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Abstract

Spontaneous thinking can be seen as the internal mechanisms of consciousness that arise
unintentionally and without deliberate effort. These thoughts include the dynamic processes that
occur during wakefulness, but notably, they also involve periods where active cognition is absent.
One such example of spontaneous thinking is mind-blanking, which refers to moments when a
person experiences a complete lack of cognitive activity. Based on previous studies, this state is
linked to increased slow-wave activity, which refers to low-frequency brain oscillations associated
with deep sleep or drowsiness during wakefulness.

Research using functional magnetic resonance imaging (fMRI) has found that during episodes
of mind-blanking, there is a noticeable increase in the fMRI global signal amplitude, which is defined
as the time course across all voxels, and can reflect various underlying physiological and neuronal
processes. However, because the global signal is complex and can be influenced by multiple factors
such as physiological (e.g., heart rate), neuronal, and technical artifacts, it has been unclear which
specific components are responsible for the observed increases during mind-blanking.

The objective of this study is to identify and clarify the specific components of the fMRI global
signal during mind-blanking. Understanding how these components contribute to the phenomenon
can shed light on the underlying neural and physiological mechanisms driving this state.

To achieve this, we analyzed multimodal data collected from electroencephalogram (EEG),
fMRI, and electrocardiogram (ECG) recordings. Participants performed the Sustained Attention
to Response Task (SART) and were asked to report their mental state and level of alertness
throughout the experiment. From these data, key features were extracted: fMRI global signal
amplitude, heart rate variability from ECG, and the amplitude of EEG oscillations across different
frequency bands (delta, theta, alpha, gamma).

Then, we used linear mixed-effects models to examine the relationships between these phys-
iological and neuronal signals and the global signal amplitude. Our analysis focused especially
on how these relationships present during mind-blanking, but also considered other mental states
such as mind-wandering and the on-task condition.

The results indicated that during reports of mind-blanking, the global signal amplitude was
significantly negatively correlated with delta and theta EEG activity, meaning that as slow-wave
activity increased, the global signal amplitude decreased in these bands. Conversely, there was a
modest positive correlation with ECG variability, suggesting a physiological contribution. When
examining the entire dataset regardless of mental state, we found that the global signal ampli-
tude positively correlated with theta oscillations and negatively correlated with alpha oscillations,
consistent with some previous studies.

In summary, these findings suggest that mind-blanking, which is associated with increased
slow-wave EEG activity, can also involve a physiological contribution, particularly heart rate vari-
ability as reflected by the global brain signal. The observed increase in the global signal amplitude
appears to be primarily driven by physiological changes, which can provide insights that mind-
blanking is not a purely neuronal process and can be associated with increased heart rate activity
as well.
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Chapter 1

Introduction

Spontaneous thoughts, which are described as mental experiences that arise unintentionally
and without deliberate effort, have become a widely researched topic in recent years. This is because
they offer valuable insights into how our consciousness generates mental activity independently of
environmental input.

Moreover, spontaneous thoughts are closely linked to attentional lapses, which occur when
individuals disengage from the surrounding events, which affects cognitive performance in tasks
that require attention. Investigating these mental states may help clarify how fluctuations in
attention impact perception, memory, and decision-making.

Two prominent forms of spontaneous thought are mind-wandering (MW) and mind-blanking
(MB). Both occur when attention drifts away from external stimuli, but they differ in content and
experience (McCormick et al., 2018; Kawagoe et al., 2019). MW refers to self-generated thoughts
that are unrelated to the task at hand but maintain internal mental content. MB, by contrast,
is characterized by a subjective absence of thought, as if the mind "goes blank" without any
discernible content.

MW has been extensively studied and is often described as a state less constrained than
goal-directed thinking but more structured than dreaming (Christoff et al., 2016). It has become
the dominant term in literature for describing spontaneous mental activity (Callard et al., 2013;
Andrillon et al., 2019). MB, on the other hand, is a more recently characterized state. It is
considered a distinct, spontaneous cognitive state, which, unlike MW, where thoughts drift away
from an ongoing task but remain internally generated, MB is characterised by a seeming lack of
mental content. In this sense, MB represents a unique state, which raises questions about whether it
can be as an intermediate state between wakeful consciousness and unconsciousness. Although the
psychological profile of MB is quite straightforward, the neural mechanisms underlying this state
have only now started to be elucidated. Recent work by Andrillon et al. (2021) demonstrated that
MB is associated with slow waves oscillations during wakefulness. Understanding this association is
important, as it suggests that MB may provide a useful model for studying the neural dynamics of
slow waves outside of sleep, thereby helping to bridge the gap between active cognitive processing
and unconscious states.

Recent work by Mortaheb et al. (2022) suggested that MB may indeed act as such an in-
termediate state. Their findings showed that fMRI global signal amplitude (GSA) was signifi-
cantly higher during MB reports compared to both stimulus-dependent and stimulus-independent
thoughts. They proposed that this elevated GSA might reflect neuronal silencing during wakeful-
ness. Importantly, MB was characterized by a pattern of globally positive functional connectivity,
indicating high inter-areal coherence across brain regions. This suggests that MB reflects a state
in which cortical networks communicate more uniformly, possibly due to reduced differentiation of
neural activity. In addition, they demonstrated that the removal of the global signal disrupted the
coherence of the interregional brain, reinforcing the idea that the global signal plays an important
role in the neural signature of MB.
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However, what remained unresolved is whether the increased GSA observed during MB is a
result of neural activity or driven by physiological signals such as cardiac or respiratory fluctuations.
This distinction is crucial, as the fMRI BOLD signal reflects changes in blood oxygenation that are
influenced both by neural activity and systemic physiological factors. These include respiration,
heart rate, and blood pressure, all of which can introduce variability unrelated to cognition (Liu
et al., 2017).

This ambiguity extends to the global signal (GS), which represents the average BOLD signal
across the brain. GS is often treated as a nuisance variable in fMRI research, but recent studies
suggest that the GS carries meaningful neural information that may be relevant to understanding
spontaneous cognitive states like MB. For instance, Wong et al. (2013) showed that global signal
amplitude correlates positively with low-frequency EEG activity (delta, theta) and negatively with
higher-frequency bands (alpha, gamma) during resting-state fMRI. These findings support the
hypothesis that the GS may partly reflect neural activity (Liu et al., 2017; Bolt et al., 2024),
particularly, it can track the levels of arousal. Since the BOLD signal is sensitive, it is influenced
not only by neuronal activity but also by systemic physiological processes. This makes it challenging
to determine whether the increased GSA observed during MB reflects a true neural correlate of
this state or is a physiological signal.

A promising approach to disentangle the neural vs. physiological contributions to MB is the
simultaneous use of EEG and fMRI. While fMRI provides excellent spatial resolution, it indirectly
measures brain activity through hemodynamic responses, which are slow and susceptible to non-
neural influences. EEG, on the other hand, captures real-time neuronal activity by measuring
electrical potentials generated by neuronal firing, with the sampling frequency much higher than
in fMRI.

EEG obtains rich information about neural and physiological components during different
mental states. That way, MB was linked with delta and theta oscillations profiles, the latter of
which are associated with oscillations which are pronounced during slow-wave activity (Andrillon
et al., 2021). These frequency bands are prominent in sleep and drowsiness but have also been
linked to spontaneous thought during wakefulness (da Silva, 2022). Using the EEG method, it is
possible to learn the components of mental states in more detail. Studying MB through EEG–fMRI
integration not only addresses key methodological challenges but also advances theoretical under-
standing of consciousness. From a methodological standpoint, it allows researchers to better isolate
neuronal contributions in fMRI (Power et al., 2018). Theoretically, it informs models of conscious-
ness by characterizing MB not just as an absence of thought, but as a state with distinct neural
and possibly physiological signatures.

Identifying such markers contributes to the broader field of spontaneous cognition and stream-
of-consciousness research, revealing how the mind transitions between thought-rich and thought-
free states. Understanding MB in this context could shed light on the dynamic architecture of
consciousness during wakefulness.

In the following chapters, we describe our approach to investigating these questions using a
combined EEG–fMRI dataset. We focus on amplitude-based metrics of the global signal, ECG
and EEG and explore their relationships during MB, MW, and on-task states. Specifically, we test
whether slow-wave EEG oscillations are associated with increases in GSA during MB, and whether
fluctuations in ECG are correlated with GSA. Finally, we examine whether these associations are
specific to particular mental states or remain consistent across conditions.



Chapter 2

Background

2.1 Spontaneous Thoughts

One of the interesting features of the human brain is that, even in the absence of external
stimuli, mental activity continues to process. In addition to this, the brain often has thoughts and
feelings that are completely unrelated to events happening around us now. This process, when the
mind generates mental process independently of surrounding conditions, is called self-generated
mental activity (Smallwood, 2013). This term is used to describe an overarching category en-
compassing various phenomena – including mind-wandering, daydreaming, fantasy, task-unrelated
thought, and stimulus-independent thought. Despite this variability, the term “self-generated men-
tal activity” describes a common phenomenon: conscious experience is driven more by an individ-
ual’s concerns, preoccupations, and hopes (i.e., self-generated) rather than by immediate sensory
input (i.e., perceptually generated) (Callard et al., 2013).

Studying self-generated mental activity was ignored for a long time due to the dominance of a
task-centric view of mental processes. More than this, rest states, where spontaneous activity can
be learn, were mainly considered as noise and were tried to minimise the effects of task-unrelated
thought (Christoff et al., 2016). Generally, rest was used just as a baseline, and mental activity
during it was not considered necessary. A crucial turning point was the meta-analysis of Shulman
et al. (1997), which made a breakthrough by showing that a specific set of brain regions (posterior
cingulate/precuneus, parietal cortex, frontal cortex, inferior temporal gyrus, and amygdala) is
always more active during rest conditions, rather than during task-based acquisitions requiring
external attention, thereby supporting their association with internally driven thought processes.
Moreover, another study also supported the idea of informative brain signal during rest, showing
that the same brain regions were consistently involved in memory and complex thinking (Andreasen
et al., 1995; Binder et al., 1999). Later, these brain regions will be considered as default mode
network (DMN)

Now, already, many researchers acknowledge that brain signals during rest have broad im-
plications for many elements of psychological and neural function. For example, research has
focused on how self-generated thought might be related to both physical and psychological aspects
(Callard et al., 2013). Particularly, the broader context of self-generated thought has expanded
into the study of spontaneous thought, which encompasses a wide range of internally arising mental
experiences.

Christoff et al. (2016) defines spontaneous thought as a mental state or a sequence of mental
states that arises relatively freely due to an absence of strong constraints on the contents of each
state and on the transitions from one mental state to another. They propose that the content of
mental states and the transitions between them can be constrained mainly through two methods:
comprehensive cognitive control and automatic constraints. (Fig. 2.1). That gives an understand-
ing that spontaneous thought is a broader umbrella, which includes self-generated thoughts, but
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also mental activity that may be less deliberately initiated or structured.

Figure 2.1: Conceptual space relating different types of thought (Christoff et al., 2016)

Basically, there are two types of attention constraints: flexible and deliberate, which in-
volve cognitive control to focus on tasks (like, during a boring lecture), and automatic constraints,
which can draw attention involuntarily due to factors, like emotional or sensory salience, making
it hard to ignore distractions (e.g., a buzzing fly in a quiet space) (Christoff et al., 2016).

Furthermore, the neuronal profile of spontaneous thought has been associated with dreaming
for a long time, marking some similarities between these two states (Foulkes and Fleisher, 1975).
This similarity is particularly evident in phenomena like daydreaming, which, much like dream-
ing, involves internally generated imagery and narratives detached from immediate sensory input.
Unlike dreaming, however, daydreaming occurs during wakefulness, making it part of the broader
category of spontaneous thoughts. While sleep and wakefulness are generally considered distinct
states, these parallels suggest that these states are not as independent as traditionally assumed,
but rather exist on a continuum of conscious states.

Within this continuum, sleepiness represents an intermediate state characterized by low activ-
ity and reduced responsiveness to the environment. Sleepiness has particular behaviour patterns,
like Non-Rapid Eye Movement (NREM) sleep, which amounts to 75–80% of sleep in healthy adults
(Carskadon and Dement, 2005) and has high-amplitude slow oscillations. These oscillations can
also be called “slow waves” which will characterize alternations between moments of neuronal si-
lencing and firing synchronized across the entire cortex (Vyazovskiy and Harris, 2013). Another
pattern of sleepiness is characterised by low-amplitude, theta (4–7 Hz) and mixed-frequency os-
cillations in Rapid Eye Movement (REM) sleep (Andrillon et al., 2019). Importantly, local mod-
ulations of sleep-like activity can affect the contents or structure of subjective experience during
sleep (Andrillon et al., 2019). That way, local slow waves could act as a functional switch enabling
or disabling specific cognitive processes during sleep, directly impacting oneiric contents and the
ability to process external stimuli (Andrillon et al., 2016).

On the other hand, wakefulness is characterised by a pattern of brain activity dominated by
fast, low-amplitude, desynchronized oscillations. In past years, it was found that local modulations
of sleep-like activity can impact behavioural performance during wakefulness and not only during
sleep. It was shown that local sleep-like slow waves can be observed outside of NREM sleep
(Andrillon et al., 2019). Because slow-wave oscillations are spatially and temporally limited, they
can be overlooked by looking at more global characteristics of wakefulness and sleepiness. Existing
studies suggest that local slow waves occur in the frontal and parietal regions, with more oscillations
in the parietal areas (Andrillon et al., 2019). Such findings raise an important question: how
can spontaneous thoughts, which occur during wakefulness, be linked to brain activity patterns
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resembling those of sleep?

Mind-wandering research offers one possible connection. Mind-wandering can be defined as a
special case of spontaneous thought that is more deliberately constrained than dreaming yet less
constrained than creative thinking and goal-directed thought (Christoff et al., 2016). Nowadays,
the term “mind-wandering” is the dominant term researchers use to characterize the self-generated
mental activity in which they are interested (Callard et al., 2013). The DMN, one of the most
researched brain networks in cognitive neuroscience, is primarily linked to mind-wandering and
spontaneous thought. Initially, scientists identified the DMN as a collection of brain regions that
deactivate when individuals are engaged in tasks requiring external focus, indicating its involve-
ment in internally directed cognitive functions (Christoff et al., 2016). Yet, the DMN is not solely
connected to spontaneous cognition; it also remains active during purposeful, goal-oriented men-
tal activities, including episodic memory retrieval, thinking about personal future scenarios, and
mentalizing (Andreasen et al., 1995; Binder et al., 1999).

The discovery that local sleep-like slow waves can intrude into wakefulness suggests that
elements of the sleeping brain’s physiology can influence ongoing cognition even when awake. These
overlapping mechanisms, which have shared neural patterns and similar network involvement,
provide a foundation for understanding self-generated mental activity across states. This approach
is particularly relevant for interpreting phenomena such as mind-blanking, which is the focus of
this work.

2.2 Mind-Blanking

Besides MW, which is the most common spontaneous thought, a state has also been reported
where the mind drifts away and becomes blank. During this state, people experience an decou-
pling of perception and attention, one in which attention fails to bring any stimuli into conscious
awareness (Ward and Wegner, 2013). This state is referred to as mind-blanking.

Even though in one report it was noted that MB is a distinct cognitive state from MW (Mc-
Cormick et al., 2018), it remains unclear whether the two experiences are readily distinguishable.
For this purpose, an additional study was conducted. The idea was to find out whether participants
could recognize the difference between the experiences of MB and MW.

As part of the experiment, participants were asked to read, and during the task, they were
asked questions regarding their mental states at random times. As a result, across all tests, all
participants reported both MW and MB, indicating that people are familiar with the differences
between these two states. It was also shown that the duration of MB may be shorter, unlike
MW, which can be pronounced for a longer period. Another distinction between the states was
observed when participants were asked to recall the text after reporting their thoughts. During
mind wandering, they often failed to remember the material. In contrast, during MB, they were
still able to recall it, suggesting that MB involves a brief lapse of attention but does not impair
the ability to return to the task when required (Ward and Wegner, 2013).

While mind-wandering refers to a state in which attention is disengaged from the current task
and directed toward internally generated, task-unrelated thoughts, mind-blanking is characterised
by the absence of reportable mental content. In this state, the individual does not merely shift
focus to alternative stimuli but instead experiences a subjective sense of mental emptiness (Ward
and Wegner, 2013).

MB is particularly important because it challenges the traditional view that wakefulness is
always filled with ongoing thoughts. It can be described as a continuous process with time gaps
(blanks) at which our consciousness goes away and then comes back. In MB, consciousness does
not disappear entirely but rather shifts to a state where experiences are minimal or cannot be
reported, even though the person remains awake and responsive (Andrillon et al., 2024). Despite
the similarities of MB with the process that can be observed during mediations (Ward and Wegner,
2013), Andrillon et al. (2024) highlights that practices like open monitoring meditation involve
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deliberately maintaining awareness and observing experiences without focusing on specific objects,
like a controlled and intentional process. In contrast, spontaneous MB occurs without deliberate
effort and is marked by a lack of intentionality. There is also “deliberate MB,” where people
intentionally try to think of nothing, but this likely involves different neural mechanisms, reflecting
active thought suppression rather than spontaneous MB.

Kawagoe et al. (2018) investigated whether individuals could intentionally clear their minds,
and what neural changes accompanied this process. Participants were instructed to "think of
nothing" during resting-state fMRI scans. Results showed that, compared to MW, there was
decreased connectivity among major brain networks such as the DMN, frontal, and visual regions.
Participants reported being in a blank state for approximately 58% of the scan duration, suggesting
that MB can be voluntarily achieved, though the precise neural signature remained unclear at that
stage (Kawagoe et al., 2018).

Following the line of the research, they provided the first investigation of the neural correlates
of MB (Kawagoe et al., 2019). In this study, participants again reported MB during nearly 57%
of the experience sampling probes. However, when asked to distinguish between “truly blank” and
“attempted to be blank” states, only 32% of responses were confirmed as genuine MB, indicating
that the ability to enter this state deliberately varies and can not be clear for participant (Kawagoe
et al., 2019). Kawagoe et al. (2019) mentioned that the blank mind may be obscured by internal
self-examination. Any attempt to assess one’s own mental states will necessarily find conscious
thoughts and thus fail to find a blank mind.

The review article of Boulakis and Demertzi (2025) summarised the neuroimaging studies
on MB (Fig. 2.2). fMRI consistently shows that MB reports are associated with widespread
deactivations spanning frontal, parietal, occipital, and thalamic regions, including the angular gyrus
and medial anterior regions, when contrasted with stimulus-dependent and stimulus-independent
thoughts. Importantly, Broca’s area, involved in inner speech, and the hippocampus, typically
engaged during MW, exhibit consistent deactivation during MB. In contrast, other nodes of the
DMN, such as the anterior cingulate cortex (ACC), remain active, suggesting a selective shutdown
of self-referential and linguistic processing, which could explain the subjective absence of thoughts
(Kawagoe et al., 2019; Boulakis et al., 2023).

Figure 2.2: Neuroimaging evidence of MB (a) Self-induced MB during no-task conditions, adapted
from Kawagoe et al. (2019), shows deactivation in Broca’s area and the hippocampus (blue), with
preserved activity in the anterior cingulate cortex (yellow). (b) Spontaneous MB during no-task
conditions, adapted from Boulakis et al. (2023), reveals widespread deactivations across frontal,
parietal, occipital, and thalamic regions (blue). These patterns support the view that MB is
associated with reduced cortical engagement and altered connectivity (Boulakis and Demertzi,
2025)

Mind-blanking has unique neural correlates, but the nature and driving forces of this state
remain an area of unresolved research. One of the ways to untangle this phenomenon is through
functional magnetic resonance imaging, which provides a non-invasive means to observe brain
activity across the entire brain. To better understand the mechanisms behind mind-blanking, it is
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essential to first explore how fMRI works, particularly how it captures neural activity through the
BOLD signal; afterwards, additional neuronal correlates of MB will be introduced.

2.3 fMRI and BOLD signal

fMRI has become a widely used technique for exploring brain organization in humans and non-
human subjects. The principle of the main fMRI contrast relies on changes in blood oxygenation
levels, which occur when populations of neurons are activated and begin to fire. This neuronal
activity increases the oxygen demand, leading to the consumption of oxygenated hemoglobin.
After the consumption of oxygenated hemoglobin by neurons, hemoglobin changes its form to
deoxygenated hemoglobin (dHb) by releasing oxygen and picking up carbon dioxide, then moving
through the veins back to the heart and lungs. Importantly, oxygenated hemoglobin is diamagnetic,
which means it resists the external magnetic field and does not disturb it. At the same time, the
paramagnetic properties of deoxygenated hemoglobin allow the local magnetic field around blood
vessels to change. In this way, local hydrogen nuclei experience a different magnetic field, which
results in a change in the signal around activated regions of neurons. This leads to a faster loss of
phase coherence and a quicker decay of transverse magnetization, a process known as T2* decay
(Huettel et al., 2004).

Particularly, higher concentrations of deoxygenated hemoglobin not only change the local mag-
netic field but also induce changes in cerebral blood flow (CBF), cerebral blood volume (CBV),
and cerebral metabolic rate of oxygen (CMRO2). In this way, changes in oxygenated and deoxy-
genated hemoglobin, along with these three characteristics, serve as an indirect way to measure
neuronal activity in a specific brain region. In that sense, a positive BOLD response is achieved
due to a significant increase in oxygen delivery and a subsequent rise in blood flow, which leads to
a decrease in deoxygenated hemoglobin.

This process happens with a delay, which is due to the delayed response of the cardiovascular
system. Initially, there is a small dip in the signal, which indicates a rise in deoxyhemoglobin,
followed by a steady positive increase due to the rise in oxygen and blood flow. This is then
followed by a gradual decrease back to baseline (Fig. 2.3). The effect is most noticeable near blood
vessels, where dHb levels are higher and the magnetic field disturbances are stronger (Huettel et al.,
2004).

fMRI can be broadly categorized into two main types: task-based fMRI and task-free fMRI.
Task-based fMRI involves designing specific tasks or stimuli that participants perform or respond
to during the scan, enabling the assessment of brain regions involved in particular functions or
processes. In contrast, task-free fMRI, also known as resting-state fMRI, does not require partici-
pants to perform specific tasks; instead, it measures spontaneous brain activity when the subject
is at rest. As mentioned above, spontaneous thoughts usually occur during rest, but they can also
be detected during task-based acquisition, where patients report the states they experienced while
engaged in the task.

Functional connectivity is determined by evaluating the temporal similarity between BOLD
signals from different brain regions. This similarity is typically quantified using metrics such as
the correlation coefficient. Voxels with correlation coefficients above a statistical threshold are
considered functionally connected, revealing spontaneous shared fluctuations. However, because
these time series are measured simultaneously, non-neural processes can influence the signals and
introduce artifacts into functional connectivity measurements. These artifacts can lead to spurious
results, either increasing functional connectivity by introducing false similarities between time
series or reducing it by introducing differential confounds between regions (Murphy et al., 2013).

The important confound in fMRI studies is the so-called global signal. The GS is defined as the
mean time course computed over all voxels within the brain (Liu et al., 2017). Since it is the global
signal, it can consist of variable components, including instrumental and non-neuronal sources
present within the whole brain. The unwanted terms can be referred to as “nuisance components”
(Liu et al., 2017).
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Figure 2.3: A relationship between an increase in neural activity and the corresponding BOLD sig-
nal is shown. When neural activity causes increased oxygen consumption (CMRO2), neurovascular
coupling mechanisms alter the state of the vasculature changing CBF and CBV. The complicated
interaction between these 3 parameters leads to the BOLD signal as measured with fMRI (Murphy
et al., 2013)

Since fMRI signals are indirect, they can be influenced by many sources of noise. This kind
of noise can be structural and arises from specific sources, like hardware, lung expansion during
respiration, or the motion of the subject during the acquisition (Power et al., 2018). Another type
of noise is random, like thermal noise, which is induced by the random movement of the molecules
and is intrinsic. All these types of non-neuronal signals can significantly vary the interpretation
of the signal during resting-state fMRI, as they can obscure or distort true neural functional
connectivity (Liu et al., 2017). However, these effects have more impact on resting-state fMRI than
on task-based fMRI, because task-based analysis can better isolate task-related activity, whereas
resting-state data lacks clear timing.

Generally, BOLD fluctuations must be interpreted with caution. While decreases in neural
activity can lead to negative BOLD responses, the complex interactions between excitatory and
inhibitory processes can produce unpredictable effects. Neurovascular coupling varies across dif-
ferent brain regions and can also be altered in certain pathological conditions, such as epilepsy,
cortical spreading depression, brain ischemia, and Alzheimer’s disease (Attwell et al., 2010). In
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the review article, the authors have also focused on determining which aspects of neuronal activity
are most accurately reflected in BOLD signals. Additionally, other cell types, such as astrocytes,
play a role in regulating hemodynamic fluctuations, and physiological processes like cardiac and
respiratory cycles can introduce confounding factors in BOLD measurements (Jorge et al., 2014).

One of the primary focuses of the fMRI research field remains mitigating the effects of noise.
One of the most widespread techniques is still removing the global signal component, which is
known as global signal regression (GSR) or global signal subtraction (GSS), despite ongoing debate.
While GSR can reduce widespread noise and motion-related artifacts by removing the global signal
from the time series of each voxel through linear regression, it can also disregard the signal of neu-
ronal origin impacting on observed functional connectivity patters. Fox et al. (2009) demonstrated
that applying GSR can introduce prominent anti-correlations between intrinsic brain networks,
such as the DMN and task-positive network (TPN) (Fox et al., 2009). Their analysis revealed that
these anti-correlations, while robust, may partially result from mathematical artifacts introduced
by the regression process itself—essentially shifting correlation values downward and potentially
converting some weak positive correlations into negative ones.

While global signal fluctuations are known to reflect non-neuronal noise sources, such as
head motion or physiological rhythms (e.g., cardiac and respiratory cycles), Fox et al. (2009)
emphasized that removing the global mean does not necessarily disentangle all sources of noise. In
fact, indiscriminately regressing the global signal may distort the underlying connectivity structure
and complicate interpretation. Nevertheless, evidence also points to a neuronal component within
the global signal, suggesting that it may carry functionally relevant information.

Interestingly, subsequent work has shown that anti-correlated networks can still be detected
even in the absence of GSR. For instance,Wong et al. (2012) reported that caffeine administration
led to the emergence of DMN–TPN anti-correlations similar to those typically seen after GSR. This
finding implies that certain anti-correlated patterns may arise from genuine physiological changes
rather than regression artifacts, reinforcing the idea that GS contains both noise and meaningful
neuronal information.

Li et al. (2019b) revealed that individual differences in GS topography contain sufficient neural
information to be associated with individual variation in behaviors. This suggests meaningful
differences in functional MRI sources of variance (GS topography versus connectivity) that are
associated with behavior. In other words, GS can contain neural data and contribute to interpreting
the results on subject-level analysis.

The other study also linked the global signal to neuronal activity. Schölvinck et al. (2010)
conducted a study on an anaesthetised monkey during resting-state fMRI and simultaneous local
field potentials. The study showed that the fMRI signal highly correlated with neural activity,
which was pronounced across the cerebral cortex. This coupling was consistent across different
cortical regions (occipital, parietal, and frontal electrodes) but varied based on behavioural state,
being stronger and anticipatory when the monkeys’ eyes were closed. These results suggest that
the global signal can carry some useful neuronal information and should not be disregarded from
the signal (Schölvinck et al., 2010).

Despite such findings, disentangling the different components within the global signal remains
technically challenging. Several studies, particularly by Power and colleagues, have characterised
the properties of the global signal in fMRI and proposed methods to mitigate nuisance contribu-
tions. In the recent article of Power et al. (2018) they used multi-echo ICA to separate motion
and respiration components from global signal, motion artifacts were successfully removed using
ICA, but respiration components, that are were highly correlated with movement, was impossible
to decompose using multi-echo ICA, due to this the most reasonable way was to exclude global
signal entirely because respiration showed high correlation with global signal (Power et al., 2018).
It is important to mention that the choice of eliminating all global signal was made primarily due
to the high correlation of respiration components with GS.

Not only multi-echo ICA showed such results, but it was also observed with other statistical
methods, such as regression of multiple models of respiratory variance, and after regression of
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motion estimates and nuisance compartment signals, global respiratory signals persist through
these denoising approaches (Power et al., 2018)

Therefore, rather than relying solely on global signal removal, a more nuanced approach
involves characterising the GS and understanding its constituent sources to avoid misinterpretation
of brain connectivity measures. That way, it is possible to retrieve the accurate brain signal without
loss of important information.

2.4 EEG and slow waves

When a stimulus or change occurs, it triggers activity in populations of neurons that is detected
by our sensory system. When we record an EEG, we measure the electrical potential at the scalp,
which reflects synchronized activity in a specific area of the brain. EEG electrodes detect the
voltage differences created by synchronized brain activity, but the electrical signals must pass
through the brain and skull. This process, known as volume conduction, alters the signals before
they reach the electrodes (Murta et al., 2015)

Therefore, scalp EEG serves as another indirect method of measuring brain activity. But
the complication, according to the volume conduction issue, makes it more difficult to determine
the exact locations of the electrical potentials on the scalp. While the neural activity sources are
located within the three-dimensional brain, EEG only captures data from the two-dimensional
surface. The signals recorded on the scalp do not pinpoint the exact location of the active neurons
producing them (Murta et al., 2015). However, EEG has the advantage of tracking brain activity
on a millisecond timescale due to very high sampling frequency, allowing researchers to observe
the fast-changing dynamics of neuronal populations. This attribute has made EEG an important
tool for studying brain function for nearly a century (Warbrick, 2022). Interestingly, even though
EEG is often mentioned as a direct measure of neuronal activity, the complete understanding of its
underlying neurophysiological correlations has in fact not yet been achieved (Jorge et al., 2014).

Niedermeyer and Silva (2005) explained this change in potential, which we register in EEG,
that neuronal activity is mediated by synaptic interactions and action potential propagation (spik-
ing). Neurons generate time-varying electrical currents upon activation, primarily through ionic
currents across cellular membranes, known as transmembrane currents, that give rise to intra and
extracellular currents along the membrane. The latter generate the so-called local field poten-
tials (LFPs) and can be seen as equivalent electric dipoles between the stimulated dendrites and
sub-synaptic regions (Jorge et al., 2014).

Neuronal activation occurs in two main forms. The first is the rapid depolarisation of neu-
ronal membranes, leading to action potentials mediated by voltage-dependent sodium and potas-
sium conductances (gNa and gK). This process results in a brief shift of the intracellular potential
from negative to positive, which quickly returns to resting levels within 1–2 ms. To note: action
potentials propagate along axons and dendrites without a loss in amplitude. The second form of
neuronal activation involves slower changes in membrane potential due to synaptic activity, me-
diated by various neurotransmitter systems. These postsynaptic potentials are classified as either
excitatory or inhibitory, depending on the neurotransmitter involved, its receptor interactions, and
subsequent effects on ionic channels and intracellular signalling pathways. In each neuron, synaptic
inputs tend to induce transmembrane ionic currents (postsynaptic activity) (da Silva, 2022). These
membrane potential changes also contribute to LFPs.

EEG signals are characterized by complex temporal patterns that reflect specific transient
responses to applied stimuli, as well as the varying frequency composition known as brain rhythms.
These rhythms result from synchronous oscillatory activity in different brain regions, and their
mechanisms vary significantly depending on the targeted frequency range (Niedermeyer and Silva,
2005). Fluctuations within specific frequency bands may occur in response to external stimuli,
leading to phenomena known as event-related synchronization or desynchronization (Jorge et al.,
2014).
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The power spectra of LFP and scalp EEG signals follow a power law distribution, that is,
they may be broadly represented by a straight line on a logarithmic scale. The 1/f power law
distribution characterizes the brain arrhythmic activity, and the conspicuous peaks characterize
the brain rhythms (so-called oscillations). These oscillatory patterns are visible in electrophysio-
logical signals recorded either from the scalp or directly from within the brain; they are commonly
categorized as delta (0.5–4 Hz), theta (4–8 Hz), alpha (8–12 Hz), beta (12–30 Hz) and gamma
(>30 Hz) (Murta et al., 2015; da Silva, 2022). The temporal characteristics of brain rhythms are
phylogenetically preserved across mammalian species, despite significant differences in brain size.
This preservation throughout evolution suggests that brain rhythms serve a specific functional
role. Among these, slow wave oscillations (1–4 Hz) are the hallmark of deep, non-REM (NREM)
sleep, particularly Stage N3. During this phase, neurons across the cortex oscillate between ac-
tive “up-states” and "down-states" of reduced firing, leading to a synchronised rhythm that turns
down consciousness and limits external inputs from reaching higher-order awareness. However,
occasional theta (4–8 Hz) or even delta (1–4 Hz) frequencies can transiently appear during normal
wakefulness, particularly during drowsiness.

2.5 Artifacts of EEG signal

EEG, like fMRI, is a discrete-time system that records continuous biological signals. These
signals originate as analog electrical activity generated by neuronal firing and are then digitized for
subsequent analysis. However, EEG data are particularly susceptible to a wide range of artifacts,
which can compromise the quality and interpretability of the recordings. These artifacts can
generally be categorized into three types: instrumental, environmental, and biological.

Instrumental artifacts are typically caused by hardware-related issues. For example, malfunc-
tioning or poorly attached electrodes can generate high-amplitude fluctuations or unstable signals
that are not reflective of underlying brain activity. Additionally, when EEG is recorded simulta-
neously with fMRI, it introduces specific types of instrumental artifacts. These include gradient
artifacts caused by the rapid switching of magnetic gradients during fMRI data acquisition, and
cardioballistic artifacts, which are induced by the physical movement of electrodes due to pulsatile
blood flow from the heartbeat. These scanner-induced artifacts are typically periodic and can
significantly distort EEG signals if not properly corrected. These artifacts are typically attenuated
using specialised algorithms that model and subtract the artifactual waveforms associated with the
scanner (Chowdhury et al., 2019).

Environmental artifacts include power line interference (50 or 60 Hz), mechanical vibrations
from the surroundings, and electromagnetic noise from devices, like phones or elevators. Such
artifacts are commonly removed using high-pass filtering (e.g., at 0.1 Hz) or notch filters targeting
specific frequencies. Biological artifacts originate from the body and are more diverse: eye blinks
produce slow, high-amplitude deflections primarily at frontal electrodes due to corneal-retinal
potential shifts; eye movements cause deflections near temporal sites; and both are prominent
in delta and theta bands (Croft and Barry, 2000). Muscle artifacts, typically from teeth clenching
or jaw, generate high-frequency noise above 20 Hz, extending up to 300 Hz and affecting the full
spectrum (Xun Chen, 2025). Besides this, moderate body movements can also alter electrode
impedance and can induce large voltage shifts.

Artifact handling strategies generally fall into three categories: rejecting affected segments,
ignoring them, or repairing the data through attenuation techniques, including filtering (high-pass,
low-pass, notch) or re-referencing affected channels. Since EEG data contains mixtures of neural
and non-neural signals, ICA is widely used to statistically separate these components; this way, it is
possible to enable the identification and attenuation of different types of artifacts while preserving
meaningful brain activity (Fig. 2.4).
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Figure 2.4: Example of separation using ICA with 61 components

2.6 Link between EEG and fMRI

Both fMRI and EEG described above have their pros and cons, and a combined approach was
offered to combine the strengths of these two methods. Using a combined approach, it is possible
to reach high temporal resolution from EEG and high spatial resolution from fMRI. That way, we
can combine two approaches of indirect neuronal activity to benefit from both. This is especially
useful in fMRI acquisition with several blocks or sessions, so reaching more convincing results
for neuronal activity is possible. Moreover, simultaneous EEG-fMRI provides several practical
benefits, including a reduction in experimental duration, the removal of habituation effects, and the
maintenance of a consistent sensory environment across different modalities. These advantages have
enabled EEG-informed fMRI techniques, allowing EEG to identify specific temporal patterns (such
as epileptic spikes, seizure activity, or sleep rhythms). At the same time, fMRI helps identify where
these patterns come from, providing important information about the brain networks involved in
neurological disorders and different mental states. This combined approach allows researchers
to build spatiotemporal maps that visually localize particular EEG signals across brain regions,
enabling the investigation of the nature of these signals in three dimensions (Warbrick, 2022).

This combined approach has proven especially valuable in understanding the physiological
relevance of brain signals. For instance, Wong et al. (2013) used simultaneous EEG–fMRI record-
ings to demonstrate that global signal amplitude—measured as its standard deviation—varies
systematically with EEG-defined vigilance. Specifically, higher vigilance states were associated
with lower global signal amplitudes across individuals and experimental runs. Moreover, there was
an additional session with caffeine, which is known to elevate alertness; they observed a significant
reduction in global signal amplitude, further supporting its link to arousal levels.

On the other hand, simultaneous EEG-fMRI acquisitions comes with several challenges. The
strong and rapidly fluctuating magnetic fields in an MRI scanner introduce substantial artifacts
into the EEG signal, such as gradient and ballistocardiogram artifacts, it require additional pre-
processing steps in EEG data. Additionally, metal electrodes and leads in the high-field MRI
environment can include potential heating and induced currents; therefore, specialised hardware is
required. Motion artifacts further complicate data acquisition, as physical vibrations and scanner
noise can distort EEG readings, while even small participant movements pose greater challenges in
a simultaneous setup. A final critical issue is ensuring precise synchronisation between EEG and
fMRI data streams, which can be achieved by the correct placement of scanner triggers, which are
reflected in the EEG recording as well. (Warbrick, 2022).

This combined fMRI-EEG approach can be useful for studying slow-wave processes during
wakefulness, such as MB, because its neural characteristics are not appropriately defined, and this
technique overcomes this.
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2.7 Characteristics of Mind-Blanking

After investigating techniques useful for studying MB, this section will present some charac-
teristics from MB studies.

Research by Vyazovskiy et al. (2011) has shown that during sleep deprivation, a subset of brain
regions may display EEG signatures of NREM sleep, despite the individual being behaviourally
and physiologically awake (Vyazovskiy et al., 2011). This “local sleep” phenomenon occurs when
sleep-like slow waves (delta and theta range) emerge in specific cortical regions while the rest
of the brain remains in a wakeful state. The emergence of these localized slow waves in task-
critical areas can lead to attention lapses, microsleeps, or MB, as the ability to maintain conscious
processing diminishes. Notably, slow wave sleep (N3) is characterized by high-voltage (>75 µV)
delta frequencies. The authors also propose that local modulations of slow waves affect both
wakeful performance and subjective sleep experiences. This study forced to reconsider the concept
of the line between wakefulness and sleep.

In a recent review of Andrillon et al. (2021), they authors identify that MB can be associated
with slow-wave activity in the brain, because unlike mind-wandering (where one’s attention drifts to
internal thoughts), MB shows EEG patterns remind of lower-vigilance or “offline” states: namely,
increased low-frequency or slow-wave power and a relative disintegration of large-scale cortical
networks. These findings suggest that MB may represent transient “micro-shutdowns” of higher-
order cognition, during which conscious contents are effectively absent. If large enough portions of
the cortex synchronize in slow-wave oscillations, conscious content may drop out entirely, resulting
in the subjective experience of “nothingness” or blankness (Andrillon et al., 2021). This mechanism
likely contributes to day-to-day episodes of MB or losing track of one’s surroundings (attention
lapses), underscoring that the boundary between wakefulness and sleep is more permeable than
often assumed (Andrillon et al., 2021).

Occasional slower theta (4–7 Hz) or even delta (1–3 Hz) frequencies may be seen during normal
wakefulness, but usually these slower activities only become prominent during drowsiness (Louis
et al., 2016). During drowsiness, the first prominent change is a gradual loss of frequent muscle
and movement artifacts and a reduction of blinks and rapid lateral eye movements (Louis et al.,
2016). However, delta oscillations can occur in some parts of the human cortex when they are
completely conscious. But the authors Sachdev et al. (2015) concluded also that the occurrence
of delta oscillations during wakefulness is mostly linked to inattentiveness and unconsciousness,
which supports the previous findings of Andrillon et al. (2019) between delta oscillations and MB.

fMRI studies also revealed unique neuronal correlates of MB. Mortaheb et al. (2022) conducted
a study with 36 healthy participants using a 3-T MRI scanner while they were at rest with their
eyes open. During the session, participants were randomly presented with 50 auditory probes that
required them to report their current mental state by pressing a button. The mental states included
MB, sensory perception (Sens), stimulus-dependent thoughts (SDep), and stimulus-independent
thoughts (SInd).

After analyzing the frequency of reported mental states, MB occurred significantly less often
than the other states (Fig. 2.5). For the reaction time analysis it was shown that participants
responded more quickly when reporting MB compared to SDep and SInd, while no significant
difference was found between MB and Sens.

To understand how MB is connected to brain activity by examining the role of the GS, a
measure of widespread brain activity that has been linked to neural processes. Since the GS might
have functional significance, they analyzed its amplitude (strength) in different regions of interest
(ROIs) around the time participants reported MB.
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Figure 2.5: MB is characterized by a distinct behavioural profile (Mortaheb et al., 2022)

To do this, they measured the GS amplitude over a 10.2-second window (covering five fMRI
scans: two before the MB report and three after) to account for how BOLD signals change over
time. Their analysis showed that the GS amplitude was higher during MB compared to other
mental states like SDep and SInd, suggesting that MB is associated with stronger global brain
activity (Fig. 2.6).

Figure 2.6: Volumes labeled as MB are characterized by high GS amplitude (Mortaheb et al., 2022)

To ensure the reliability of this finding, they repeated the analysis with different time windows
(from five scans before the MB report up to three scans after) and found similar results.

To find out if MB has a unique neural signature, they analyzed functional connectivity dy-
namics by looking at how the brain activity changes across different moments during rest. For this
they combined all the brain connectivity data from multiple participants into a single dataset, and
using a k-means clustering method, they grouped these connectivity patterns into four distinct
types that consistently appeared in resting-state brain activity (Fig. 2.7). They found that Pat-
tern 3 —the globally positive connectivity pattern—was the one most strongly associated with MB
reports, this suggests that when people experience MB, their brains tend to be in a state where
most brain regions are positively connected (Mortaheb et al., 2022).
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Figure 2.7: MB is associated with an overall positive interregional brain connectivity pattern
(Mortaheb et al., 2022)

Moreover, Kawagoe et al. (2019) also found that deactivation of Broca’s area (a key region
for inner speech) was the most significant neural signature of MB. Since Broca’s area is essential
for semantic articulation and verbal thought, its suppression suggests that MB arises when inner
speech is silenced, preventing individuals from identifying any psychological content. Moreover,
increased activity in the medial prefrontal cortex (PFC), a core DMN region, was observed during
MB, which may indicate a weak connection to spontaneous cognition or a transient disengage-
ment from self-referential thought, which was also supported by the fact of deactivation of the
hippocampus, a region linked to spontaneous thought generation, because it has been reported
that the hippocampus is the region that spontaneous thoughts emerge from.

To better understand the role of the global signal in MB, they also decided to remove the GS
from brain activity data using two different methods - GSR and GSS. In both cases, they found that
the connectivity structure of P3 shifted towards more negative values, meaning that removing the
GS enhanced anticorrelations. So, removing it alters the neural signature of MB, particularly by
shifting the P3 connectivity pattern, which was originally associated with strong global coherence.
These results suggest that the GS carries partially independent neural information and contributes
to the cerebral profile of MB reportability.

It is important to note that the GS is a complex measure that includes not only neural activity
but also physiological components such as respiration and cardiac effects. This means that while
MB was found to be associated with GS fluctuations, this does not necessarily prove that MB
reflects purely neural activity. Instead, it is possible that the observed GS changes during MB
are partly influenced by physiological factors, such as increased blood pressure or other systemic
processes, rather than being solely driven by brain function.
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Goals and Objectives

3.1 Goals

Previous work (Mortaheb et al. (2022); Section 2.7) examined the role of the GS, the average
signal intensity across all voxels in the brain, during MB. They found that GS amplitude, measured
over a 10.2-second window around MB reports, was significantly higher during MB than during
other mental states such as SDep and SInd thought (Fig. 2.6). This effect was consistent across
different time windows.

Using dynamic functional connectivity analysis, they identified four recurring brain connectiv-
ity patterns. Among them, Pattern, characterized by globally positive (all-to-all) correlations, was
most strongly associated with MB (Fig.2.7). Removing the GS from the data (via GSR and GSS)
shifted P3 toward more negative connectivity, indicating that the GS contributes to the coherent
connectivity profile observed during MB.

However, the GS is not purely neural signal, it also contains physiological components such as
respiration and cardiac effects. Thus, while MB is linked to GS fluctuations, the extent to which
these changes reflect intrinsic neural dynamics versus physiological processes remains unclear.

These findings motivate the present study, in which we aim to investigate the neural mech-
anisms underlying MB using simultaneously acquired EEG–fMRI data. In particular, we focus
on separating neural and physiological components of the EEG signal and relating them to GS
amplitude, to determine whether MB reflects intrinsic neural dynamics or is partially driven by
physiological fluctuations.

A combined fMRI–EEG approach is particularly well suited for this purpose, as it allows us
to study MB, whose neural characteristics are still not well defined, during wakefulness, while
also disentangling their physiological contributions. In the study of Wong et al. (2013), using
particularly simultaneous EEG-fMRI recording, using this approach they managed to identify a
negative correlation between global fMRI signal and arousal levels, suggesting that the global
BOLD signal may serve as an indicator of vigilance fluctuations (Wong et al., 2013).

Based on this, investigating the correlation between the global fMRI signal and EEG activity
during MB could help characterise the main neural oscillations associated with MB. Based on the
section describing characteristics of MB (Section 2.7), it is likely that slow-wave activity (particu-
larly in the delta range, 1–4 Hz) will be prominent during MB episodes. Furthermore, through the
correlation analysis, it is possible to determine the reason for the increase in GS amplitude during
MB reports.
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3.2 Hypothesis

The GS components related to MB reports will incorporate both neuronal and neurovascular
information. However, the extent of contributions of each component requires further investigation.

3.3 Objectives

Therefore, our objectives are the following:

• To analyze EEG recordings acquired during simultaneous EEG–fMRI sessions and separate
them into their neural and physiological components (in this study ECG), in order to isolate
the neuronal signal and physiological signal of interest.

• To preprocess and denoise task-based fMRI data, extract the GSA

• To examine correlations between GSA and different EEG bands, with a particular focus on
identifying the EEG features most strongly associated with MB reports

• To examine correlations between GSA and ECG, with a particular focus on periods during
MB reports

• To extend this analysis to other mental states reported during the experiment (MW and on-
task), allowing for comparison of EEG–GSA relationships across different cognitive states.
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Methods

This Chapter first describes the data used and its characteristics, including the experimental
protocol, and then outlines the preprocessing steps applied to the data. Finally, the methods for
analysing the preprocessed data are provided.

4.1 Participants

For this study, collaborators from Monash Centre for Consciousness and Contemplative Studies
provided the data. The data consists of 38 subjects with simultaneous task-based fMRI and EEG
data. 27 subjects out of 38 also have resting state fMRI and EEG data. The mean age of the 38
participants is 26.4 (range from 18 to 32), and 24 of the subjects were females. All participants
reported normal or corrected-to-normal vision and no neurological or psychiatric disorders.

4.2 Experiment Design

The experiment design was first introduced by Andrillon et al. (2021). The entire experiment
consisted of 4 blocks of EEG-fMRI acquisition, each lasting around 12 minutes. Participants were
allowed to rest between blocks, so the experiment lasted about 50 minutes. The task in each block
consisted of an SART, in which participants were instructed to pay attention to a series of human
face images, each probe repeated 10 times. Each participant responded to 40 probes across four
blocks. These human faces were selected from the Radboud Face Database (Radboud University
Nijmegen).

In each probe, participants were instructed to press a button in response to neutral faces
(’Go trials’) and to withhold their response when presented with the smiling face (’NoGo trials’).
After around 1 minute, the presentation of stimuli was interrupted by a sound and the appear-
ance of the word "STOP" on the screen. During these interruptions, participants were asked
about their mental state with three questions, with multiple possible answers. For the first ques-
tion, participants were asked “Where was your attention focused?” and forced to select one of the
following options: (1) "task-focused" (on-task, ON), (2) "off-task" (mind-wandering, MW), (3)
"mind-blanking" (MB), or (4) "don’t remember." Since the "don’t remember" option accounted
for only 1.1% of all responses and previous studies often do not differentiate between these options,
the third and fourth categories were combined into MB for all analyses (Andrillon et al., 2021).
If participants selected the Off-Task option, they were additionally presented with the following
question: “Just before the interruption: What distracted your attention from the task?” Available
options were: (1) Something in the room, (2) Something personal, and (3) Something about the
task. For the last question, participants were asked to rate their level of vigilance over the past
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few trials using a 4-point scale ranging from 1 (’Extremely Sleepy’) to 4 (’Extremely Alert’). The
whole experimental protocol is illustrated in Fig. 4.1.

Participants were informed about the nature of the interruptions and the questions before the
experiment began. Explanations of the mental state categories (ON, MW, and MB) were pro-
vided both orally and in writing. The responses during the probes were recorded using an MRI-
compatible button box. Behavioural data were synchronised with the MRI acquisition through
trigger pulses sent by the scanner, so that it is possible to align neural and behavioural measure-
ments.

Figure 4.1: Structure of the Experiment Used for Described Dataset

4.3 MRI Recording

Participants were instructed to lie still in the MRI scanner, and with closed eyes in case of rs-
fMRI, minimising eye movements and muscle artifacts. Data were collected using a Siemens Skyra
3T MRI system, equipped with a Siemens 20-channel Head/Neck coil, allowing for simultaneous
EEG and ECG recordings. Anatomical images were acquired using a T1-weighted MPRAGE
sequence with a voxel size of 1.00 mm³, TR=2.3s, TE=2.07s, and a slice thickness of 1 mm.
Functional images were obtained using an Echo Planar Imaging (EPI) sequence with the following
parameters: TR=1.56s, TE=0.03s, slice thickness=3 mm, flip angle=70.

For each subject, four separate acquisitions were made corresponding to the 4 blocks of the
experiment (Fig. 4.1). That way, each participant underwent four blocks of fMRI recording.

4.4 MRI Preprocessing

All MRI data were preprocessed using the fmriprep library, which implements a standardised,
BIDS-compliant workflow combining tools from ANTs, FSL, FreeSurfer, and AFNI (Esteban et al.,
2019).

4.4.1 Anatomical Data Preprocessing

Structural T1-weighted images were reoriented and resampled to a common RAS orientation
and voxel size, if multiple T1w scans were available, they were averaged into a single reference
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template. This template underwent skull-stripping using ANTs and tissue segmentation via FSL’s
FAST to generate gray matter, white matter, and cerebrospinal fluid probability maps. Finally,
nonlinear spatial normalization to MNI standard space was performed using ANTs’ registration
framework.

4.4.2 Functional MRI preprocessing

For each run per block of the experiment, a reference image was created and used for head
motion (FSL’s mcflirt). Then, functional images were aligned to each subject’s anatomical T1-
weighted scan and normalized to standard space using a single-shot resampling to preserve data
quality. Afterwards, confounding time series were computed. Multiple confounds were calculated,
including motion parameters, framewise displacement, DVARS, global signals (from CSF, WM,
whole brain), and physiological noise regressors via aCompCor and tCompCor. Frames with ex-
cessive motion or signal variability are marked as outliers. The final outputs include cleaned BOLD
images and confound regressors.

This study specifically focuses on the global signal derived from the whole brain, defined as
the mean time course across all brain voxels. This signal, extracted from the confounds output of
fMRIPrep, serves as the primary variable of interest in our EEG-fMRI correlation analysis.

Data were processed with a single command across all subjects and runs, with input data
structured according to BIDS and requiring at minimum both T1w and BOLD scans. The full
preprocessing pipeline is documented in the official fmriprep documentation (fMRIPrep Commu-
nity). This standardised and widely used approach has been implemented in many research and
workflows (Wong et al., 2013; Scheeringa et al., 2012), ensuring a robust and uniform method for
analysis.

4.5 EEG Recording

EEG data were acquired using the BrainAmp MR plus system (Brain Products, Munich,
Germany), equipped with a 64-channel EEG Cap (64Ch Standard BrainCap-MR with multitrodes).
Electrode placement followed the international 10-20 system (Fig. 4.2. The ground electrode was
positioned in the location of AFz, and the reference was in the location of FCz. The data were
recorded with the BrainAmp MR plus DC and bipolar BrainAmp ExG MR amplifiers and the
BrainVision Recorder (Version 2.2) software with a resolution of 0.5µV/bit at 5000 Hz and with a
low cut-off hardware filter with a time constant of 10s and high cut-off at 250Hz. The EEG and
fMRI data acquisition were synchronised using the Brain Products SyncBox.

Recorded triggers in EEG data had the following meanings:

• T/T 1 – Beginning of each subtask of the Go/NoGo Task;

• S/S 1 – Time Repetition (TR), occurring every 1.56 s;

• Q/Q 1 – End of the experience sampling (40 in total, one for each block of the experiment);

• P/P 1 – Beginning of the experience sampling (also 40 in total);

• C/C 1 – End of each experimental block (4 in total, one per run);

• B/B 1 – Beginning of each experimental block (4 in total);

• Sync On – Marks the synchronization pulse used to align EEG and scanner clocks at the
start of acquisition.

Other triggers that appear before the first S/S trigger were not considered, as they seem to
relate only to trials preceding the actual task and are outside the scope of interest.
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Figure 4.2: EEG Cap Used in the Experiment

4.6 EEG Preprocessing

The following section will detail all preprocessing steps applied to the EEG data described
above, including detection of instrumental, environmental, and biological artifacts and their rejec-
tion.

4.6.1 Instrumentation Artifact Cleaning

In EEG-fMRI experiments, the scanner environment generates various artifacts. Notably, the
switching of magnetic gradients causes significant currents in the EEG leads, resulting in large
artifactual voltages. Additionally, vibrations from the scanner induce motion artifacts, which are
amplified by the magnetic field. Moreover, besides artifacts generated by general cardiac activity,
there can also be pulse artifacts arising from the EEG electrode, which is placed around a vessel
or artery. To handle these artifacts it requires specialised analysis techniques.

These artifacts were cleaned using the BrainVision Analyser 2.0.1 software (Brain Products,
Munich, Germany), which removes MRI gradient artifacts using an average pulse artifact template
procedure (Allen et al., 2000). An average template was created based on markers indicating
repetition time from the MRI system (S/S 1, see Fig. 4.3), and then subtracted from the EEG
signal to correct for artifacts. After gradient artifact removal, cardioballistic artifact removal was
also performed using BrainVision Analyser. Heartbeat event markers were created by detecting
R-peaks from the ECG channel. The corrected EEG data and event markers were then exported
in edf format (Team of Brain Products GmbH).
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Figure 4.3: Example of Triggers for Subject 219 from EEG data.

Instrumentation artifact removal was applied to the entire EEG recording, which included all
four experimental blocks combined into a single sequence. Performing this step on the full sequence
is practical, as it does not rely on or generate any .log files containing run-specific information and
applies the same correction algorithm uniformly across the entire session. Further preprocessing
was performed using the MNE library in Python.

4.6.2 Data Structuring and Annotation Alignment

For subsequent preprocessing steps, the continuous EEG recording was divided into four seg-
ments corresponding to the individual fMRI runs. This segmentation preserved run-specific infor-
mation, such as bad epochs and bad channels, and enabled precise alignment between EEG and
fMRI data. The separation was based on event markers indicating the beginning and end of each
experimental block (Fig. 4.1; see also Fig. 4.3 for trigger details).

Besides EEG triggers, there were also triggers which come from the scanner. The scanner
triggers not only recorded the experimental timing, but also captured the participants’ responses
related to their experienced mental state during the task. These behavioural responses were aligned
with the EEG events, too. This was done by creating new annotations that combined the triggers
recorded in the EEG with the annotations available from the scanner. The scanner annotations
were extracted from the .tsv files associated with each of the four runs.

By aligning both EEG and scanner triggers, it was possible to determine the start and end of
each Go/NoGo task as well as to identify the moments when participants reported mind-blanking
and other states. After correctly segmenting the EEG data in correspondence with the fMRI runs
and after instrumental artifact removal, the signals were further processed to clean the data from
other types of artifacts to isolate neuronal activity as clearly as possible. To further clean the EEG
data from residual artifacts, the steps described in the following sections were applied.
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4.6.3 BIDS Formatting

Data were formatted using the BIDS formatting convention. BIDS formatting is a standard
convention for neuroimaging and behavioural data, including EEG data. This approach allows data
to be organised efficiently and clearly, which is generally recommended for storing and analysing
such types of data (Pernet et al., 2019). A Python script was implemented to rename the original
files into the following format: sub-index_of_subject_task- gonogo_run-index_of_run_eeg.fif.
This ensures that each run for each subject is formatted consistently, facilitating further processing
and storage of additional files.

4.6.4 Bad Channels Removal

As a next preprocessing step, it was necessary to exclude EEG channels that were clearly
contaminated by noise or otherwise unusable. These typically included electrodes with flat signals,
excessive artifacts, or unstable baseline drift. An example of such channels is shown in Figure 4.4.

(a) Example of a bad channel for Subject 217, Run 4: C4

(b) Example of bad channels for Subject 227, Run 4: AF3

Figure 4.4: Examples of some bad channels identified in Subject 217 and Subject 227

This step was performed using the MNE library in Python. Specifically, the raw EEG data were
first band-pass filtered between 0.5 Hz and 45 Hz, and the filtered signal was then plotted from
the .fif file. This visualization allowed for manual inspection of all 63 EEG channels, along with
the 2 ECG channels, across the full duration of each recording.

All identified bad channels for each subject were saved into a single .json file. This file
contained the list of bad channels for all runs belonging to the same subject. By storing this
information in a separate configuration file, it was possible to automatically reload and apply the
same bad channel annotations if preprocessing needed to be redone or updated at a later stage.
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4.6.5 Cutting The Data Into Epochs

Now, after indicating bad channels and removing them, cutting the data into epochs was
required before running the next step of the analysis, particularly ICA.

For each subject, the EEG recordings were uploaded. Then, the continuous EEG signals were
band-pass filtered between 0.5 Hz and 45 Hz to remove low-frequency drifts and high-frequency
noise, in line with standard preprocessing for EEG studies. An Infinite Impulse Response (IIR)
filter was selected instead of the default Finite Impulse Response (FIR) filter, as the recordings
triggered warnings indicating that the data length was insufficient for effective FIR filtering. The
IIR filter, with its shorter kernel allowed to avoid these warnings.

With the MRI scanner’s TR set to 1.56 s, the continuous EEG data was segmented into
equal-length epochs of 1.56 seconds. This was done using mne.make_fixed_length_events, which
generated events at regular intervals matching the TR. These events were then used to define epochs
with mne.Epochs, resulting in a series of consecutive 1.56-second EEG segments. The final epoched
data was saved in .fif format for further analysis.

4.6.6 Removing Bad Epochs

After cutting the data into fixed-length epochs, cleaning the epochs contaminated with pro-
nounced artifacts was necessary to detect the genuine neuronal signal. Bad epoch filtering was
done manually by visually inspecting the data. Instead of checking all 63 EEG channels individu-
ally, PCA was applied to reduce the data to its main 10 components. This made it easier to spot
any distortions during an epoch without the need to go through every channel. The list of bad
epochs was saved in the same .json file as the bad channels, so the whole preprocessing can be
reproduced easily later if needed.

Removing bad epochs is a necessary step before running ICA, because noisy segments, like
those with excessive muscle activity, eye blinks, or movement artifacts, can distort the ICA de-
composition and lead to inaccurate separation of components (Jiang et al., 2019). ICA assumes
that the underlying sources are statistically independent and consistent across the recording, but
bad epochs introduce high-amplitude, non-stationary noise that can break this assumption (Jiang
et al., 2019).

As a result, the ICA algorithm may prioritise fitting those artifacts, which could be present
only in a few epochs and not within whole recording, instead of uncovering true neural signals.
It will lead to reducing the quality of artifact detection which appear permanently across data
and leading to false interpretability of the resulting components. That way, removing bad epochs
improves ICA’s effectiveness and yields cleaner, and more meaningful components. After this step
it can be possible to apply ICA.

4.6.7 Apply ICA

ICA is a statistical method that identifies hidden factors within observed data, assuming that
the observed signals are linear mixtures of unknown, non-Gaussian, and mutually independent
sources (MNE). That way, if any non-neuronal signal is presented significantly, it will be captured
by one of the components.

ICA is applied using the Picard algorithm from MNE library, a fast and robust ICA solver
well-suited for EEG data. The number of components is set to n_components=0.9999, which
instructs MNE to retain enough components to explain 99.99% of the variance in the data. The
Picard method is chosen because it has good convergence properties and is configured with ad-
ditional parameters, like ortho=False to allow non-orthogonal components and extended=True
to enable better separation of both sub-Gaussian and super-Gaussian sources, which is useful for
detecting eye blinks and cardiac activity (MNE). The output result of ICA was saved in .fif file.



36 CHAPTER 4. METHODS

4.6.8 Reject Components Which Contain artifacts

Referencing the implementation by senior postdoctoral researcher in Applied Machine Learn-
ing Group (Federico Raimondo, 2025), the ICA decomposition results were saved as interactive
.html reports using the .fif files from the previous step. These reports allowed a detailed in-
spection of the main 20 independent components, showing their spatial topography, ERP/ERF
plot, variance across epochs, power spectra, and single-trial time series. This visualization made
it easier to identify components representing artifacts.

Components were rejected only when they clearly represented artifacts. Figure 4.5 illustrates
two such examples. The top image shows a typical eye blink artifact, identified by strong frontal
activation in the topography and high-amplitude deflections in the time series. The bottom image
displays a muscle artifact, characterized by broadband high-frequency power in the spectrum plot
(above 20 Hz) and noisy oscillatory time series.

Figure 4.5: ICA examples for artifact identification. Top: Example of an eye blink artifact for
Subject 217, Run 3, showing strong frontal activation in the scalp topography and large deflec-
tions in the time series. Bottom: Example of a cyclical muscle artifact for Subject 217, Run 3,
characterized by broadband high-frequency power (above ∼20 Hz) in the spectrum plot and noisy
oscillatory time series.

Only after rejecting the contaminated components bad channels were interpolated. This en-
sured that ICA decomposition was not biased by previously corrupted channels. This procedure
was repeated for every block of the experiment (run) and every subject in the dataset. After com-
ponent rejection and interpolation, the EEG data was considered clean from the major artifacts
and ready for further analysis.
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4.7 Physiological Signal

To understand the causes of increased GSA around MB reports, whether the rise is driven by
neuronal or neurovascular activity, it is essential to extract a physiological signal to help disentangle
these contributions. Physiological signal refers to any signal that does not originate from neuronal
sources. In the initial trials, we aimed to define a broader category of physiological activity that
included muscle artifacts, cardiac activity, and eye blinks captured in the EEG signal, treating
them as additional physiological components.

To identify these components in the EEG data, ICA was applied with a variance threshold of
0.99 to decompose the EEG signal. The resulting components were then visually inspected and
labeled using the MNE library, assigning physiological labels when components corresponded to
identifiable artifacts (e.g., eye blinks, muscle activity)(see Fig. 2.4). However, this approach did
not work well in practice. ICLabel, which is a supervised machine learning classifier originally
implemented in EEGLAB, can label EEG components based on their most likely source. While it
performs reasonably well, many components that contained physiological noise also included some
valuable neuronal activity. Because of that overlap, rejecting such components would risk losing
meaningful brain signals.

Due to these limitations, it was chosen to rely only on ECG as a pure physiological signal.
Unlike the previous approach, the ECG is a direct measure of cardiovascular activity and can better
reflect true physiological reactions, rather than just artifacts that may not relate to mental states.
The ECG signal was processed using the neurokit2 library, which provides tools for analyzing
different types of physiological data. For ECG, neurokit2 uses heart rate variability (HRV) as a
main metric, which is known to reflect psychophysiological states and disorders like depression,
anxiety, schizophrenia, and post-traumatic stress disorder (Gullett et al., 2023). HRV also can
show how flexible the nervous system is in changing arousal levels and that it can be related to
emotion regulation (Pham et al., 2021).

For each subject and run, we selected the ECG channel and ran an implemented Python
script that extracts ECG amplitude regressors aligned to the fMRI scans. It starts from MRI-
artifact corrected EEG files, identifies task segments, splits them into four parts per subject (as
was described previously in section EEG Preprocessing), and cleans the corresponding epochs
(based on .json from EEG preprocessing). Each segment’s ECG signal is filtered (0.5–40 Hz)
and resampled to 256 Hz. Then, using neurokit2.ecg_process(), R-peaks were detected, signal
was cleaned, and the heart rate was computed. From this, we extracted the ECG_Rate (beats per
minute), giving us an instantaneous heart rate signal over time.

That way, the signal was converted to a time vector, then it was z-scored and interpolated to
obtain one value per each TR (1.56 s). Bad scans were excluded, as well, as the first 10 volumes
(to allow for magnetisation stabilisation), ensuring only clean epochs were used. And the final
ECG regressors, which contained one value per fMRI scan, were saved as text files. This resulted
in a clean, time-resolved physiological regressor (specifically, heart rate variation) aligned with the
fMRI volumes.

4.8 Deriving EEG metrics

To check if any cardiac artifacts remained in the preprocessed EEG data, Pearson correlation
was calculated between the extracted ECG signal and each of the 63 EEG channels. This helped
to see if there were any remaining links with the physiological signal, which would indicate that the
process of EEG cleaning might not have been fully effective. A topographical brain map was then
created to show where on the scalp these positive or negative correlations occurred. As visible in
Fig. 4.6, none of the areas show either positive or negative correlation, indicating good separation
between these two signals.
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Figure 4.6: Correlation between EEG amplitude and ECG amplitude across all 64 EEG channels.
No scalp region exhibited significant positive or negative correlation, suggesting that cardiac-
related artifacts were effectively removed from the EEG data. This indicates good separation
between neuronal and physiological signals, supporting the reliability of subsequent EEG–fMRI
coupling analyses

4.8.1 Delta Oscillations

Since MB is linked to slow-wave activity (Andrillon et al., 2019), the primary EEG band of
interest is the delta band. This enabled us to extract the signal related to the neuronal character-
istics of MB, which can aid in understanding the extent to which neuronal activity, associated with
MB, correlates with GSA. To prepare delta oscillations for fMRI correlation analysis, the pipeline
was referenced to the study of Scheeringa et al. (2012), where correlation analysis was implemented
for rs-fMRI and alpha bands, and to the study of Bolt et al. (2024), where coupling between GS
and physiological signals was studied.

After cleaning the data from the major artifacts, the next step involved extracting neural
regressors in the delta frequency range (1–4 Hz). For each subject, the preprocessed epoched files
(.fif) were loaded, and any bad epochs and channels specified in the corresponding .json file were
removed. If any bad channels were detected, they were interpolated using spherical spline inter-
polation to reduce the loss of spatial information. This was done via epochs.interpolate_bads
(reset_bads=True).

The data was then resampled to 256 Hz since the signal of interest is enough to process with
this frequency rate. Downsampling was done only at this stage, so there is no loss in the signal
during epoching and ICA. Moreover, downsampling during epoching can induce longer fixed events
due to the smaller sampling frequency, which in the end can lead to the shift of all the data and
wrong alignment with the fMRI signal.

To isolate neural activity in the delta band (1-4 Hz), a band-pass filter was applied using the
IIR method. This filter was chosen over default methods to avoid warnings related to signal length
and to ensure stable filter performance on shorter epochs. Then, to extract regressors the following
procedure was implemented for each of 63 EEG channels:
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The envelope of the delta activity was computed using Hilbert transform, which provides an
analytic signal from which the instantaneous amplitude (envelope) was extracted. This envelope
was then normalized using a z-score to make the signal comparable across epochs and channels. The
instantaneous amplitude is proportional to the square root of the instantaneous power. Because
the sampling rate of the EEG recording was 256 Hz, the Hilbert envelope had a high temporal
resolution, resulting in fast, high-frequency amplitude fluctuations.

Since BOLD signals are slower and delayed due to the hemodynamic response, the EEG enve-
lope needed to be matched to the temporal dynamics of fMRI. The EEG envelope was convolved
with a canonical "hemodynamic response function" (HRF) to approximate the expected hemody-
namic delay. The canonical HRF implemented in SPM was used for this purpose, which models the
typical biphasic shape of the BOLD response, sampled at the same resolution as EEG (oversampled
to match 256 Hz). The convolution itself was performed using FFT-based fast convolution.

Since data was epoched into the segments which are equal to the repetition time of the scanner,
it allows us to simplify the alignment with the fMRI scanner, particularly to obtain only one value
per scan. For this, the mean of the convolved signal across time points was taken as the final
EEG regressor per epoch. To ensure consistency with fMRI analysis, only epochs beyond the 10th
(to exclude unstable initial volumes) were retained. These delta-band regressors were then saved
into individual text files per channel, to be later used in general linear models. As a result, the
final delta-based power regressor contained one value per fMRI scan, aligned with the number of
volumes acquired in each run of the experiment.

4.8.2 Other EEG Bands

To verify the reliability of the analysis, we aimed to perform the same analysis not only for
delta but also for other frequency bands, particularly for theta, alpha, and gamma. The processing
procedure remains the same despite the change in filter range (Murta et al., 2015; da Silva, 2022):

• Theta Band - 4-8 Hz

• Alpha Band - 8-12 Hz

• Gamma Band - > 30 Hz (Since we had high-pass filtering at 45 Hz, Gamma band was limited
from 30-45 Hz)

That way, the script allows easy adaptation to different bands of interest simply by switching
filter parameters.

4.9 Retrieve Global Signal Amplitude

Confounds from fmriprep are used to obtain one of its outputs — the global signal, which
is then correlated with EEG and ECG regressors. For each subject and corresponding run, the
preprocessed fMRI global signal was retrieved from the related .tsv files. After loading the relevant
EEG epochs for each run, bad epochs were discarded. The remaining volume indices were then
extracted to ensure that only clear EEG epochs were included.

The global signal was processed by computing the analytic signal using Hilbert transform, and
taking the absolute value to obtain its amplitude envelope. This envelope was then standardised
using a global z-score transformation to ensure comparability.

To maintain consistency with the EEG-derived regressors, only those fMRI scans correspond-
ing to the accepted EEG epochs were retained. Since epochs are equal to repetition time, it can
be done by excluding the corresponding scans which correspond to bad epochs. Furthermore, the
first nine volumes of each run were excluded, as they typically contain instability due to scanner
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equilibration. The resulting vector was saved as a plain text file. These global signal regressors
will be later analysed for the linear correlation with EEG and ECG regressors.

4.10 Retrieving Mind-Blanking Reports

All the processing steps above were applied to the full recording of the experiment. However,
in this study, we are specifically interested in the moments when participants reported MB. For
that, a separate script was implemented to generate a text file with a boolean mask with True for
timepoints where MB was reported.

The periods of MB were extracted using task annotations from EEG triggers (see Fig. 4.3).
The script segmented the MB events into blocks based on the timing of the task. For each ques-
tion–response block, it identified the start of the next Go/NoGo block to consider the duration of
the answer during the experience-sampling block. Then, it checked which MB onsets happened
within these intervals of the question-response block. For every matched MB onset, the script
defined the block start as the first Go/NoGo onset following the previous question–response end,
and the block end as the current question–response onset.

This allowed to mark periods of Go/NoGo tasks when MB was likely occurring, and use that
information to extract the relevant segments from the physiological and neuronal signals. In the
same way the masks were retrieved for MW and ONTASK mental states for further analysis.

For additional inspection, MB reports were also analyzed using a complementary extraction
procedure based on the approach described by Mortaheb et al. (2022). In this method, the precise
onset of each MB report was used, and fixed-length segments surrounding this onset were extracted.
Specifically, a window extending 11.7 seconds before and 11.7 seconds after the reported onset was
selected. This window captured both the period before and after the reported MB onset, allowing
us to examine surrounding neural and physiological activity. Using this approach alongside the
task-based segmentation also provided a way to check the consistency of our results across two
methods of defining MB epochs.

4.11 Correlation Analysis of EEG and GS

The resulting regressors allowed us to perform correlation analysis using Generalized Linear
Models (GLM), particularly Linear Mixed-Effects Models (LMMs), to check the linear relationship
between different types of signals.

4.11.1 Design Matrix

Based on the previous steps, regressors were collected for each experiment run and each
subject, covering ECG, EEG, and GS amplitude signals. Each regressor contained a number of
time points corresponding to the number of fMRI scans in that run. All these regressors were
concatenated into one matrix, resulting in a design matrix with 69 columns:

• Columns 1–63: EEG amplitude regressors for each of the 63 channels (Fig. 4.2)

• Column 64: Global EEG signal (average across all EEG channels)

• Column 65: ECG heart rate variability regressors

• Column 66: Global signal amplitude regressor

• Column 67: Boolean mask for MB (True when MB was reported, False otherwise)
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• Column 68: Subject ID number (from sub-217 to sub-244)

• Column 69: Run number (from 1 to 4, which corresponds to each block of the experiment)

This resulted in continuous time series for each EEG channel, ECG, and GS amplitude, where
each regressor (e.g., F1 EEG channel) aggregated data across all four runs and all subjects into a
single column. In other words, each regressor represented the concatenated signal from all fMRI
scans for all sessions and subjects. The number of time points in each column matched the total
number of scans which were included after preprocessing. These regressors were then used as input
for the GLM-analysis, particularly using Linear Mixed-Effects Models (LMMs), implemented in R
to explore correlations between EEG and GSA and between ECG and GSA.

As can be seen, in addition to EEG, ECG, and GS amplitude regressors, subject number and
run were included as grouping factors in an LMM. Unlike a standard GLM, where subject and
run would need to be represented through dummy-coded regressors, here they were modelled as
random effects, allowing the model to estimate subject-specific intercepts without explicit dummy
coding. Thus, the subject and run columns in the design matrix served only as grouping indices
rather than continuous predictors.

In this context, a regressor refers to a single explanatory variable (i.e., a column in the design
matrix) used to predict variation in the GSA within the general linear model. For EEG, the
GLM-based correlation analysis was done in two ways:

• Channel-wise: a separate GLM was fitted for each of the 63 EEG channels, with the
amplitude of the given channel entered as a regressor for GSA. This approach allowed the
identification of spatially specific relationships between local EEG activity and fluctuations
in the GSA,

• Globally: in parallel, the GLM was applied to the global delta signal, computed as the mean
amplitude across all EEG channels. This provided a single regressor representing large-scale
EEG activity, which was then tested against GSA.

Each of these analyses was performed twice: first on the entire dataset, and then only on
the timepoints when MB was reported, which obviously resulted in a smaller dataset. For some
particular EEG bands, the same analysis was provided to analyse the correlation during MW and
ONTASK reports.

4.11.2 Linear Mixed-Effects Model for EEG–GSA Coupling with Subject-
Level Random Effects

Since we have multiple subjects and natural variability between them, using an ordinary
linear model might not be effective enough, as it could miss meaningful effects by averaging over
individuals.

To address this, Linear Mixed-Effects Models (LMMs) were used. These models are designed
for regression analyses involving grouped or repeated measures data, like in our case, where we
have multiple time points per subject. There are two main types of random effects used in these
models:

• Random intercept: all responses in a group (subject) are shifted by a subject-specific con-
stant.

• Random slope: the relationship between predictor and outcome can vary across subjects
(e.g., EEG–GS slope is different per subject).
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Figure 4.7: GSA and EEG Amplitude Correlation Subject-Wise revealed significant variation
across individuals

To understand if subject-specific variability of EEG-GS relationship is present in the data, the
correlation between EEG amplitude and global signal amplitude per subject was firstly visualized
(Fig. 4.7).

The figure shows noticeable variation across individuals, which suggests that including random
slopes may help capture real effects in the data. Because of that, it was initially decided to
use a mixed linear model with both random intercept and random slope. This model was
implemented in R using the lme4 package, which is a standard library for mixed models. Although
Python also offers MixedLM via statsmodels, R was chosen due to its wider application for mixed
models

The full model, which was tested:

global_signalij = β0 + β1 · eegij + u0j + u1j · eegij + ϵij (4.1)

where

• global_signalij : fMRI global signal amplitude at time point i for subject j

• eegij : EEG regressor amplitude at time point i for subject j

• β0: fixed intercept (global average)

• β1: fixed slope (global effect of EEG on global signal)

• u0j : subject-specific random intercept (baseline shift)

• u1j : subject-specific random slope (variation in EEG–GS relation)

• ϵij : residual error term
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To assess the significance of the slope β1, we extracted p-values from the model output and
applied FDR correction to account for multiple comparisons across EEG channels. However, during
model fitting, convergence warnings appeared (“Model failed to converge”) for models with both
random effects. These warnings indicated that the estimated covariance matrix of the random
effects was not positive definite and included at least one negative eigenvalue, a sign of a singular
fit. This issue suggests overparameterization or insufficient variability in the data to estimate both
random effects reliably.

To investigate this further, we restricted the analysis to MB periods, where fewer convergence
problems were observed (12 out of 63 channels). We then systematically examined the design
matrices and model diagnostics. The fixed effects design matrix was of full rank in all cases,
with two predictors (intercept and EEG regressor), confirming that the basic model structure was
valid. The random effects design matrix also conformed to expectations, consisting of 38 columns
(19 subjects × 2 random effects: intercept and EEG slope). Thus, structurally, the models were
correctly specified.

However, additional diagnostics revealed that the variance of the random slope component
was frequently less than 0.0001, a threshold used for the detection of matrix singularity. This
lack of variability is a common cause of singular fits. Furthermore, the fixed effects design ma-
trix had a condition number of approximately 150 across all channels, indicating moderate to
high multicollinearity. Such multicollinearity can inflate estimation uncertainty and hinder model
convergence.

Due to these convergence problems, additional inspection was necessary to understand whether
we really benefit from a more complex model (with 2 degrees of freedom) using the log-likelihood
ratio tests and its p-value.

This inspection was conducted only on the mind-blanking dataset, since convergence issues
were observed for just 12 out of 63 channels. A more complex model, including both random slope
and intercept, could still be beneficial for the remaining channels where it converges successfully,
potentially outweighing the drawbacks of convergence problems.

The comparison showed that:

• For 22 out of 63 channels, the more complex model provided a significantly better fit

• For the remaining 41 channels, the simpler model was sufficient

This means that for most EEG channels, allowing EEG–GS relationships to vary per subject
(random slopes) did not improve model fit. But for a subset ( 35%), between-subject variability
was strong enough to justify a more complex model.

Therefore, we chose the simpler model, including only random intercepts, as our final specifi-
cation. This model converged reliably for all channels and demonstrated stable behaviour across
full and MB-only datasets. Moreover, model comparisons based on log-likelihood ratio tests indi-
cated that the simpler model was better for most EEG channels. In addition, AIC and BIC values
were generally lower or comparable for the simpler model, further supporting better performance
compared to the model with 2 random effects. These findings suggest that including random slopes
does not meaningfully improve model performance in most cases, while introducing convergence
issues and instability. While simpler model may underestimate the uncertainty for channels with
subject-specific EEG–GS variability (as shown in Figure 4.7), it provides a more robust and stable
results, and it still allows for individual differences in baseline global signal amplitude

The final equation for the mixed linear model with random intercept is the following:

global_signalij = β0 + β1 · eegij + u0j + ϵij (4.2)

• global_signalij : fMRI global signal amplitude at time point i for subject j
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• eegij : EEG regressor amplitude at time point i for subject j

• β0: fixed intercept (global average)

• β1: fixed slope (global effect of EEG on global signal)

• u0j : subject-specific random intercept (baseline shift)

• ϵij : residual error term

4.11.3 Implementing the Model

Based on these assumptions, a mixed linear model was fitted for each of the 63 EEG channels,
and the corresponding beta values and p-values were saved. After fitting the model across all chan-
nels, the p-values were FDR corrected for multiple comparisons. It is done because simultaneous
testing of the hypothesis can increase the risk of false positives. Particularly, FDR accepts that
some false discoveries may occur but keeps their proportion under a chosen threshold, in this study
the threshold was considered as 5%, meaning that, on average, no more than 5% of the significant
results are expected to be false positives.

In addition, the same model was used to fit the global delta signal with the global signal
amplitude, using subject as a random intercept. As with the channel-wise analysis, beta values
and corrected p-values were extracted. A topographical map was plotted to visualize the EEG
channel-wise results, and a scatter plot with a regression line was created for the global delta
signal.

The model was fitted on the entire dataset but separately for each mental state condition:
MB, MW, and on-task reports. Additionally, the analysis was performed across all EEG frequency
bands of interest, including delta, theta, alpha, and gamma.

4.11.4 Correlation Analysis of ECG and GS

To assess the relationship between physiological activity and GSA, the same mixed linear
modeling framework was applied, but restricted to the global level. Unlike EEG, where signals can
be analyzed on a channel-wise basis, the ECG data originate from a single channel, and therefore
the model was fitted once across the entire dataset.

Specifically, GSA was entered as the dependent variable, while ECG power was used as the
main predictor, with subject included as a random intercept to account for inter-individual vari-
ability. From this model, beta coefficients and associated p-values were extracted. As in the EEG
analysis, the p-values were corrected for multiple comparisons using the false discovery rate (FDR)
procedure, with a significance threshold of 5%, ensuring that no more than 5% of the significant
results were expected to be false positives on average.

The analysis for EEG was performed only for each MB, since it was the one condition-specific
relationship between ECG activity and GSA we wanted to examine. To aid interpretation, the
ECG–GSA relationship was visualised using scatter plots with a regression line.

The whole code implementation is available in the corresponding ULiège’s GitLab repository
(Varvara Strizhneva, 2025).

Some parts of the EEG preprocessing pipeline were based on in-house code developed by a
senior postdoctoral researcher in Applied Machine Learning Group. Institute of Neuroscience and
Medicine, Brain & Behaviour (INM-7), Research Centre Jülich, Germany. This implementation
allowed for saving all intermediate preprocessing results in structured .json files and generated
.html reports for ICA quality inspection. The code is publicly available in a dedicated GitHub
repository (Federico Raimondo, 2025).
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4.12 Data Inspection

Before preprocessing the fMRI and EEG data, it was important to check the clarity of the
EEG recordings. After initial preprocessing - particularly MRI artifact removal and cardioballistic
artifact correction, some of the subjects from the dataset showed saturated channels during visual
inspection. These saturated channels could not be reconstructed. This issue likely occurred due
to amplifier overload, where the EEG amplifier failed to handle the MR environment noise or
participant movement, resulting in flat or clipped signals across certain channels. Since this type
of corruption rendered large portions of the data unusable, 10 subjects (from sub-205 to sub-216)
were excluded from the further analysis.

In the next preprocessing step, after removing scanner-related artifacts, the alignment between
EEG and fMRI data was carefully checked. This was necessary to ensure that the timing and
segmentation of the two modalities matched correctly. The original EEG file, which included all
four fMRI runs, was split into four separate EEG files based on repetition time markers in the
EEG. These EEG segments were expected to align perfectly with the four fMRI runs.

To verify this, the total durations of both EEG and fMRI data were calculated and compared.
If mismatches were found, the raw data and annotations were rechecked. For five subjects: sub-
230, sub-239, sub-240, sub-241, and sub-244, minor misalignments were detected in the fourth run.
These were not due to data corruption but to incorrect annotations. Therefore, it was decided
to restore the original EEG annotations for these subjects prior to preprocessing, which allowed
proper alignment to be achieved across all subjects.

4.13 Personal Contribution

I contributed to the preprocessing and analysis pipeline of both EEG data and global signal
confounds. This included the alignment of EEG markers with corresponding fMRI sessions and
the extraction of time windows associated with reported mental states (MB, MW, on-task).

Using BrainVision Analyzer software, I performed artifact removal to eliminate both instru-
mental and physiological noise. I implemented a complete EEG preprocessing pipeline, which
included band-pass filtering, bad channel detection and rejection, ICA-based artifact correction,
and segmentation into epochs aligned with fixed events. From this cleaned data, I extracted band-
specific amplitude features for further analysis.

This approach was adapted from the methodology described by Scheeringa et al. (2012), who
analyzed alpha-band oscillations using Hilbert transforms and accounted for delays due to HRF.
However, unlike their interpolation-based method, I implemented an alternative approach because
I specifically used fixed-length epochs aligned with the fMRI TR; instead of interpolating, I com-
puted the mean signal amplitude per epoch, ensuring consistent alignment with the hemodynamic
response.

In addition, I developed a methodology for extracting physiological regressors (ECG) directly
from the EEG data. This involved designing the extraction procedure, implementing signal pro-
cessing steps, and preparing the resulting physiological time series for use in statistical modelling.

For the statistical analysis, I constructed and implemented linear mixed-effects models to
investigate relationships between EEG amplitudes, physiological signals, and global signal ampli-
tude. This included model specification, fitting, and evaluation using metrics such as AIC/BIC
and likelihood ratio tests. I also created a design matrix for linear mixed-effects analyses across
mental states and conducted all statistical testing related to state comparisons.

All neurophysiological data visualisations, including boxplots, scalp maps, and condition-
specific comparisons, were designed and implemented by me to support the interpretation of the
LMMs’ outputs.
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As part of the collaborative workflow, I also integrated existing code for cleaning EEG data
with automatic .json metadata generation and interactive ICA component visualization via HTML
reports, as described in Federico Raimondo (2025). This integration improved both the repro-
ducibility and accuracy of the artifact rejection process. Overall, the preprocessing pipeline com-
bined original contributions with well-established, referenced methods.



Chapter 5

Results

The next chapter will present the results of three main analyses. First, we report the sanity
check of Andrillon et al. (2021), which was conducted to ensure the quality and reliability of the
preprocessing steps applied to EEG and fMRI data. Second, we describe the behavioural analysis,
focusing on participants’ reports of mental states and amplitude distribution of different signals
across experimental runs, which provides the necessary context for interpreting the data. Finally,
the correlation analyses are presented, where the relationships between EEG-derived components,
global signal amplitude, and reported mental states are examined, with a particular emphasis on
MB.

5.1 Sanity Check

To validate the proposed methodology, a sanity check was conducted referencing the study of
Andrillon et al. (2021), which investigated slow-wave activity during wakefulness. In particular, it
was aimed to replicate the key analysis relating local slow-wave properties to self-reported mental
states at the probe level. The mental states and experiment structure itself were identical to our
data; particularly, they studied the following mental reports: MW, MB, and ONTASK.

In the original study, the authors examined whether properties of slow waves, particularly
density, amplitude, downward slope, and upward slope, preceding each probe could predict the
participants’ reported mental state. These analyses were performed independently for each elec-
trode across the scalp, followed by mixed-effects modeling and cluster-based permutation testing
(Fig. 5.1).

47
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Figure 5.1: Locally, based on each individual electrode, Andrillon et al. (2021) performed mixed-
effect analyses, followed by permutation analysis to quantify the impact of slow-wave properties
on mental states.

Due to methodological differences in slow-wave detection and its feature extraction, our repli-
cation was limited only to analysing the amplitude of delta oscillations during mental state reports,
which serves as a proxy for slow-wave activity in the current dataset. We focused on the same
pairwise contrasts of mental states as in the original study:

• MW > ON

• MB > ON

• MB > MW

Topographical maps of these contrasts, computed using linear mixed-effects models at each
electrode, are presented in Figure 5.2. Despite differences in preprocessing and analytical pipelines,
the observed spatial patterns qualitatively resemble those reported by Andrillon et al. (2021).
Notably, we observed enhanced delta amplitude over frontal regions relative to ON during MW
and a widespread reduction in amplitude for MB relative to both ON and MW conditions.

Figure 5.2: Topographical contrasts of delta amplitude for each mental state comparison. Maps
reflect t-values from linear mixed-effects models.

It is important to note several methodological differences that could account for discrepancies.
First, the duration of the analysis window for each mental state report differed. Whereas Andrillon
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et al. (2021) limited their analyses to 20 seconds before the probe, we extended the window to 60
seconds, corresponding to the duration of the one Go/NoGo task of the experiment block. This
choice was made to ensure that reported mental states are confidently captured.

Second, our approach to slow-wave extraction diverged from the original pipeline, where a
dedicated slow-wave detection algorithm was used to quantify individual events and compute slopes
and density. In our case, we relied only on delta-band amplitude.

Nonetheless, the qualitative similarity between the resulting topographical distributions sup-
ports the robustness of our analytic approach and confirms that delta-band amplitude captures
meaningful cognitive dynamics associated with spontaneous mental states (Fig. 5.1, 5.2).

5.2 Behavioural Analysis

To investigate the periods of the experiment when the mental states of interest were reported,
the events recorded by the scanner were analysed to assess the frequency of each reported mental
state.

Figure 5.3: Distribution of Reported Mental States Observed across 38 subjects

As shown in Figure 5.3, the most frequently reported mental state was ONTASK with total
number of reports 740, while MB was reported the least with only 157 reports. Using t-test on
two related samples of scores, it is possible to test for the null hypothesis that two related or
repeated samples have identical average (expected) values. The results showed that indeed MB is
significantly less frequent than both ONTASK and MW ((H1: MB < ONTASK) T-stat: 7.315,
one-tailed p: 0.000, (H1: MB < MW) T-stat: 6.805, one-tailed p: 0.000), while the frequency of
ONTASK and MW do not differ significantly (T-statistic: 1.639, p: 0.110).

This pattern was expected, as participants were instructed to perform a task that required
continuous attention, making task-focused (ONTASK) states more prevalent. In contrast, MB
episodes are characterised by spontaneous lapses of awareness, faster than other states and often
occur during low-stimulation or monotonous periods, making them less frequent in active exper-
iments for some participants (Mortaheb et al., 2022). Moreover, answers which were skipped by
subjects were considered as also MB reports, since they can indicate a loss of attention which
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caused the report to be missed.

MB MW ONTASK
sub-205 10 17 10
sub-206 0 3 37
sub-207 11 13 9
sub-208 1 14 24
sub-209 2 6 17
sub-210 14 12 8
sub-212 1 0 38
sub-213 3 20 5
sub-214 7 20 0
sub-215 2 18 13
sub-216 12 8 12
sub-217 4 15 21
sub-218 0 10 30
sub-219 9 13 18
sub-222 4 17 19
sub-223 0 14 26
sub-224 1 30 9
sub-225 6 16 18
sub-226 4 23 13
sub-227 13 8 19
sub-228 1 5 33
sub-229 2 17 21
sub-230 3 9 28
sub-231 7 16 17
sub-232 0 0 40
sub-233 0 17 23
sub-234 5 20 15
sub-235 0 32 8
sub-236 0 15 25
sub-237 1 9 30
sub-238 13 23 4
sub-239 3 31 6
sub-240 12 5 23
sub-241 3 0 37
sub-242 0 23 17
sub-243 19 10 11
sub-244 4 17 19

Table 5.1: Number of reported mental states for each subject, where MB - mind blanking, MW
- mind wandering, ONTASK - active task involvement, where ONTASK is the most frequent
mental state, while MB is the least frequent state.

In addition to reports on mental states, subjects were also informed about their level of
alertness. This allows for the consideration of active mental states alongside lower levels of arousal,
potentially leading to an increase in slow-wave activity. The reported alert states across subjects
and total number of each state can be observed in the Table 5.2. The Table 5.2 summarises the
results of alertness, which are shown only for 19 subjects who were included in the final analysis
after data inspection described in Section 4.12. Subjects with corrupted data and those who did
not report MB were excluded from the analysis. For MW and ONTASK reports, we included only
the same set of subjects considered for MB, even though additional subjects reported MW and
ONTASK but not MB. This approach ensured that all comparisons were based on an identical
group of participants, thereby maintaining equal statistical power across conditions.
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Table 5.2: Alertness State Counts per Subject

Subject Alert Sleepy ExAlert ExSleepy

sub-217 12 22 4 2
sub-219 27 9 1 3
sub-222 8 23 1 8
sub-224 15 21 1 3
sub-225 11 22 1 6
sub-226 19 17 3 1
sub-227 38 2 0 0
sub-228 22 9 8 0
sub-229 24 10 6 0
sub-230 19 11 10 0
sub-231 24 15 1 0
sub-234 20 7 10 3
sub-237 24 10 6 0
sub-238 3 10 0 27
sub-239 11 15 0 14
sub-240 15 17 3 5
sub-241 26 0 14 0
sub-243 7 24 0 9
sub-244 16 11 7 6

Total 341 (45%) 255 (34%) 76 (10%) 87 (11%)

For further analysis, the following subjects will be used based on the previous steps of data
inspection and presence of MB reports: sub-217, sub-219, sub-222, sub-224, sub-225, sub-
226, sub-227, sub-228, sub-229, sub-230, sub-231, sub-234, sub-237, sub-238, sub-239,
sub-240, sub-241, sub-243, sub-244. In total, 19 subjects were analysed.

The following sections will present a series of analyses examining correlations between the
amplitudes of neuronal oscillations (delta, theta, alpha, and gamma) and physiological oscillations
(ECG) with GS amplitudes. These results are intended to test the hypothesis and to disentangle
the contribution of neuronal and physiological components to GS fluctuations during MB. By
systematically comparing these relationships, we aim to clarify whether GS increases observed
in MB primarily reflect neural slow-wave activity or whether they are more strongly driven by
physiological processes.

5.3 Result of Correlation Analysis

In the following analysis, the results of the correlation analysis will be presented, which include:

• Correlation analysis between the amplitude of different EEG bands (delta, theta, gamma,
and alpha) and GSA to assess the overall relationship between EEG activity and GSA, and
to evaluate potential neuronal contributions to the global signal;

• Correlation analysis between the amplitude of different EEG bands (delta, theta, gamma,
and alpha) and ECG with GSA during MB reports to determine whether low-frequency EEG
activity is associated with increased GSA or the physiological signal;

• Correlation between the amplitude of different EEG bands (delta, theta, gamma, and alpha)
and GSA during MW reports to explore whether spontaneous thinking is reflected in changes
in global signal and associated neuronal activity;

• Correlation analysis between the amplitude of different EEG bands (delta, theta, gamma, and
alpha) and GSA during On-Task reports to characterize the neuronal profile during focused
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cognitive engagement and compare it to mind-blanking and mind-wandering conditions.

To assess the properties of the regressors used in the linear mixed-effects analysis, we first
examined their distributions across all experimental runs. As shown in Figure 5.4, the values of
the EEG, GS, and physiological (ECG-related) regressors were z-scored, resulting in standardized
distributions across runs. The boxplots reveal consistent centring and comparable spread for each
regressor type across runs, which shows correctly applied normalisation. Notably, the physiological
regressors exhibit a much wider range of outliers, extending from approximately from -7.5 to 10 in
z-score units.

Figure 5.4: Distribution of z-scored amplitude values for EEG, GS, and physiological (ECG)
regressors across runs, which shows a wide range of outliers of physiological regressors and low
variance of EEG regressors

To further investigate the properties of the EEG regressor in isolation, Figure 5.5 presents a
focused distribution analysis of the EEG delta-band amplitude across the four runs. The values
are tightly clustered around zero with limited variance and a small number of outliers reaching
up to approximately 0.05. This narrow distribution is expected, as the delta regressor reflects a
filtered and smoothed band-limited component of the EEG signal, capturing only slow oscillatory
fluctuations while excluding broader variability present in the raw EEG with all EEG bands.
These results confirm that all regressors were effectively normalized, and their distributions are
appropriate for use in linear modeling.

Next, the amplitude variation was examined separately for each EEG frequency band of in-
terest across the three reported cognitive conditions: MB, MW, and On-Task (Fig. 5.6).
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Figure 5.5: Distribution of z-scored delta-band EEG amplitude regressors across runs, showing low
variance and minimal outliers

(a) Distribution of Alpha Band Amplitude Dur-
ing Different Conditions

(b) Distribution of Delta Band Amplitude Dur-
ing Different Conditions

(c) Distribution of Gamma Band Amplitude
During Different Conditions

(d) Distribution of Theta Band Amplitude Dur-
ing Different Conditions

Figure 5.6: Distribution of Amplitude for EEG Bands During Different Conditions

For this, each normalised time series was visualised using violin plots with noted variance
and mean values. Overall, the distributions show some overlap across conditions, suggesting that
differences in global EEG amplitude are hardly distinguishable. However, they still show slightly
different spreads, medians, and tails depending on the EEG band. Delta and theta showed the
broadest variability, with MW in particular displaying extended positive tails, suggesting occasional
bursts of higher low-frequency activity during mind-wandering. Moreover, the broad variability
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is also present for the delta band during MB reports. By contrast, alpha exhibited a narrower
distribution, though MW displayed slightly more spread than MB and ONTASK. Gamma stood
out as the most tightly clustered band, with minimal spread across all states. Across conditions,
median values remained near zero in all bands, but the broader tails in MW for delta and theta,
and in MB for delta, highlighting the small variability of oscillations of the EEG bands related to
state differences.

In addition to EEG-based regressors, similar plots were generated to evaluate amplitude vari-
ation in GS and ECG regressors across the same cognitive conditions (Fig. 5.7).

(a) Distribution of GS Amplitude During Different
Conditions

(b) Distribution of ECG Variation During Different
Conditions

Figure 5.7: Distribution of Amplitude and Variation for GS and ECG during different Conditions

The violin plots reveal a generally consistent amplitude distribution across conditions, with
a slightly wider spread during On-Task and MW. However, no strong shift in central tendency
is visually evident. This suggests that GS amplitude alone may not sharply distinguish between
cognitive states, but some variability may exist.

The right panel in Fig. 5.7 displays the distribution of ECG amplitude, reflecting physiological
variability across the same conditions. Similar to the GS amplitude, ECG variability does not
show pronounced condition-specific differences, with overlapping distributions in all three states.
Although the effect appears modest, slightly higher tails are observed during MW and MB, which
might increase physiological fluctuation during internally oriented states.

As shown in the violin plots, the distribution of GSA values during MB appears shifted
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compared to MW and ON-task states. To further examine this, the average GSA per mental state
was computed and visualized in Figure 5.8. Although MB showed a trend toward lower GSA
values, statistical comparisons did not reach significance. Specifically, the difference between MB
and MW yielded t = –1.415, p = 0.160; between MB and ON-task: t = –1.195, p = 0.234. A
one-sample t-test also showed that the mean GSA during MB was not significantly different from
zero (t = –1.575, p = 0.120). Thus, while a decrease in GSA is observed during MB, the evidence
is not strong enough to conclude a reliable difference.

Figure 5.8: Chart of averaged GSA reveals that GSA during MB reports is lower than during other
mental states but this difference is not significant (t = –1.575, p = 0.120)

Overall, the distribution analysis shows that although some differences in spread and tails can
be noted between bands and states, no clear or systematic distinctions emerge across conditions.
Since these descriptive results alone do not provide strong evidence of state-specific amplitude
changes, the next step is correlation analyses to explore how neuronal and physiological oscillations
relate to GS more directly.

5.3.1 Correlation of Delta Oscillations and GSA

Before examining the correlation, particularly during MB reports, it was decided to assess the
overall relationship between delta waves and GS and other wave oscillations to determine if any
neuronal activity can be linked to the global signal. The relationship between EEG band activity
and global signal amplitude was assessed using a GLM. This analysis used the global signal as the
dependent variable, and the EEG band amplitudes were regressors. The GLM output included
the slope (beta coefficient), its associated p-value, and confidence intervals. The beta coefficient
reflects both the strength and direction of the association, indicating how much the global signal
amplitude changes with a one-unit increase in EEG amplitude.

To visualize this relationship spatially, topographical maps were plotted using the beta values
for each EEG channel, allowing identification of regions where delta-band power shows either a
positive or negative association with the global signal. The scalp map provides a clear overview of
these spatial patterns across the entire electrode layout (Fig. 5.9).

On the resulting topomap, significant channels are displayed in purple, representing those for
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which the beta values have a p-value < 0.05. As described in Chapter 4, all p-values were corrected
for multiple comparisons. This adjustment was necessary because testing several hypotheses si-
multaneously increases the risk of false positives. By applying correction procedures, the analyses
ensured that the proportion of false rejections of the null hypothesis was properly controlled. This
indicates that the observed effect can be considered confidently.

Figure 5.9: GLM Slopes Reveal No Significant Delta-Band EEG Activity

The colourbar next to the topomap represents the beta values from the GLM, which indicate
the slope of the relationship between EEG power in each channel and the global fMRI signal.
These values quantify how fluctuations in EEG activity are associated with changes in the global
signal.

Warm red colours on the map indicate positive slopes, meaning that increases in delta power
in those channels are associated with increases in the global signal. Cool blue colours represent
negative slopes, indicating an inverse relationship - where higher delta activity corresponds to a
reduction in global signal amplitude.

The strongest negative slope was observed in the frontal region, particularly around the F1
channel. In contrast, positive associations were more prominent in occipital and temporal areas.
However, it is important to note that only the F1 channel showed a statistically significant result
(p < 0.05), and therefore, the findings for other channels should be interpreted with caution.

In addition, the channel-wise global correlation between the mean delta signal and the global
signal was calculated. For this, a single GLM model was used to compute one beta coefficient and
its p-value between the two time series, global delta and global signal. The results show a global
slope of 0.1195 and an associated p-value with confidence interval, which suggests non-significance
of the observed pattern, as shown in Table 5.3.
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Table 5.3: Results of the GLM for global signal amplitude and amplitude of the mean EEG signal
in the delta band

Variable Beta p-value CI Lower CI Upper

global delta signal 0.120 0.914 -2.056 2.295

5.3.2 Correlation of Other EEG Bands and GSA

As mentioned above, it was necessary to check the correlation between other EEG bands of
interest, particularly for alpha, gamma and theta EEG bands to reveal any coupling effect between
GSA and neuronal components.

Alpha Oscillations

Alpha wave oscillations are typically observed during states of relaxed wakefulness. In our
analysis, a negative slope was identified between alpha wave activity and the global signal, with β
= -3.65 (Fig. 5.10b). The statistical significance of this relationship is supported by a p-value and
confidence interval not crossing the zero, indicating that the observed effect is unlikely to be due
to random chance (Table 5.4). This suggests that increased alpha wave activity may be associated
with decreased global brain signals during task-based activity.

The topography reveals a widespread pattern of negative slopes, particularly pronounced in
parietal, occipital, and posterior temporal regions (e.g., POz, O2, TP8), where increases in alpha
power are associated with decreases in the global fMRI signal. This inverse relationship is consistent
across almost all EEG channels (Fig. 5.10a).

(a) GLM Slopes Reveal Significant Alpha-Band
EEG Suppression in Parietal, Occipital and Pos-
terior Temporal Regions, which shows local neg-
ative correlation with GSA

(b) Linear regression between global alpha am-
plitude and GSA

Figure 5.10: Alpha-band EEG–fMRI relationship. (a) Beta values across EEG channels reflect
channel-wise GLM slopes with the global signal amplitude. (b) Linear model fit between global
alpha amplitude and global signal amplitude across time points

Theta Oscillations

The GLM for global theta amplitude the linear relationship between EEG amplitude and the
fMRI global signal amplitude. Although the fitted linear model yielded a positive slope (β =
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Table 5.4: Results of the GLM for global signal amplitude and amplitude of the mean EEG signal
in alpha band

Variable Beta p-value CI Lower CI Upper

global alpha signal -3.646 0.005 -6.173 -1.119

1.81), the association did not reach statistical significance (p = 0.1239), indicating that, at the
whole-brain level, fluctuations in theta-band power were not reliably associated with fluctuations
in the global signal (Table 5.5).

The left graph presents the spatial distribution of GLM slopes for the theta band across
individual EEG channels. The topography reveals a heterogeneous pattern, with both positive
and negative slopes depending on the scalp region. Stronger positive associations were observed
over frontal, parietal, and temporal areas, particularly around channels Fp2, AF4, P8 and CPz
(Fig. 5.11).

Together, these results suggest that there is no significant global association between theta ac-
tivity and the global fMRI signal. However, regional patterns may still reflect localised interactions
between global signal amplitude and theta wave amplitude.

Figure 5.11: GLM Outputs Reveal Frontal Dominance in Theta-Band EEG Activity

Table 5.5: Results of the GLM for GSA and amplitude of the mean EEG signal in theta band

Variable Beta p-value CI Lower CI Upper

global theta signal 1.807 0.124 -0.495 4.109

Gamma Oscillations

The GLM output for globally averaged gamma power and the global fMRI signal shows the
linear relationship between them. The estimated slope is negative (β = –0.609), but the association
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did not reach statistical significance (p = 0.746), suggesting no reliable linear coupling between
whole-scalp gamma activity and global signal fluctuations (Table 5.6).

In contrast, the left panel presents the spatial distribution of GLM slopes for gamma-band
power across individual EEG channels, where channels marked in purple indicate statistically
significant associations (p < 0.05), highlighting regions where the observed effects are unlikely to
be due to chance (Fig. 5.12).

Significant negative associations were most prominent in frontocentral and parietal regions
(FC2, F7, CP3), while positive slopes reached significance in left and right temporal lobes, including
TP8, C6, TP9 and P7. This spatial dissociation implies that, although the global effect is not
significant, local gamma–fMRI interactions are present and vary by anatomical location.

Figure 5.12: GLM Slopes Indicate Frontal-Central Gamma Reduction

Table 5.6: Results of the GLM for GSA and amplitude of the mean EEG signal in gamma band

Variable Beta p-value CI Lower CI Upper

global gamma signal -0.609 0.746 -4.292 3.073

Notably, the F1 channel consistently displays an extreme negative slope, regardless of the
cognitive condition or frequency band analysed across all four frequency bands- gamma, alpha,
theta, and delta. This repeated prominence suggests that the effect seen at F1 is not driven by
underlying neuronal activity, but is more likely an artifact.

To further investigate the suspiciously strong negative slope observed at channel F1, its be-
haviour was cross-checked in individual subjects who showed the most prominent effects (Fig. 4.7),
specifically sub-225, sub-234, sub-237, and sub-230. In subjects 225 and 237, the F1 channel ex-
hibited flat, suggesting possible electrode malfunction. However, in subjects 234 and 230, the F1
channel appeared to have normal signal characteristics, without any noticeable artifacts. There-
fore, even with removal and interpolating this channel, it did not fully resolve the issue or explain
the abnormal slope at F1 across the group.
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5.3.3 Correlation of Delta Oscillations and GSA During MB Reports

To retrieve the correlation between delta-band EEG power and the global fMRI signal specif-
ically during MB reports, only the time segments corresponding to MB episodes were included
in the GLM analysis, as described in the Methods Chapter 4. This included the time window of
around 60 seconds, which corresponds to one Go/NoGo task of the block.

The left panel shows the linear relationship between the global delta power (z-scored and
averaged across all channels) and the global fMRI signal during MB episodes (Fig. 5.13b. A
significant negative association was observed (slope = –10.13, p = 0.0012), indicating that higher
delta power during MB is reliably associated with lower global signal amplitude (Table 5.7).

The right panel presents the channel-wise GLM slopes for the delta band, which are also
limited to MB periods (Fig. 5.13a). Most electrodes exhibit negative slopes, powerful effects
over parietal, central, and occipital regions. Channels highlighted in purple represent statistically
significant effects (p < 0.05), showing that the inverse coupling between delta activity and the
global fMRI signal is spatially widespread and robust during MB.

Table 5.7: Results of the GLM for GSA and amplitude of the mean EEG signal in delta band
during MB

Variable Beta p-value CI Lower CI Upper

global delta signal -10.134 0.001 -16.243 -4.024

The table above summarises the GLM output for the global delta regressors. The beta coef-
ficient (–10.13) indicates an inverse association. The confidence interval (CI) ranges from –16.24
to –4.02, meaning that with 95% confidence, the true effect lies within this interval and does not
cross zero, further confirming statistical significance. This also leads to the conclusion that higher
delta amplitude during MB is reliably associated with lower global signal amplitude, and that this
relationship is unlikely to have occurred by chance.

(a) GLM Slopes Reveal Significant Delta-Band
EEG Suppression in Parietal, Occipital, Poste-
rior and Temporal Regions, which shows local
negative correlation with GSA during MB re-
ports

(b) Results of the GLM for GSA and mean
EEG signal amplitude in delta band during MB
reports reveal global negative correlation with
GSA

Figure 5.13: Delta-band EEG–fMRI relationship during MB. (a) Beta values across EEG channels
reflect channel-wise GLM slopes with the global signal. (b) Linear model fit between global delta
amplitude and GSA across time points during MB reports
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5.3.4 Correlation of Other EEG Bands with GSA During MB Reports

As discussed in Chapter 1, MB is typically associated with increased delta and theta fre-
quency bands activity. In contrast, cognitive states characterised by higher arousal and attention
are often linked to elevated gamma band activity. Given these opposing functional associations,
delta/theta and gamma bands would be expected to show an inverse relationship with the global
signal amplitude, reflecting their opposite roles in brain state regulation.

Theta Oscillations During MB

The linear fit between global theta power (averaged across electrodes; MB segments only)
and the global fMRI signal revealed that the slope is negative (–4.58) but did not reach statistical
significance (p = 0.1536). This indicates that theta fluctuations, when pooled across the scalp, are
not reliably related to global signal amplitude during reported MB (Table 5.8).

The Figure 5.14a displays the channel-wise GLM slopes for theta power during MB. The
map is dominated by widespread negative effects, most clearly over posterior regions. A small set
of electrodes reached statistical significance (highlighted in purple), clustering over left posterior
(e.g., CP5/P7 region) and right posterior temporo-parietal/occipital sites (e.g., TP8, P6, PO8
region). These localised effects suggest that, despite the absence of a robust whole-scalp theta–GS
relationship, posterior theta activity may contribute selectively to MB-related variance in the global
signal.

Table 5.8: Results of the GLM for GSA and mean EEG signal amplitude in theta band during MB

Variable Beta p-value CI Lower CI Upper

global theta signal -4.581 0.154 -10.872 1.711

(a) Theta-band: Topographical distribution of
GLM beta values during MB revealed negative
correlations over posterior regions

(b) Gamma-band: Topographical distribution of
GLM beta values during MB reveals no signifi-
cant correlation with GSA

Figure 5.14: Topographical distribution of GLM beta values across EEG channels during MB
reports. (a) Theta band. (b) Gamma band.

Gamma Oscillations MB

GLM output revealed that while the fitted slope is positive (β = 2.817), the association is not
statistically significant (p = 0.608), as shown in Table 5.9. This suggests that there is no reliable
coupling between gamma-band EEG activity and global signal fluctuations during MB episodes.
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Table 5.9: Results of the GLM for GSA and mean EEG signal amplitude in the gamma band
during MB

Variable Beta p-value CI Lower CI Upper

global gamma signal 2.817 0.608 -7.944 13.578

The 95% confidence interval spans from –7.94 to 13.58, crossing zero, further confirming the
lack of statistical significance. Although the direction of the effect is positive, the wide interval
and high p-value imply a high degree of uncertainty, and the result is likely driven by noise rather
than any true underlying relationship.

The left panel presents the channel-wise GLM slope distribution for gamma-band activity
during MB (Fig. 5.14b). Unlike lower-frequency bands (delta or theta), the gamma map does not
reveal any consistent spatial coupling pattern between gamma power and the global signal. Only
a single electrode (FT7), located over the left temporal area, showed a statistically significant
effect (p < 0.05). However, since no other neighbouring channels reflect a similar trend, this
finding should be interpreted cautiously, as it may result from residual noise rather than a neural
oscillation.

Correlation of ECG Amplitude and GSA

To assess the relationship between physiological activity and global signal amplitude, the
same approach was applied as with EEG: an LMM was used, where the beta coefficient reflects
the strength and direction of the association between ECG amplitude and the global fMRI signal.

As shown in Figure 5.15, ECG values in the dataset show a significant variance, ranging
broadly from negative to positive values. This wide spread on the x-axis, which was seen on the
Figure 5.7 as well, visually exaggerates the slope of the linear fit, making the relationship between
ECG amplitude and GSA appear steeper than it actually is. In reality, the model indicates that
an increase of 1 unit in ECG is associated with only a 0.09 unit change (increase) in the fMRI
GSA.

Although the linear trend appears pronounced on the plot, this is primarily due to the large
variance in ECG rather than a strong effect size. The true effect is modest but statistically reliable,
as supported by the extremely low p-value and a narrow 95% confidence interval that does not
include zero (Table 5.13).

Table 5.10: Modestly Positive Linear fit between ECG variation and GSA across time points during
MB

Variable Beta p-value CI Lower CI Upper

ECG signal 0.096 8.463e-48 0.083 0.109

Even though the visual trend may suggest a strong effect, the actual magnitude of the relation-
ship is small. Nevertheless, the result is statistically significant, indicating that ECG fluctuations
contribute subtly but consistently to variations in the global signal amplitude.

5.3.5 Correlation of ECG and Global Signal during MB Reports

As well as for EEG regressors to link ECG variation and fMRI GSA, during MB reports, only
data segments corresponding to MB reports were included in the analysis to ensure condition-
specific interpretation.

As shown in Figure 5.16, the linear trend between ECG amplitude and GSA appears visually



5.3. RESULT OF CORRELATION ANALYSIS 63

Figure 5.15: Modestly Positive Linear fit between ECG variation and GSA across time points

prominent. However, the actual slope is quite modest (β = 0.094), indicating that a 1-unit increase
in ECG amplitude is associated with a 0.094-unit increase in global signal amplitude. This effect,
while small in magnitude, is statistically significant, as confirmed by the very low p-value (p =
1.18 × 10−8).

Table 5.11: Results of the GLM for GSA and ECG signal amplitude during MB

Variable Beta p-value CI Lower CI Upper

ECG signal 0.094 1.182e-8 0.061 0.126

The 95% confidence interval (CI: 0.061–0.126) does not cross zero, also supporting the reli-
ability of the observed effect. While the slope is relatively small, the consistent and significant
relationship indicates that ECG activity still slightly contributes to global signal amplitude fluc-
tuations during MB.

5.3.6 Correlation of EEG Oscillations Bands with GSA During MW
Reports

MW episodes also exhibit general coupling with low-frequency EEG bands, particularly theta,
alpha, and delta, which have been previously associated with inattentiveness and spontaneous
thought. To explore this relationship, both global EEG amplitude and channel-wise GLM slopes
were analyzed in relation to the global fMRI signal during MW reports.

The Figure 5.17 presents linear regression plots between the global signal amplitude and z-
scored EEG power for each frequency band. Although all three regressors show slopes in either
positive (theta, delta) or negative (alpha) directions, none of these associations reached statistical
significance, with p-values well above 0.05 threshold. This suggests that, at the global EEG level,
there is no reliable modulation of global signal amplitude during MW periods by any of the three
frequency bands.
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Figure 5.16: Linear model fit between ECG variation and GSA across time points during MB
reports

The set of topographic maps (Fig. 5.18) shows the spatial distribution of GLM slopes across
EEG channels for each frequency band. As observed, no significant spatial pattern appears in any
of the maps. During spontaneous mental activity associated with MW, low-frequency EEG power
does not reliably track fluctuations in the global fMRI signal — either globally or locally.

The GLM results for global EEG amplitude during MW (Table 5.12) further support the lack
of significant associations between low-frequency EEG activity and global signal amplitude. For all
three regressors—alpha, theta, and delta—the p-values are well above 0.05, indicating that none of
the relationships are statistically reliable. The beta coefficients range from –1.89 (alpha) to +1.89
(delta), but all 95% confidence intervals include zero, suggesting a high degree of uncertainty
around the estimated effects. Notably, while the slope direction varies (positive for delta and
theta, negative for alpha), the magnitude remains modest. These results confirm that global EEG
amplitude fluctuations in these frequency bands do not meaningfully link with GSA during MW
episodes.

Table 5.12: GLM results for the association between global EEG band amplitude and global signal
amplitude during MW

Variable Beta p-value CI Lower CI Upper

global alpha signal –1.887 0.330 –5.679 1.906
global theta signal 1.737 0.347 –1.882 5.357
global delta signal 1.888 0.288 –1.592 5.368

Together, these results contrast with findings from MB condition, where delta and theta
bands showed more consistent spatial and statistical coupling with the global signal. In MW, the
EEG–GSA relationship appears insignificant for all EEG bands - theta, alpha and delta.
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(a) Linear model fit between global alpha am-
plitude and GSA across time points during MW
reports

(b) Linear model fit between global theta am-
plitude and GSA across time points during MW
reports

(c) Linear model fit between global delta ampli-
tude and GSA across time points during MW
reports

Figure 5.17: Linear model fit between low-frequency EEG bands’ amplitude and GSA across time
points during MW reports

5.3.7 Correlation of Alpha Oscillations and Global Signal During ON-
TASK Reports

While MB remains the primary state of interest in this study, analysing On-Task reports
provides an important contrast condition. On-Task states are characterised by sustained attention
to external stimuli, and are expected to be associated with slow wave suppression in overall neuronal
oscillations. By comparing this condition with internally oriented states like MB and MW, it is
possible to clarify state-specific neural dynamics between EEG–fMRI coupling.

The topography reveals a posterior–anterior gradient: posterior regions (especially occipital
and parieto-occipital lobes) display significant negative associations. In contrast, more frontal sites
tend toward positive slopes. Channels such as O1, PO8, PO4, P6, and P3 show statistically signif-
icant negative relationships with the global signal. A significant positive relationship is observed
for Fz and CP3 channel (Fig. 5.19a).

The graph on the right illustrates the linear association between GSA and mean alpha sig-
nal amplitude. The regression slope is negative (β = –0.97), but not statistically significant (p
= 0.6855), indicating that global alpha activity was not reliably related to global fMRI signal
amplitude fluctuations during periods of active task engagement (Fig. 5.19b).
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(a) Topographical distribution of GLM beta val-
ues alpha-band EEG during MW reports did not
reveal any significant correlation with GSA

(b) Topographical distribution of GLM beta val-
ues theta-band EEG during MW reports did not
reveal any significant correlation with GSA

(c) Topographical distribution of GLM beta val-
ues delta-band EEG during MW reports did not
reveal any significant correlation with GSA

Figure 5.18: Topographical distribution of GLM beta values for low-frequency EEG bands’ regres-
sors during MW reports

In this context, a significant negative slope in the posterior lobe, but the absence of a significant
global relationship, suggests that only localised neural modulations between alpha wave amplitude
and GSA can occur during the task.
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(a) GLM output indicates occipital and parieto-
occipital Decrease in Alpha-Band during ON-
TASK reports

(b) Results of the GLM for GSA and mean EEG
signal amplitude in the alpha band during ON-
TASK reports show no significant correlation

Figure 5.19: Alpha-band EEG–fMRI relationship during MB. (a) Beta values across EEG channels
reflect channel-wise GLM slopes with the global signal. (b) Linear model fit between global alpha
amplitude and GSA across time points during ONTASK reports

Table 5.13: Results of the GLM for GSA and global alpha signal amplitude during ONTASK
reports

Variable Beta p-value CI Lower CI Upper

global alpha signal -0.967 0.686 -5.647 3.713



Chapter 6

Discussion

The aim of this study was to investigate the underlying mechanisms of MB, with a specific
focus on whether it is primarily driven by neuronal or physiological oscillations. In particular, we
sought to clarify what contributes to the observed increase in GSA during MB reports, described
by Mortaheb et al. (2022), by identifying which components are correlated with GSA during this
mental state.

Our hypothesis was that GSA reflects a combination of neuronal and neurovascular signals,
and that it is possible to disentangle their relative contributions. To address this, we analysed
both neuronal and physiological components separately during periods of MB.

The key finding of our analysis revealed that the neuronal signal associated with MB, primarily
characterised by delta-band activity, was negatively correlated with GSA. This suggests that during
MB, GSA is suppressed in relation to slow-wave neuronal activity. In contrast, the ECG-derived
signal showed a positive, even though weak, correlation with GSA.

These results support the idea that the increase in GSA previously observed during MB is not
driven only by delta-band neural activity but may instead reflect physiological contributions or a
dissociation between neuronal downstates and neurovascular fluctuations.

6.1 Findings according to GSA-EEG coupling results

The GS in fMRI, typically defined as the average BOLD signal across all brain voxels at each
time point, has long been a topic of debate in the neuroimaging community (Liu et al., 2017).
Historically, it was considered a nuisance variable, primarily reflecting noise from non-neuronal
sources. However, recent findings have suggested that GS may also contain meaningful neuronal
information, particularly related to vigilance and arousal (Li et al., 2019a; Liu et al., 2017).

Non-neuronal components of GS can arise from both structured and random sources. Struc-
tured sources include physiological processes such as respiration, cardiac activity, and head motion,
as well as scanner-related fluctuations. These influences can introduce low-frequency oscillations
and confounds into the BOLD signal, especially in rs-fMRI, because task-based analysis can better
isolate task-related activity. Since GS can be related to various artifacts, GSR is frequently applied
as a denoising step in both rs-fMRI and task-based fMRI preprocessing pipelines (Power et al.,
2018). This is motivated by findings of high correlation between GS and respiratory patterns, and
to a lesser extent, cardiac cycles (Shmueli et al., 2007).

Despite these associations with physiological noise, several studies have demonstrated that
GS also captures aspects of brain state. Wong et al. (2013) showed that GSA, defined as the
standard deviation of the GS, negatively correlates with EEG vigilance markers: higher arousal
was associated with lower GSA. This effect was further modulated by caffeine administration,

68
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which decreased GSA and increased alertness. Other studies have reported similar patterns, with
GSA increasing during light sleep (Fukunaga et al., 2006), sleep deprivation (Yeo et al., 2015).

Recent studies have also reported correlations between GSA and specific EEG frequency bands.
For example, Wong et al. demonstrated a positive relationship between delta power and GSA, while
others have observed similar negative associations with alpha power during resting-state (Chang
et al., 2013; Tagliazucchi et al., 2012).

Thus, GSA has become a candidate biomarker for vigilance-related neural states in rs-fMRI.
However, evidence for the role of GS in task-based fMRI remains more limited. While GS in
task contexts has been shown to reflect widespread spatial coherence at low frequencies, its use
as a covariate is often avoided due to concerns that regressing it out may induce artificial anti-
correlations, which will lead to wrong interpretation.

In the present study, we extend this work by examining how GS amplitude is coupled with
the amplitude of EEG waves during an active task context. By linking GSA with concurrent
EEG measures, our findings could provide insight into whether task-based GS fluctuations reflect
neuronal oscillatory dynamics or physiological processes such as ECG variation. The relationship
between GSA and EEG band-limited amplitude was provided across various frequencies: delta,
theta, alpha, and gamma. Using a linear model (Linear Mixed-Effects Models (LMMs)), both
global and channel-level correlations were assessed along reports of different mental states, allowing
us to extend and support the findings from prior literature.

Delta oscillations are typically dominant during sleep but can occasionally be observed during
wakefulness, particularly in states of low arousal or inattentiveness, so delta activity is usually
suppressed, particularly during periods of external attentional engagement and high arousal. In
the context of the current task-based experiment, delta activity did not show any significant rela-
tionship with global fMRI signal fluctuations.

Topographical mapping of the channel-wise GLM slopes revealed no significant associations
between delta-band amplitude and GSA across the scalp (Fig. 5.9). Although a prominent negative
slope was observed over the F1 channel, this effect is likely due to residual artifacts rather than a
true neurophysiological pattern.

Similarly, the global delta signal, defined as the mean delta amplitude averaged across all EEG
channels, was not significantly related to GSA (Table 5.3). Furthermore, the lack of any significant
correlations, whether looking at the global delta signal as a whole or at delta activity in specific
brain regions, suggests that delta oscillations did not have a consistent or meaningful role in the
brain functions relevant to the task-based experiment.

One potential explanation lies in the nature of the experiment itself. As shown in Figure 5.3,
subjects most frequently reported being in the ONTASK state, which typically reflects high levels
of attention and engagement, and at the same time suppression of delta wave activity. Additionally,
alertness ratings revealed that nearly 45% of responses indicated an "alert" state, again suggesting
that participants were involved throughout most of the experiment.

In a situation that requires a lot of mental activity, strong delta brain activity, which is usually
linked to sleepiness or internal thoughts, is not likely to appear. So, the fact that there is no clear
link between delta oscillations and GSA might just mean that slow-wave activity is reduced when
a person is focused on external tasks.

The other band which can be associated with slow-wave activity is the theta band. Theta
oscillations are typically associated with meditative, drowsy, or light sleep states, but they are not
predominant during the deepest stages of sleep. During task-based experiments, especially those
with long durations or monotonous demands, increased theta activity may reflect reduced alertness
or transitions toward drowsiness.

In the present analysis, the amplitude of the global theta signal (mean theta amplitude across
all EEG channels) did not exhibit a statistically significant correlation with the GSA (Table 5.5).
This suggests that, at a whole-brain level, theta power fluctuations were not strongly coupled with
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changes in the global signal during the task.

However, global averaging may obscure localised effects. When examining the channel-wise
GLM slope topography (Fig. 5.11), several electrodes, particularly over the frontal and fronto-
temporal regions, displayed positive slopes, indicating that increases in theta amplitude at those
sites tend to co-occur with increases in GSA. One notable parietal area (CPz) site also exhibited
a positive slope.

Interestingly, the spatial distribution of theta-band slopes resembles that observed in the delta-
band topography (Fig. 5.9), with a mix of positive and negative slopes across the scalp and similar
frontal prominence. This suggests that while neither band showed robust global effects, both may
have overlapping spatial patterns across the task-based experiment.

Overall, the findings imply that theta–GSA coupling is weak at the global level but may exist
in region-specific patterns, particularly in areas associated with attention regulation and cognitive
control. These results support previous findings related to the global alertness suppression observed
during lower GSA (Wong et al., 2013).

The other band of interest was the alpha. Alpha oscillations are typically associated with
relaxed wakefulness and reduced attentional demands. Prior studies have shown that higher alpha
power has been linked to increased anti-correlation between DMN and dorsal attention network
(DAN) during resting-state, often corresponding to a lower global signal amplitude (Chang et al.,
2013; Tagliazucchi et al., 2012).

Consistent with these findings, the current analysis revealed a significant negative relation-
ship between the global amplitude of alpha activity and the GSA, as shown in Figure 5.10b and
supported by the values in the Table 5.4. This result suggests that higher GSA is associated with
reduced alpha power, even in a task-based context. The presence of this effect across mental states
reports aligns with resting-state observations, extending the relevance of this effect also to cognitive
tasks.

At the spatial level, the channel-wise GLM results (Figure 5.10a) further support this pattern:
all electrodes with statistically significant slopes (p < 0.05) exhibited negative beta values, primarily
distributed across the frontal, parietal, temporal, and occipital lobes. This widespread distribution
mirrors the global finding and suggests that the alpha–GSA coupling is not localised but broadly
expressed across the scalp. These findings show an inverse relationship between GSA and alpha
power.

Importantly, this observation also links task-based and resting-state paradigms. Much of the
previous literature linking EEG activity to GSA has focused on the resting state. These results
suggest that global signal amplitude is sensitive not just to specific EEG bands, but to the broader
experimental context, like task-based experiments.

During particular on-task reports, more interesting patterns appeared. While the overall link
between alpha power and GSA was not significant, specific brain areas showed both positive and
negative relationships, suggesting localised changes in attention and engagement (Fig. 5.19).

In this study, higher alpha amplitude was linked to lower GSA, supporting past research of
Wong et al. (2013). Theta amplitude was positively connected to GSA and was also consistent
with previous findings by Wong et al. (2013) regarding the positive relationship between mean
GSA and mean EEG amplitude in the theta band.

To cross-check if GSA is linked in general to more high-frequency bands, and not only to
alpha, it was correlated with gamma waves, which are often associated with cognitive processes
such as sustained attention, conscious awareness, and active information processing. Given this
functional role, elevated gamma activity is typically expected during task-based paradigms that
demand mental focus and engagement.

In our dataset, however, global gamma amplitude (averaged across all EEG channels) did
not show a significant linear relationship with GSA, as shown in Table 5.6. The resulting slope
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(β = −0.61, p = 0.7457) was small and non-significant, suggesting a lack of global coupling
between gamma oscillations and fMRI global signal fluctuations during task periods. Additionally,
the dense cluster of points around the lower amplitude values reflects a generally weak gamma
signal, consistent with earlier violin plots (Fig. 5.6c).

Despite the null result at the global level, spatial patterns in the channel-wise GLM beta
values (Fig. 5.12) offer additional insights. Several regions, particularly within the frontal and
temporal lobes, exhibit positive slopes, whereas negative associations cluster more around central
and parietal areas. These regional variations suggest that the relationship between gamma power
and GSA may be more localised and not adequately captured by global averaging.

Notably, channels such as F7, CP3, C4, and CP2 show more pronounced and potentially
reliable slopes. In comparison, some of the observed topographical variation might reflect residual
muscle-related artifacts (especially in high-frequency bands like gamma), which were not cleaned
due to the overlap with neuronal activity. In sum, although the gamma band does not appear to
contribute substantially to GSA on a global scale, localised channel-level associations suggest that
gamma activity may modulate the global signal in specific brain regions.

During isolated MW reports, there were no clear links between GSA and EEG amplitudes,
either overall (Fig. 5.17) or in specific brain regions (Fig. 5.18), across any EEG frequency bands.
This might be because MW is varied and includes different thoughts and attention shifts, which
may involve different brain processes.

Globally, only alpha oscillations show a significant inverse relationship, whereas on the chan-
nel level, theta and gamma waves are linked to specific scalp areas. This occurs because global
EEG amplitude averages signals across all channels, smoothing out local differences. When some
channels exhibit positive correlation and others negative or none, the overall effect can cancel out.

In contrast, alpha activity tends to be more spatially coherent, particularly across occipital and
parietal regions. Therefore, a strong effect in one direction can persist even after global averaging,
explaining the observed significant negative global correlation for alpha.

In the case of theta, a mostly positive relationship is seen in the frontal and fronto-temporal
lobes. A localised relationship between GSA and theta amplitude here may reflect changes in
vigilance, especially during long tasks. It is possible to clarify that theta-band oscillations, which
are mainly linked to drowsiness, attentional disengagement, or internal mental states, are reflected
in fMRI signal fluctuations.

The absence of a correlation between delta oscillations and GSA across the experiment can
be interpreted in a similar way as for gamma oscillations. Although residual artifacts, such as
slow eye blinks, may overlap with neuronal activity, their impact should be minimal due to the
standard EEG preprocessing pipeline. Therefore, the observed lack of association is more likely
related to the relatively low prominence of delta waves during the active experimental task, rather
than being driven by unremoved physiological noise.

In addition to neuronal fluctuations, physiological processes also contributed to variations in
GSA. In this study, ECG variability was used as a marker of physiological activity. As previously
discussed, ECG is sensitive to changes in mental states and is frequently employed to assess phys-
iological responses to cognitive demands or external stimuli. The correlation analysis revealed a
small but positive association between ECG variation and GSA (Table 5.13), with a relatively
wide confidence interval. This finding is consistent with the work of Shmueli et al. (2007), who
demonstrated that GS contains a substantial physiological component. The modest correlation
magnitude observed here may be partly explained by the larger variance in ECG values (ranging
from approximately 7.5 to 10, see Fig. 5.15) compared to GSA (ranging from approximately –10
to 4). In such cases, even a small regression slope (0.0982) can reflect meaningful changes in GSA,
given the broader dynamic range of ECG fluctuations.

The channel-specific coupling with GSA indicates localised neuronal interactions. This sup-
ports the hypothesis that the global signal is not just noise but can carry regionally specific neuronal
information, particularly in task-related contexts. These results also show that the GS in fMRI is
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influenced by multiple factors, including physical components and brain activity that depends on
mental state and alertness.

6.2 Investigations According to MB

MB is linked to slow-wave EEG activity, particularly theta and delta waves (Andrillon et al.,
2021), which are associated with drowsiness, attentional lapses, and low vigilance. In the study
by Mortaheb et al. (2022), an increase in GSA was observed during MB reports. However, based
on the Background chapter 2, it remains unclear whether this GS increase reflects physiological or
neuronal processes, as the origins of GS are still debated.

To address this question, we used the relationship between EEG band-specific amplitude and
ECG variation with GSA as a window into the underlying mechanisms of MB. By focusing on how
delta, theta, and gamma activity relate to GSA specifically during MB reports, we aim to clarify
which components contribute to the GSA changes observed during these episodes.

We investigated the role of gamma oscillations in MB reports. Unlike delta and theta oscil-
lations, which have shown a positive relationship with MB, gamma activity is linked to different
neuronal functions. Therefore, we expected to observe a relationship between gamma and GSA
that is opposite to the relationship between low-frequency bands. Together, these analyses will
help clarify the underlying mechanisms contributing to MB.

Our results show a consistent pattern for delta activity. As shown in Figure 5.13, delta band
amplitude exhibits a negative relationship with GSA during MB reports both globally and at the
channel level. Nearly all electrodes across the scalp show negative GLM slopes, with no evidence
of positive associations. This widespread pattern results in a significant negative correlation at the
global level (Table 5.7).

This finding is particularly interesting since MB has been previously linked to increased delta
power Andrillon et al. (2021), and at the same time with the higher GSA reports Mortaheb et al.
(2022). However, the opposite pattern occurs in the current data: greater GSA is associated with
reduced delta amplitude. Since MB is linked to increased delta and theta activity and higher GSA,
this negative delta–GSA link may suggest that the suppression of GSA can be expected during
MB reports, which contradicts the previous findings.

One possible explanation lies in the nature of GSA itself. While delta activity is a well-
established marker of neuronal disengagement and reduced cognitive processing, GSA is a more
complex signal, integrating both neuronal and physiological components. The inverse delta–GSA
relationship during MB might therefore indicate that GSA increases during MB are not primarily
driven by slow-wave neural activity but reflect non-neuronal physiological contributions. Moreover,
the findings of Mortaheb et al. (2022) were obtained in a resting-state context, whereas the present
results come from a task-based fMRI paradigm. This distinction is important because task demands
can modulate both neuronal and physiological contributions to GSA. In a task-based setting,
fluctuations in attention and cognitive engagement are more dynamic, and levels of alertness tend
to remain relatively high. Indeed, in the current dataset, most reports were accompanied by self-
reports of being “alert” (see Table 5.2). This higher baseline alertness may attenuate the slow-wave
neural activity typically linked to MB during rest, thereby altering the GSA–EEG relationship.

Furthermore, this result contrasts with the resting-state findings of Wong et al. (2013), who
reported a positive correlation between delta power and GSA. This divergence may come from
differences in the experimental context as well. While Wong et al. (2013) analysed spontaneous
resting-state activity, the current study examines MB periods within an active task, potentially
altering delta activity’s functional role. These observations support the idea that the nature and
drivers of GSA are context-dependent, varying according to whether the brain is in a resting state
or engaged in an active cognitive task.

For theta-band activity, the results present a more complex picture. While no significant



6.2. INVESTIGATIONS ACCORDING TO MB 73

global-level correlation with GSA was found during MB, channel-wise analysis reveals localised
negative associations, particularly over the left and right temporal regions (Fig. 5.14a). These
patterns support those observed for delta wave oscillations during MB, suggesting that local theta
suppression may also co-occur with increased GSA during MB.

This finding notably contrasts theta–GSA relationships observed during the entire experiment
period, where positive correlations were identified, especially in frontal and fronto-temporal areas
(Fig. 5.11). This divergence may indicate that the relationship between GSA and theta activity is
state-dependent, shifting based on whether the brain is engaged in task processing (ONTASK) or
a passive state (MB). A similar state-dependent pattern emerges for delta oscillations. Here, delta
power was significantly negatively correlated with GSA, indicating that higher GSA values during
the experiment were associated with lower delta activity. This pattern is consistent suggests that
slow-wave activity contributed less to GSA under these experimental conditions. These findings
highlight the specific relationship between GSA and EEG amplitude. GSA may reflect differences
depending on mental state. The same analysis was also performed using a shorter time window
of 23.4 seconds (11.7 seconds before and after MB onset), following the approach described by
Mortaheb et al. (2022). The results of this complementary analysis are presented in Appendix
A (Fig. A.1a, A.1b). While the shorter window reproduced the same negative trend observed in
the topographical maps and at the global level, the effects did not reach statistical significance.
This lack of significance can be largely attributed to the lower variance of the EEG signal in this
reduced time window, as shown in Figure 5.5, which reduced the statistical power of the analysis.

To explore whether GSA might also be linked to faster neural oscillations during MB, we
examined gamma-band amplitude. However, both the global and channel-wise analyses failed to
reveal any robust associations (Fig. 5.14b). Although some channels show positive slopes, the
overall p-values are high, making these connections unreliable.

The gamma-band results during MB should be viewed carefully because of the lack of strong
findings and the chance of residual artifacts. Currently, there is no solid evidence to connect GSA
and gamma activity during MB reports.

To examine whether the observed increase in GSA during MB reports could be attributed
to physiological components, the general relationship between GSA and ECG variability across
the entire experiment was first investigated. As shown in Figure 5.15, although the slope of the
regression line is relatively small (β = 0.098), the associated p-value is highly significant (p <
0.00001), indicating a reliable positive relationship between GSA and ECG variation (Table 5.13).
As discussed for ECG-GSA correlation within the whole experiment, the modest correlation can
be explained due to the high variance of ECG regressors, which will reflect meaningful changes in
GSA.

This analysis was then explicitly repeated for the time points corresponding to MB reports
(Fig. 5.16). The results showed a very similar slope (β = 0.094), again with a highly significant
p-value, confirming the consistency of this effect (Table 5.11).

The close match between the slope values in the whole dataset and the MB-specific subset
suggests that the relationship between ECG and GSA remains stable regardless of the reported
mental state. The similarity between slope values in the whole dataset and the MB-specific subset
suggests that ECG–GSA coupling is present during MB episodes, but it may also occur in other
states. To further examine this relationship, an additional analysis was performed using a shorter
time window of 23.4 seconds (11.7 seconds before and after MB onset), following the approach of
Mortaheb et al. (2022). This complementary analysis, presented in Appendix A (Fig. A.2), revealed
even more pronounced physiological contributions to GSA during MB. The shorter window reduced
the variance of the ECG data compared to the longer 60-second window, thereby amplifying the
observed coupling. These findings strengthen the interpretation that increases in GSA during MB
are largely driven by physiological processes, particularly ECG-related fluctuations, and that the
magnitude of this effect can be sensitive to the temporal scale of analysis.

While previous studies suggested that GSA increases during MB, it was shown that this rise
reflected was significantly due to physiological contributions. Our results suggest that the elevated
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GSA observed during MB may be primarily driven by physiological components, as evidenced by
the negative coupling between delta-band amplitude and GSA, and the lack of strong positive neu-
ronal associations for theta and negative associations with gamma bands. This suggests that while
MB is associated with increased low-frequency neuronal activity, these oscillations may actively
suppress global BOLD fluctuations, rather than drive them. In contrast, physiological signals such
as ECG may contribute modestly to GSA increases, indicating that the global signal during MB
reflects a composite of neuronal disengagement and background physiological dynamics.

Our findings suggest that the MB state is shaped not only by slow-wave neural activity but
also by physiological processes. In the recent work of Andrillon et al. (2024), the authors ques-
tioned what MB truly reflects, and in this work, it was highlighted that physiological factors may
contribute to its occurrence. MB could represent a state characterized by disengagement from
mental content and a loss of effective communication between neural assemblies. This aligns with
observation seen in this study that MB is associated with strong suppression of delta oscillations,
alongside a positive relationship between GSA and ECG measures. Such coupling between GSA
and physiological signals supports the idea that part of the GSA increase during MB originates
from non-neuronal sources. Furthermore, as reported by Andrillon et al. (2024), MB cannot be
reliably induced voluntarily — deliberate attempts to “empty the mind” tend to introduce distinct
neural activation patterns rather than spontaneous MB. This supports the interpretation that the
link between ECG and GSA during MB may reflect reduced neural integration and diminished
mental content, and can be seen also as signature of spontaneous MB.

6.3 Limitations

Several limitations should be acknowledged in this study. First, our approach to measuring
specific EEG band activity differed from methods used in previous studies such as Andrillon et al.
(2021) and Scheeringa et al. (2012). While those studies often extracted individual slow waves,
either by identifying negative peaks in the filtered signal or by isolating relevant components
through ICA, our method involved applying a bandpass filter to retain the full signal within the
frequency range of interest. This choice was made to preserve as much neuronal information as
possible, but it may also have allowed residual non-neuronal activity (physiological noise) to remain
in the data.

Second, our analysis focused only on the amplitude of the filtered EEG signal. Other important
features of slow waves, such as density, downward slope, and upward slope, were not computed.
As a result, our findings do not cover all the properties linked with GSA. However, this decision
was aligned with the specific aim of the study, which focused on understanding the relationship
between GSA and EEG amplitude as two amplitude-based measures. Also, the time window used
to define the EEG segment preceding each probe response was set to one minute, compared to a
20-second window in previous work. We aimed to increase the likelihood of capturing the reported
mental state within the selected period, particularly for states like MB that may fluctuate over
time. However, a longer window may also introduce variability. To address this, we repeated the
same analysis using a shorter time window of 23.4 seconds, consistent with previous studies. The
outcomes of this control analysis are reported in the Appendix. Results showed that ECG variation
remained positively associated with GSA, supporting earlier findings linked to longer MB episodes.
Delta-band amplitude also exhibited a negative trend with GSA both globally and at the channel
level, though these effects did not reach statistical significance.

Third, the GLM used in this analysis included random intercepts to account for variability in
baseline GSA levels across participants. However, the model assumed fixed slopes, meaning the
relationship between EEG amplitudes and GSA was treated as consistent across all subjects. While
this captures individual differences in overall signal levels, it does not model potential variability
in how strongly EEG features relate to GSA across participants. This simplification may limit
sensitivity to subject-specific neural dynamics.

Finally, our findings are correlational and do not establish causality between neuronal activity
and GSA. Based on our analysis, we cannot infer the presence of neuronal components in specific
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mental states; we can only confirm whether a coupling effect exists between correlated metrics.
Furthermore, the interpretation of increased GSA during MB was constrained by the fact that this
study examined only a task-based experiment, without a resting-state condition.



Chapter 7

Conclusion

Spontaneous mental states, such as mind-wandering and mind-blanking (MB), have been
associated with specific neural patterns—most notably, increased slow-wave activity in the delta
and theta bands. Previous work of Wong et al. (2013) demonstrated that GSA in resting-state
fMRI positively correlates with low-frequency EEG activity, raising the possibility that GSA may
reflect underlying slow-wave neural processes. Additionally, Mortaheb et al. (2022) found that MB
reports are accompanied by increased GSA. However, the global signal remains a debated measure,
as it may contain both neuronal and non-neuronal (e.g., physiological or instrumental) sources.
This raises an important question: Is the observed increase in GSA during MB truly driven by
neuronal slow-wave activity?

To investigate this, we analyzed multimodal data from EEG, fMRI, and ECG recordings. We
extracted key signal features, including GSA from fMRI, heart rate variability from ECG, and
amplitude of EEG bands (delta, theta, alpha, gamma). Linear mixed-effects models were applied
to examine relationships between these physiological and neural signals, especially during MB,
MW, and On-Task reports.

Our results showed that, contrary to expectations, GSA during MB was significantly negatively
correlated with delta and theta amplitude, and positively associated with ECG variability. Across
the full dataset (independent of mental state), GSA correlated positively with theta and negatively
with alpha. These findings suggest that while MB is associated with slow-wave EEG activity,
the concurrent increase in GSA may not directly reflect these neuronal patterns. Instead, the
global signal likely reflects a more complex mixture of physiological and neural components, with
cardiovascular contributions (as measured by ECG) playing a notable role during MB.

These findings suggest that the rise in global signal amplitude during MB may not be directly
explained by increases in slow-wave neural activity, as previously assumed. Instead, the observed
positive relationship between GSA and ECG variability during MB points to a possible physiologi-
cal contribution. While global relationships across the full dataset show consistent neural patterns,
such as a positive link between GSA and theta and a negative link with alpha, the specific pattern
during MB highlights that physiological signals may also play a role. This implies that MB might
not be purely a neuronal phenomenon, but rather one that also involves changes in physiological
states, underscoring the complex, multi-source nature of the global signal.

For future work, additional features of the EEG signal beyond amplitude, such as phase or
shape of the slow-wave, could be explored to better understand their relationship with GSA. In
this study, ECG was the only physiological measure considered, but other signals like muscle
activity (EMG) and respiration may also contribute to GSA changes, particularly during MB
episodes. Furthermore, it would be valuable to investigate the characteristics of MB across different
experimental conditions, as variations in task structure may influence the neural and physiological
profiles associated with this mental state. Especially, during rs-fMRI, since the possible divergence
in the expected results could be driven by different experimental settings and active cognitive
engagement.
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Appendix A

Supplementary results

To assess the robustness of our results, we addressed a key concern related to the length of
the analysis time window. In the main analysis, we used an extended window ( 1 minute) equal
to the whole Go/NoGo block, which could potentially introduce variability and deviate from prior
studies. To evaluate this, we repeated the GLM analysis using a shorter window of 23.4 seconds
(11.7 seconds before and after the MB onset), as described in the article of Mortaheb et al. (2022).
The same regressors and GLM specification were used, allowing a direct comparison between the
two approaches.

The results are shown in Figures A.1a–A.2. Figure A.1a displays the spatial distribution of the
GLM beta values across EEG channels, reflecting the relationship between delta-band amplitude
and GSA during MB reports. Although the overall trend suggests a decrease in delta amplitude,
particularly over frontal, central, and occipital areas, these effects were not statistically significant.
This is further supported by the linear model fit shown in Figure A.1b, where the observed negative
trend between delta amplitude and GSA did not reach significance due to a high resulting p-value.

(a) GLM output indicates not significant frontal,
occipital and central Decrease in Delta-Band
during MB reports with alternative time-
window (23.4 sec)

(b) Results of the GLM for GSA and mean EEG
signal amplitude in the delta band during MB
reports with the 23.4 sec time window show a
negative trend, which is not considered a signif-
icant correlation due to its resulting big p-value

Figure A.1: Delta-band EEG–fMRI relationship during MB with different time windows (23.4 sec).
(a) Beta values across EEG channels reflect channel-wise GLM slopes with the global signal. (b)
Linear model fit between global alpha amplitude and GSA across time points during ONTASK
reports

In contrast, ECG variation continued to show a positive correlation with GSA during this
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shorter window, as illustrated in Figure A.2. This effect was even more pronounced compared to
the longer time window, reinforcing previous findings and highlighting the importance of accounting
for physiological confounds such as ECG in MB mechanisms.

Figure A.2: Linear model fit between ECG variation and GSA across time points during an
alternative time window of MB reports revealed a stronger positive correlation between ECG
variation and GSA compared to a longer time window, confirming the confounds about ECG
correlation with GSA



Glossary

cerebral blood flow (CBF) The blood supply to the brain in a given period of time. 18

cerebral blood volume (CBV) The total volume of blood in the cerebral vasculature at a given
time. 18

cerebral metabolic rate of oxygen (CMRO2) The rate at which oxygen is consumed by the
brain. 18

Generalized Linear Models (GLM) is an extension of traditional linear regression, which en-
ables the relationship between the linear predictor and the response variable to be defined
through a link function. Additionally, it allows the variance of each measurement to depend
on its predicted value, providing greater flexibility. 40

global signal (GS) A time series of signal intensity averaged across all brain voxels, reflecting
a combination of neural and physiological sources, often treated as a nuisance variable but
increasingly recognised for its potential functional relevance. 13

global signal amplitude (GSA) The standard deviation or variability of the global signal over
time, used as a measure of its magnitude. 12

heart rate variability (HRV) A measure of the variation in time intervals between consecutive
heartbeats, reflecting autonomic nervous system activity and often used as an indicator of
physiological arousal and stress levels. 37

Hilbert transform An operation that enables making an analytic signal based on some original
real-valued signal, therefore we can express it in exponential notation and get rid of identical
positive and negative values. 39

Linear Mixed-Effects Models (LMMs) A statistical model containing both fixed effects and
random effects. A linear mixed-effects model extends GLM by adding random effects to
account for variation across groups. 40, 41, 69

mind-blanking (MB) A spontaneous cognitive state characterised by a temporary absence of
reportable mental content, in which individuals experience the mind as “going blank,” often
associated with reduced cortical arousal and altered brain connectivity patterns. 12

mind-wandering (MW) A form of spontaneous thought in which attention drifts away from
the external environment toward self-generated mental activity, typically involving internally
oriented and unconstrained thinking. 12

slow waves Low-frequency brain oscillations observed in EEG, associated with deep NREM sleep
and states of reduced cortical arousal, and characterized by synchronized neuronal activity.
12
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