy information.
Connectivity-aware graph neural networks have additionally been proposed for mod-
elling dynamic interactions between EEG channels during drowsiness and vigilance

decline [83].

Cross-subject and subject-independent learning has also become an important
research direction due to the impracticality of subject-specific calibration in real-
world deployments. Paulo et al. proposed a zero-calibration framework using spatio-
temporal EEG image encoding for cross-subject drowsiness detection [84]. Similarly,
several recent studies have explored subject-independent deep learning architectures

capable of improving generalisation across unseen individuals 78], [85].

Multimodal deep learning approaches integrating EEG with additional physio-
logical or behavioural modalities have further demonstrated improved robustness
under real-world conditions. These include combinations of EEG with physiolog-
ical measurements, eye tracking, and vehicular signals for fatigue and microsleep

detection [86], [87].

Nevertheless, the application of advanced attention-based and multimodal ar-
chitectures to short-horizon microsleep forecasting remains relatively limited com-
pared with onset detection. Existing studies have primarily focused on general
EEG classification tasks, drowsiness detection, or sleep-stage analysis rather than
continuous microsleep forecasting across multiple horizons. Consequently, under-
standing how temporal attention mechanisms, multimodal physiological interaction
modelling, and subject-independent learning influence microsleep forecasting robust-

ness remains an important research direction.
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2.6 Multimodal Microsleep Detection and Pre-

diction

While EEG remains the dominant modality for microsleep analysis, complementary
behavioural and physiological modalities have increasingly been explored to improve
robustness under real-world conditions. Existing approaches include facial image
analysis, steering-wheel pressure sensing, speech-based analysis, eye-blink monitor-
ing, and video-based eye tracking systems [46], [88], [89]. These approaches aim to
capture behavioural manifestations of vigilance decline that may complement neural

activity measurements.

Eye-related measures are particularly relevant because ocular behaviour changes
substantially during vigilance decline. Video-based eye-aspect-ratio analysis has
demonstrated effectiveness for detecting prolonged eye closures associated with mi-
crosleep episodes [46]. More recent work has explored real-time blink tracking
and event-based eye monitoring systems for fatigue detection [90]. Eye-state and
yawning-based monitoring approaches have additionally shown promise for practical
fatigue detection in real-world settings [89], [91], [92]. However, purely behavioural
systems often fail under poor lighting conditions, occlusions, or subtle pre-onset

vigilance changes.

Speech-based approaches have also been explored for fatigue and drowsiness mon-
itoring . These systems typically analyse spectral, prosodic, acoustic, and emotional
characteristics of speech to estimate fatigue-related cognitive decline. Related re-
search in cognitive impairment and neurological monitoring has demonstrated that
acoustic speech features may capture subtle neurophysiological changes associated
with declining cognitive states [93], [94], [95]. Although promising, speech systems
may be sensitive to environmental acoustics, recording quality, and inter-speaker

variability.

Despite the growing interest in multimodal systems, most existing approaches

remain effectively non-neural or unimodal from a neurophysiological perspective.
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Hybrid physiological systems have recently begun integrating EEG with eye track-
ing, blink analysis, and additional biometric signals for fatigue monitoring [51], [96],
[97]. Large-scale multimodal fatigue datasets incorporating behavioural, physiologi-
cal, and video modalities have also recently emerged. However, to the best of current
knowledge, very limited research has specifically investigated the fusion of EEG and

EOG for short-horizon microsleep forecasting prior to onset.

EEG and EOG capture complementary aspects of the microsleep process. EEG
reflects cortical vigilance dynamics and neural state transitions, whereas EOG cap-
tures ocular manifestations including slow eye movements, blink behaviour, and
sustained eye closure |10]. Their joint analysis therefore offers the potential for
more comprehensive modelling of pre-microsleep physiology. Recent multimodal
fatigue-monitoring systems combining EEG with ocular and physiological measure-
ments have demonstrated improved robustness compared to unimodal approaches

[51], [86], [97].

Traditional multimodal fusion approaches often rely on direct feature concate-
nation, which treats modalities as largely independent sources of information. How-
ever, neural and ocular activity preceding microsleeps may exhibit complex nonlinear
dependencies and directional interactions. Information-theoretic measures such as
mutual information and transfer entropy therefore provide attractive frameworks for

modelling EEG-EOG relationships [9§].

Mutual information quantifies shared information between signals while captur-
ing both linear and nonlinear dependencies without strong parametric assumptions
[98]. Transfer entropy extends this framework by estimating directional information
transfer and potential causal interactions between modalities [99]. Together, these
measures may provide physiologically meaningful representations of neural-ocular

coupling preceding microsleep onset.

Despite the promise of multimodal systems, robust fusion strategies remain un-
derexplored in microsleep forecasting. Existing systems frequently focus on post-

event detection rather than early prediction, and relatively little attention has been
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given to physiologically interpretable multimodal interactions.

2.7 Active Learning and Label-Efficient EEG Anal-

ysis

2.7.1 DMotivation for Active Learning in EEG

A major challenge in EEG-based machine learning is the high cost and difficulty of
obtaining labelled data. EEG annotation often requires expert review, behavioural
synchronisation, and substantial manual effort. In microsleep analysis, this challenge
is further amplified by severe class imbalance and the rarity of microsleep events

relative to normal wakefulness.

Active learning has therefore emerged as a promising strategy for reducing anno-
tation burden while maintaining classification performance. Rather than randomly
selecting samples for labelling, active learning methods iteratively identify the most
informative unlabeled samples for annotation. This paradigm is particularly attrac-
tive in physiological signal analysis, where large quantities of unlabeled biosignals
are often available but expert annotations remain expensive and time-consuming

[18].

In EEG-based BCI systems, effective active learning strategies must balance
several factors including informativeness, representativeness, and diversity. Sam-
ples near the classifier decision boundary may provide high informational value,
while representative and diverse samples help avoid redundancy and outlier selection
[100], [101], [102]. Batch-mode active learning approaches have therefore become in-
creasingly important for practical annotation workflows involving groups of samples

rather than isolated instances [103].
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2.7.2 Active Learning in EEG and Brain—Computer Inter-

faces

Several studies have explored active learning within EEG-based classification and
brain—computer interface systems. She et al. proposed a double-criteria active
learning framework integrating uncertainty, representativeness, and diversity con-
straints to improve label efficiency in EEG classification [100]. Similarly, Wang et
al. investigated neural decoding using active learning for intracortical brain—machine
interfaces and demonstrated improvements in decoding performance under limited
labeled data conditions [104].

Semi-supervised and progressive learning approaches have also attracted atten-
tion for EEG applications. Wei et al. proposed a semi-supervised progressive learn-
ing framework for BCI systems capable of leveraging both labeled and unlabeled
EEG data to improve model robustness and calibration efficiency [105]. More re-
cently, Long et al. explored active EEG annotation strategies jointly driven by
pseudo-labels and manual annotations, demonstrating the potential of combining

active learning with semi-supervised learning in practical EEG workflows [106].

2.7.3 Multimodal Learning and Active Learning

Recent advances in multimodal learning have highlighted the importance of jointly
modelling complementary physiological modalities rather than relying solely on uni-
modal representations. Multimodal deep learning approaches have been explored
across affective computing, biosignal analysis, fatigue monitoring, and BCI applica-
tions [107], [108§].

A key challenge in multimodal systems concerns missing or incomplete modali-
ties during acquisition. Ma et al. proposed SMIL, a multimodal learning framework
capable of handling severely missing modalities while preserving multimodal rep-
resentation quality [109]. Similarly, Liu et al. explored frequency-aware masked
autoencoders for multimodal biosignal pretraining, demonstrating the effectiveness

of self-supervised multimodal representation learning for physiological signals [110].
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Recent work has also begun integrating active learning directly into multimodal
systems. Jang et al. proposed cross-modal consistency-guided active learning for
affective BCI systems, demonstrating that disagreement between modalities can pro-
vide informative acquisition signals for efficient annotation [111]. Similarly, Zhang
and Zhu investigated multimodal active learning under limited paired-data settings,
highlighting the importance of modality-aware acquisition strategies [112]. Rheude
et al. further explored active modality acquisition strategies for multimodal learning

systems [113].

2.7.4 Active Learning for Fatigue and Microsleep Monitor-

ing

In fatigue and vigilance-monitoring applications, semi-supervised and active learn-
ing approaches have increasingly been explored as strategies for reducing manual
annotation burden while exploiting large quantities of unlabeled physiological and

behavioural data.

Li et al. proposed a fatigue-driving detection framework combining active sample
selection with graph-based semi-supervised learning to improve fatigue classification
performance under limited labeled data conditions [114]. Similarly, Rahmani et al.
explored semi-supervised deep learning frameworks for driver drowsiness detection
using convolutional neural networks [115]. Ahmed et al. and Hassan et al. further
demonstrated the growing role of deep learning and transformer-based architectures

in real-time drowsiness monitoring systems [116], [117].

Although these approaches demonstrate the potential of active and semi-supervised
learning for fatigue monitoring, most existing studies focus primarily on drowsiness

detection rather than microsleep forecasting across fixed future horizons.
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2.8 Current Challenges in Microsleep Forecasting

Despite substantial progress in EEG-based microsleep analysis, several major chal-
lenges continue to limit the development of reliable real-world forecasting systems.

One of the most significant challenges is severe class imbalance. Microsleep
events occur relatively infrequently compared with normal wakefulness, resulting in
highly skewed datasets. Models trained on such datasets may become biased toward
the majority class and fail to detect rare but critical microsleep events. Approaches
such as focal loss [118], oversampling, synthetic data generation, and cost-sensitive
learning have therefore been explored to mitigate imbalance effects [119], [120], [121],
[122]. However, excessive oversampling may introduce redundancy and overfitting,
while cost-sensitive strategies require careful optimisation for highly imbalanced
physiological data.

Another major limitation is poor inter-subject generalisation. EEG signals ex-
hibit substantial variability across individuals due to anatomical differences, elec-
trode positioning, cognitive variability, and environmental conditions. This prob-
lem becomes even more challenging in real-world environments where noise and
motion artifacts further increase signal variability. Recent studies have therefore
explored transfer learning, unsupervised domain adaptation, adversarial learning,
and domain-specific normalisation techniques to improve cross-subject robustness
in EEG systems [123], [124], [125], [126], [127].

Forecasting microsleeps ahead of onset also remains substantially more diffi-
cult than instantaneous detection. As prediction horizons increase, discriminative
temporal cues become weaker and more difficult to preserve. Existing studies con-
sistently report declining forecasting performance at longer horizons [13], [128]. De-
veloping architectures capable of maintaining temporal resolution while modelling
long-range dependencies therefore remains an important research challenge. Recent
advances in time-series forecasting and neural sequence modelling may offer useful
directions for future microsleep forecasting architectures [129], [130].

Real-world deployment introduces additional challenges related to noise robust-
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ness and ecological validity. Most existing microsleep datasets are collected under
controlled laboratory conditions using constrained behavioural protocols. In practi-
cal environments such as transportation systems, industrial monitoring, healthcare
environments, and safety-critical operations, EEG recordings become contaminated
by motion artifacts, speech, muscle activity, and environmental interference [45].
Wearable and mobile EEG systems are particularly vulnerable to movement-related
artifacts and electrode instability [14], [131], |132], [133]. Consequently, models
trained exclusively on laboratory data may fail to generalise effectively under re-
alistic operating conditions. Adaptive artifact suppression and multimodal physi-
ological sensing strategies have therefore become increasingly important for robust

deployment [29], [134].

Another underexplored issue concerns the volume of training data required for
robust subject-independent forecasting. Deep learning models generally benefit from
large datasets, yet collecting labelled EEG recordings remains expensive and time-
consuming. Existing literature provides limited systematic investigation into how
forecasting performance scales with training data volume, particularly under noisy
conditions. This challenge is further amplified by the high variability of physiological

fatigue responses across subjects and operational contexts [135], [136].

Finally, the trade-off between model complexity and practical deployment re-
mains unresolved. While deep architectures and multimodal systems can achieve
strong performance, they may require high computational resources, large electrode
arrays, and extensive calibration procedures. Ensemble frameworks, transformer-
based architectures, and hybrid deep learning systems may improve predictive per-
formance but often introduce additional computational overhead and reduced in-
terpretability [29], [137]. Real-world microsleep forecasting systems must therefore
balance predictive performance with portability, interpretability, computational ef-

ficiency, and operational feasibility.
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2.9 Research Gaps and Thesis Motivation

The literature reviewed in this chapter demonstrates substantial progress in EEG-
based microsleep detection and prediction. Nevertheless, four gaps directly ad-

dressed in this thesis remain.

Gap 1: Systematic evaluation of physiologically meaningful EEG repre-
sentations. Existing microsleep studies have examined spectral, statistical, and
nonlinear EEG descriptors, but comparisons across feature families under a con-
sistent subject-independent evaluation protocol remain limited. Consequently, it is
unclear which EEG representations provide the most informative and robust indica-
tors of microsleep-related activity. This gap is addressed by RQ1, which systemat-
ically evaluates spectral, nonlinear, complexity-based, and other hand-crafted EEG

feature families for microsleep prediction.

Gap 2: Temporal modelling for multi-horizon microsleep forecasting.
Existing research focuses predominantly on microsleep detection at or after event
onset rather than forecasting across multiple pre-onset horizons. Forecasting per-
formance also tends to deteriorate as the prediction horizon increases [13]. Al-
though temporal attention, convolutional-transformer, and spatio-temporal models
have shown potential in related EEG applications [81], [138], [139], their use for mi-
crosleep forecasting across multiple horizons remains limited. This gap is addressed
by RQ2, which investigates attention-based temporal architectures designed to pre-

serve information across sequential EEG windows.

Gap 3: Physiologically meaningful multimodal EEG-EOG forecasting.
Despite growing interest in multimodal monitoring, the fusion of EEG and EOG
for pre-onset microsleep forecasting remains underexplored. Existing multimodal
systems have primarily addressed drowsiness, sleep staging, or general fatigue mon-
itoring rather than microsleep forecasting [53|, [86], [140]. Furthermore, relatively

little work has modelled neural-ocular interactions using information-theoretic mea-
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sures. This gap is addressed by RQ3, which evaluates EEG-EOG fusion strategies

and interaction measures based on mutual information and transfer entropy.

Gap 4: Label-efficient multimodal microsleep forecasting. Current fore-
casting systems depend on substantial quantities of labelled physiological data, lim-
iting their scalability. Although active learning has been examined in EEG classi-
fication and BCI calibration, its application to multimodal microsleep forecasting
remains limited. In particular, modality-aware acquisition strategies that use dis-
agreement between EEG and EOG have received little attention. Recent cross-modal
active-learning and knowledge-distillation studies suggest that disagreement or con-
sistency between modalities may support label-efficient learning [111], [141]. This
gap is addressed by RQ4, which investigates disagreement-based active learning for
label-efficient multimodal microsleep forecasting.

Subject-independent evaluation is used consistently across these four research
questions to examine generalisation to unseen participants. This evaluation choice
addresses cross-subject robustness within the available controlled dataset, but it

does not constitute a complete investigation of real-world deployment.

Related gaps outside the scope of this thesis. Several broader challenges
identified in the literature are not directly addressed in the present work. These in-
clude robustness to uncontrolled real-world artefacts, inter-session and cross-dataset
generalisation, online adaptation, transfer learning with limited calibration data,
and deployment using wearable or reduced-channel EEG systems [142], [143], [144],
[145]. These remain important directions for future research but require datasets
and experimental protocols beyond the scope of this thesis.

The four gaps addressed here therefore define a structured progression from phys-
iological EEG representation (RQ1), through temporal forecasting (RQ2) and mul-
timodal interaction modelling (RQ3), to label-efficient multimodal learning (RQ4).
Collectively, the thesis investigates these questions under a consistent subject-independent

evaluation framework.
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2.10 Summary

This chapter reviewed the literature relevant to EEG-based microsleep detection and
forecasting. The review began by examining the physiological and neurocognitive
foundations of microsleeps and vigilance degradation, highlighting their significance
in safety-critical environments. The chapter then discussed the neurophysiological
basis of microsleeps, including spectral slowing, spindle-like activity, distributed
cortical dynamics associated with transient vigilance failures, and evidence of brief
post-microsleep neurophysiological recovery, referring to a temporary reduction in
sleep pressure and a short-lived improvement in vigilance.

Subsequently, EEG and EOG signals were reviewed as complementary physiolog-
ical modalities for microsleep analysis. Existing literature demonstrates that EEG
provides direct access to cortical vigilance dynamics, whereas EOG captures ocular
manifestations of fatigue and behavioural disengagement. Despite their complemen-
tary nature, their joint use in microsleep forecasting remains relatively unexplored.

The chapter further reviewed traditional machine learning approaches based on
handcrafted spectral and information-theoretic features, followed by modern deep
learning methods including CNNs,; recurrent neural networks, and attention-based
architectures. Although these approaches have substantially improved detection per-
formance, forecasting microsleeps ahead of onset remains challenging, particularly
at longer prediction horizons.

Multimodal systems integrating behavioural and physiological signals were also
examined, together with active learning and label-efficient learning strategies for
EEG analysis. While these approaches demonstrate considerable promise, impor-
tant challenges remain regarding subject-independent generalisation, class imbal-
ance, limited labelled data, and real-world robustness.

Finally, the chapter identified several research gaps motivating this thesis, in-
cluding the need for improved multi-horizon forecasting architectures, physiologi-
cally meaningful multimodal fusion strategies, interpretable active learning frame-

works, and robust subject-independent evaluation under ecologically valid condi-
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tions. These gaps form the foundation for the methodologies and experiments pre-

sented in the subsequent chapters.
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Chapter 3

Dataset and Evaluation

Framework

3.1 Introduction

This chapter describes the dataset resources, annotation protocol, preprocessing
pipeline, feature and representation construction, experimental protocol, statistical
analysis, implementation details, and reproducibility measures used across this the-
sis. Its purpose is to provide a clear methodological foundation for the empirical
work in Chapters 47, while also making explicit where individual research questions

require task-specific adaptations.

The thesis investigates microsleep prediction from physiological signals, and this
problem is especially sensitive to methodological choices. EEG and EOG signals vary
substantially between subjects, microsleep events are short and difficult to separate
from neighbouring drowsy states, and the resulting class distribution is imbalanced.
These factors mean that small changes in preprocessing, windowing, labelling, or
data splitting can strongly affect reported performance. For this reason, the thesis
adopts a controlled framework based on subject-independent evaluation, consistent

core preprocessing, and matched statistical comparisons.

At the same time, the framework should not be understood as a rigid claim that
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Raw EEG Preprocessing Windowing Hand-crafted Classifier
(filtering, z-score) (1 s windows) Feature Extraction Prediction
Figure 3.1: Simplified RQ1 pipeline for microsleep detection using hand-crafted EEG

features. After preprocessing and one-second windowing, descriptive EEG features
are extracted and used for classifier-based prediction.

every research question uses an identical pipeline. The core dataset, annotation logic,
one-second base windowing, and subject-exclusive evaluation principles are shared
across the thesis, but the representation and modelling stages differ according to the
aim of each research question. RQ1 evaluates EEG feature families, RQ2 studies
temporal forecasting, RQ3 investigates multimodal EEG-EOG fusion, and RQ4
examines label-efficient active learning. These differences are described explicitly in
the relevant chapters rather than being presented under a single unified experimental

methodology.

3.2 Datasets

3.2.1 Primary Dataset: Maintenance of Wakefulness Test
(MWT)

The primary dataset used throughout this thesis is the Maintenance of Wakefulness
Test (MWT) dataset. This dataset is a publicly available clinical resource collected
under controlled laboratory conditions to capture transitions between wakefulness,
drowsiness, and microsleep. Public datasets with expert-labelled microsleep events
are rare, which makes the MW'T' dataset an important benchmark for reproducible
microsleep research. Its cohort size of 76 participants also makes it suitable for
subject-independent evaluation and statistical testing across folds [22], [146].

In the MW'T protocol, each participant completes four trials across the day, with
two trials before lunch and two trials after lunch. The trials are separated by at
least two hours. During each trial, participants sit in a semi-darkened room and are
instructed to remain awake for as long as possible. Each trial lasts up to 40 minutes,

unless sleep-onset criteria are met earlier [22]. This setting is relevant to microsleep
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research because it produces natural fluctuations in vigilance while maintaining a
controlled acquisition environment.

The original recordings include EEG, EOG, that capture neural and ocular ac-
tivity during the Maintenance of Wakefulness Test (MWT). The experiments in this
thesis use the channels available in the released configuration used consistently in
the associated studies: two occipital EEG derivations, O1-M2 and O2-M1, and two
EOG derivations, E1-M1 and E2-M1. The signals are sampled at 200 Hz [146].
These channels are physiologically appropriate for microsleep modelling because oc-
cipital EEG captures changes in vigilance-related rhythms, while EOG captures
ocular behaviour such as slow eye movements, eyelid closure, and other drowsiness-

related changes.

3.2.2 Bern Scoring Criteria and Label Definition

A central strength of the MW'T dataset is that the wake-sleep transition is an-
notated using the Bern continuous and high-resolution wake—sleep scoring crite-
ria. This annotation framework is particularly important for this work because
microsleep episodes are short events that may be missed or blurred by conventional
sleep staging.

Traditional American Academy of Sleep Medicine (AASM) sleep scoring [22]
uses fixed 30-second epochs for sleep-stage classification. This approach is appropri-
ate for standard sleep staging, but it has limited temporal resolution for studying
short events. Microsleep episodes may last only 1-15 seconds, and the transition
from wakefulness to sleep may contain rapid fluctuations between alertness, drowsi-
ness, and brief sleep-like patterns. A 30-second epoch can therefore obscure short
microsleep-related events by averaging them with surrounding wakefulness.

The Bern criteria [22] were developed to address this limitation by providing
continuous, high-resolution scoring of the wake—sleep transition zone. Rather than
only assigning a coarse sleep-stage label to each 30-second epoch, the Bern ap-

proach identifies shorter microsleep-related events directly from the physiological
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and behavioural evidence. This is particularly relevant in the MWT setting, where
participants are attempting to stay awake and may repeatedly move between wake-
fulness, drowsiness, microsleep candidates, and microsleep episodes before reaching

sustained sleep.

Under the Bern criteria, a microsleep episode (MSE) is defined as a short event,
typically lasting 1-15 seconds, visible in at least one occipital EEG channel. The
mandatory EEG characteristics include predominant, mostly irregular and poly-
morphic theta activity, poorly delimited or absent alpha activity compared with full
wakefulness, and a simultaneous reduction in beta activity. The criteria also incor-
porate behavioural evidence, especially eyelid closure of at least 80% as estimated
from face video. Slow eye movements may precede and persist during an MSE, and

loss of muscle tone may also be observed [22].

The Bern framework also defines two intermediate categories that are important
for modelling the transition zone. A microsleep episode candidate (MSEc) describes
an event that resembles an MSE but does not satisfy all mandatory criteria. An
episode of drowsiness (ED) describes a period with distinct boundaries but mixed
and fluctuating EEG characteristics that cannot be clearly classified as wakefulness,
MSE, or MSEc. These intermediate categories reflect the fact that microsleep is
not always a sudden binary transition. Instead, it often emerges gradually through

ambiguous physiological states.

The dataset representation used in this thesis contains four labels: wakefulness
(0), microsleep episode (1), microsleep episode candidate (2), and episode of drowsi-
ness (3). For the modelling experiments, wakefulness is treated as the negative
class, while labels 1, 2, and 3 are merged into a single positive class representing
a microsleep-transition state [146]. This label-merging decision is motivated by the
early-warning objective of the thesis. In practical monitoring systems, the key re-
quirement is to detect departure from stable wakefulness, including borderline or

precursor states, rather than to distinguish every transitional subtype perfectly.

After segmentation into one-second windows and application of this binary label
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Figure 3.2: Example of microsleep-related events evaluated according to the Bern
criteria. The blue vertical lines delimit a microsleep episode candidate (MSEc), and
the red vertical lines delimit a microsleep episode (MSE). E1 and E2 show the EOG
activity, O1 and O2 show the occipital EEG signals, and the lower panels present
the corresponding O1 and O2 time-frequency profiles. During the MSEc interval,
alpha activity becomes partially attenuated, but not all mandatory criteria for an
MSE are satisfied. During the MSE interval, the occipital EEG demonstrates the
principal electrophysiological characteristics of the Bern criteria: predominant irreg-
ular theta activity, poorly defined or absent alpha activity relative to wakefulness,
and a simultaneous reduction in beta activity. The EOG channels provide com-
plementary evidence of changes in eye-movement behaviour. The event boundaries
and classifications were determined from the expert annotations supplied with the
dataset.
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formulation, the established MWT pipeline contains approximately 60,548 wakeful-
ness windows and 37,456 microsleep-transition windows |[146]. This creates a realistic
imbalanced setting. The imbalance is important when interpreting results because
accuracy alone may overstate model performance if the majority wakefulness class
dominates the prediction. For this reason, later sections define sensitivity, specificity,
F1l-score, AUC-ROC, and AUC-PR as complementary evaluation metrics.

The MWT dataset is therefore well suited to the aims of this thesis. It provides
clinically meaningful annotations, high temporal resolution, multimodal EEG-EOG
recordings, and sufficient inter-subject variability to support subject-independent

model evaluation.

3.2.3 Additional Datasets

To examine whether the conclusions regarding temporal modelling extend beyond
the controlled MWT setting, RQ2 additionally reports experiments on the Sleepy
Driver EEG Brainwave Dataset [128], |147]. This dataset provides a complementary
evaluation scenario that differs substantially from MWT in terms of acquisition
setup, signal characteristics, and data scale.

The Sleepy Driver dataset [147] was collected from four participants using the
NeuroSky MindWave headset, a low-cost, single-channel consumer EEG device. Un-
like the multi-channel clinical recordings used in MW'T, this dataset relies on a single
frontal electrode, with reference and ground electrodes placed on the earlobes. The
recordings consist of approximately 5-8 minutes per subject in both awake and
drowsy conditions, yielding labelled segments for binary classification (sleepy vs.
not sleepy). The signals are sampled at approximately one-second intervals and rep-
resent power spectral density (PSD) measurements (in puV?/Hz), rather than raw
time-series EEG.

These characteristics introduce several important differences. The use of a single-
channel device reduces spatial information and increases susceptibility to noise, while

the shorter recording duration and smaller number of subjects limit statistical di-
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versity. In addition, the dataset provides precomputed spectral features rather than
continuous raw EEG, which constrains the range of feature extraction strategies
that can be applied. As a result, this dataset represents a more constrained and
lower-fidelity setting compared to MW'T.

Despite these limitations, the dataset is valuable for assessing whether the rel-
ative behaviour of temporal models, particularly their ability to capture sequential
structure, remains observable under reduced signal quality and simplified acquisi-
tion conditions. The goal is therefore not to directly compare absolute performance
between datasets, but to evaluate whether the trends identified in MW'T persist in
a different and more resource-constrained context.

Aside from these cross-dataset experiments in RQ2, the thesis primarily relies
on the MWT dataset to maintain consistency across RQ1, RQ3, and RQ4. This
ensures that comparisons between feature representations, model architectures, and
modality integration strategies are conducted under a controlled and uniform ex-
perimental framework. When multiple datasets are used, consistent methodological
principles are maintained where possible, including subject-exclusive splitting, one-
second segmentation, and the use of imbalance-aware evaluation metrics [12§].

The results obtained from the Sleepy Driver dataset are interpreted cautiously.
Rather than serving as definitive evidence of generalisation, they are treated as sup-
portive observations that help validate whether the advantages of temporal mod-
elling persist under different acquisition conditions. This distinction is important,
as differences in hardware, signal representation, and dataset scale limit the extent

to which conclusions can be transferred directly across datasets.

3.3 Signal Preprocessing Pipeline

All experimental pipelines begin with preprocessing of the raw physiological signals
prior to feature extraction or model training. The purpose of preprocessing is to
standardise signal characteristics, reduce avoidable noise, and support fair compari-

son across research questions. The main preprocessing choices are fixed at the thesis
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level where possible, especially the use of one-second windows. However, some task-
specific processing details differ between RQs because the modelling objectives are

not identical.

3.3.1 Filtering

The MWT signals are sampled at 200 Hz [22]. Filtering is used to retain phys-
iologically meaningful EEG and EOG activity while reducing low-frequency drift,
high-frequency noise, and power-line interference. In the acquisition environment,
standard clinical filtering practices are applied, including power-line notch filtering
and impedance control [22].

In the thesis experiments, filtering follows the relevant modelling pipeline. For
RQ3 and RQ4, which focus on multimodal EEG-EOG fusion and label-efficient
learning, the filtering configuration follows the multimodal study protocol [146]. For
RQ2, where temporal forecasting from EEG is central, the filtering configuration
follows the temporal modelling pipeline to ensure consistent input characteristics
for sequence-based models [128]. These differences are methodological rather than
contradictory: the common objective is to preserve microsleep-relevant physiological
activity while adapting filtering details to the specific representation used in each

chapter.

3.3.2 Artifact Handling

Artifact handling is an important preprocessing step because EEG and EOG record-
ings are often contaminated by artifacts, including muscle activity, electrode move-
ment, electrical interference, and other non-physiological signal disturbances [7].
Such artifacts can distort feature distributions and reduce model reliability if not
addressed appropriately. To ensure reproducibility, artifact handling is implemented
using deterministic and repeatable procedures rather than manual cleaning. All sig-
nals are standardised per subject using z-score normalisation, which reduces inter-

individual amplitude differences and stabilises feature distributions [146]. This is
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important because EEG and EOG amplitudes can vary across participants due to
physiological variability, electrode placement, impedance, and recording conditions.

More complex artifact-correction methods, such as ICA-based ocular artifact
removal, can be useful in some EEG applications. However, they also introduce
additional parameter choices and may require manual inspection, which can re-
duce reproducibility and create fold-dependent decisions. For this reason, the thesis
adopts conservative standardisation and robust modelling rather than aggressive
manual artifact rejection. This choice supports a scalable and reproducible pipeline,
while acknowledging that more specialised artifact correction could be investigated

in future work [45].

3.3.3 Epoching Strategy

A consistent segmentation strategy is used to convert continuous recordings into
fixed-duration windows suitable for detection and forecasting. For all MWT-based
experiments, one-second windows form the base temporal unit. This choice is
directly aligned with the Bern scoring criteria, which were designed to capture
microsleep-related events at a much higher temporal resolution than conventional
30-second sleep staging.

The one-second window size is fixed across the thesis, but the use of overlap de-
pends on the research question. In RQ1 and the feature-based multimodal pipelines,
one-second windows are used as feature extraction units. In RQ2, overlapping win-
dows are used to support temporal forecasting and sequence construction. In RQ4,
the active learning pool is built from the same feature representation used in RQ3
so that query strategies can be compared under identical input conditions.

Window-level labels follow the formulation described in Section [3.2.21 Wakeful-
ness is treated as the negative class and the merged microsleep-transition label is
treated as the positive class. For forecasting studies, labels are shifted to construct
future prediction targets. For example, RQ2 evaluates onset and short-horizon pre-

diction, while RQ4 focuses on 1.0 s and 2.0 s ahead prediction in an active learning
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setting. These forecasting targets are generated from the same one-second base seg-
mentation, preserving a consistent temporal unit while allowing task-specific pre-

diction horizons.

3.4 Feature Construction

Although each research question introduces a distinct modelling contribution, all
representations originate from the same preprocessed physiological signals. This sec-
tion summarises how task-specific inputs are constructed, while the detailed feature

definitions and modelling choices are reserved for the corresponding R(Q chapters.

3.4.1 Handcrafted Features (RQ1)

RQ1 focuses on the systematic evaluation of handcrafted EEG features for mi-
crosleep detection. The purpose is to determine which EEG-derived descriptors pro-
vide useful information under subject-independent evaluation. The feature families
include time-domain descriptors, frequency-domain measures, time-frequency fea-
tures, bispectrum descriptors, nonlinear dynamics features, and intensity-weighted
spectral descriptors [148]. These features capture complementary properties of the
EEG signal, including amplitude variability, spectral power distribution, transient

time-frequency behaviour, higher-order frequency interactions, and complexity.

The full feature definitions, classifier comparisons, feature-family results, and
statistical validation are presented in Chapter 4. In the present chapter, the im-
portant point is that RQ1 uses the shared MW dataset and focuses on EEG-
only handcrafted feature representations. This design choice was made to establish
the contribution of EEG-derived features in isolation before introducing additional
physiological information. Multimodal EEG-EOG integration is subsequently in-

vestigated in RQ3.
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3.4.2 Time-Series Input for Temporal Models (RQ2)

RQ2 addresses a limitation of static window-based modelling: one-second windows
treated independently may fail to capture the temporal evolution that precedes
microsleep onset. To address this, RQ2 constructs sequence-based inputs from win-
dowed EEG features and trains temporal models, including recurrent and attention-
augmented architectures [12§].

This design supports the forecasting objective of RQ2, where the model is re-
quired not only to detect microsleep at onset but also to predict events ahead of
time. Prediction horizons corresponding to microsleep onset (0 sec) and short-term
pre-onset forecasting intervals (1 sec and 2 sec before microsleep onset) are evaluated
and an additional cross-dataset experiment is conducted. The details of the tempo-

ral architecture, focal loss, and horizon-specific evaluation are given in Chapter 5.

3.4.3 Multimodal Representation (RQ3)

RQ3 extends the thesis from EEG-only modelling to multimodal EEG-EOG fusion.
Each one-second window is represented using EEG descriptors, EOG descriptors,
and information-theoretic coupling measures. Mutual information is used to cap-
ture nonlinear dependencies within and across modalities, while transfer entropy is
evaluated as a directional measure in the RQ3 study |146].

This representation supports controlled comparison between unimodal baselines,
MI-enhanced unimodal models, early fusion, late fusion, and transfer-entropy aug-
mentation. The motivation is that EEG and EOG capture complementary aspects
of microsleep physiology: EEG reflects neural vigilance dynamics, while EOG re-
flects ocular behaviour associated with drowsiness and eye closure. The details of

the multimodal feature set and fusion strategies are presented in Chapter 6.

3.4.4 Active Learning Sampling Pool (RQ4)

RQ4 builds directly on the multimodal representation established in RQ3. The

goal is not to redesign the predictive architecture, but to evaluate whether com-
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parable forecasting performance can be achieved with substantially fewer labelled
samples. In this setting, features are computed once offline and reused across all
active learning strategies. This ensures that differences in performance arise from
the sample-selection policy rather than from representation drift.

The RQ4 active learning setting uses a pool-based framework under LOSO eval-
uation. Labels in the training pool are hidden, a small seed set is initially labelled,
and query strategies progressively select additional samples for annotation. Stan-
dard strategies such as random sampling, uncertainty sampling, diversity sampling,
and query-by-committee are compared with the proposed multimodal disagreement
active learning strategy. The proposed strategy uses disagreement between EEG
and EOG predictions, fusion-model boundary proximity, and a mild rare-event bias
toward likely microsleep samples to guide sample selection. The detailed active

learning design is presented in Chapter 7.

3.5 Experimental Protocol

3.5.1 Train—Validation—Test Split

Subject leakage is a major risk in microsleep modelling because adjacent windows
from the same participant are highly correlated. If windows from one participant
appear in both training and testing sets, the model may learn subject-specific char-
acteristics rather than generalisable microsleep patterns. This can lead to over-
optimistic performance estimates. For this reason, the thesis prioritises subject-
exclusive evaluation throughout.

In RQ3 and RQ4, strict Leave-One-Subject-Out (LOSO) cross-validation is used.
In each fold, one participant is held out entirely for testing, while the remaining
participants form the training pool [146]. This design directly evaluates subject-
independent generalisation and produces paired subject-wise results that can be
used for matched statistical testing.

RQ1 and RQ2 also maintain subject exclusivity, although the exact split de-
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sign is adapted to the task. RQ1 uses subject-exclusive evaluation for feature and
classifier benchmarking. RQ2 uses subject-exclusive stratified splits and related
subject-independent analyses for temporal modelling and cross-dataset evaluation
[128], [146]. These differences are stated in the relevant chapters so that each result

is interpreted in the correct experimental context.

3.5.2 Class Imbalance Handling

Microsleep-transition windows occur less frequently than wakefulness windows, pro-
ducing a class imbalance that can bias models and distort accuracy-based interpre-
tation. This is particularly important in safety-related applications, where missing
microsleep events may be more consequential than misclassifying a small number of
wakefulness windows.

Across the thesis, imbalance is addressed first through metric selection. Perfor-
mance is evaluated using metrics that are more informative than accuracy in im-
balanced settings, particularly Sensitivity, F1-score, and Area Under the Precision—
Recall Curve (AUC-PR), which are defined in Section [3.5.3] In some experiments,
model-level mechanisms are also used. For example, RQ2 uses focal loss to place
greater emphasis on difficult minority-class samples |118], [128]. In RQ4, imbalance
is handled carefully because the labelled subset changes as the active learning bud-
get increases. Any imbalance control is applied consistently across query strategies
so that performance differences reflect acquisition behaviour rather than unequal

class treatment.

3.5.3 Evaluation Metrics

Performance is evaluated using a complementary set of metrics. Accuracy is reported
because it provides an intuitive measure of overall correctness, but it is not treated
as sufficient in isolation. In imbalanced microsleep prediction, high accuracy may
occur even when the model under-detects microsleep-transition events. Therefore,

accuracy is interpreted alongside class-specific and threshold-independent metrics.
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Sensitivity, also referred to as recall or true positive rate, measures the propor-
tion of microsleep-transition windows correctly identified. This metric is particularly
important for early-warning systems because low sensitivity corresponds to missed
events. Specificity measures the proportion of wakefulness windows correctly iden-
tified and is important for controlling false alarms.

Precision measures the proportion of predicted positive samples that are cor-
rectly classified as positive. Together, precision and recall (sensitivity) characterise
the trade-off between false alarms and missed detections. The Fl-score combines
precision and recall through their harmonic mean,

2 % Precision x Recall
F =

Precision + Recall

and is particularly useful for imbalanced classification problems where both false
positives and false negatives are important |[149], [150].

The Area Under the Receiver Operating Characteristic Curve (AUC-ROC) mea-
sures discrimination across decision thresholds by considering the trade-off between
sensitivity and false positive rate. However, AUC-ROC can remain overly opti-
mistic in highly imbalanced settings. The Area Under the Precision—Recall Curve
(AUC-PR) summarises the trade-off between precision and recall across decision
thresholds. Unlike AUC-ROC, AUC-PR focuses directly on performance for the
positive class and therefore provides a more informative assessment in highly imbal-
anced classification problems [151], [152].

In RQ4, additional active-learning-specific summaries such as the area under the
learning curve and the annotation budget required to reach a fraction of baseline

performance are used to quantify label efficiency.

3.6 Statistical Analysis

Formal statistical testing is used to support the interpretation of model comparisons.

Under LOSO evaluation, each held-out subject produces one performance value per
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model and metric. This creates paired subject-wise samples, allowing within-subject
comparisons without assuming normality [146].

For comparisons involving three or more models, the Friedman test is used as a
non-parametric omnibus test for detecting overall differences across multiple related
samples without assuming normality |[153], [154]. When the Friedman test indicates
a significant difference, pairwise Wilcoxon signed-rank tests are applied to compare
specific model pairs. The Wilcoxon signed-rank test is a non-parametric paired
test that evaluates whether two related samples differ significantly in their median
performance [154], [155].

Corrections for multiple comparisons, such as Bonferroni or Holm-Bonferroni
correction, are used to control the family-wise error rate and reduce the probability
of false-positive findings when multiple hypothesis tests are conducted |156].

Where appropriate, effect sizes such as Cohen’s d are reported to complement
statistical significance with practical interpretation. Cohen’s d quantifies the mag-
nitude of the observed difference, independent of sample size, allowing statistically
significant results to be interpreted in terms of practical relevance [157].

This statistical framework is particularly important because the thesis does not
rely only on point estimates. Subject-wise variability, paired comparisons, and cor-
rected post-hoc tests help determine whether observed differences are likely to reflect

systematic methodological effects rather than random variation across folds.

3.7 Implementation Details

All experiments are implemented in Python using standard scientific computing and
machine learning tools. Classical pipelines and splitting procedures follow scikit-
learn conventions. Temporal deep learning models in RQ2 are implemented using
PyTorch [128]. Multimodal modelling in RQ3 and active learning experiments in
RQ4 use Light GBM as the main classifier family [146]. Using a consistent classifier
family in RQ3 and RQ4 helps ensure that improvements are attributable to the

representation, fusion design, or query strategy rather than to changes in model
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class.

Training procedures are controlled as far as possible through deterministic ran-
dom seeds, fixed evaluation scripts, and consistent hyperparameter selection within
each research question. Feature extraction is modular and, where appropriate, per-
formed once offline before model comparison. This is especially important in RQ4,
where all active learning strategies must operate on identical feature representations,

labelled budgets, and subject splits to support fair comparison.

3.8 Reproducibility Statement

Reproducibility and controlled comparison are ensured through several principles.
First, the MWT dataset and Bern-label formulation provide a consistent experi-
mental foundation. Second, one-second windowing is used as the base temporal
unit across the thesis. Third, subject-exclusive splitting prevents leakage between
training and testing data. Fourth, statistical comparisons are conducted on paired
subject-wise outcomes under matched folds. Finally, modular implementation en-
sures that dataset construction and feature extraction are reused across experiments
wherever possible, especially in the multimodal and active learning chapters.

The thesis also explicitly documents task-specific differences between research
questions. RQ1, RQ2, RQ3, and RQ4 address different methodological problems,
and therefore use different representations and, in some cases, different forecasting
horizons or split designs. These differences are not weaknesses; they are necessary for
answering the specific research questions. The important requirement is that they
are clearly stated, reproducible, and interpreted within the correct methodological

context.

3.9 Chapter Summary

This chapter established the dataset resources, annotation decisions, preprocessing

pipeline, representation pathways, evaluation protocol, statistical analysis, imple-
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mentation details, and reproducibility measures used throughout the thesis. The
MWT dataset serves as the primary benchmark because it combines controlled ac-
quisition, EEG-EOG recordings, high-resolution Bern annotations, and a cohort
size suitable for subject-independent evaluation [22], [146].

A key methodological point is the use of the Bern criteria rather than relying
only on conventional 30-second AASM sleep staging. The Bern criteria provide a
more suitable annotation framework for microsleep research because they capture
short events and ambiguous wake-sleep transition states at higher temporal reso-
lution. The thesis reformulates these annotations into a binary wakefulness versus
microsleep-transition task to support early-warning modelling.

The next chapter builds on this framework to address RQ1, focusing on EEG
feature evaluation for microsleep detection. It establishes the feature-level baseline
that motivates the later temporal modelling, multimodal fusion, and label-efficient

learning chapters.
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Chapter 4

Feature Representation for

Microsleep Prediction

Introduction
This chapter addresses the following research question:

RQ1: What FEG-derived features most effectively indicate microsleep

episodes?

It establishes an EEG-only baseline for the thesis by systematically evaluat-
ing handcrafted EEG feature families and comparing classical and neural classifiers
under a consistent experimental framework. The aim is not to claim that static
feature-based modelling solves microsleep detection, but to identify which EEG de-
scriptors provide useful evidence, where they fail, and how these limitations motivate
the temporal modelling work in Chapter 5.

RQ1 focuses on microsleep detection and feature representation rather than fore-
casting. The objective is to identify informative EEG feature representations that
can reliably distinguish microsleep and non-microsleep states and serve as the foun-
dation for the forecasting models investigated in RQ2-RQ4. Although detection and
forecasting are closely related tasks, they address different temporal objectives. In

this thesis, detection refers to identifying microsleep events at or near onset, whereas
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forecasting refers to predicting future microsleep occurrence before onset.

Microsleep episodes are brief and occur within the unstable transition between
wakefulness and sleep. Their physiological signatures may appear as spectral slow-
ing, changes in signal complexity, altered variability, or short-lived nonlinear pat-
terns rather than as obvious changes in raw EEG amplitude. Under subject-independent
evaluation, these signatures must remain informative despite differences between
participants in baseline rhythms, signal amplitude, arousal state, and noise charac-
teristics. This makes microsleep detection a demanding test case for EEG feature

engineering.

Using the MWT dataset and the evaluation framework described in Chapter 3,
this chapter evaluates six EEG feature families: time-domain, frequency-domain,
bispectrum, nonlinear dynamics, time-frequency, and intensity-weighted spectral de-
scriptors. These features are assessed using a common preprocessing and splitting
strategy, and are paired with multiple classifiers to separate the effect of feature
representation from the effect of model capacity. The experiments use the Mainte-
nance of Wakefulness Test recordings [22], |[158] and the binary wakefulness versus

microsleep-transition formulation described in Chapter 3.

A central point of this chapter is that accuracy alone is not a reliable indicator of
performance in this task. Several models obtain high accuracy by strongly favouring
wakefulness, but this can coincide with poor sensitivity to microsleep-transition
events. This is particularly clear for time-frequency features, which achieve high
accuracy and specificity but can under-detect the positive class. Therefore, the
interpretation throughout this chapter prioritises the trade-off between sensitivity

and specificity rather than treating the highest accuracy as the best result.
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4.1 Experimental Design and Reproducibility De-

tails

The RQ1 experiments were designed to provide a controlled comparison of EEG fea-
ture representations. The analysis used the MW'T dataset introduced in Chapter 3.
The EEG channels used for feature extraction were the occipital derivations O1-M2
and O2-M1, sampled at 200 Hz. The task was formulated as binary classification,
with wakefulness treated as the negative class and microsleep-related states treated

as the positive class, following the merged-label formulation described previously.

Continuous EEG recordings were segmented into 1-second windows with 50%
overlap. Windows containing mixed behavioural labels were excluded to ensure
label consistency within each segment and to prevent assigning a single class label
to physiologically heterogeneous data [148], [159]. This design choice improves the
reliability of feature—label alignment and enables a controlled evaluation of feature
representations under clearly defined conditions. It is important to note that this
window-level formulation focuses on well-defined segments rather than transitional
boundaries. While this simplifies the learning problem, it provides a necessary
baseline for assessing the discriminative value of static EEG features in isolation.
The challenge of modelling transitional dynamics is addressed in Chapter 5 through

temporal modelling approaches.

The extracted EEG feature families include time-domain statistics, frequency-
domain descriptors, bispectrum descriptors, nonlinear dynamics measures, time-
frequency wavelet features, and intensity-weighted spectral descriptors. In the full
RQ1 feature-evaluation pipeline, 164 features were extracted across these families
[148]. Each feature family was evaluated separately so that its individual discrimi-
native value could be assessed. This design avoids the interpretability problem that
would arise if all features were concatenated from the beginning, where improved

performance could not easily be attributed to a specific physiological representation.

To reduce subject-dependent bias, the data were split using a subject-exclusive
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strategy. Data from the same participant were not allowed to appear in both training
and testing partitions. Stratification was applied where appropriate to preserve
class proportions. The RQ1 implementation used an 80% training and 20% testing
split at the subject level, with all models evaluated on unseen subjects. This is
less exhaustive than the LOSO protocol used in later chapters, but it preserves the
essential requirement that the test set contains participants not seen during training.

For model evaluation, predictions were binarised using a threshold of 0.5 where
applicable, and confusion matrices were used to derive sensitivity and specificity.
Accuracy, sensitivity, and specificity are reported consistently across feature fami-
lies and classifiers. Accuracy describes overall correctness, sensitivity measures the
ability to detect microsleep-transition windows, and specificity measures the ability
to correctly identify wakefulness. The interpretation in this chapter gives particular
weight to sensitivity and specificity because high accuracy alone can be misleading

under imbalance or conservative prediction behaviour.

4.2 Systematic Evaluation of EEG Feature Fami-
lies

This section describes the six EEG feature families evaluated in RQ1. The fea-
tures are motivated by different assumptions about how microsleep-related changes
may appear in EEG. Some features capture simple amplitude statistics, others de-
scribe spectral redistribution, and others attempt to quantify complexity or nonlin-

ear structure.

4.2.1 Time-domain descriptors

Time-domain descriptors provide a compact statistical summary of the EEG ampli-
tude distribution within each window. The evaluated statistics included the mean,
standard deviation, maximum, minimum, and mean crossing rate |148]. These mea-

sures are computationally inexpensive and easy to interpret. The mean and extrema
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capture shifts in signal level and transient excursions, while standard deviation re-
flects within-window variability. Mean crossing rate provides a coarse indication of
oscillatory behaviour by counting how often the signal crosses its mean.

Despite these advantages, time-domain descriptors are limited for microsleep
detection. Microsleep-related EEG changes are often expressed through frequency-
specific slowing or altered signal complexity rather than through large amplitude
changes alone. As a result, time-domain features provide a useful low-complexity
baseline but are not expected to capture the full physiological structure of the wake—

sleep transition [9)].

4.2.2 Frequency-domain descriptors

Frequency-domain features were computed from power spectral density estimates
and describe how EEG energy is distributed across frequency bands. The evaluated
descriptors included absolute band power, relative band power, logarithmic power,
peak frequency, and low /high frequency ratios [12], [148]. These features are physio-
logically motivated because reductions in vigilance are often associated with changes
in theta, alpha, and beta activity [8], [9].

Relative band power is particularly useful in subject-independent settings be-
cause it partially reduces the influence of global amplitude differences between par-
ticipants. However, stationary frequency-domain descriptors can still be limited
when discriminative microsleep evidence occurs only during a short sub-interval of
the window. In such cases, a single spectral summary may smooth over the transient

pattern that is most relevant for detection.

4.2.3 Bispectrum descriptors

Bispectrum features were included to capture higher-order interactions between
frequency components. Unlike standard power spectral features, which describe
second-order structure, bispectrum features can reflect quadratic phase coupling and

nonlinear frequency interactions. The evaluated descriptors included normalised
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bispectrum entropy, logarithmic magnitude, diagonal log magnitude, and energy-
weighted centres [148].

These features are motivated by the possibility that microsleep is associated not
only with changes in power but also with changes in coupling structure. However,
bispectrum estimation can be sensitive to window length and noise. In a subject-
independent setting, such features may be unstable if coupling patterns vary strongly

across individuals |142], [160].

4.2.4 Nonlinear dynamics descriptors

Nonlinear dynamics features were used to capture changes in EEG complexity and
variability during reduced vigilance. This family included Poincaré plot indices,
specifically SD1, SD2, and the SD1/SD2 ratio, as well as entropy measures such
as Rényi and Tsallis entropy [148]. These descriptors are intended to represent the
structure of the signal beyond simple amplitude or frequency summaries.

The Poincaré descriptors quantify short- and longer-term variability geomet-
rically, while entropy measures quantify distributional irregularity. Such features
are relevant because microsleep may involve changes in neural regularity and re-
duced signal complexity. In the feature importance analysis later in this chapter,
Poincaré-derived measures appear among the strongest predictors, suggesting that

signal complexity is an important EEG indicator in this dataset.

4.2.5 Time-frequency descriptors

Time-frequency descriptors were extracted using a discrete wavelet transform with
a Daubechies-4 mother wavelet. Summary statistics, including mean, standard de-
viation, maximum, and minimum, were computed from the wavelet coefficients at
each decomposition level [148|. These features are intended to capture transient and
nonstationary changes that may be blurred by conventional spectral estimates.
The results later in this chapter show that time-frequency features can achieve

very high accuracy and specificity. However, this is not sufficient evidence that they
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are the best representation for microsleep detection. In several cases, high accuracy
is accompanied by reduced sensitivity, meaning that the classifier is effective at
identifying wakefulness but less reliable at detecting microsleep-transition windows.

This illustrates why accuracy must be interpreted cautiously in this chapter.

4.2.6 Intensity-weighted spectral descriptors

Intensity-weighted descriptors summarise the spectral distribution through weighted
moments rather than fixed band boundaries. The two descriptors evaluated were the
Intensity- Weighted Mean Frequency (IWMF) and the Intensity- Weighted Bandwidth
(IWBW) [148]. Let P(f) denote spectral intensity at frequency f. The IWMF is
defined as

rwr = 2= 2 (4.1)

> P(f)
and the IWBW is defined as

TWBW = \/ 2/ — TWMEPEPLT) (4.2)

> P(f)

IWMF captures the spectral centre of mass, while IWBW captures dispersion
around that centre. These features are useful because microsleep-related spectral
slowing may shift the distribution of spectral energy without aligning perfectly with
fixed frequency bands. In the consolidated results, intensity-weighted features pro-
vide a more balanced sensitivity—specificity profile than several other feature fami-

lies.

4.3 Classifier Benchmarking

To isolate the effect of feature representation from model capacity, each feature
family was evaluated using a consistent set of classifiers spanning probabilistic,

margin-based, instance-based, ensemble, and neural approaches. All models were
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implemented using standard libraries and applied without extensive hyperparame-
ter tuning, so that differences in performance primarily reflect feature characteristics

rather than model optimisation.

Classical machine learning models

The following classical classifiers were evaluated. They were selected to provide

complementary assumptions and levels of model complexity.

e Gaussian Naive Bayes [161]: Implemented with default parameters, this
model assumes conditional independence between features and Gaussian class-
conditional distributions. Its principal advantage is its low computational cost
and ability to provide a simple probabilistic baseline, particularly for relatively
small datasets. Its disadvantage is that the independence and Gaussian as-
sumptions are unlikely to hold for correlated and nonlinearly distributed EEG
features. In practice, the model often produced high sensitivity but very low

specificity.

e Linear Discriminant Analysis (LDA) [162]: LDA models each class us-
ing a Gaussian distribution with a shared covariance matrix and constructs a
linear decision boundary. Its principal advantage is that it is computationally
efficient, interpretable, and able to account for correlations between features.
Its disadvantage is that it assumes approximately Gaussian class distributions
and equal covariance matrices, and its linear boundary may not capture com-

plex nonlinear relationships in EEG data.

e Support Vector Machine (SVM) [163]: Implemented using a radial basis
function (RBF) kernel with C' = 1.0 and v = scale. Probability estimation
was enabled to support consistent thresholding. Its principal advantage is its
ability to learn nonlinear decision boundaries and operate effectively in high-

dimensional feature spaces. Its disadvantage is its sensitivity to feature scaling
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and kernel hyperparameters, together with its limited interpretability and the

additional computational cost of probability calibration.

e k-Nearest Neighbours (KNN) [164]: Implemented using k& = 5 neighbours
and Euclidean distance, with predictions determined by the majority class
among the nearest observations. Its principal advantage is that it is a simple
non-parametric method capable of representing local and nonlinear class struc-
ture. Its disadvantage is its sensitivity to feature scaling, irrelevant dimensions,
and the choice of k. Its performance may also deteriorate in high-dimensional

spaces because distances become less discriminative.

e Random Forest [165): Implemented using 100 decision trees and a fixed
random seed of 42. Default splitting criteria and tree-depth settings were re-
tained. Its principal advantage is its ability to capture nonlinear relationships
and feature interactions while reducing the variance of individual decision trees
through bootstrap aggregation. It also provides estimates of feature impor-
tance. Its disadvantage is that the ensemble is less interpretable than an
individual tree and may overfit noisy or high-dimensional features if model

complexity is not appropriately controlled.

e Gradient Boosted Trees (XGBoost) [166]: Implemented using a logis-
tic objective function for binary classification and log-loss as the evaluation
metric. Default hyperparameters were retained. Its principal advantage is
its strong ability to model complex nonlinear relationships by constructing
trees sequentially to correct previous errors. Its disadvantage is its sensitivity
to hyperparameter selection and its potential to overfit, particularly for small
datasets. The resulting ensemble is also less directly interpretable than a linear

model.

Together, these classifiers provide complementary perspectives, ranging from
simple probabilistic and linear assumptions to local, kernel-based, and ensemble-

based nonlinear learning.
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Neural network models

Deep learning models have become increasingly popular in EEG analysis because
they can automatically learn discriminative spatial and temporal representations
from physiological signals without extensive manual feature engineering [167], [168].
Two neural architectures were included as baseline models for comparison with the

classical machine learning approaches.

e Convolutional Neural Network (CNN) [169]: The CNN was implemented
as a one-dimensional convolutional model operating on feature sequences. The

architecture consisted of:
— A ConvlD layer with 32 filters, kernel size 3, ReLU activation, and same
padding
— A MaxPooling1D layer with pool size 2
— A second Convl1D layer with 64 filters and ReLLU activation
— A global average pooling layer
— A fully connected output layer with sigmoid activation

The model was trained using the Adam optimiser and binary cross-entropy

loss.

e Long Short-Term Memory (LSTM) [170]: The LSTM model was imple-

mented as a stacked recurrent architecture consisting of:

— An LSTM layer with 64 hidden units (returning sequences)
— A second LSTM layer with 32 hidden units

— A fully connected output layer with sigmoid activation

The model was trained using the Adam optimiser and binary cross-entropy

loss.

For both neural models, outputs were converted to binary predictions using a

threshold of 0.5.
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Role of classifier diversity

The inclusion of multiple classifier families is important for interpreting the results.
Simpler models such as Naive Bayes highlight the effect of violated assumptions,
while SVM and KNN provide alternative nonlinear and local decision strategies.
Tree-based ensembles offer greater flexibility in modelling feature interactions, and
neural models provide a baseline for learning hierarchical representations.
Evaluating all feature families across this diverse set of classifiers ensures that
observed performance trends are not specific to a single modelling approach. Instead,
consistent patterns across classifiers can be interpreted as evidence of the intrinsic

discriminative value of the feature representation.

4.3.1 Feature-family performance under representative clas-

sifiers

Tables and report consolidated feature-family performance using LDA and
Random Forest. These tables are useful because they show the behaviour of each
representation under a simpler linear classifier and a nonlinear ensemble classifier.

The most important observation is that the highest accuracy does not necessarily
correspond to the most useful microsleep detector. Time-frequency features achieve
the highest accuracy, reaching 94% in both consolidated tables. However, this high
accuracy is accompanied by low sensitivity, especially under LDA, where sensitivity
is only 42%. This means that many microsleep-transition events are missed despite
the strong overall accuracy. Therefore, the time-frequency result should be inter-
preted as a high-specificity result, not as evidence of universally superior microsleep
detection.

In contrast, frequency-domain, nonlinear, and intensity-weighted features show
more moderate but more balanced results. Frequency-domain features provide rea-
sonable sensitivity and specificity under both LDA and Random Forest. Intensity-
weighted features produce the highest sensitivity under LDA, while nonlinear and

intensity-weighted features remain among the more balanced options across classi-
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fiers. This suggests that the most useful static EEG indicators are not necessarily
those that maximise accuracy, but those that maintain a workable trade-off between

detecting microsleep and avoiding false alarms.

Table 4.1: Performance of feature families using LDA. These point estimates should
be interpreted jointly across accuracy, sensitivity, and specificity; high accuracy
alone is not sufficient for microsleep detection.

Feature Type Accuracy | Sensitivity | Specificity
Time Domain 56% 69% 42%
Frequency Domain 67% 66% 68%
Bispectrum 57% 58% 56%
Nonlinear 59% 69% 50%
Time-Frequency 94% 42% 100%
IWMF, IWBW 63% 73% 54%

Table 4.2: Performance of feature families using Random Forest. Time-frequency
features achieve high accuracy and specificity, while frequency-domain, nonlinear,
and intensity-weighted features provide more balanced sensitivity—specificity be-
haviour.

Feature Type Accuracy | Sensitivity | Specificity
Time Domain 56% 57% 55%
Frequency Domain 69% 68% 70%
Bispectrum 59% 61% 58%
Nonlinear 65% 60% 69%
Time-Frequency 94% 50% 99%
IWMF, IWBW 65% 64% 66%

4.3.2 Model performance across feature families

Tables 4.3 report the performance of the models for each feature family. These
results highlight the main conclusion of this chapter: although static EEG features
contain meaningful predictive information, models based on these features struggle
to achieve consistently high sensitivity and specificity simultaneously.

Naive Bayes often achieves very high sensitivity but extremely low specificity. For
example, with bispectrum features it classifies nearly all positive samples correctly
but fails completely on the negative class. This behaviour is not useful in practice

because it would generate excessive false alarms. Conversely, several models using
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time-frequency features show very high specificity but very low sensitivity, meaning
they are conservative and miss many microsleep-transition events. These two failure
modes show why both sensitivity and specificity must be reported.

Tree-based ensembles provide more stable behaviour across several feature fami-
lies. Gradient Boost and Random Forest generally avoid the most extreme sensitivity—
specificity imbalance seen in Naive Bayes, SVM, CNN, and LSTM under some fea-
ture sets. Nevertheless, even these models do not solve the task completely under
a static-window formulation. Their performance supports the existence of discrim-
inative EEG information, but also reveals the limitations of treating each window
independently.

Table 4.3: Detection performance using time-domain features across classifiers.

Model Accuracy | Sensitivity | Specificity
Naive Bayes 53% 96% 10%
SVM 56% 82% 30%
KNN 55% 56% 55%
Random Forest 57% 58% 57%
Gradient Boost 59% 62% 55%
CNN 56% 82% 30%
LSTM 55% 30% 80%

Table 4.4: Detection performance using frequency-domain features across classifiers.

Model Accuracy | Sensitivity | Specificity
Naive Bayes 53% 98% 9%
SVM 56% 94% 19%
KNN 64% 63% 64%
Random Forest 66% 64% 68%
Gradient Boost 69% 67% 1%
CNN 55% 11% 98%
LSTM 58% 82% 34%

4.4 Statistical Reporting

The results reported in Tables are point estimates. These values are useful
for identifying broad performance trends across feature families and classifiers, but

they should be interpreted as summaries of the evaluated experimental configuration
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Table 4.5: Detection performance using bispectrum features across classifiers.

Model Accuracy | Sensitivity | Specificity
Naive Bayes 50% 100% 0%
SVM 50% 100% 0%
KNN 54% 54% 54%
Random Forest 59% 57% 60%
Gradient Boost 59% 60% 58%
CNN 56% 74% 37%
LSTM 58% 62% 53%

Table 4.6: Detection performance using nonlinear features across classifiers.

Model Accuracy | Sensitivity | Specificity
Naive Bayes 56% 94% 17%
SVM 63% 1% 55%
KNN 60% 60% 61%
Random Forest 60% 59% 62%
Gradient Boost 64% 60% 68%
CNN 63% 58% 69%
LSTM 64% 64% 64%

Table 4.7: Detection performance using time-frequency (wavelet) features across
classifiers.

Model Accuracy | Sensitivity | Specificity
Nailve Bayes 89% 33% 96%
SVM 90% 8% 100%
KNN 91% 46% 97%
Random Forest 96% 79% 98%
Gradient Boosting 96% 75% 98%
CNN 89% 0% 100%
LSTM 89% 0% 100%

Table 4.8: Detection performance using intensity-weighted features (IWMF, IWBW)
across classifiers.

Model Accuracy | Sensitivity | Specificity
Naive Bayes 58.16% 74.99% 41.34%
SVM 64.30% 65.85% 62.75%
KNN 60.17% 59.45% 60.90%
Random Forest | 60.01% 58.70% 61.33%
Gradient Boost | 63.75% 64.33% 63.17%
CNN 64.07% 69.14% 59.00%
LSTM 64.37% 67.16% 61.57%

rather than as complete estimates of uncertainty. Microsleep detection performance

can vary across subjects because individuals differ in baseline EEG rhythms, fatigue
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expression, signal quality, and the clarity of transition states.

This complements the point estimates with non-parametric statistical testing
across classifiers. The Friedman test followed by Nemenyi post-hoc analysis was
applied across accuracy, sensitivity, and specificity . The Friedman test indi-
cated significant differences among classifiers for all three metrics: p = 0.0011 for
accuracy, p = 0.0117 for sensitivity, and p = 0.0017 for specificity. These results
show that classifier choice has a statistically significant effect on performance under
the evaluated conditions.

The Nemenyi post-hoc analysis, shown in Figure provides pairwise com-
parisons between classifiers. The results support the conclusion that differences
between simple baselines and stronger classifier families are not only numerical arte-
facts. However, the statistical tests must be interpreted alongside the sensitivity—
specificity trade-offs. A classifier may be statistically different because it performs
better on specificity or accuracy, but this does not necessarily make it preferable for

a safety-related microsleep detection system if sensitivity is poor.

Nemenyi Post-hoc Test (Accuracy) Nemenyi Post-hoc Test (Sensitivity) Nemenyi Post-hoc Test (Specificity)
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Figure 4.1: Nemenyi post-hoc test heatmaps showing pairwise comparisons for ac-
curacy, sensitivity, and specificity across classifiers. Lower values indicate significant
differences between classifier pairs.

4.5 Identification of Robust Predictive Indicators

Feature importance analysis was performed using Random Forest to identify which
individual descriptors contributed most strongly to classification. Figure 4.2 shows
the top-ranked features under the RQ1 configuration. The most prominent pre-

dictors are nonlinear dynamics descriptors, particularly Poincaré-derived features
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such as SD1, SD2, and SD1/SD2. Entropy-related measures and intensity-weighted
spectral descriptors, including IWMF and IWBW, also appear among the more
informative features [148].

This feature-importance profile suggests that microsleep-related EEG patterns
are not captured by one simple spectral marker alone. Instead, useful information
appears to be distributed across complexity, variability, and spectral distribution
measures. Time-domain statistics contribute moderately, while several simple band-

power features appear less dominant in the Random Forest ranking.
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Figure 4.2: Top 20 features ranked by importance for the Random Forest classifier
under the RQ1 configuration.

The confusion matrices in Figure provide a complementary view of classifier
behaviour using nonlinear features. They show that different classifiers fail in dif-
ferent ways. Some models favour the positive class and generate many false alarms,
while others favour the negative class and miss microsleep-transition windows. This
pattern supports the key conclusion of the chapter: static EEG features contain
useful information, but they do not produce uniformly reliable microsleep detection

when evaluated using sensitivity and specificity together.
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Figure 4.3: Confusion matrices for different classifiers using nonlinear features.
4.6 Interpretation of Static Feature Results

The main result of this chapter is not that one static EEG feature family solves mi-
crosleep detection. Rather, the results show that static feature approaches provide
useful but incomplete evidence. Time-domain and bispectrum features are gener-
ally weak or unstable. Frequency-domain features perform better, but still show
moderate sensitivity and specificity. Time-frequency features can produce very high

accuracy and specificity, but this can come at the cost of sensitivity.
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Nonlinear and intensity-weighted descriptors appear more balanced than simple
time-domain or bispectrum features. The IWMF/IWBW results show moderate
accuracy with comparatively stable sensitivity and specificity across several classi-
fiers, particularly SVM, Gradient Boost, CNN, and LSTM. This supports the in-
terpretation that spectral-distribution descriptors capture useful microsleep-related
information, although their performance remains limited under a static-window for-
mulation.

This pattern means that the EEG does contain microsleep-relevant information,
but fixed-window descriptors are limited in how they represent the gradual onset and
short duration of microsleep. Features computed independently for each segment
cannot model temporal persistence, pre-event trends, or the sequence of physiolog-
ical changes that occur as wakefulness deteriorates. A model may recognise stable
wakefulness well but fail to detect early or ambiguous microsleep-transition windows.

This interpretation reframes the limitations of Chapter 4 as a strength of the the-
sis narrative. The static feature results establish the baseline and show that feature
engineering alone is not enough. Chapter 5 therefore investigates whether temporal
modelling can preserve information across neighbouring windows and improve early

prediction.

4.7 Limitations of Static Feature Modelling

The first identified limitation is that all features in this chapter are computed inde-
pendently for each window. This ignores temporal dependencies between adjacent
segments. Microsleep episodes rarely appear as isolated, instantaneous events; they
usually emerge through a gradual transition involving spectral slowing, reduced com-
plexity, eye movement changes, and unstable wakefulness. Static windows cannot
fully represent this evolution.

The second limitation is that the evaluation relies primarily on accuracy, sensi-
tivity, and specificity. These metrics are informative, but they do not fully describe

performance under imbalance. In later chapters, AUC-PR, F1-score, and horizon-
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specific forecasting metrics provide a richer assessment of positive-class behaviour.
For RQ1, the available metrics still reveal the key issue: high accuracy can coexist

with poor microsleep sensitivity.

4.8 RQ1 Findings on EEG Indicators of Microsleep

The experiments in this chapter show that EEG-derived features contain useful
information for identifying microsleep-transition states, but the usefulness of a fea-
ture family depends strongly on how performance is measured. If accuracy alone
is considered, time-frequency features appear strongest. However, when sensitivity
is examined, this conclusion becomes less clear because high accuracy is sometimes

achieved by under-detecting microsleep events.

The more defensible finding is that nonlinear dynamics features and intensity-
weighted spectral descriptors provide physiologically meaningful and relatively bal-
anced evidence for microsleep detection. Nonlinear descriptors, including Poincaré-
derived measures and entropy features, are among the most important predictors in
the Random Forest analysis. Intensity-weighted spectral features also appear useful
because they summarise spectral slowing and dispersion without relying entirely on
fixed frequency bands. The IWMF/IWBW table shows that these features provide
moderate but relatively balanced performance across several classifiers, supporting
their role as complementary EEG indicators rather than as a complete standalone

solution.

The chapter therefore answers RQ1 by identifying that EEG indicators of mi-
crosleep are not captured by a single universally optimal feature family. Instead,
the most useful static indicators appear to involve a combination of complexity,
variability, and spectral-distribution descriptors. Static features provide a necessary

baseline, but their limitations motivate the temporal modelling work in Chapter 5.
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Chapter Summary

This chapter established an EEG-only feature-based baseline for microsleep detec-
tion using the MWT dataset [22], [158]. Six feature families were evaluated across
multiple classifiers under a controlled subject-exclusive protocol. The results show
that static EEG features contain discriminative information, but also reveal impor-
tant limitations.

The most important methodological lesson is that accuracy alone is not a reliable
basis for interpreting microsleep detection performance. Time-frequency features
achieve high accuracy and specificity, but may under-detect microsleep-transition
windows. Nonlinear dynamics features and intensity-weighted spectral descriptors
provide a more balanced and physiologically plausible interpretation. Tree-based
classifiers are generally more stable than simple baselines, but no classifier-feature
combination fully resolves the difficulty of static microsleep detection.

Overall, the chapter provides a necessary EEG-only baseline and clarifies why
static feature modelling is insufficient on its own. These findings motivate Chapter 5,
which moves from independent window-level descriptors to temporal modelling for

early microsleep prediction.
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Chapter 5

Temporal Modelling for

Microsleep Forecasting

5.1 Introduction

Chapter []examined which EEG-derived features are most informative for microsleep
detection. That analysis established that spectral and nonlinear descriptors contain
discriminative information for separating microsleep from non-microsleep states, and
it provided an evidence-based feature foundation for subsequent modelling. Building
on that result, this chapter addresses the second research question by examining how
temporal modelling can improve the prediction of microsleep events before their

onset.

The practical motivation for forecasting, rather than only detecting, microsleep
episodes is clear. Microsleeps are brief involuntary lapses in responsiveness that
can occur during sustained attention tasks and may precede operational failures
in settings such as driving, industrial monitoring, and clinical observation |1], [9],
[171]. In such contexts, a prediction horizon of even one or two seconds may provide
additional time for warning generation, system adaptation, or human intervention.
However, forecasting is more difficult than onset detection because neural changes

become less explicit as the time horizon moves further from the event [13]. In
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practical terms, this means that models must rely on more subtle and distributed
temporal patterns rather than clear event-related changes. As a result, both the
representation of temporal dependencies and the preservation of fine-grained signal

variations become central challenges in microsleep prediction.

Prior work has shown that EEG-based systems can achieve strong performance
when detecting microsleeps at, or very close to, the onset of the event [24], [25].
By contrast, performance tends to degrade when models are required to forecast
events ahead of time [13], [172]. A key reason is that conventional pipelines often
aggregate EEG information in a way that reduces temporal precision, making it
harder to preserve transient changes that may signal an approaching microsleep.
This creates a methodological gap between effective event detection and reliable

early prediction.

This chapter investigates whether temporal modelling with causal attention can
mitigate that degradation. Specifically, it studies whether a multi-head causal self-
attention mechanism, placed before a recurrent backbone, can preserve temporally
local patterns that are relevant for forecasting. The chapter also evaluates the role
of focal loss for handling class imbalance, since microsleep prediction remains a

safety-critical and class-skewed problem.

A key hypothesis underlying this investigation is that the degradation observed at
longer forecasting horizons is partly due to the loss of temporally localised predictive
cues. Conventional recurrent models aggregate information sequentially, which can
smooth or attenuate short-lived transitions that precede microsleep onset. A causal
self-attention mechanism provides a way to selectively emphasise relevant time steps
within the input sequence before this aggregation occurs. This is particularly impor-
tant in forecasting settings, where weak pre-event signals must be preserved rather
than averaged out. The proposed architecture is therefore designed to explicitly

address this temporal resolution problem.

The work in this chapter therefore moves the thesis from what to measure toward

how to model change over time. This is a necessary step toward the subsequent
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multimodal work in Chapter [6] where temporal EEG modelling is extended through
the integration of complementary modalities. Across these chapters, the overall
objective remains the same: to improve prediction performance in a way that is

methodologically justified and practically meaningful.

5.2 Research Question and Chapter Scope

This chapter addresses the following research question:

RQ2: How can temporal modelling improve microsleep prediction from
EEG, particularly at extended forecast horizons, while maintaining sen-

sitivity and limiting false alarms?
To address this question, the chapter has four aims:

1. to reproduce a published EEG microsleep forecasting baseline based on CSP

and sparse Bayesian learning;
2. to establish a recurrent neural baseline using a GRU architecture;

3. to propose an attention-augmented temporal model for multi-horizon forecast-

ing; and

4. to analyse the contribution of attention and focal loss through comparative

and ablation experiments.

5.3 Related Work

Microsleep detection and prediction have been studied using a range of physiological
and behavioural signals. EEG remains one of the most direct modalities for observ-
ing vigilance-related neural dynamics, and it has therefore been used extensively
in the microsleep literature [9], [24]. Early work demonstrated that single-channel
EEG systems can detect microsleep-related changes with useful accuracy, but such

systems may not capture the broader spatial structure available in multichannel
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recordings [25]. Multichannel EEG, although more demanding in terms of acqui-
sition and processing, provides richer information about cortical activity and has

therefore been used in several forecasting-oriented studies [13], [44].

Beyond EEG, alternative modalities have also been explored. Speech-based ap-
proaches have been used to identify sleepiness-related changes in vocal expression
[173], while video-based systems have monitored eyelid closure and facial behaviour
[46]. These studies indicate that fatigue and microsleep can be approached from
multiple sensing perspectives, but direct comparisons with EEG-based forecasting
remain limited. For the purposes of this chapter, EEG is used as the primary signal
because it provides direct access to pre-event neural changes and because it connects

naturally with the feature findings established in Chapter [4]

5.3.1 Feature Extraction for Microsleep Analysis

Spectral and information-theoretic EEG features have been repeatedly associated
with changes in vigilance and microsleep onset. Pairwise joint entropy and mutual
information between EEG channels achieved strong discrimination in prior work, il-
lustrating that inter-channel relationships can be informative [44]. Common Spatial
Patterns (CSP) have also been used to derive spatio-temporal components for fore-
casting, outperforming simpler log-power representations in some settings [13], [174].
Other studies have investigated blind source extraction, feature reduction, and di-
mensionality reduction pipelines to improve separability or reduce redundancy [65],

[70).

The investigation conducted in RQ1 further showed that spectral and nonlinear
features carry substantial predictive value for microsleep-related classification [148],
[175]. These findings support their use as inputs to temporal forecasting models.
However, informative features alone do not solve the forecasting problem if their

temporal organisation is not preserved.
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5.3.2 Forecasting Models and the Role of Temporal Depen-

dence

A major limitation in the literature is the emphasis on event detection at the current
time point rather than forecasting ahead of time. Deep learning methods, includ-
ing convolutional networks, have shown strong performance for microsleep detec-
tion at onset [24]. Recurrent models such as LSTM-based and transformer-based
approaches have also been explored for EEG sequence modelling, but forecasting

horizons beyond immediate onset remain less extensively studied [139], [172], [176].

One of the few explicit multi-horizon microsleep forecasting studies is that of
Shoorangiz et al. [13], who reported declining sensitivity as the forecast horizon
increased from 0.25s to 1.0s. This result is important because it suggests that the
main difficulty is not only class imbalance or model capacity, but also the preserva-
tion of temporally local information as the event becomes more distant. Recurrent
models can capture sequence structure, but they may still smooth over short-lived
transitions. Attention mechanisms offer a possible remedy by reweighting sequence
elements according to their relevance. In EEG analysis, attention has often been
used to model spatial channels or feature importance, but its use for causal mi-

crosleep forecasting remains limited.

This chapter therefore evaluates a causal multi-head self-attention mechanism
placed before a GRU. The aim is not to replace recurrence entirely, but to enhance

temporal feature resolution before recurrent integration.

5.4 Methodology

5.4.1 Datasets

Two datasets were used in this chapter to evaluate both forecasting performance

and robustness across different recording conditions.
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Maintenance of Wakefulness Test Dataset

The primary experiments in this chapter were conducted using the Maintenance of
Wakefulness Test (MWT) dataset, which was introduced in Chapter 3. The MWT
dataset contains simultaneous EEG and EOG recordings collected under controlled
laboratory conditions and serves as the principal benchmark dataset throughout this
thesis [22], [146]. The dataset description, acquisition protocol, channel configura-
tion, and preprocessing procedures are therefore not repeated here.

For the present study, microsleep was treated as the positive class. Awake seg-
ments were treated as the negative class. After segmentation into 1-second windows,
the resulting dataset comprised 60,548 wakefulness samples and 37,456 microsleep

samples.

Sleepy Driver EEG Brainwave Dataset

To examine generalisation beyond the MW'T recordings, additional experiments were
carried out on the Sleepy Driver EEG Brainwave dataset [147]. This dataset was
collected from four subjects using a NeuroSky MindWave headset, which provides a
single-channel consumer-grade EEG signal. Each subject contributed short awake
and drowsy recordings of approximately 5-8 minutes. The recordings were provided
as one-second interval spectral measurements from a frontal electrode.

Although this dataset differs substantially from the MWT data in both scale
and sensor configuration, it provides a useful robustness test. As in the main ex-
periments, the task was formulated as a binary problem, with the sleepy condition

treated as the positive state.

5.4.2 Problem Formulation

Let z; denote the feature representation extracted from a short EEG segment at

time step t. Given a sequence

X = [xl,xg,...,xT] ERTXd, (51)
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Figure 5.1: Illustration of the microsleep forecasting problem. A sequence of EEG
feature vectors X = [xy,..., 2| is used to estimate the probability of a microsleep
event occurring after forecasting horizon 7. When 7 = 0, the task corresponds to
onset detection; positive values of 7 represent advance forecasting.

the objective is to estimate the probability that a microsleep event will occur
after a forecasting horizon 7. The experiments consider multiple horizons. For the
replicated CSP+SBL baseline, horizons of 0.25sec, 0.50sec, 0.75sec, and 1.00sec
are used following [13]. For the recurrent and attention-based models, horizons of
Osec, 1sec, and 2sec are used to examine both onset detection and further-ahead

forecasting.

5.4.3 Baseline Replication: CSP + SBL

The first baseline reproduces the forecasting framework reported by Shoorangiz et
al. [13]. Multichannel EEG was band-pass filtered between 0.5 and 30Hz and
segmented into 1-second epochs. Labels were shifted according to the forecasting
horizon. Common Spatial Patterns were then used to derive spatial filters, producing
C components for each segment. The log-variance of the components formed the
feature vector

f e RC,

which was classified using sparse Bayesian logistic regression. Hyperparameters were
selected using cross-validation.

This baseline serves two roles in the chapter. First, it provides continuity with
the published microsleep forecasting literature. Second, it offers a non-deep-learning

comparator that is designed explicitly around short-horizon forecasting.
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5.4.4 GRU Baseline

The second baseline is a recurrent neural model based on a two-layer Gated Recur-
rent Unit (GRU). Each EEG epoch is transformed into a sequence of features over
time, producing an input tensor X € R4, The GRU processes the sequence and
outputs hidden states

hi, hy, ... hy.

The final hidden state hy is then passed through a fully connected layer with sigmoid

activation to estimate the microsleep probability.

The use of a GRU is motivated by the need to model sequential dependence
with lower computational complexity than a comparable LSTM. This is consistent
with the aim of developing a forecasting model that remains suitable for real-time
deployment. In addition, GRUs have been shown to retain sufficient capacity for
modelling temporal dependencies in physiological signals while reducing the risk of
overfitting compared with more complex recurrent architectures. This makes them
a suitable baseline for evaluating whether additional mechanisms, such as attention,

provide measurable gains in forecasting performance.

5.4.5 Proposed Attention-Augmented GRU

The proposed model extends the GRU baseline by introducing a causal multi-head
self-attention layer before the recurrent block. The goal is to reweight temporally
local information before sequence integration, thereby reducing the loss of short-lived

predictive cues at longer horizons.

Given the input sequence X, attention is computed as

T

K
Attention(Q, K, V) = softmax (Q

N M) Vv, (5.2)

where

Q=XWy, K=XWg, V=XWy.
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Here, d;. denotes the per-head dimensionality and M is a causal mask that prevents
a time step from attending to future positions. The outputs from multiple heads are
concatenated and linearly projected to form an attention-refined sequence X, which

is then passed to the GRU.

The causal mask is important because the task is forecasting. At prediction
time, only current and past information should be available. The masking therefore
ensures that the model does not exploit future information during training. By ap-
plying attention prior to recurrent processing, the model is encouraged to preserve
and reweight temporally local information that may be predictive of an upcoming
microsleep event. This design directly addresses the forecasting setting, where rel-
evant cues are often weak and distributed across time rather than concentrated at

the prediction point.

5.4.6 Feature Representation

For both the GRU baseline and the proposed model, each 1-second EEG epoch is
converted into a feature sequence that combines nonlinear and frequency-domain

descriptors. The extracted features include:

e five nonlinear complexity measures, including entropy-based descriptors; and

o fifteen frequency-domain features based on absolute and relative band power
in the delta (0.5-4 Hz), theta (4-8 Hz), alpha (8-12Hz), beta (12-26 Hz), and
gamma (26-50 Hz) bands.

These feature groups were selected because they are supported by prior mi-
crosleep studies [44], [171] and by the feature evaluation carried out earlier in this
thesis [148], [175]. Their combination allows the temporal model to operate on

physiologically interpretable inputs rather than on raw signals alone.
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5.4.7 Additional Comparator: EEG-TCNet Adaptation

An adapted version of EEG-TCNet [26] was also evaluated for forecasting. EEG-
TCNet was originally proposed for EEG classification, but here it was modified
to operate on temporally windowed EEG feature representations. The adapted
architecture used convolutional layers to capture local feature interactions followed
by a GRU stage for temporal modelling. The same forecasting protocol used for the
other deep models was applied. This comparator was included to examine whether
the observed gains were specific to the proposed architecture or reflected a broader

benefit of temporal deep learning.

5.4.8 Loss Function

To reduce the effect of class imbalance, the proposed model uses focal loss [118]:

Lyr, = —a;(1 = p;)" log(py), (5.3)

where p; denotes the predicted probability assigned to the true class, oy € [0, 1] is a
weighting factor used to balance the contribution of different classes, and v > 0 is the
focusing parameter that reduces the loss contribution from well-classified examples.
When v = 0, focal loss reduces to the standard cross-entropy loss. Consequently,
focal loss places greater emphasis on difficult minority-class instances while reducing
the influence of easy examples. In the present setting, this is intended to improve

sensitivity to microsleep events while helping to control false alarms.

This is particularly relevant for microsleep forecasting, where missed positive
events (false negatives) may have greater practical consequences than false alarms.
By focusing learning on harder examples, focal loss supports improved sensitivity

without requiring explicit resampling strategies.
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. Preprocessing Feature Extraction Causal Multi-Head Dense & Sigmoid
Figure 5.2: Full pipeline: causal multi-head self-attention is applied before the GRU
to enrich temporal feature representations.

5.4.9 Evaluation Metrics

The models are evaluated using accuracy, sensitivity, specificity, geometric mean
(GM), AUC-ROC, and AUC-PR. Sensitivity and specificity are especially impor-
tant because the application is safety-related and because performance must be
examined separately for positive and negative states. The geometric mean is in-
cluded to summarise balanced performance across both classes, while AUC-PR is

used in addition to AUC-ROC because of the class imbalance.

Figure 7?7 summarises the overall methodology used in this chapter, including
the datasets, preprocessing stages, baseline models, the proposed attention-enhanced

GRU framework, and the evaluation protocol across forecasting horizons.

5.4.10 Implementation Details

Experiments were implemented in Python using PyTorch for the deep models and
scikit-learn for the CSP+SBL baseline. EEG preprocessing used a 0.5-30 Hz band-
pass filter. Windows of one second were generated with 50% overlap for the deep

models, and feature extraction was implemented using standard numerical libraries.

To reduce the risk of data leakage, subject-exclusive splits were applied, with
80% of the data used for training and 20% for testing while preserving class ratios.
Deep models were trained with batch size 32 using the Adam optimiser with an
initial learning rate of 1072. The GRU architecture used two recurrent layers with
64 and 128 units, dropout of 0.2, and early stopping based on validation AUC-ROC
with patience of 10 epochs. The proposed model added a four-head causal attention

layer with head dimension 64.
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Figure 5.3: ROC and precision—recall curves for the baseline GRU (top row) and
the proposed attention-augmented GRU (bottom row) at 7 = 0s.

5.5 Results

This section evaluates whether the proposed temporal modelling approach improves
microsleep forecasting performance across multiple horizons. The results are struc-
tured to first compare the proposed model with recurrent and classical baselines,
followed by cross-dataset evaluation and ablation analysis to isolate the contribu-

tions of individual components.

5.5.1 GRU Baseline versus Attention-Augmented GRU

Table compares the recurrent baseline with the proposed attention-augmented
model across onset detection and two forecasting horizons. The proposed model
improves all reported metrics at all horizons.

At 7 = 0s, test accuracy increases from 0.71 to 0.85, sensitivity from 0.64 to
0.86, and AUC-ROC from 0.79 to 0.94. At 7 = 1s, the performance gap becomes

more pronounced: sensitivity increases from 0.59 to 0.84 and AUC-ROC from 0.76
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Table 5.1: Performance of the GRU baseline and the proposed attention-augmented
model at forecast horizons of 0s, 1s, and 2s.

0s (onset) ls 25
Metric GRU Proposed GRU Proposed GRU Proposed
Train Accuracy 0.72 0.87 0.70 0.84 0.68 0.82
Test Accuracy 0.71 0.85 0.69 0.83 0.67 0.81
Sensitivity 0.64 0.86 0.59 0.84 0.53 0.84
Specificity 0.79 0.97 0.79 0.95 0.81 0.93
Geometric Mean — 0.71 0.87 0.68 0.85 0.65 0.84
AUC-ROC 0.79 0.94 0.76 0.93 0.73 0.92
AUC-PR 0.80 0.92 0.76 0.89 0.74 0.87

t0 0.93. At 7 = 2, the proposed model maintains sensitivity at 0.84 compared with

0.53 for the GRU baseline, while also improving specificity and discrimination.
These results suggest that the causal attention layer helps preserve predictive

cues that are otherwise attenuated as the forecasting horizon increases. Figure

illustrates this effect at onset through improved ROC and precision—recall behaviour.

5.5.2 Comparison with the CSP+SBL Forecasting Baseline

Table compares the replicated CSP+SBL pipeline with the proposed model at
shorter forecast horizons. The CSP+SBL baseline shows decreasing sensitivity as
the horizon increases from 0.25s to 1.00s, falling from 0.51 to 0.45. By contrast, the
proposed model maintains sensitivity between 0.60 and 0.65 across the same range.

The proposed model also improves AUC-PR at each horizon, indicating stronger
positive-class retrieval under imbalance. The gains in AUC-ROC are more modest,
but they remain consistent. This pattern is important: the main practical difficulty
in microsleep forecasting is often not overall discrimination alone, but maintaining

positive-class sensitivity as the warning horizon increases.

5.5.3 Evaluation on the Sleepy Driver Dataset

To examine whether similar modelling behaviour is observed beyond the MWT

recordings, the GRU baseline and the proposed model were also evaluated on the
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Table 5.2: Comparison of the CSP+SBL baseline and the proposed attention-
augmented model across short forecast horizons.

0.25s 0.50s 0.75s 1.00s
Metric CSP+SBL Proposed CSP+SBL Proposed CSP+SBL Proposed CSP+SBL Proposed
Sensitivity 0.51 0.64 0.49 0.61 047 0.60 0.45 0.65
Specificity 0.72 0.77 0.70 0.75 0.70 0.73 0.69 0.71
Geometric Mean 0.66 0.71 0.65 0.69 0.64 0.70 0.61 0.68
AUC-ROC 0.77 0.80 0.76 0.77 0.75 0.77 0.75 0.77
AUC-PR 0.70 0.79 0.69 0.75 0.67 0.73 0.66 0.70

Table 5.3: Comparison of the GRU baseline and the proposed attention-augmented
model on the Sleepy Driver EEG Brainwave dataset across forecast horizons.

Os 1s 2s
Metric GRU Proposed GRU Proposed GRU Proposed
Sensitivity 0.77 0.79 0.76 0.78 0.78 0.79
Specificity 0.42 0.82 0.41 0.81 0.40 0.84
Geometric Mean  0.46 0.81 0.45 0.77 0.45 0.80
AUC-ROC 0.78 0.90 0.79 0.86 0.79 0.89
AUC-PR 0.66 0.86 0.65 0.82 0.64 0.85

Sleepy Driver EEG Brainwave dataset. The results are shown in Table [5.3]

The proposed model improves specificity, geometric mean, AUC-ROC, and AUC—
PR at all reported horizons, while sensitivity changes only slightly. At 7 = 0s, speci-
ficity improves from 0.42 to 0.82 and AUC-ROC from 0.78 to 0.90. Similar trends
remain at 7 = 1s and 7 = 2s. These findings provide supportive evidence that
the attention-based model may retain useful behaviour in a lower-cost EEG setting.
However, given the limited size and single-channel nature of the dataset, they should
be interpreted as indicative rather than conclusive evidence of generalisation.

The more modest sensitivity changes suggest that when only a single channel
is available, attention has less opportunity to exploit richer temporal-spatial struc-
ture. The model therefore appears to retain value under constrained acquisition

conditions, but its strongest benefit is observed in the multichannel clinical setting.

5.5.4 Illustrative EEG and Feature Trends

To complement the predictive results, Figures [5.4] and illustrate representative
temporal patterns observed around microsleep events in the MW'T data. These fig-

ures are not used as evaluation measures, but they help contextualise why temporal
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Frequency Band Analysis for Microsleep Detection
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Figure 5.4: Illustrative frequency-domain changes surrounding microsleep episodes
for an example subject. Panel A shows the alpha (8-12 Hz), beta (12-26 Hz),
theta (4-8 Hz), and delta (0.5-4 Hz) band powers. Panel B shows the 6/(a + ()
ratio, with the red dashed line indicating the detection threshold of 0.22. Panel
C shows the median frequency. Red shaded regions indicate microsleep intervals,
while blue shaded regions indicate the one-second prediction windows preceding
them. Purple regions represent temporal overlap between prediction windows and
microsleep intervals. The blue arrows and “1.0 s Forecast” annotations indicate the
forecast interval. Microsleep periods are characterised by an increased 6/(a + )
ratio and a reduction in median frequency.

modelling is relevant.

Figure [5.4|shows the evolution of frequency-band powers and the theta/(alpha+beta)
ratio for an example subject. During microsleep segments, theta activity increases
while alpha and beta activity are reduced, causing the ratio to rise. Figure[5.5{shows
the corresponding raw EEG trace, where the signal exhibits a greater dominance of
slow oscillations and reduced rapid waveform variation during microsleep episodes
These observations are consistent with the feature analysis presented in Chapter [4]

and support the use of temporally sensitive modelling.
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Raw EEG Signal with Microsleep Events
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Figure 5.5: Raw EEG signal (O1-M2) from an example subject with microsleep
episodes shaded in red.

5.5.5 Ablation Study

An ablation study was conducted to separate the effects of the attention mechanism
and focal loss. Four configurations were compared: GRU with cross-entropy loss,
GRU with focal loss, GRU with attention and cross-entropy, and GRU with attention
and focal loss. The results are summarised in Table [5.4]

Relative to the plain GRU with cross-entropy, focal loss improves sensitivity
from 0.54 to 0.64 and AUC-ROC from 0.70 to 0.79. Adding attention produces
a larger change, increasing sensitivity to 0.83 and specificity to 0.95 even without
focal loss. The full model, combining attention and focal loss, yields the strongest
overall performance, including test accuracy of 0.85, sensitivity of 0.86, specificity
of 0.97, and AUC-ROC of 0.94.

The ablation therefore indicates that focal loss and attention contribute in dif-
ferent but complementary ways. Focal loss primarily improves learning under im-

balance, whereas attention improves temporal discrimination more broadly.

5.5.6 Attention Visualisation

To inspect which parts of the feature sequence are emphasised by the model, the
output of the causal multi-head attention layer was visualised as a feature-by-

time heatmap. Figure shows that several features, including theta/alpha ratio,
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Table 5.4: Ablation results showing the effect of attention and focal loss.

Metric GRU-CE GRU-Focal GRU+Attn-CE GRU+Attn-Focal
Train Accuracy 0.66 0.72 0.83 0.87
Test Accuracy 0.64 0.71 0.81 0.85
Sensitivity 0.54 0.64 0.83 0.86
Specificity 0.76 0.79 0.95 0.97
Geometric Mean 0.63 0.71 0.88 0.87
AUC-ROC 0.70 0.79 0.89 0.94
AUC-PR 0.71 0.80 0.91 0.92

delta/theta ratio, and spectral entropy, receive stronger attention weights at specific
time steps.

This does not constitute a full explanation of the model, but it does suggest that
the attention layer is not acting uniformly across the sequence. Instead, it appears
to assign greater importance to physiologically plausible features during segments
that are likely to precede a microsleep event. This is useful because it connects the

temporal modelling result back to the feature-oriented findings of Chapter [4]

5.5.7 Latency Analysis

Inference latency was measured to assess whether the proposed model is consistent
with real-time operation. On an NVIDIA RTX 3090 GPU, the model required a
mean inference time of 17.7ms for a single 1-second EEG input window, with a
minimum of 16.98 ms and a maximum of 26.37 ms over 100 runs. These timings are
well below the input window duration, indicating that the method is computationally

feasible for real-time forecasting under the tested conditions.

5.5.8 Comparison with EEG-TCNet

Table [5.5] compares the proposed attention-GRU with the adapted EEG-TCNet
model. Both architectures perform well, but the proposed model achieves higher
sensitivity, geometric mean, AUC-ROC, and AUC-PR at all three horizons. The
difference is most relevant at the longer horizons of 1s and 2s, where maintaining

sensitivity is central to the forecasting problem.
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Attention Heatmap: Time Steps x EEG Features
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Figure 5.6: Attention-weight heatmap across EEG features and five temporal input
steps. Brighter colours indicate relatively greater model emphasis, whereas darker
colours indicate lower relative emphasis. Several features exhibit alternating tempo-
ral patterns: spectral entropy, the delta/theta ratio, mean amplitude, kurtosis, and
Hjorth activity receive greater emphasis at time steps 1 and 3, while line length, peak
frequency, the theta/alpha ratio, and the alpha/beta ratio are emphasised mainly at
time steps 0 and 2. Other features, including sample entropy, skewness, and frontal
asymmetry, remain comparatively stable across the sequence.

This comparison suggests that the gains are not attributable only to the use of
deep learning, but specifically to the combination of causal attention and recurrent

temporal integration used in the proposed architecture.

5.6 Discussion

5.6.1 Temporal Degradation and the Value of Causal At-

tention

The central result of this chapter is that forecasting performance can be improved
by explicitly modelling temporal relevance before recurrent integration. Across the
MWT experiments, the proposed model consistently outperformed both the GRU
baseline and the replicated CSP+SBL pipeline. This was especially clear for sen-
sitivity at extended horizons. The deterioration reported in earlier work was

reduced substantially in the proposed framework, suggesting that causal attention
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Table 5.5: Comparison of forecasting performance between the proposed Attention-
GRU and the adapted EEG-TCNet model.

Attention-GRU EEG-TCNet
Metric 0s 1s 2s Os 1s 2s

Train Accuracy 0.92 0.91 0.89 0.91 0.88 0.86
Test Accuracy 0.89 0.87 0.85 0.87 0.85 0.82

Sensitivity 0.87 0.84 0.81 0.83 0.78 0.75
Specificity 0.90 0.88 0.87 0.88 0.85 0.83
Geometric Mean 0.88 0.86 0.84 0.85 0.81 0.79
AUC-ROC 092 090 0.89 0.91 0.89 0.87
AUC-PR 0.90 0.87 0.85 0.88 0.85 0.82

helps preserve information that is otherwise weakened as the time-to-event increases.

Importantly, this suggests that the challenge in microsleep forecasting is not
solely one of model capacity, but of how temporal information is represented and
prioritised. The results therefore support the view that architectural choices which
preserve temporal resolution are critical when moving from detection to prediction
tasks.

This result is important in the context of the thesis as a whole. Chapter
showed that informative EEG features are available, but it did not address how those
features should be organised over time. The present chapter shows that predictive
performance depends not only on the quality of the features, but also on the temporal

mechanism used to integrate them.

5.6.2 Interpretation of the Ablation Results

The ablation study indicates that attention and focal loss serve different functions.
Focal loss improved minority-class detection, which is expected in a class-imbalanced
setting. Attention, however, produced the larger overall change in performance, es-
pecially for sensitivity and specificity together. This suggests that the main challenge
in RQ2 is not only class imbalance, but also temporal representation.

The full model therefore combines two design choices: one aimed at learning un-
der skewed labels, and one aimed at preserving temporally local predictive structure.

The results support retaining both elements in the final architecture.
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5.6.3 Cross-Dataset Behaviour

The evaluation on the Sleepy Driver dataset provides a useful contrast with the
MWT findings. Although the proposed model still improves most metrics, the be-
haviour differs from that seen on multichannel clinical EEG. The improvements on
the Sleepy Driver data are driven primarily by gains in specificity and ranking-
based metrics, while sensitivity changes only marginally. This is consistent with the
smaller size and lower signal richness of the dataset.

The implication is not that attention is ineffective in low-cost EEG, but that its
benefits depend on the quantity and structure of the available signal. In richer mul-
tichannel recordings, attention can exploit more informative temporal variations.
In consumer-grade single-channel data, the forecasting problem remains more con-
strained. This boundary condition is important for interpreting the contribution

realistically.

5.6.4 Practical Implications

From an application perspective, the ability to maintain useful sensitivity at 1-2
second horizons is relevant for warning systems, operator monitoring, and decision
support. A warning that arrives before onset is more actionable than a decision
made at the moment of behavioural lapse. At the same time, the specificity results
matter because false alarms can reduce trust and usability.

The latency measurements further indicate that the proposed model can operate
within real-time constraints under the tested hardware setting. This strengthens
the practical case for temporal EEG forecasting, while also showing that improved

performance need not require an excessively complex architecture.

5.7 Chapter Summary

This chapter addressed the second research question by investigating temporal mod-

elling for microsleep forecasting from EEG. A published CSP+4+SBL baseline was
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reproduced, a GRU-based recurrent baseline was established, and an attention-
augmented GRU architecture with focal loss was proposed for multi-horizon pre-
diction.

The results showed that the proposed model improved forecasting performance
across onset and extended horizons on the MWT dataset, with particularly strong
gains in sensitivity and discrimination. The ablation study demonstrated that at-
tention and focal loss make complementary contributions, while the cross-dataset
evaluation showed that the approach remains beneficial, though more constrained, in
single-channel consumer EEG. The comparison with EEG-TCNet further supported
the value of the proposed design.

Taken together, the findings of this chapter show that improving microsleep
prediction performance requires more than informative features alone. Temporal
organisation and causal sequence modelling are also central. Although temporal
modelling substantially improves EEG-based forecasting performance, the results
also suggest limits to what can be achieved using EEG alone, particularly under
constrained recording conditions. This motivates the investigation of multimodal
EEG-EOG integration in Chapter [0, where complementary physiological informa-
tion is incorporated to determine whether prediction performance can be improved

beyond what is achievable using EEG alone.
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Chapter 6

Multimodal EEG—EOG Fusion for

Forecasting

6.1 Introduction

Chapter [5| showed that temporal modelling improves microsleep forecasting from
EEG by preserving fine-grained structure in the pre-onset period. In particular, the
results demonstrated that forecasting performance depends not only on the quality
of the extracted EEG features, but also on how those features are organized and
weighted over time. That chapter therefore addressed the temporal dimension of the
problem. The present chapter extends the investigation to the multimodal dimension
by examining whether microsleep prediction can be improved further through the

joint use of electroencephalography (EEG) and electrooculography (EOG).

Microsleep prediction remains challenging because the physiological changes pre-
ceding the event are subtle, variable across subjects, and distributed across multi-
ple systems. The Maintenance of Wakefulness Test (MWT) provides a controlled
environment for studying these transitions because it includes simultaneous EEG
and EOG recordings under standardized vigilance conditions [158]. EEG reflects
cortical changes associated with declining vigilance, whereas EOG captures ocular

manifestations such as blink dynamics, slow eye movements, and eyelid closure [10],
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[47], |[177]. These complementary signals motivate the investigation of multimodal
EEG-EOG fusion for microsleep forecasting.

Most prior microsleep studies have been effectively unimodal, with EEG being
the dominant modality. Chapter {4 examined informative EEG features for detec-
tion, and Chapter [5| considered how temporal modelling can improve EEG-based
forecasting. The next logical step is to test whether multimodal fusion improves
prediction performance further. This chapter addresses that question through an
interpretable fusion framework based on information-theoretic coupling measures
[178]. Rather than treating EEG and EOG as independent feature sources, the
chapter explicitly models intra-modal and cross-modal dependencies using mutual
information (MI), and it further examines whether directional interactions measured
by transfer entropy (TE) provide additional value [179].

This chapter addresses the following research question:

RQ3: Can multimodal fusion of FEG and EFOG improve microsleep
prediction performance under subject-independent evaluation, and what

type of cross-modal interaction is most informative for this task?

The contribution of this chapter is threefold. First, it establishes a multimodal
EEG-EOG microsleep prediction framework using MWT data. Second, it eval-
uates whether nonlinear coupling features based on mutual information improve
performance beyond unimodal EEG or EOG models. Third, it investigates whether
directional interaction features based on transfer entropy provide further discrimi-
native value. In doing so, the chapter moves from temporal modelling within EEG

to joint modelling across modalities.

6.2 Related Work

Microsleep detection and prediction have been studied using physiological, behavioural,
and visual signals. EEG has been the most common modality because it directly

reflects neural changes associated with vigilance decline. Early work showed that
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spectral slowing, particularly increased theta activity and reduced alpha activity, is
associated with drowsiness and microsleep [9], |11]. More recent EEG-based sys-
tems have used machine learning and deep learning to detect microsleep onset,
although performance often declines as the prediction horizon increases [13], [180],
[181]. Connectivity-oriented approaches have also been explored in EEG for mi-
crosleep characterization, indicating that relations between channels may contain

useful information beyond local features [99].

Complementary modalities have also been explored. Image-based approaches
have analysed facial behaviour and eye closure [51], [52], |182], while speech-based
systems have attempted to detect fatigue-related changes in vocal expression [173].
Video-based systems using geometric descriptors such as the eye aspect ratio (EAR)
have also been proposed for microsleep detection [46]. These approaches suggest
that non-neural indicators of vigilance can be informative, particularly when direct

neural monitoring is unavailable.

Despite this broader multimodal interest, prior microsleep work has rarely com-
bined EEG and EOG for prediction. This is an important gap. EEG and EOG
capture different aspects of the same transition: EEG reflects cortical slowing and
altered neural coordination, while EOG reflects ocular behaviour that often accom-
panies reduced vigilance [10], [140]. Their combination is therefore physiologically
plausible. However, direct feature concatenation may fail to capture the nonlinear

dependencies between modalities.

Information-theoretic measures provide one way to address this limitation. Mu-
tual information measures shared dependence between signals without assuming
linearity, while transfer entropy estimates directional information flow. These tools
have been used in related areas of physiological analysis, but their application to
EEG-EOG microsleep prediction has remained limited. Recent multimodal work
in sleep and physiological monitoring has also explored representation learning and
knowledge distillation [183], and multimodal neural networks have been used in fa-

tigue detection tasks [29]. However, many such approaches are less interpretable
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than feature-level information-theoretic fusion.
The present chapter therefore examines whether explicit EEG-EOG coupling
features improve microsleep prediction, and whether the relevant interaction is best

characterised as symmetric synchrony or directed influence.

6.3 Methodology

6.3.1 Dataset

This study used the Maintenance of Wakefulness Test (MWT) dataset, which was
introduced in Chapter 3] and used throughout the thesis [158]. The dataset com-
prises simultaneous EEG and EOG recordings collected under controlled laboratory
conditions and provides the benchmark dataset for evaluating microsleep prediction.
Full details of the acquisition protocol, channel configuration, signal preprocessing,
and expert annotation procedure are in Chapter |3].

For the present study, labels 1, 2, and 3 were grouped into the positive class,
while wakefulness was retained as the negative class. This binary formulation was
chosen because MSEc and ED represent early or partial manifestations of the same
vigilance decline that culminates in microsleep onset. Recordings were segmented
into 1-second non-overlapping epochs and relabelled by majority vote, yielding ap-
proximately 60,548 wakefulness samples and 37,456 microsleep-labelled samples.

To investigate short-horizon prediction rather than event detection at onset, a 2-
second pre-onset window was extracted immediately before each microsleep-labelled
epoch. This horizon was chosen to balance physiological discriminability with pre-
dictive relevance, following the rationale from the temporal forecasting literature
[13]. All signals were z-scored per subject to reduce inter-individual amplitude vari-
ation.

A strict leave-one-subject-out (LOSO) cross-validation protocol was used through-
out. Under this scheme, all samples from one participant formed the test set

while the remaining participants were used for training. This provides a subject-
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independent estimate of performance and directly evaluates cross-subject generali-

sation.

6.3.2 Feature Extraction

Feature extraction was performed separately for EEG, EOG, mutual information,

and transfer entropy features.

EEG Features

From the two EEG channels, spectral power was computed in the delta (0.5-4 Hz),
theta (4-8Hz), alpha (8-13Hz), and beta (13-30Hz) bands. In addition, Hjorth
parameters (activity, mobility, complexity) and entropy-based descriptors (Shannon
entropy and permutation entropy) were extracted. These choices are consistent
with both the microsleep literature and the feature-analysis results reported earlier
in this thesis |[148], [175]. For each preprocessed O1 and O2 segment, the amplitude
envelope was computed as the magnitude of the analytic signal obtained using the

Hilbert transform. For a signal x(t), the envelope was therefore defined as

Az (t) = [a(t) + jH{x ()}, (6.1)

where H{z(t)} denotes the Hilbert transform. Intra-hemispheric mutual infor-
mation was then computed between the O1 and O2 amplitude envelopes at time lags

ranging from —500 to +500ms to quantify nonlinear short-range neural coupling.

EOG Features

From the two EOG channels, blink rate, blink duration, blink amplitude, saccadic
energy, ratios of slow to fast eye movements, and spectral power in the 0.5-35Hz
range were extracted. These features were intended to represent the ocular be-
haviour associated with vigilance reduction, including slow eye movement activity
and prolonged closure tendencies. Eight intra-EOG MI features were also computed

to capture nonlinear coordination between the vertical and horizontal channels.
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Cross-Modal MI Features

To represent shared EEG-EOG behaviour, mutual information was computed for
each EEG-EOG channel pair (O1/E1, O1/E2, O2/E1, O2/E2) using lags of £500 ms.
These features quantify nonlinear neural-ocular synchrony and form the core of the

multimodal coupling representation.

Transfer Entropy Features

To examine whether directional information transfer contributes additional predic-
tive value, transfer entropy was estimated with a k-nearest-neighbour estimator at
lags of 5ms and 50 ms. Directional interactions included EEG—EOG, EOG—EEG,
01—02, and E1—E2. These TE features were designed to test whether microsleep
prediction benefits from directional interaction modelling beyond the symmetric de-

pendency represented by MI.

Information-Theoretic Measures

To explicitly model nonlinear dependencies and interactions between signals, this
study employs mutual information (MI) and transfer entropy (TE), which are well-

established measures from information theory.

Mutual Information (MI) Mutual information quantifies the amount of shared

information between two random variables without assuming linearity. For two

variables X and Y, MI is defined as

HXY) = 30 5y g 252 (62

=25 (z)p(y)’

where p(z,y) is the joint probability distribution of X and Y, and p(x) and p(y)
are their marginal distributions. In the present context, MI captures nonlinear

synchrony between EEG-EEG, EOG-EOG, and EEG-EOG channel pairs.
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Transfer Entropy (TE) Transfer entropy extends mutual information by quan-
tifying directed information flow between time series. For two processes X and Y,

the transfer entropy from X to Y is defined as

(k) (1)
p y T
Tx_y = Zp(ytﬂ,yfk),xgl))log e | 0 (k)t >7 (6.3)
Py | y)

where yt(k) and xil) denote the past k and [ observations of Y and X, respectively.

TE therefore measures how much knowledge of the past of X reduces uncertainty
about the future of Y, beyond what is already explained by the past of Y alone.

In this work, TE is used to evaluate whether directional neural-ocular interac-
tions provide additional predictive information beyond the symmetric dependencies
captured by MI.

Figure illustrates the computation and interpretation of MI and TE. MI
measures symmetric shared information, whereas TE determines whether the past
of one signal provides additional information about the future of another signal
beyond that contained in the target signal’s own past.

As shown in the left panel of Figure[6.1], MI is symmetric and therefore indicates
the strength of statistical coupling without identifying which modality leads the
interaction. In contrast, the right panel shows that TE conditions on the target
signal’s own history and measures the additional reduction in uncertainty obtained
from the source signal’s past. Consequently, EEG—EOG and EOG—EEG TE were

computed separately.

6.3.3 Fusion Strategies

Multimodal fusion refers to the integration of information from two or more modal-
ities to obtain a representation or decision that is more informative than that pro-
vided by either modality independently. Fusion approaches are commonly cate-
gorised according to the stage at which integration occurs. Early, or feature-level,

fusion combines features from the modalities before classification. Intermediate fu-
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Figure 6.1: Computation and interpretation of mutual information (MI) and transfer
entropy (TE). The left panel shows that MI quantifies symmetric shared information
between paired EEG and EOG observations using their joint and marginal distribu-
tions. The right panel shows that TE quantifies directional predictive information
by comparing prediction of the target signal’s future from its own history with pre-
diction using both the target and source histories.

sion learns a joint representation within the model, while late, or decision-level,
fusion combines the outputs of separately trained modality-specific models. Hybrid
approaches may combine information at more than one of these stages. In this thesis,
early and late fusion were selected to compare direct joint feature modelling with the

combination of modality-specific predictions.Two fusion strategies were considered.

Early Fusion In early fusion, EEG, EOG, and MI-based cross-modal features
were concatenated into a single representation prior to classification. This allows

the classifier to model shared structure directly at the feature level.

Late Fusion In late fusion, separate unimodal classifiers were trained for EEG
and EOG. Their probabilistic outputs were then combined using averaging or logistic
stacking. This maintains modality-specific models and only combines decisions at
the output level.

The comparison between early and late fusion was included to determine whether

the predictive gain arises from explicit joint representation learning or simply from
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aggregating unimodal decisions.

6.3.4 Classifier

All experiments used a Light Gradient Boosting Machine (LightGBM) classifier
[184]. LightGBM is a gradient-boosted decision tree algorithm that constructs an
ensemble of weak learners to model nonlinear relationships efficiently in tabular
data. This model was selected for three reasons. First, it is suitable for tabu-
lar biomedical features with nonlinear interactions. Second, it performs well under
class imbalance. Third, Light GBM supports post-hoc interpretation using SHap-
ley Additive exPlanations (SHAP) |185]. SHAP assigns each feature a contribution
value for an individual prediction using principles derived from cooperative game
theory. Positive and negative SHAP values indicate whether a feature increases
or decreases the model output relative to its baseline prediction, while aggregated
absolute SHAP values provide an estimate of global feature importance. Hyperpa-

rameters were tuned using nested cross-validation within the training data.

6.3.5 Statistical Analysis

Performance was evaluated using accuracy, sensitivity, specificity, precision, F1-

score, AUC-ROC, and AUC-PR. Model comparison used nonparametric statistics:
e the Friedman test for overall multi-model comparison;

e the Wilcoxon signed-rank test for pairwise model comparison with Bonferroni

correction; and
e Cohen’s d for effect-size estimation.

This procedure was chosen because LOSO results are paired across subjects and
may not satisfy normality assumptions.

The overall experimental design adopted throughout this work is illustrated
in Fig. [6.2] highlighting the progressive integration of unimodal, multimodal, and

information-theoretic modelling stages under a unified evaluation framework.
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Experimental Stages and Study Design:
Systematic Methodology for Microsleep Prediction
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Figure 6.2: Experimental stages and study design for microsleep prediction. The
framework progresses from unimodal baselines to intra-modal mutual information
augmentation, multimodal fusion strategies, transfer entropy integration, and statis-
tical validation, while maintaining a consistent Light GBM classifier across all stages.

6.3.6 Experimental Design
The study was organised into five stages:

1. Stage 1: Unimodal baselines. EEG-only and EOG-only models were

trained independently.

2. Stage 2: MlI-enhanced unimodal models. Intra-modal MI features were

added within EEG and EOG.

3. Stage 3: Fusion architectures. Early fusion, late fusion, and MI-based
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Table 6.1: Stage 1: Unimodal baselines under LOSO validation (mean + standard
deviation).

Metric EEG EOG

Accuracy 0.82 £ 0.15 0.68 4+ 0.13
Sensitivity 0.14 £+ 0.15 0.68 + 0.24
Specificity  0.97 + 0.06 0.63 4+ 0.17

cross-modal fusion were compared.

4. Stage 4: TE augmentation. Transfer entropy features were added to test

directional interaction effects.

5. Stage 5: Statistical validation. All configurations were compared using

Friedman and Wilcoxon tests with effect sizes.

This staged design makes it possible to attribute any performance gains to a spe-
cific methodological component rather than to a simultaneous change in architecture

and feature space.

6.4 Results

6.4.1 Stage 1: Unimodal Baselines

Table [6.1] summarises the LOSO results for the unimodal EEG and EOG classifiers.
The EEG model achieved higher overall accuracy and very high specificity, but low
sensitivity. This indicates that EEG alone behaved conservatively under subject-
independent evaluation, identifying non-microsleep states reliably but missing many
positive events.

The EOG model showed the opposite tendency. It achieved lower overall ac-
curacy and specificity but substantially higher sensitivity, suggesting that ocular
dynamics are more reactive to the microsleep transition. These complementary
detection profiles provide a clear rationale for multimodal integration.

The interpretation of this is that EEG alone is stable and conservative, whereas

EOG is more event-sensitive. This contrast suggests that each modality captures a
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Table 6.2: Stage 2: Effect of intra-modal MI features on unimodal models.

Model AF1  AAUCpr ASensitivity  p-value
EEG + MI  4+0.00  40.02 —-0.04 0.049*
EOG + MI +0.31  +0.40 +0.63 <0.0017*%*

different aspect of the microsleep process and provides motivation for multimodal

fusion.

6.4.2 Stage 2: MI-Enhanced Unimodal Models

Mutual information features were then added within each modality to test whether
nonlinear dependencies improved prediction. As shown in Table [6.2] MI augmenta-
tion improved both modalities, although the effect was more pronounced for EOG.

For EOG, MI substantially increased AUC-PR and sensitivity, indicating im-
proved detection of the positive class under imbalance. For EEG, the gains were
smaller and the effect on sensitivity was slightly negative, consistent with the already
conservative behaviour of the EEG baseline. Figure[6.3|shows the subject-wise com-
parison between the baseline EOG model and the EOG+MI model, while Figure[6.4
summarises the improvement patterns across both modalities.

The interpretation of this is that MI features improve robustness by introducing
nonlinear dependency structure within the modality, particularly in EOG where

blink and eye-movement coordination appear strongly informative.

6.4.3 Stage 3: Fusion Architectures

Table [6.3] compares the principal fusion configurations. Both early and late fusion
improved markedly over the unimodal baselines, but early fusion with cross-modal
MI achieved the best overall balance. Specifically, Farly Fusion (MI Cross) achieved
an Fl-score of 0.73 and an AUC-PR of 0.81, with sensitivity of 0.70 and specificity
of 0.80. Late fusion produced similar but slightly lower values.

These results indicate that the main gain is not simply from combining two pre-

dictions after the fact, but from explicitly modelling shared neural-ocular structure
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Figure 6.3: Comparison of baseline EOG and EOG+MI models under LOSO val-
idation. Boxplots show subject-wise distributions for accuracy, AUCroc, AUCpg,
sensitivity, and specificity.

Table 6.3: Stage 3: Fusion models under LOSO evaluation.

Model ACC F1 SEN SPEC
EEG 082 0.18 039 014 097
EOG 0.68 037 0.34 0.68 0.63
Early Fusion (MI Intra) 0.74 0.73 081 0.68  0.80
Early Fusion (MI Cross) 0.75 0.73 0.81 0.70 0.80
Late Fusion (avg) 074 073 080 070 0.79

at the feature level. Figure [6.5/shows the metric distributions across the evaluated

fusion architectures.

Based on these results, Early Fusion (MI Cross) was selected as the best-performing

configuration.

6.4.4 Feature Importance Analysis

To further investigate the interpretability of the selected multimodal model, fea-

ture importance analysis was performed using the gain-based importance scores

produced by the best-performing Light GBM Early Fusion (MI Cross) model. Fig-
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Figure 6.4: Stage 1-2 results: unimodal baselines and MI-enhanced models. MI
improves both modalities, with the clearest effect observed for EOG sensitivity and
AUCpg.

ure presents the highest-ranked features averaged across LOSO folds.

The results show that ocular dynamics contributed strongly to microsleep pre-
diction. In particular, saccade rate was the most important feature, followed by
EOG spectral activity and saccade-velocity measures. This indicates that ocular
behaviour provides highly informative markers of the pre-microsleep transition. Sev-
eral EEG nonlinear features from the occipital channels also appeared among the
highest-ranked predictors, suggesting that cortical signal complexity remains impor-

tant for distinguishing pre-microsleep states.

Importantly, cross-modal mutual-information features also appeared among the
top-ranked predictors, including EEG-EOG MI coupling measures. This supports
the interpretation that nonlinear neural-ocular synchrony contributes meaningful

predictive information before microsleep onset. The feature importance analysis
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Figure 6.5: Stage 3 results: fusion architectures. Early fusion with cross-modal MI
provides the strongest balance between sensitivity and specificity and the highest

AUCpg.

therefore provides additional support for the observed improvement of multimodal
fusion over unimodal baselines and reinforces the interpretability of the proposed

information-theoretic fusion framework.

6.4.5 Stage 4: Transfer Entropy Augmentation

Transfer entropy features were then added to test whether directional interactions
improved prediction beyond symmetric MI-based coupling. A total of 40 TE features
were added, increasing the feature count from 71 to 111. As shown in Table
none of the evaluated metrics improved significantly, and the average performance
changed only marginally, with a slight decline overall.

This suggests that the relevant multimodal structure at the 2-second prediction
horizon is not primarily directional. Instead, microsleep-related EEG-EOG inter-
action appears to be better represented as synchronous co-modulation. Figure
shows the subject-wise comparison between MI Cross and MI+TE.
Interpretation: At the studied horizon, multimodal microsleep prediction is better

explained by bidirectional synchrony than by directional influence.

107



Top Feature Importances for Early Fusion MI Cross Model
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Figure 6.6: Top feature importance scores for the best-performing Early Fusion
(MI Cross) LightGBM model. Importance values correspond to mean Light GBM
gain importance across LOSO folds, with error bars indicating variability across
folds. Ocular features, EEG nonlinear features, and EEG-EOG mutual-information
features all contribute to the selected multimodal prediction model.

6.4.6 Stage 5: Statistical Validation

The Friedman test showed statistically significant differences across models for mul-
tiple metrics, including accuracy, sensitivity, specificity, and AUC-PR. Subsequent
Wilcoxon tests showed that Early Fusion (MI Cross) significantly outperformed the
unimodal baselines and the late-fusion alternatives, with corrected p-values below
0.005 in the main comparisons. Reported effect sizes were large, indicating that the

differences were not only statistically detectable but also practically meaningful.

Figure presents a multi-metric radar-style comparison of the main models

and illustrates the balanced profile of the selected multimodal configuration.
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Table 6.4: Stage 4: Comparison between the selected MI Cross model and the TE-

augmented model.

Metric

MI Cross MI+TE

p-value

F1
Sensitivity
Specificity
Accuracy

0.81
0.73
0.70
0.80
0.75

0.80
0.71
0.69
0.79
0.74
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(p=0.9042 n.s., Winner: MI-Cross)

08

08

F1

04

ACCURACY

02

0.4 «© 0.0
MI-Cross MI+TE
(71 feat) (111 feat)
AUC_PR
{p=0.9423 n.s., Winner: MI-Cross)

o
@

SENSITIVITY
=
=

o
~

0.0

Mi-Cross MI+TE
(71 feat) (111 feat)

(p=0.8059 n.s., Winner: MI-Cross)

MI-Cross
(71 feat)

(p=0.4299 n.s., Winner: MI-Cross)

Mi-Cross
(71 feat)

F1

AUC_ROC
(p=0.9495 n.s., Winner: MI-Cross)

SENSITIVITY

MI+TE
(111 feat)

®0
©

MI+TE
(111 feat)

MI-Cross MI+TE
(71 feat) (111 feat)

SPECIFICITY
(p=0.8316 n.s., Winner: MI-Cross)

0.6

SPECIFICITY

0.4

0.2 °

Mi-Cross MI+TE
(71 feat) (111 feat)

Figure 6.7: Stage 4 results: transfer entropy augmentation. Adding TE increased
the feature count without improving predictive performance.

6.5 Discussion

6.5.1 Value of Multimodal Neural-Ocular Fusion

The main finding of this chapter is that multimodal EEG-EOG fusion improves

microsleep prediction under subject-independent evaluation when cross-modal de-

pendencies are modeled explicitly. The unimodal baselines showed complementary

strengths: EEG alone was highly specific but insufficiently sensitive, whereas EOG

alone was more sensitive but less specific. This complementarity is important be-

cause it indicates that each modality captures a different component of the pre-
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Figure 6.8: Stage 5 results: statistical comparisons across the principal models.
Early Fusion (MI Cross) outperformed the unimodal and late-fusion baselines across
the main evaluation metrics.

microsleep state.

The best results were achieved when those complementary signals were fused
at the feature level using mutual information descriptors. This suggests that the
predictive gain arises from the joint structure of neural and ocular activity rather
than from the simple coexistence of two separate information sources. In other
words, it is not only what EEG and EOG individually contain that matters, but

also how they vary together before onset.

Chapter [5|addressed the challenge of preserving temporal resolution within EEG-
based forecasting. The present chapter builds on that contribution by showing that,

even with improved temporal modelling, additional predictive benefit can be ob-
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tained from multimodal coupling. The two chapters therefore answer different parts
of the broader problem. Chapter [5| improved the temporal representation of EEG
features, while Chapter [6] improved the physiological representation by integrating

neural and ocular information.

Taken together, these findings indicate that microsleep prediction performance
depends on both dimensions: temporal structure and modality interaction. This
provides a stronger foundation for later work on sample-efficient learning, where the
question becomes how to make use of these richer representations without requiring

exhaustive annotation.

6.5.2 Interpretation of MI and TE Findings

A central methodological question in this chapter was whether multimodal interac-
tion is best represented by shared dependence or by directed influence. The results
favoured the former. MI-based fusion consistently improved performance, whereas

TE augmentation did not provide additional benefit.

This outcome suggests that the physiological transition into microsleep is char-
acterised more by synchronous co-modulation than by a stable directional pathway
from one modality to the other. In practical terms, cortical slowing and ocular
behaviour appear to evolve together in the short pre-onset window, without a direc-
tional interaction pattern that is sufficiently consistent across subjects to improve

prediction.

This interpretation also explains why the TE feature expansion may have in-
troduced redundancy. Increasing feature dimensionality does not help if the added
variables do not correspond to a stable discriminative pattern. Under LOSO vali-
dation, this is especially important because subject-independent generalisation pe-

nalises representations that overfit subject-specific interaction structures.
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6.5.3 Methodological Implications

The study also provides methodological guidance for multimodal vigilance monitor-
ing. First, feature-level early fusion is preferable to late decision fusion for this task,
because it allows the model to use shared neural-ocular representations directly.
Second, information-theoretic features can offer an interpretable alternative to less
transparent multimodal deep architectures, particularly when the feature space is
structured around known physiology. Third, subject-independent validation is es-
sential. Many multimodal gains appear larger under subject-dependent settings, but
the present results show that meaningful improvement can still be obtained under

stricter LOSO evaluation.

6.6 Chapter Summary

This chapter addressed the third research question by investigating whether mi-
crosleep prediction can be improved through multimodal fusion of EEG and EOG.
Using the MW'T dataset under leave-one-subject-out evaluation, the chapter com-
pared unimodal baselines, MI-enhanced unimodal models, feature-level and decision-
level fusion architectures, and TE-augmented multimodal models.

The results showed that EEG and EOG provide complementary predictive in-
formation. EEG alone was highly specific but insensitive, whereas EOG alone was
more sensitive but less specific. Mutual information features improved both modal-
ities, with the clearest gains observed in EOG. The best overall performance was
obtained with early fusion using cross-modal MI, which achieved the strongest bal-
ance across Fl-score, sensitivity, specificity, and AUC-PR. Transfer entropy did not
provide additional benefit, suggesting that the relevant pre-microsleep interaction is
dominated by bidirectional synchrony rather than directed influence.

In relation to the previous chapter, these findings extend the thesis from temporal
EEG modelling to multimodal physiological integration. The results demonstrate

that richer multimodal representations can improve microsleep prediction perfor-
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mance, but they also increase the importance of efficient use of labelled data. This
practical consideration motivates the investigation of active learning strategies pre-

sented in Chapter [7}
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Chapter 7

Active Learning for Label-Efficient

Forecasting

7.1 Introduction

Having established a suitable feature representation, temporal structure, and mul-
timodal integration strategy, the next practical question concerns annotation effi-
ciency. The earlier chapters assumed that sufficiently large labelled datasets were
available for model training and evaluation. In practice, however, the annotation of
EEG and EOG recordings is labour-intensive, requires expert review, and becomes
particularly costly when transitions between wakefulness, drowsiness, and microsleep
are subtle. This creates a mismatch between the abundance of physiological record-

ings and the comparatively limited availability of verified labels.

This chapter addresses this by investigating active learning for multimodal mi-
crosleep forecasting. Active learning is a machine learning paradigm in which a
model iteratively selects the most informative unlabeled samples for expert anno-
tation. The goal is to maximise predictive performance while minimising labelling
effort. Rather than treating all unlabeled samples as equally valuable, active learning
seeks to select only those instances that are expected to provide the greatest im-

provement to the predictive model. In the present setting, this is especially relevant
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because the forecasting task is imbalanced, physiologically variable across subjects,

and evaluated under a strict leave-one-subject-out protocol.

A further motivation for this chapter arises directly from the multimodal findings
of Chapter [6} If EEG and EOG capture complementary aspects of the transition
into microsleep, then disagreement between the two modalities may itself provide
information about which samples are ambiguous, informative, or close to the decision
boundary. This suggests that multimodal disagreement can potentially be used not

only for prediction, but also for label acquisition.

The central aim of this chapter is therefore to determine whether multimodal mi-
crosleep forecasting can be trained efficiently under limited supervision, and whether

multimodal disagreement can be used as an interpretable acquisition mechanism.

7.2 Research Question and Chapter Scope

This chapter addresses the following research question:

RQ4: Can active learning reduce expert labelling requirements for multi-
modal microsleep forecasting while maintaining predictive performance,

and can multimodal disagreement improve sample selection?

To address this question, the chapter has four objectives. First, it establishes a
label-efficiency benchmark for multimodal microsleep forecasting using the best-
performing model from Chapter [0] as a fully supervised reference. Second, it com-
pares standard pool-based active learning strategies under subject-independent eval-
uation. Third, it introduces an interpretable multimodal disagreement-driven active
learning method tailored to EEG-EOG fusion. Fourth, it analyses the contribution
of each component of the proposed acquisition score through statistical comparison
and ablation. In this way, the chapter extends the thesis from prediction perfor-

mance alone toward training efficiency and practical deployment.
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7.3 Methodology

7.3.1 Baseline Model

The active learning experiments in this chapter build directly on the strongest mul-
timodal configuration identified in Chapter [0 namely the Early Fusion (MI Cross)
Light GBM model. In that chapter, this model achieved the best subject-independent
performance under leave-one-subject-out validation by combining EEG and EOG
features with cross-modal mutual information descriptors. The role of the present
chapter is not to redesign the predictive architecture, but to investigate how effi-
ciently that architecture can be trained when only a limited subset of samples is

labelled.

Using the same multimodal forecasting model throughout the experiments en-
sures that differences in performance can be attributed to the acquisition strategy

rather than to changes in the representation or classifier.

7.3.2 Dataset and Forecasting Protocol

The experiments use the Maintenance of Wakefulness Test dataset introduced earlier
in the thesis. As in Chapter [0, the signals are segmented into 1-second windows
with a stride of 0.5 seconds, and the labels are shifted forward to construct two
short-horizon forecasting tasks: 1.0-second-ahead prediction and 2.0-second-ahead
prediction. Labels corresponding to microsleep episode, microsleep candidate, and
drowsiness are grouped into the positive class, while wakefulness forms the negative

class.

Evaluation follows a strict leave-one-subject-out protocol. In each fold, one sub-
ject is reserved entirely for testing and all remaining subjects form the training pool.
This setting is intentionally demanding, as it tests whether an acquisition strategy
remains effective under subject-independent generalisation rather than benefiting

from subject-specific calibration.
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7.3.3 Feature Representation

The same multimodal feature set developed in Chapter [0]is used here. Each sample is
represented by 71 features. These include 21 EEG-derived features, 38 EOG-derived
features, and 12 cross-modal mutual information descriptors. Transfer entropy fea-
tures are not used, since the preceding chapter showed that they did not produce a
statistically meaningful improvement in predictive performance. Fixing the feature
representation across all experiments allows the present chapter to focus specifically

on the label-selection problem.

7.3.4 Active Learning Framework

Within each LOSO fold, the training pool is initially treated as unlabeled except for a
small balanced seed set, corresponding to approximately 1% of the available training
samples. The model is trained on this seed set and then updated iteratively as
additional samples are selected for annotation according to a chosen active learning

strategy.

The labelling budgets considered in this chapter are

B ={1%,2%, 5%, 10%, 20%, 40%, 60%, 80%, 100%}.

For each budget level b € B, the number of labeled samples is computed as

np = max (20, [ b Nigain] ) , (7.1)

where Nipai, denotes the size of the training pool in the corresponding LOSO
fold. Performance is evaluated at every budget for both forecasting horizons.

The overall workflow is illustrated in Figure. [7.I] After multimodal feature
extraction and LOSO splitting, labels are hidden in the training pool, candidate
samples are queried according to the selected acquisition strategy, the early-fusion

Light GBM model is retrained, and performance is evaluated on the held-out subject.
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Figure 7.1: Overview of the active learning pipeline under leave-one-subject-out val-
idation. Labels are hidden in the training pool and progressively revealed according
to the acquisition strategy before retraining and evaluation on the held-out subject.

7.3.5 Standard Query Strategies

Four pool-based benchmark strategies are considered. Random sampling provides
a passive baseline by selecting unlabeled samples uniformly. Uncertainty sampling
selects instances with maximum predictive entropy, thereby prioritising points close
to the decision boundary. Diversity sampling seeks to cover the feature space more
broadly by selecting samples that are maximally dissimilar to previously chosen
Query-by-Committee estimates informativeness through disagreement

mstances.

among multiple Light GBM models with different hyperparameter settings.

These strategies are included because they represent common acquisition prin-
ciples in active learning: randomness, uncertainty, representativeness, and model

disagreement.
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7.3.6 Proposed Multimodal Disagreement Active Learning

To exploit the multimodal structure of the forecasting problem, this chapter intro-
duces Multimodal Disagreement Active Learning (MD-AL). The method is moti-
vated by the observation that EEG and EOG may disagree most strongly on sam-
ples that correspond to transitional states, ambiguous evidence, or difficult decision
regions. Such samples are plausible candidates for annotation because they may

provide more information than samples on which all views already agree.

For each unlabeled sample z, three probability estimates are computed: pgpe(z)
from an EEG-only model, ppoc(z) from an EOG-only model, and prysion(z) from
the multimodal early-fusion model. These probabilities correspond to the positive-
class posterior probabilities predicted by the respective LightGBM models. The

acquisition score is then defined as

S(fﬂ) = |pEEG (33') - pEOG(l’)’ 4pfusion(x) (1 - pfusion(x)) (05 + pfusion(x)) 5 (72)

The first factor measures cross-modal disagreement. The second is a normalised
boundary term that peaks when the fusion model is maximally uncertain. The
third introduces a small rare-event bias so that likely microsleep samples are slightly
favoured in the presence of class imbalance. The design is intentionally transpar-
ent: each term corresponds to a concept that can be interpreted physiologically or

statistically.

Separate unimodal and multimodal models produce probability estimates which
are combined into an interpretable query score. After ranking the unlabeled pool,
a diversity filter based on feature-space distance is applied to reduce redundancy

within each acquisition batch.
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7.3.7 Ablation Design

To determine whether each component of the acquisition score is necessary, an ab-
lation study is conducted using three variants: disagreement only, disagreement
plus boundary-awareness, and the full MD-AL score. All other components of the
pipeline remain unchanged. This makes it possible to analyse whether the gains of
the proposed method arise from multimodal disagreement alone or from the interac-

tion between disagreement, boundary uncertainty, and minority-event prioritisation.

7.3.8 Evaluation Metrics and Statistical Analysis

Performance is evaluated primarily using AUC-PR, since the forecasting task is
imbalanced and the positive class is the operationally relevant target. AUC-ROC,
Fl-score, and recall at 90% specificity are also reported where relevant.

To assess statistical significance, Wilcoxon signed-rank tests are used to compare
each active learning method against the fully supervised baseline under the one-sided
alternative that active learning performance is lower. Friedman tests are then used to
compare rankings across active learning strategies at matched budgets. This analysis
is intended to distinguish between small numerical differences and differences that

are statistically meaningful under the LOSO folds.

7.4 Results

7.4.1 Learning Curves Including the Proposed Method

The behaviour of the proposed MD-AL strategy is first examined in relation to the
benchmark methods and the fully supervised baseline. Figure shows the active
learning curves for the 1.0-second forecasting horizon, and Fig. shows the same
comparison for the 2.0-second horizon.

At both horizons, performance rises sharply from the initial seed set and ap-

proaches the fully supervised baseline at relatively low labelling budgets. The most
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Active Learning Learning Curves — 1.0s ahead
(* MD-AL Disagreement is our proposed method)
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Figure 7.2: Active-learning performance for the 1.0s prediction horizon as the per-
centage of labelled training data increases. The horizontal axis represents the la-
belling budget, and the vertical axis reports AUC-PR, for which higher values in-
dicate better performance. The orange dashed line denotes the fully supervised
early-fusion baseline obtained using 100% labelled data. The horizontal dotted lines
denote 90% and 95% of the baseline performance. The red curve represents the
proposed MD—-AL disagreement strategy, while the remaining curves represent Ran-
dom, Uncertainty, Diversity, and Committee sampling.

noticeable improvement occurs between the smallest budgets, after which the learn-
ing curves flatten. This indicates that the majority of the decision structure can
be recovered using only a small fraction of the available labels. The corresponding
plots show that MD-AL remains close to the strongest benchmark methods across
the budget range and converges near the fully supervised early-fusion baseline. For
the 1.0-second task, MD-AL follows a smooth and stable trajectory and ends with
one of the strongest final AUC-PR values. For the 2.0-second task, the same gen-
eral pattern holds. This suggests that multimodal disagreement provides a viable
acquisition signal not only at a single forecast horizon, but across the short-horizon

forecasting setting examined in this thesis.
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Active Learning Learning Curves — 2.0s ahead
(* MD-AL Disagreement is our proposed method)
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Figure 7.3: Active-learning performance for the 2.0s prediction horizon as the per-
centage of labelled training data increases. The horizontal axis represents the la-
belling budget, and the vertical axis reports AUC-PR, for which higher values in-
dicate better performance. The orange dashed line denotes the fully supervised
early-fusion baseline obtained using 100% labelled data, while the horizontal dot-
ted lines indicate 90% and 95% of its performance. The red curve represents the
proposed MD-AL disagreement strategy, and the remaining curves represent Ran-
dom, Uncertainty, Diversity, and Committee sampling. Performance improves most
strongly at the lowest labelling budgets, after which the methods largely converge
towards the fully supervised baseline. MD—AL remains competitive across the eval-
uated budgets and slightly exceeds the baseline at the larger budgets, although no
strategy is uniformly superior across the complete budget range.

7.4.2 Label-Efficiency Including the Proposed Method

The same behaviour is seen more explicitly in the efficiency plots of Figure. [7.4] and
Fig. These figures summarise the minimum labelling budget needed to reach
90%, 95%, and 100% of the fully supervised baseline.

Across both horizons, approximately 90% of baseline performance is reached
with about 1% labeled data, and approximately 95% of baseline performance is
reached with only 1-2% labeled data. The practical implication is that most of the
forecasting capability can be retained with a very small annotation budget. At the
stricter target of matching 100% of the fully supervised baseline, higher budgets

are required, and the relative ordering of strategies becomes more apparent. In the
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Figure 7.4: Minimum labelling budget required by each acquisition strategy to reach
90%, 95%, and 100% of the fully supervised early-fusion baseline for the 1.0s pre-
diction horizon. The horizontal axis shows the target proportion of baseline perfor-
mance, while the vertical axis shows the percentage of labelled data required; there-
fore, lower bars indicate greater label efficiency. All strategies reach 90% of baseline
performance with 1% labelled data. At the 95% target, Random sampling requires
2%, whereas the remaining strategies, including the proposed MD—AL method, re-
quire 1%. Recovering 100% of the baseline is substantially more demanding: Ran-
dom requires 40%, Committee sampling requires 80%, and Uncertainty, Diversity,
and MD-AL require the full labelling budget. The red dashed line indicates the
100% labelling level.

1.0-second task, MD-AL requires a larger budget than the Query-by-Committee and
Random sampling strategies to match the baseline exactly, whereas in the 2.0-second
task it reaches full baseline performance with a budget comparable to Random and

Uncertainty but higher than Committee.

7.4.3 Final Performance Including the Proposed Method

At full labelling budget, the differences between methods become small. Figures
and[7.7] compare the final AUC-PR values of the benchmark strategies, the proposed
MD-AL method, and the fully supervised early-fusion baseline.

For the 1.0-second horizon, MD-AL achieves one of the highest final AUC-PR
values and is numerically very close to the fully supervised baseline. For the 2.0-

second horizon, MD-AL again reaches a near-highest final value. These plots show
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Figure 7.5: Minimum labelling budget required by each acquisition strategy to reach
90%, 95%, and 100% of the fully supervised early-fusion baseline for the 2.0s pre-
diction horizon. The horizontal axis shows the target proportion of baseline per-
formance, while the vertical axis shows the percentage of labelled data required;
therefore, lower bars indicate greater label efficiency. All strategies reach 90% of
baseline performance with only 1% labelled data. At the 95% target, Random sam-
pling requires 2%, whereas the remaining strategies, including the proposed MD-—
AL method, require 1%. Recovering 100% of baseline performance requires larger
and more strategy-dependent budgets: Committee sampling requires 20%, Random,
Uncertainty, and MD-AL each require 60%, and Diversity requires the full 100% la-
belling budget. The red dashed line indicates the full-labelling level.

that the proposed acquisition strategy is competitive with the strongest standard

methods.

7.4.4 Benchmark Strategy Behaviour

To contextualise the proposed method, the benchmark strategies are examined sep-
arately. Figures and show the learning curves for Random, Uncertainty,
Diversity, and Committee sampling relative to the fully supervised baseline.

At the 1.0-second horizon, all benchmark strategies approach the baseline by
approximately 20% labelling. Random and Committee track the baseline closely
beyond that point, whereas Uncertainty and Diversity converge more slowly. At the
2.0-second horizon, Committee sampling reaches baseline-level performance with

lower budgets than the other standard methods, while Diversity remains less effi-
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Final Performance (100% Budget) — 1.0s ahead
(x MD-AL Disagreement = proposed method, shown in red)
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Figure 7.6: Final AUC-PR performance at the 100% labelling budget for the 1.0s
prediction horizon. Bars show the mean performance of Random, Uncertainty, Di-
versity, Committee, and the proposed MD-AL disagreement strategies, together
with the fully supervised early-fusion reference model; error bars indicate perfor-
mance variability. The orange dashed line marks the early-fusion baseline value of
0.7580. MD-AL achieves the highest numerical mean AUC-PR (0.7590), followed
closely by Random (0.7588), Committee (0.7584), and Uncertainty (0.7582), while
Diversity obtains 0.7502. The substantial overlap between the error bars and the
very small differences between the mean values indicate broadly comparable per-
formance; therefore, the marginal numerical advantage of MD—AL should not be
interpreted as evidence of clear statistical superiority.

cient.

These plots are useful because they show that the relative strength of a query
strategy is most visible at moderate budgets. Once the budget becomes large
enough, all methods converge to nearly the same endpoint, and the main differ-

ence lies in how quickly they get there.

The corresponding efficiency summaries are shown in Fig. and Fig.
These figures indicate that very small budgets are sufficient to recover a large pro-
portion of baseline performance, and that full baseline performance can sometimes
be reached far below 100% labelling. In particular, Committee sampling reaches
the full baseline at 20% labelling for the 2.0-second task, while Random reaches it
at 40% labelling for the 1.0-second task. This confirms that large-scale exhaustive

annotation is not necessary under the current multimodal representation.
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Final Performance (100% Budget) — 2.0s ahead
(x MD-AL Disagreement = proposed method, shown in red)
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Figure 7.7: Final AUC-PR performance at the 100% labelling budget for the 2.0s
prediction horizon. Bars show the mean performance of Random, Uncertainty, Di-
versity, Committee, and the proposed MD-AL disagreement strategies, together
with the fully supervised early-fusion reference model; error bars indicate perfor-
mance variability. The orange dashed line marks the early-fusion baseline value of
0.7580. Random sampling achieves the highest numerical mean AUC-PR, (0.7619),
followed closely by MD-AL (0.7617), Committee (0.7614), and Uncertainty (0.7610).
Diversity achieves 0.7559, slightly below the reference baseline. The extensive over-
lap between the error bars and the small differences between the mean values indicate
broadly comparable performance; consequently, the numerical differences should not
be interpreted as evidence that any strategy is statistically superior.

The numerical comparison at reduced budgets is summarised in Table At
20% labelling and 1.0-second prediction, Random reaches an AUC-PR of 0.7574,
which is numerically almost identical to the baseline value of 0.7580. At the 2.0-
second horizon, Committee achieves 0.7593 at 20% labelling, which is slightly above
the baseline mean numerically. These values are best interpreted as evidence that
some acquisition strategies can recover the baseline very closely with modest la-
belling budgets rather than as evidence that active learning systematically improves

on full supervision.

7.4.5 Statistical Validation

To test whether the observed differences at reduced budgets are statistically mean-

ingful, Wilcoxon signed-rank tests were performed at the 20% labelling level for the
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Figure 7.8: AUC-PR as a function of the percentage of labelled training data for the
benchmark active-learning strategies at the 1.0s prediction horizon. The horizontal
axis represents the labelling budget, and the vertical axis reports AUC-PR, for
which higher values indicate better performance. The orange dashed line denotes
the fully supervised early-fusion baseline, while the horizontal dotted lines indicate
90% and 95% of baseline performance. All strategies exceed the 95% reference level
at very small labelling budgets and improve rapidly up to approximately 10-20%
labelled data. Random sampling briefly exceeds the baseline at an intermediate
budget, whereas Random, Uncertainty, and Committee sampling converge towards
the baseline as the budget increases. Diversity sampling remains slightly below the
other strategies at the largest budgets.

127



Active Learning vs Early Fusion Baseline — 2.0s ahead
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Figure 7.9: AUC-PR as a function of the percentage of labelled training data for the
benchmark active-learning strategies at the 2.0s prediction horizon. The horizontal
axis represents the labelling budget, and the vertical axis reports AUC-PR, for
which higher values indicate better performance. The orange dashed line denotes
the fully supervised early-fusion baseline, while the horizontal dotted lines indicate
90% and 95% of baseline performance. All strategies exceed the 95% reference level
at very small labelling budgets and improve most strongly within the first 10-20% of
labelled data. Committee sampling provides the highest numerical performance at
several intermediate budgets and slightly exceeds the baseline from approximately
20% onwards. Random and Uncertainty sampling recover gradually and converge
with Committee sampling at the largest budgets, while Diversity remains marginally
below the other strategies.
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Figure 7.10: Minimum labelling budget required by the benchmark acquisition
strategies to reach 90%, 95%, and 100% of the fully supervised early-fusion baseline
for the 1.0s prediction horizon. The horizontal axis shows the target proportion of
baseline performance, while the vertical axis shows the percentage of labelled data
required; therefore, lower bars indicate greater label efficiency. All strategies reach
90% of baseline performance with only 1% labelled data. At the 95% target, Ran-
dom sampling requires 2%, whereas Uncertainty, Diversity, and Committee sampling
require 1%. Recovering 100% of the baseline is considerably more demanding: Ran-
dom requires 40%, Committee requires 80%, and Uncertainty and Diversity require
the full 100% labelling budget. The red dashed line indicates the full-labelling level.
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Labeling Efficiency — 2.0s ahead
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Figure 7.11: Minimum labelling budget required by the benchmark acquisition
strategies to reach 90%, 95%, and 100% of the fully supervised early-fusion baseline
for the 2.0s prediction horizon. The horizontal axis shows the target proportion
of baseline performance, while the vertical axis shows the percentage of labelled
data required; therefore, lower bars indicate greater label efficiency. All strategies
reach 90% of baseline performance with only 1% labelled data. At the 95% tar-
get, Random sampling requires 2%, whereas Uncertainty, Diversity, and Committee
sampling require 1%. Recovering 100% of the baseline requires substantially larger
and strategy-dependent budgets: Committee sampling requires only 20%, Random
and Uncertainty require 60%, and Diversity requires the full 100% labelling budget.
The red dashed line indicates the full-labelling level.
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Table 7.1: Performance summary at 10% and 20% labelling budgets for both fore-
casting horizons.

Horizon Method Budget AUC-PR AUC-ROC F1 Recall@90%Spec
Early Fusion 100% 0.7580 0.7377 0.6971 0.4226
Random 10% 0.7446 0.7245 0.6572 0.3988
Random 20% 0.7574 0.7374 0.6723 0.4228
Uncertainty — 10% 0.7388 0.7149 0.6692 0.3801

1.0s Uncertainty — 20% 0.7458 0.7233 0.6752 0.4015
Diversity 10% 0.7465 0.7247 0.6725 0.3960
Diversity 20% 0.7493 0.7277 0.6729 0.4024
Committee 10% 0.7481 0.7283 0.6638 0.3939
Committee 20% 0.7502 0.7291 0.6723 0.4088
Early Fusion 100% 0.7580 0.7377 0.6971 0.4226
Random 10% 0.7478 0.7192 0.6615 0.3899
Random 20% 0.7560 0.7232 0.6636 0.4072
Uncertainty  10% 0.7488 0.7203 0.6642 0.3773

2.0s Uncertainty — 20% 0.7457 0.7116 0.6683 0.3874
Diversity 10% 0.7442 0.7119 0.6662 0.3871
Diversity 20% 0.7536 0.7210 0.6719 0.3949
Committee 10% 0.7532 0.7280 0.6650 0.4026
Committee 20% 0.7593 0.7351 0.6699 0.3972

Table 7.2: Wilcoxon signed-rank test at 20% labelling for the 1.0s horizon. The
alternative hypothesis is that active learning performance is lower than the fully
supervised baseline.

Method AUC-PR A P Worse?
Random 0.7574  -0.0006 0.4287 No
Committee 0.7502  -0.0078 0.1638 No
Diversity 0.7493  -0.0087 0.0303 Yes
Uncertainty 0.7458 -0.0123 0.0092 Yes
Baseline 0.7580 — — —

1.0-second horizon. The results are shown in Table [[.2l Random and Committee
are not significantly worse than the fully supervised baseline, whereas Diversity and

Uncertainty are significantly worse under the one-sided alternative.

A Friedman test was also used to compare the ranking of the active learning
strategies at matched budgets, and significant differences were found for both hori-
zons. The corresponding results are given in Tables and These tests confirm
that query strategy matters, even if the mean performance values are numerically

close.
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Table 7.3: Friedman test across active learning strategies at 20% labelling for the
1.0s horizon.

Statistic Value

X2 (df = 3) 18.0857
p-value 4.2230 x 1074
Significant? Yes

Table 7.4: Friedman test across active learning strategies at 20% labelling for the
2.0s horizon.

Statistic Value

X2 (df = 3) 13.2643
p-value 4.0986 x 1073
Significant? Yes

These statistical results support the main practical claim of the chapter: substan-
tial reductions in labelling effort are achievable without significant loss in forecasting

performance, particularly when Random or Committee sampling is used.

7.4.6 Ablation Study of the MD-AL Query Score

The ablation analysis examines whether the three components of MD-AL each con-
tribute to the final acquisition behaviour. Table reports the AUC-PR values
for the disagreement-only, disagreement-plus-boundary, and full MD-AL variants at
the 1.0-second horizon. Figures and visualise the same pattern.

The disagreement-only formulation already performs reasonably well, confirm-
ing that cross-modal conflict is informative. Adding the boundary-awareness term
improves performance consistently, indicating that disagreement becomes more use-
ful when constrained to uncertain decision regions. The full MD-AL formulation
then yields the strongest or near-strongest result at all reported budgets. Although
the numerical improvements are modest, they are stable, which suggests that the
rare-event term contributes to acquisition balance rather than to isolated gains.

The ablation therefore shows that the method is not driven by disagreement
alone. Its strength comes from the interaction between multimodal conflict, bound-

ary uncertainty, and class-aware prioritisation.
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Table 7.5: Ablation study of the MD-AL query score (AUC-PR, 1.0s horizon).

Method 10% 20% 40% 100%

Disagreement Only 0.7431 0.7473 0.7509  0.7584
Disagreement + Boundary 0.7452  0.7495 0.7502  0.7587
Full MD-AL (Proposed) 0.7478 0.7487 0.7530 0.7590

MD-AL Ablation Study — AUC-PR at Key Budgets
Horizon: 1.0s ahead (V3 = proposed method)

0.7431 0.7452  0.7478 0.7473  0.7495  0.7487 07509  0.7502  0.7530 0.7584  0.7587  0.7590
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Figure 7.12: Ablation study of the proposed MD—-AL acquisition strategy for the
1.0s prediction horizon. Bars report mean AUC-PR and error bars indicate perfor-
mance variability. V1 uses disagreement only, V2 combines disagreement with the
boundary criterion, and V3 is the complete proposed method. V3 achieves the high-
est numerical mean at the 10%, 40%, and 100% budgets, whereas V2 is marginally
higher at 20%. Performance improves gradually for all variants as the labelling
budget increases. However, the differences between the variants are small and their
error bars overlap substantially, indicating that the additional components provide
modest numerical improvements rather than clear evidence of statistical superiority.

7.5 Discussion

The results demonstrate that active learning provides an effective way to reduce
annotation requirements in multimodal microsleep forecasting. Across both predic-
tion horizons, the learning curves saturate early, and near-baseline performance is
reached with only a small proportion of labelled data. In practical terms, this means
that the predictive structure learned by the multimodal early-fusion model can be

recovered without exhaustive annotation.

One of the most notable findings is the strong performance of Random sampling.
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MD-AL Ablation Study — Learning Curves
Horizon: 1.0s ahead (V3 = proposed method, red)
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Figure 7.13: Learning curves for the three MD-AL ablation variants across increas-
ing labelling budgets at the 1.0s prediction horizon. The horizontal axis represents
the percentage of labelled training data, and the vertical axis reports mean AUC—
PR; shaded regions indicate performance variability. V1 uses disagreement only, V2
combines disagreement with the boundary criterion, and V3 is the complete pro-
posed method. All variants improve rapidly at the lowest budgets and then increase
more gradually as additional labels are introduced. The three curves remain closely
aligned across most budgets, with only small and inconsistent numerical differences
between the variants.

This suggests that the multimodal feature representation developed in Chapter [
produces a well-structured feature space in which informative samples are not con-
fined to a narrow or highly irregular region. As a result, even simple unbiased
selection can recover much of the fully supervised decision boundary. This does
not make active learning unimportant; rather, it indicates that the value of the

representation itself is high.

At the same time, the proposed MD-AL method contributes something differ-
ent. Its advantage is not that it consistently dominates every benchmark strategy
at every budget, but that it remains competitive while offering an interpretable
and domain-aware acquisition rule. In biomedical applications, this matters. A
query rule that can be explained in terms of cross-modal disagreement, uncertainty,

and likely microsleep relevance is more transparent than a purely generic entropy
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heuristic. In that sense, MD-AL contributes not only to label efficiency, but also to

explainability.

The behaviour across the 1.0-second and 2.0-second forecasting horizons is also
informative. The relative stability of the active learning results suggests that extend-
ing the short prediction window does not dramatically increase sample complexity
under the current feature set. This aligns with the earlier thesis findings that the
multimodal representation captures physiologically meaningful pre-microsleep pat-

terns that remain informative across short horizons.

In relation to the preceding chapter, the present results extend the role of mul-
timodality. Chapter [6] showed that EEG-EOG fusion improves predictive perfor-
mance under full supervision. The current chapter shows that the same multimodal
structure also supports efficient learning under limited supervision. Multimodality
therefore contributes not only to performance, but also to sample efficiency and

practical feasibility.

Some limitations should nevertheless be acknowledged. First, the experiments
are conducted on a controlled MWT dataset. Although LOSO validation is strict
with respect to subject independence, additional work is needed to determine whether
the same acquisition behaviour transfers to more naturalistic or cross-dataset set-
tings. Second, the current study uses a fixed handcrafted feature representation and
a tree-based classifier. Active learning behaviour may differ in end-to-end neural
models or in systems where the representation itself evolves jointly with acquisition.
Third, the proposed MD—-AL strategy is a task-specific and interpretable acquisition
method designed for paired EEG-EOG microsleep forecasting, rather than a generic
active-learning strategy intended to be universally dominant across modalities and
application domains. Its value lies in combining strong performance with a clear

rationale for why samples are queried.
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7.6 Chapter Summary

This chapter addressed the fourth research question by investigating whether mul-
timodal microsleep forecasting can be trained efficiently under limited supervision.
Using the early-fusion multimodal model established in Chapter [6] as a fully super-
vised reference, several active learning strategies were evaluated across progressive
labelling budgets at 1.0-second and 2.0-second forecasting horizons.

The results showed that near-baseline performance can be achieved with very
small labelled subsets, and that substantial reductions in annotation effort are pos-
sible without statistically significant loss in forecasting performance. Random and
Committee sampling proved especially effective in this regard. The chapter also
introduced MD-AL, an interpretable acquisition strategy that combines multimodal
disagreement, boundary-awareness, and rare-event bias. While its performance was
broadly comparable to the strongest standard strategies rather than uniformly su-
perior, it provided a physiologically meaningful rationale for sample selection.

Taken together with the preceding chapters, the thesis has now progressed from
identifying informative features, to modelling temporal structure, to integrating
modalities, and finally to reducing the labelling burden required to train the re-
sulting system. The following chapter synthesises these findings and presents the

overall conclusions of the thesis.
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Chapter 8

Cross-Study Synthesis and Design

Insights

8.1 Introduction

This thesis investigated microsleep prediction through four connected research ques-
tions, each addressing a different layer of the overall problem. Chapter [4] examined
which EEG-derived features are most informative for microsleep detection. Chap-
ter |5 then studied how temporal modelling can improve forecasting across short
prediction horizons. Chapter [0] extended the problem to multimodal learning by in-
tegrating EEG and EOG within an information-theoretic fusion framework. Finally,
Chapter [7] addressed annotation efficiency through active learning, with the aim of

reducing labelling effort while maintaining predictive performance.

Taken individually, each chapter answered a specific methodological question.
Taken together, they form a progression from representation, to temporal structure,
to multimodal integration, and finally to training efficiency. The purpose of this
chapter is to synthesise those findings across the four research questions, identify the
main themes that emerge from the thesis as a whole, and discuss their implications

for microsleep prediction as both a scientific and applied problem.

The central argument developed across the thesis is that reliable microsleep pre-
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diction does not depend on a single modelling decision. Rather, it depends on the
interaction of several factors: the quality of the underlying physiological features,
the preservation of temporal information, the integration of complementary sensing
modalities, and the efficient use of labelled data. This chapter therefore moves be-
yond chapter-specific results and considers how the findings jointly contribute to the
broader objective of improving microsleep forecasting in a way that is interpretable,

robust, and practically feasible.

8.2 Restatement of the Thesis Aim

The overall aim of this thesis was to improve the prediction of microsleep events
from physiological data, with particular emphasis on short-horizon forecasting un-
der realistic constraints. This required addressing four related challenges. The first
was determining which signal features are informative for identifying microsleep-
relevant states. The second was understanding how predictive performance changes
when temporal structure is modelled explicitly rather than treated as static classi-
fication. The third was evaluating whether multimodal fusion can capture aspects
of the microsleep transition that are not available from EEG alone. The fourth was
determining whether strong multimodal forecasting models can be trained efficiently

when labels are limited and expensive to obtain.

The thesis therefore addresses microsleep prediction not only as a machine learn-
ing problem, but as a multi-stage modelling problem in which feature representation,
temporal dependence, multimodal coupling, and annotation cost all affect final per-

formance.
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8.3 Synthesis of Findings Across the Research Ques-

tions

8.3.1 RQ1: Feature Representation as the Foundation of

Prediction

The first research question established that microsleep detection depends strongly on
the quality and physiological relevance of the extracted EEG features. The results
in Chapter [4] showed that spectral and nonlinear features provide the most consis-
tent discriminative value, particularly features associated with slowing of vigilance-
related activity and reduced signal complexity. This finding was important for two
reasons.

First, it demonstrated that the microsleep problem is not adequately represented
by arbitrary generic EEG descriptors. Features must reflect the known physiological
correlates of vigilance decline. Second, the RQ1 findings provided the representa-
tional basis for the later chapters. The temporal models examined in RQ2, the
multimodal fusion strategies examined in RQ3, and the active learning study in
RQ4 all depend on the availability of a stable and informative feature space.

A key implication of RQ1 is that predictive performance in later chapters should
not be interpreted only as an effect of model architecture. The success of later
methods is partly enabled by the fact that the underlying feature representation

already captures physiologically meaningful variation.

8.3.2 RQ2: Temporal Modelling Improves Forecasting Be-

yond Static Detection

The second research question addressed the limitations of static or near-static pre-
diction pipelines by explicitly modelling temporal structure. Chapter [5{showed that
forecasting performance degrades as the prediction horizon extends away from the

onset of the event, which is consistent with earlier literature. However, it also showed
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that this degradation can be reduced through temporal modelling, particularly when
causal attention is used before recurrent processing.

The main contribution of RQ2 was therefore not simply that one temporal model
outperformed another, but that preserving temporally local information is central to
short-horizon microsleep forecasting. The results suggested that a substantial part of
the forecasting difficulty lies in the loss of fine-grained temporal cues when the model
aggregates information too coarsely. The causal attention mechanism improved
sensitivity and discrimination across horizons, supporting the interpretation that
forecasting depends on recognising transitional changes rather than only endpoint
states.

This chapter also provided an important bridge in the thesis. RQ1 established
what to represent, while RQ2 addressed how those representations should be or-
ganised over time. The temporal findings therefore shifted the thesis from feature

quality alone toward sequence-sensitive modelling.

8.3.3 RQ3: Multimodal Fusion Adds Complementary Phys-

iological Information

The third research question examined whether EEG-only forecasting could be im-
proved by integrating EOG in a principled multimodal framework. Chapter [6]showed
that EEG and EOG contribute complementary information. EEG alone was highly
specific but comparatively insensitive, whereas EOG alone was more sensitive but
less specific. When the modalities were fused, especially through cross-modal mu-
tual information features, overall predictive performance improved and the balance
between sensitivity and specificity became stronger.

The most important outcome of RQ3 was that multimodal gain was not obtained
merely by concatenating two sources of data. Rather, the strongest results arose
when the interaction between modalities was modelled explicitly using mutual infor-
mation. This suggests that the relevant signal is not only the presence of multiple

modalities, but the nonlinear synchrony between them during the transition into
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microsleep.

Equally important was the negative result concerning transfer entropy. The
lack of additional improvement from directional interaction features implies that,
at the time scales considered here, the microsleep transition is better characterised
as bidirectional synchrony than as a stable directional process. This is a useful
scientific result because it narrows the type of multimodal dependency that appears

to matter most for short-horizon prediction.

8.3.4 RQ4: Label Efficiency Can Be Improved Without Sac-

rificing Performance

The fourth research question shifted attention from predictive modelling to training
efficiency. Chapter [7|demonstrated that active learning can substantially reduce an-
notation requirements while retaining near-baseline predictive performance. Across
both forecast horizons, approximately 90% to 95% of fully supervised performance
was recoverable with a very small fraction of labeled data, and in several condi-
tions around 80% of the annotation burden could be removed without statistically

significant loss in the main evaluation metric.

This result is practically important because it addresses one of the main barriers
to deployment and scaling. Even when a strong multimodal predictor exists, the sys-
tem remains difficult to develop if it requires exhaustive expert labelling. The active

learning experiments showed that this requirement can be relaxed considerably.

A second outcome of RQ4 was methodological. The proposed multimodal dis-
agreement active learning strategy did not dominate every benchmark at every bud-
get, but it remained competitive while offering a clear and interpretable acquisition
rule. This reinforces one of the broader themes of the thesis: in biomedical signal
analysis, methods should not be judged only by whether they produce the single
highest metric value, but also by whether their behaviour is transparent and physi-

ologically meaningful.
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8.4 Cross-Cutting Themes

8.4.1 Microsleep Prediction is a Progressive Modelling Prob-

lem

One of the clearest findings of the thesis is that microsleep prediction should not
be treated as a single-stage classification problem. Performance depends on a pro-
gression of modelling decisions. Informative physiological features are required first.
Those features must then be preserved across time rather than collapsed prema-
turely. Complementary modalities can then be integrated to improve robustness
and capture more of the underlying transition. Finally, the resulting model must be
trainable under realistic annotation constraints.

This progression is reflected in the structure of the thesis itself. Each research
question contributes a necessary part of the overall system. None of the later im-
provements would be as meaningful without the earlier stages. In this sense, the

thesis is cumulative rather than a collection of unrelated experiments.

8.4.2 Interpretability Matters Alongside Accuracy

A recurring theme across the thesis is the importance of interpretability. In RQ1, in-
terpretability appears through the use of physiologically meaningful EEG features.
In RQ2, it appears through the examination of temporally relevant cues and the
attention-based emphasis on specific features over time. In RQ3, it appears through
information-theoretic coupling measures that provide an interpretable account of
neural-ocular synchrony. In RQ4, it appears through the design of an acquisi-
tion score whose components correspond to modality disagreement, uncertainty,
and minority-event bias.

This matters because microsleep prediction sits at the boundary between ma-
chine learning and physiological monitoring. In such settings, predictive performance
alone is not sufficient. Domain experts must also be able to understand what aspect

of the signal contributes to the prediction or to the sample-selection process. The
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thesis therefore contributes to the problem not only by improving metrics, but also

by maintaining a modelling perspective that remains explainable.

8.4.3 Multimodality Improves Both Prediction and Data

Efficiency

Another cross-cutting theme is that multimodality provides benefits beyond raw
predictive accuracy. Chapter [6]showed that EEG and EOG fusion improves subject-
independent prediction. Chapter [7]then showed that the same multimodal structure
can also support efficient learning under limited supervision. This is important
because it suggests that multimodal design has two separate benefits: it enriches
the representation of the physiological state, and it improves the efficiency with
which informative samples can be identified. This dual role of multimodality is one

of the central contributions of the thesis as a whole.

8.4.4 The Main Constraint is Not Only Model Capacity

The results across the thesis suggest that microsleep prediction is constrained by
more than the expressiveness of the classifier. In RQ1, the limitation was represen-
tational quality. In RQ2, it was preservation of temporal resolution. In RQ3, it was
the ability to model cross-modal dependence rather than only independent feature
sets. In RQ4, it was the availability of labels. These observations imply that simply
increasing model complexity is unlikely to solve the entire problem. Improvement

instead comes from addressing the right bottleneck at each stage.

8.5 Overall Contributions of the Thesis

The contributions of the thesis can be summarised at four levels.
At the representational level, the thesis provided a systematic analysis of EEG
features for microsleep detection and established that spectral and nonlinear de-

scriptors form a strong basis for downstream modelling.
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At the temporal level, it showed that forecasting degradation across prediction
horizons can be reduced through causal attention and recurrent modelling, thereby
improving short-horizon microsleep prediction beyond static detection pipelines.

At the multimodal level, it established that EEG-EOG fusion improves subject-
independent prediction when cross-modal dependencies are modelled explicitly through
mutual information, and that the relevant interaction is better characterised by syn-
chrony than by directional coupling.

At the training-efficiency level, it showed that strong multimodal forecasting
performance can be retained with substantially fewer labels, and introduced an
interpretable multimodal disagreement strategy for active learning.

Taken together, these contributions form a coherent framework for microsleep

prediction that moves from signal representation to practical training considerations.

8.6 Concluding Remarks

This thesis set out to improve microsleep prediction by addressing four linked ques-
tions concerning feature representation, temporal modelling, multimodal integra-
tion, and annotation efficiency. Across these questions, the work showed that strong
predictive performance arises not from any one component in isolation, but from the
coordinated treatment of physiological representation, temporal structure, modality
interaction, and data efficiency.

The main conclusion is that microsleep forecasting can be made more accurate,
more informative, and more practical when these dimensions are addressed together.
EEG features with physiological relevance provide the representational basis. Tem-
poral modelling preserves the transitional structure needed for forecasting. EEG—
EOG fusion captures complementary aspects of the pre-microsleep state. Active
learning then reduces the cost of building and maintaining the resulting system.

In this sense, the thesis contributes both methodologically and practically. It
provides a structured account of how microsleep prediction can be improved step

by step, and it offers evidence that such improvement can be achieved without
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losing interpretability or requiring exhaustive annotation. These findings support
the broader view that microsleep prediction should be approached as an integrated
modelling problem rather than as a single isolated classification task.

The findings synthesised in this chapter provide an integrated perspective on
microsleep forecasting across the four research questions. The principal limitations

of the thesis and directions for future research are discussed in Chapter [9]

145



Chapter 9

Conclusions and Future Work

This thesis investigated the problem of microsleep prediction using multimodal
physiological signals, with the aim of improving prediction performance, physio-
logical interpretability, and practical applicability under realistic conditions. Using
EEG and EOG recordings, the research explored microsleep prediction as a pro-
gressive modelling problem involving physiological feature representation, temporal
forecasting, multimodal interaction analysis, and label-efficient learning. Across
four research questions, the thesis examined how complementary physiological in-
formation can be leveraged to improve forecasting performance while maintaining

subject-independent generalisation and reducing annotation requirements.

9.1 Thesis-Wide Contributions

The principal contributions of this thesis are summarised as follows:

1. Physiologically informative EEG feature representations were systematically
investigated for microsleep prediction. Spectral, nonlinear, and complexity-
based features were shown to capture meaningful indicators associated with

vigilance decline and microsleep transition.

2. Temporal modelling approaches for short-horizon microsleep forecasting were

investigated using sequence-sensitive learning frameworks. The findings demon-
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strated that preserving temporal structure substantially improves forecasting

performance compared with static classification approaches.

. A multimodal EEG-EOG framework for microsleep prediction was developed
to investigate the complementary relationship between neural and ocular phys-
iological activity. The results demonstrated that multimodal integration con-

sistently outperformed unimodal approaches.

. Transfer entropy analysis was investigated as a mechanism for examining the
temporal directionality of microsleep-related physiological interactions. This
analysis provided insight into whether microsleep-associated changes emerge
first in cortical EEG activity, ocular EOG activity, or synchronously across

both modalities.

. Subject-independent microsleep prediction was systematically evaluated under
Leave-One-Subject-Out (LOSO) validation using a broad range of machine

learning and deep learning architectures.

. A multimodal disagreement-based active learning framework was proposed
for label-efficient microsleep prediction. The proposed approach utilised dis-
agreement between EEG- and EOG-based predictions to identify informative
samples for annotation, substantially reducing labelling requirements while

preserving competitive prediction performance.

9.2 Cross-RQ Synthesis

Across the four research questions, several consistent themes emerged. First, physio-

logical representations derived from EEG and EOG signals contain complementary

information relevant to microsleep prediction. While EEG captures cortical dy-

namics associated with vigilance regulation, EOG reflects fatigue-related ocular be-

haviour. Combining both modalities consistently improved predictive performance

compared with unimodal approaches.
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Second, temporal context was shown to play a critical role in forecasting mi-
crosleep events. Models capable of preserving temporal structure achieved stronger
performance than approaches based on isolated physiological segments, highlighting
the progressive nature of vigilance decline.

Third, subject-independent evaluation demonstrated that robust microsleep pre-
diction remains challenging due to substantial inter-subject variability. Nevertheless,
multimodal approaches consistently improved generalisation performance, suggest-
ing that complementary physiological information can partially mitigate subject-
specific differences.

Finally, the active learning investigation demonstrated that effective microsleep
prediction can be achieved with substantially reduced annotation effort. This find-
ing is particularly important for real-world deployment, where expert physiological
annotation remains expensive and time-consuming.

Taken together, the findings indicate that accurate and practical microsleep pre-
diction systems benefit from the integration of multimodal physiological informa-
tion, temporal modelling, subject-independent evaluation, and label-efficient learn-

ing strategies.

9.3 Future Work

Several future research directions emerge from this work.

9.3.1 Larger and More Diverse Multimodal Datasets

Future work should investigate larger and more diverse multimodal datasets incorpo-
rating broader demographic variation, different operational environments, and wider
physiological variability. Expanding dataset diversity will improve understanding of
inter-subject variability and strengthen the robustness of subject-independent mi-
crosleep prediction systems across applications such as transportation, industrial

manufacturing, healthcare monitoring, and other vigilance-sensitive domains.
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9.3.2 Dynamic Physiological Interaction Modelling

Although this thesis investigated multimodal interaction using transfer entropy anal-
ysis, future work should explore more advanced dynamic interaction representations
capable of capturing time-varying physiological dependencies preceding microsleep
onset. In particular, Cross-Temporal Coupling Maps (CTCMs) [186] provide a two-
dimensional representation of the coupling between signals at different time points
or temporal lags. Each map indicates how strongly activity in one modality at
a given time is associated with activity in another modality at an earlier or later
time. Applied to EEG and EOG, CTCMs could reveal when neural-ocular cou-
pling emerges before microsleep onset and whether ocular changes systematically
precede or follow cortical changes. This would provide a more detailed represen-
tation of evolving multimodal interactions than a single summary coupling value.
Such approaches may provide deeper insight into evolving multimodal physiological

interactions associated with vigilance decline.

9.3.3 Advanced Multimodal Learning

Future work may further investigate advanced multimodal learning frameworks
through the integration of additional physiological modalities beyond EEG and
EOG, including electrocardiography (ECG), respiration signals, and electromyog-
raphy (EMG). Incorporating complementary physiological measurements may pro-
vide a more comprehensive representation of fatigue-related processes and improve
robustness under noisy and heterogeneous conditions. In parallel, advanced multi-
modal learning approaches such as cross-attention fusion mechanisms, graph-based
physiological modelling, and self-supervised multimodal representation learning may
further enhance the modelling of complex inter-modal relationships while preserving

physiological interpretability.
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9.3.4 Real-Time and Embedded Deployment

Practical deployment requires models that balance predictive performance with com-
putational efficiency. Future work should therefore investigate lightweight architec-
tures, model compression strategies, and edge-deployment optimisation suitable for
real-time physiological monitoring systems operating in embedded and mobile envi-

ronments.

9.4 Closing Statement

This thesis investigated microsleep prediction through the integration of physiologi-
cal representation learning, temporal modelling, multimodal EEG-EOG interaction
analysis, and label-efficient learning. The findings demonstrate that combining neu-
ral and ocular physiological information provides meaningful advantages for fore-
casting microsleep-related vigilance decline and that preserving temporal structure
is important for modelling short-horizon physiological transitions.

Beyond prediction performance alone, this work contributes to improved un-
derstanding of the interaction between cortical and ocular dynamics preceding mi-
crosleep onset. The thesis also demonstrates the potential of multimodal active
learning strategies for reducing annotation requirements in physiological monitoring
systems.

Overall, the methodologies and findings presented in this thesis contribute to-
ward the development of more reliable, interpretable, and practically deployable
microsleep prediction systems suitable for a broad range of vigilance-monitoring

applications.
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