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Abstract
Attention lapses (ALs) and microsleeps (MSs) are complete lapses of responsiveness in which
performance is completely disrupted for a short period of time, but consciousness is retained
in the case of ALs. ALs are behaviourally different from MSs, as in an AL the eyes remain
open whereas in a MS eyes are partially or completely closed. Both ALs and MSs can result in
catastrophic consequences, especially in the transportation sector.
Research over the past two decades has investigated the AL and MS phenomena using
behavioural and physiological means. However, both ALs and MSs need further investigation
to separate the different types of ALs physiologically, and to explore the neural signature of
MSs in relation to normal sleep and drowsiness. Hence, the objective of this project was to
understand the underlying physiological substrates of endogenous (internal) ALs and MSs
which could potentially result in differentiating types of ALs and provide more understanding
of MSs.
Data from two previous Christchurch Neurotechnology Research Programme (NeuroTech™)
studies (C and D) were combined resulting in a total of 40 subjects. During each session,
subjects performed a 2-D continuous visuomotor tracking (CVT) task for 50 min (Study C)
and 20 min (Study D). For each participant, tracking performance, eye-video, EEG, and fMRI
were simultaneously collected. A human expert visually inspected the tracking performance
and eye-video recordings to identify and categorize lapses of responsiveness for each
participant.
Participants performed the 2-D CVT task without interruptions. The repetitive nature of the
task and the lack of a motivational factor made the task monotonous and fatiguing. As a result,
it was more likely to introduce boredom leading to task-unrelated thoughts (TUTs), which
divides attention between the task and the internal thoughts unrelated to the task, also fatigue
which will introduce a trend of vigilance decrement over time.
The project had hypotheses focusing on the changes in the brain’s activity compared to the
baseline of good responsiveness tracking. We expected a decrease in dorsal attention network
(DAN) activity during ALs due to a decoupling of attention from the external environment.
Furthermore, we hypothesized that the ALs were due to involuntary mind-blanks. As such, we
expected no change in default mode network (DMN) activity, as would have otherwise been
expected if the ALs were due to mind-wandering. Functional connectivity (FC) of the brain

P a g e | ii

was also investigated between the networks of interest which were the DMN, DAN,
frontoparietal network (FPN), sensorimotor network (SMN), visual network (VSN), salience
network (SN), eye-movement network (EMN), and working memory network (WMN), by
analysing data from fMRI. EEG data were also used to perform analysis on ALs and MSs, by
analysing changes in power in the delta, theta, alpha, beta, and gamma bands.
Voxel-wise fMRI throughout the whole brain, group-ICA, haemodynamic response (HR) over
the regions of interest (ROIs), and FC analyses were performed to reveal the neural signature
during ALs. In voxel-wise analysis, a significant increase in activity was found in two regions:
the dorsal anterior cingulate cortex (dACC) and the supplementary motor area (SMA). The
group-ICA analysis did not show any significant results but did show a trend of increased
activity in an independent component (IC) that was spatially correlated with SMN.
Dynamic HR analysis was performed to further investigate findings from the voxel-wise
analysis. Our results were not significant but there were strong trends of change. There was a
trend of increased HR 7.5 s after the onset of the AL in the left intraparietal sulcus (IPS) of the
DAN. There was also a decrease of 2.5 s before the onset of the AL in the right posterior
parietal cortex (PPC) of the FPN. There was also an increase in the HR 5 s after the onset of
the AL in the dACC of the SN. Finally, an increase in the HR 15 s before the onset of ALs in
the left inferior parietal lobule (IPL) of the DMN is a major finding, as it is an indication that
a lapse is about to happen. The HR analysis provided consistent findings with the voxel-wise
analysis.
FC analysis showed increases in FC within all networks of interest during the ALs. On looking
at FC between networks, there was an increase in FC between the DMN and the FPN, no
change between the DAN and the FPN, a decrease in FC between the SMN and the FPN, and
an increase in FC between the FPN and the VSN. The EMN had an increased FC with the
DMN, while it had both increases and decreases in FC with the DAN. There was also an
increase in FC between the SN and the DAN, and no change between the SN and the DMN.
Finally, a decrease in FC was found between the WMN and the DMN. These findings indicate
an overlap between decoupling due to ALs and the process of recovery from ALs.
The EEG analysis showed no significant change in the relative difference between average
spectral power during ALs and their average baselines for any band of interest for ALs.
During MSs, there was a significant increase in power relative to responsive baselines in the
delta, theta, alpha, beta, and gamma bands. However, we could not be completely sure that all
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motion-related artefacts had been removed. Hence, we investigated this further by removing
the effect of the global signal, which left only an increase in gamma activity, in addition to a
trend of decreased activity in the alpha band.
The significant increase in BOLD seen in the voxel-wise analysis is considered to represent the
recovery of responsiveness following ALs. This was also seen in trends in group ICA and HR
analyses. Overall, findings from the FC analysis show that, in addition to decoupling during
ALs, and recovery from ALs, it is highly likely that the ALs during the 2-D CVT task were
due to involuntary mind-blanks. This is supported by three major findings: (1) no significant
increase in DMN activity in both voxel-wise and HR analyses, (2) the decrease in the HR in
the FPN prior to the onset of the AL, and (3) the decrease in FC between the DMN and the
WMN. This is further supported behaviourally by the short average duration of ALs (~ 1.7 s),
in contrast to what would be likely during mind-wandering.
Finally, the significant results from the EEG analysis of MSs, agreed with the literature in delta,
theta, and alpha bands. However, increased power in beta and gamma bands was an important
finding. We consider this increased high-frequency activity reflects unconscious ‘cognitive’
activity during a MS aimed at restoring consciousness after having fallen asleep during an
active task. This highlights a key behavioural and physiological difference between MSs and
sleep. Even after removing the effect of the global signal, we still believe that MSs and sleep
are physiologically different in the recovery process.
To summarize our key findings: (1) this is the first study to demonstrate that ALs during a
continuous task are likely to be due to involuntary mind-blanks, (2) the increase in the HR in
the DMN 15 s before the onset of AL could be a predictive signature of these lapses, and finally
(3) MSs are physiologically different from sleep in terms of the recovery process.
This project has improved our understanding of endogenous ALs and MSs and taken us a step
closer to accurate detection/prediction systems which can increase prevention of fatal
accidents.
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Dedication
This project is an essential step towards substantially reducing the adverse consequences of
lapses of responsiveness, which will benefit road safety and help save lives.
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Introduction
1.1 Motivation
When doing a task that requires an intensive focus, especially in applications in which
humans cannot be replaced totally by machines given our current technologies (Szikora &
Madarász, 2017), having a complete lapse of responsiveness (‘lapses’) can lead to a
catastrophic event (Cheyne et al., 2006). There are many important but monotonous
occupations which are high-risk in terms of potential serious accidents, such as truck drivers,
train drivers, pilots, health professionals, and process-control workers (Sagberg, 1999).
These kinds of occupations require workers to remain alert for extended periods, despite the
challenge of keeping focus especially when the task is boring or exhausting (Thomson et al.,
2015a).
Even if we start at a high-performance level in a task, we are unlikely to sustain the same
level of performance over an extended period (McKinley et al., 2011). The reason for the
drop in performance is that our ability to respond becomes impaired (Peiris et al., 2006;
Poudel et al., 2010a). Our performance is likely to drop with time-on-task (Bogler et al.,
2017), which can lead to accidents. For example, in the transportation sector many fatal
accidents are due to sudden drops in performance. Estimates of accidents on the road in
France are 10% due to fatigue (Philip et al., 2001), 21% in USA due to drowsiness (Tefft,
2014), 25% in Australia due to sleep (Naughton & Pierce, 1991), and 2% due to sleepiness
in Norway (Philip et al., 2010).
This performance impairment has different grades (Schad et al., 2012), which differs in the
decoupling levels (zero to high) from the task, as we might be able to do the task although
our performance has decreased. Hence, the impaired response has two main categories:
partial and complete (Anderson et al., 2010; Jones et al., 2018). The key point in
differentiating between partially and completely impaired responsiveness is performance
(Peiris et al., 2004). A simple definition of partial or reduced responsiveness is that the task
is being performed but with a poor performance (Jones et al., 2010). Low performance may
be due to drowsiness (Huang et al., 2015) or due to attention being divided between the task
and other external or internal stimuli (Benedek et al., 2017). Figure 1-1 (Jones et al., 2018)
provides an overall taxonomy of impaired responsiveness events.
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Figure 1-1 The taxonomy of impaired responsiveness events.
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1.2 Lapses of responsiveness
Completely-impaired responsiveness, also called lapses of responsiveness (Jones et al.,
2010), can happen when we are disconnected from our surroundings, which means zero
performance (Peiris et al., 2011). This event might take one of two possible forms: either we
are in a microsleep (MS) (Innes et al., 2010) or our attention is not on the task at hand
(Unsworth & McMillan, 2014). Compared to partial/reduced responsiveness, complete
lapses of responsiveness (‘lapses’) can result in fatal accidents, especially in tasks such as
driving (Yanko & Spalek, 2013).
Researchers have investigated lapses in performance (Jones et al., 2010; Peiris et al., 2006),
analysed behavioural cues and task-related performance (Peiris et al., 2005), and recorded
brain activity using different tools (Davidson et al., 2007; Poudel et al., 2010b). Their work
has defined lapses as momentary episodes of disturbance in performance in which the subject
is unintentionally unable to respond to a task.
The general definition of a lapse has evolved over time, as researchers have started dividing
it into different subcategories according to their research findings (Jones, 2011; Jones et al.,
2010). Based on behavioural cues and performance on a task, two main subcategories have
been identified: MSs and attention lapses (ALs) (Buckley et al., 2016; Peiris et al., 2011).
1.2.1 Microsleeps
Harrison and Horne (1996) defined MSs physiologically as “a short period (between 5 and
14 s) of sleep identified by an electroencephalogram (EEG) dominated by theta activity (4—
7 Hz), and an absence of alpha activity (8—l2 Hz)”. Poudel et al. (2014) concluded that
losing the struggle to stay awake means having shifted from the drowsiness state to the sleep
state. The sleep state can be divided into two parts based on duration: sleep event (> 15 s)
and MS (<15 s), with the latter falling under the definition of a complete lapse because of its
specific albeit arbitrary time limits (Jones, 2011). MSs can be observed through behavioural
cues, such as head nodding, eye-closure, and loss of response to external stimuli (Davidson
et al., 2005).
MSs are usually associated with increased response time on monotonous tasks (Poudel et
al., 2010a) and sleep deprivation (Innes et al., 2013; Poudel et al., 2021; Poudel et al., 2012,
2013, 2018), although they can occur in non-sleep-deprived subjects (Peiris et al., 2006;
Poudel et al., 2014). They are directly involved in many fatal accidents in driving (Akerstedt,
2008; Vanlaar et al., 2008).
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1.2.2 Attention lapses
MSs and ALs are similar in that they cause a complete failure to respond on tasks for short
periods of time (Jones, 2011). Moreover, their occurrences are positively correlated with
time-on-task (Buckley et al., 2016; Derosière et al., 2015). However, MSs and ALs differ in
oculometric features (Anderson et al., 2010; Benedek et al., 2017). In a MS, eyes are partially
or completely closed (Jones et al., 2010), whereas an AL usually occurs with eyes open
(Anderson et al., 2010; Buckley et al., 2016; Jones, 2011).
The causes and consequences of falling asleep during driving have been substantially
discussed in the literature due to their massive effect on human safety (Dawson & Reid,
1997; Harrison & Horne, 1996; Horne & Reyner, 1995; Naughton & Pierce, 1991; Sagberg,
1999). In contrast, there has been much less research on ALs, despite their fatal
consequences in the transportation sector (Yanko & Spalek, 2013).
Looking more specifically at ALs, we can perceive that if participants are not focusing on
the task while they are awake then their attention might have shifted to something else
(Unsworth & McMillan, 2014). It might be external, like looking from the car's window or
being busy with other stuff inside the car (Anderson et al., 2010; Unsworth & McMillan,
2014), or something internal where our attention has been prisoned in our thoughts chamber
(D'Mello et al., 2016). The task’s nature (boring, fatiguing, etc.) (Larue et al., 2015), timeon-task (Poudel et al., 2013), and individual differences (Unsworth & McMillan, 2014) are
important factors that should also be taken into account in studying any type of lapse.
The literature currently discusses two opposing theories of vigilance decrement: boredom or
mindlessness and resource depletion or mental exhaustion (Helton & Warm, 2008).
According to the boredom or mindlessness explanation, the vigilance deficit occurs as a
result of a lack of exogenously supported attention during vigilance tasks (Manly et al., 1999;
Robertson et al., 1997). As a result, the subject must maintain endogenously motivated
attention to the key stimuli. In vigilance tasks, rare crucial signals are separated by extended
periods; subjects may lose their focus of attention during these intervals. Subjects then
develop a mindless, automatic attitude towards their vigilant job. Later, subjects become
overtaken by task-unrelated thoughts (TUTs), as awareness drifts away from the task
(Giambra, 1995; Smallwood et al., 2004). Thus, from this perspective, the fundamental
mechanism for detecting faults in vigilance settings is the subject’s disengagement from the
task due to preoccupation with TUTs and the subject’s subsequent automated approach to
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the job. This idea is borne out by phenomenological observations indicating that many
subjects find vigilance tasks tedious (Scerbo, 1998).
The alternative resource depletion or mental exhaustion theory of vigilance attributes
detection failures in vigilance mostly to a loss in available attention resources. According to
research, there are only a finite number of cognitive resources accessible for information
processing (Kahneman, 1973; Matthews et al., 2000). This limited resource concept has been
extensively used to explain vigilance task findings (Davies & Parasuraman, 1982; Hancock,
1989; Helton & Warm, 2008; Temple et al., 2000; Warm et al., 2008). During vigilance
tasks, subjects must make active, continuous distinctions between signal and noise stimuli
(target vs. non-signal stimuli) in the face of considerable ambiguity. There are few
opportunities for rest. The continual nature of mental labour required for alertness precludes
resource replenishing. As a result, the resources deplete with time, resulting in a decrease in
performance efficiency. Recent research has supported the resource theory of vigilance by
demonstrating that the vigilance decline is followed by a decrease in cerebral blood flow
velocity, a possible physiological resource indicator (Hitchcock et al., 2003; Schnittger et
al., 1997; Shaw et al., 2009).
In addition, another theoretical model for explaining the link between subjective effort and
performance outcomes has been developed by Kurzban et al. (2013). A major assumption of
this paradigm is that using an executive control system on a long-term basis incurs a "cost"
in the form of effort. As a result, the degree to which a subject retains executive control is
defined by a function representing this mental cost, which is compared against the subject's
prospective rewards. Executive control processes may deteriorate with time in the context
of vigilance-like activities, as the ‘gains’ associated with maintaining regulated processing
over time may be subjectively modest (because this effort yields no benefits on the vast
majority of trials). Indeed, it may make perfect sense to refer to declining executive control
over time in such tasks as ‘adaptive’ (for a similar argument see (Hancock, 2013), and to see
mind-wandering as a behavioural by-product of this adaptive process. In other words,
motivation wanes with time as a result of the monotonous and unrewarding character of
vigilance activities. As a result, the mind-wanders more frequently. It is even possible that
mind-wandering occurs early in the activity regardless of the goal to focus on the task (i.e.,
it is spontaneous in nature), but that later in the task, when motivation wanes, mindwandering occurs as a result of a lack of effort to focus on the task (i.e., it is intentional or
deliberate in nature).
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Helton and Russell (2011) explored the two explanations for ALs through a feature
present/absent sustained attention to response task (SART): (1) task monotony that leads to
expanding distraction because of TUTs (i.e., mind-wandering), (2) task demands that lead
to exhausting the resources of information-processing required for performing the task. They
found that ALs are more likely to be caused by resource depletion and cognitive overloading,
although they did not totally reject the possibility of mindlessness and boredom.
Recently, Thomson et al. (2015a) investigated two possible explanations for sustained ALs.
According to one theory, monotony in the task results in a growing engagement with internal
thought (i.e., mind-wandering). By another theory, task demands result in the exhaustion of
information-processing resources required to complete the task. To reconcile seemingly
contradictory findings regarding whether vigilance declines are caused by mind-wandering
or resource depletion, they combined elements of attentional-resource (Smallwood, 2010;
Smallwood & Schooler, 2006) and control-failure (McVay & Kane, 2010) theories of mindwandering. They contended that neither a mind-wandering form of the underload theory
(based on attentional resources) nor a resource-depletion variant of the overload hypothesis
can adequately account for the process. They provided a novel paradigm for explaining ALs
as a function of time-on-task by merging elements of two distinct theories of mindwandering: attentional-resource theory (Smallwood & Schooler, 2006) and control-failure
theory (McVay & Kane, 2010). They then used their ‘resource-control’ theory to account
for declines in performance on sustained-attention tasks. They argued that their resourcecontrol theory accounts not only for recent findings in the literature on sustained attention,
vigilance, and mind-wandering, but also for classic empirical findings.
Propensity for ALs varies substantially between subjects, based on cognitive abilities and
other individual differences (Unsworth et al., 2010) and environment factors (Burdett et al.,
2016). ALs can occur during simple every-day activities, such as reading a book and
watching television, without any consequences or can occur during an active task such as
driving and lead to catastrophic accidents (Weissman et al., 2006).
1.2.2.1 Diverted-attention lapses
The dangerous consequences of MSs and ALs are quite clear, especially when it comes to
health and safety (Galéra et al., 2012; Terry & Terry, 2015). Diverting our attention from
task-related thoughts to task-unrelated thoughts (TUTs) is linked to some factors: (1) finite
attention resources which decrease with time-on-task (Derosière et al., 2015), (2) the effect
of highly automated systems on human operators, known as human-machine
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miscommunication (Gouraud et al., 2017). The issue emerges when operators are
experiencing the effects of carelessness and alertness decrement; subsequently, when
computerization does not carry on as required, understanding the framework or reclaiming
manual control might be challenging (Gouraud et al., 2017), (3) the task nature if not
cognitively stimulating (Larue et al., 2015), and (4) competing internally and externally
directed cognition because of limitations of processing capacity (Benedek et al., 2017).
Exogenous
External distraction is simply a stimulus not related to the task that usually affects visual
attention as it attracts eye movements (Domkin et al., 2013), it can also be auditory and affect
the overall performance (Wood et al., 2006; Ziegler et al., 2018).
Endogenous
Endogenous distraction refers to mind-wandering and mind-blanking. Mind-wandering,
where attention shifts from task at hand to self-generated thoughts (Huijser et al., 2018), may
be voluntary, in which a participant chooses to divide his/her attention between task-related
thoughts and TUTs (D’Mello, 2016; Ottaviani et al., 2015) and usually does not completely
decouple attention from the external world, such as driving back from work while thinking
about what to have for dinner. This event is characterized by maintaining responsiveness
while doing the task, although the performance may or may not be affected, as other factors
like driving experience will play an important role in the scene (Zhang & Chan, 2014). This
should not be considered as a complete impaired-responsiveness event but partial.
Mind-wandering can also be involuntary, where our thoughts conquer our mind and
decouple us from the external world while shifting our attention in a time-oriented manner
(Smallwood & Schooler, 2015), or a personal trait (Burdett et al., 2016; Gil-Jardiné et al.,
2017). These events are commonly called mind-wandering (Chaudhary et al., 2017; Daniel
et al., 2010; Ward & Wegner, 2013; Weinstein et al., 2017), daydreaming (Wang et al.,
2009), and TUTs (Unsworth & McMillan, 2014). These type of lapses have a long history
with the occurrence of accidents (Yanko & Spalek, 2013).
Mind-blanking, in which the mind ‘goes away’ (Ward & Wegner, 2013), is a lapse in which
there is a complete loss of attentional focus while being awake, where we do not remember
when and why it started, when it ended, and what happened in between, or what brought us
out of it. Mind-blanking has been considered to be an extreme case of decoupling of
perception and attention (Ward & Wegner, 2013), which is different than moments of metacognitive failures where the mind fails momentary to monitor the surroundings. This
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phenomenon has been called mind-blanking (Ward & Wegner, 2013), ALs (Buckley et al.,
2016), sustained-attention lapses (Head & Helton, 2012; Jones et al., 2010), blank-in-mind
(Moraitou & Efklides, 2009), attentional blink (Gillard‐Crewther et al., 2007), and lost
attention lapses (Jones et al., 2018).
Whether we are engaged in a task-related thought or TUT, our memory will be a key factor,
as we either use our experience to call information needed for the task, or we find ourselves
thinking about other thoughts from past or future (Hutchinson & Turk-Browne, 2012) such
as in mind-wandering. However, mind-blanking is more likely to be associated with failure
in memory processes (Efklides & Touroutoglou, 2010; Moraitou & Efklides, 2009).
Investigation of ALs has challenges, as it is very difficult to distinguish between the two
types of endogenous ALs, i.e., mind-wandering and mind-blanks, and accurately classify
them using behavioural cues only, such as performance on a task or any extracted
oculometric features (Ward & Wegner, 2013).

1.3 Objectives
This chapter has provided a general overview of the types of lapses of responsiveness. These
lapses have a significant effect on safety when they occur during tasks like driving. Two
main categories of complete lapses of responsiveness were introduced: MSs and ALs.
Details were also given on diverted ALs, externally and especially internally, including
mind-wandering and mind-blanking.
Although the literature has investigated ALs and MSs during various tasks, there remains a
lack of understanding of these two phenomena. Given their association with a high risk of
fatal accidents, and as driving is a continuous task, we should investigate these lapses within
a continuous task. ALs can be broken into mind-wandering and mind-blanking, but mindblanking has been far less investigated than mind-wandering. Also, are MSs simply brief
instances of sleep or are they physiologically different? To achieve this, both the strengths
of fMRI, with its high spatial resolution, and EEG with its high temporal resolution, were
considered.
An important contribution is to reveal the neural signature of lapses of responsiveness when
performing the 2-D continuous visuomotor tracking (CVT) task, which is demanding as it
requires maintaining attention to the task at all times, and also monotonous as it keeps
repeating its pattern. In addition to not interfering with the task by using thought probes, and
depend only on the behavioural features and tracking performance to rate the lapses.
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This project aimed to provide more understanding of the two phenomena of ALs and MSs.
The main interest was to reveal what happens inside the brain during these two lapses. Voxelwise, group independent component analysis (ICA), haemodynamic response (HR) of
regions of interest (ROIs), functional connectivity (FC), and reconstructed brain sources
were analysed to assist answering the “what” question. This helped us to draw conclusion
about these lapses within a continuous task without interrupting the participants while
performing the task.

P a g e | 2-10

Lapses of Responsiveness: A Behavioural Review
2.1 Significance of research on lapses of responsiveness
Although it might appear trivial, as lapses are something that occurs daily and in different
situations where they cause no harm. Conversely, ALs can result in severe injuries and
deaths. In a study by Galéra et al. (2012), 955 drivers injured in a vehicle crash were
interviewed between 2010-2011, in which 52% reported mind-wandering just before the
crash, and its content was highly distracting (defined as intense mind-wandering) in 13%.
Another study by Gil-Jardiné et al. (2017), interviewed 954 drivers injured in a vehicle crash
over 2013–2015, where 39% of respondents were classified with a mind-wandering trait and
13.5% reported a disturbing thought just before the crash.
Falling asleep while driving has a dramatic effect on safety. Royal (2003) reported the results
of a national survey on drowsy driving, with an estimate of 0.8 to 1.88 million sleep-related
accidents between 1997 and 2002. In England, a police report on vehicle accidents showed
that 679 were sleep-related between 1987 to 1994 (Horne & Reyner, 1995). A report from
Norway estimated that 146 accidents were sleep-related (Philip et al., 2010). Finally in
Thailand, approximately 1212 accidents over a six-month period were sleep-related
(Leechawengwongs et al., 2006).

2.2 Behavioural characteristics of attention lapses
2.2.1 Mind-wandering
Our consciousness rarely keeps one topic in mind for a long period without change, as its
dynamic nature causes our minds to unintentionally decouple from perceptual information
(Schad et al., 2012; Smallwood & Schooler, 2015) and external stimuli completely (Huijser
et al., 2018). Then shifts to inner thoughts (Berthié et al., 2015) that can be emotional or
distractive (Lemercier et al., 2014), based on the content of the thoughts (Critcher &
Gilovich, 2010). This is the mind-wandering phenomenon, which is characterized by a brief
failure of attention to the task at hand, and results in impaired performance and increased
reaction time (He et al., 2011).
Many studies on mind-wandering have been based on correlations with oculometric features
to investigate behavioural cues. In reading comprehension tasks, which are widely used in
mind-wandering studies, Schad et al. (2012) investigated episodes of mind-wandering by
detecting longer eye-gaze duration while reading and found that attention decouples in a
graded rather than dichotomous fashion. The same conclusion of longer fixation duration in
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reading while mind-wandering was also reached by Foulsham et al. (2013b), Bixler and
D’Mello (2016), and Reichle et al. (2010). A high eye-blink rate has also been shown to be
associated with mind-wandering (Daniel et al., 2010). In addition, Pepin et al. (2018)
concluded that gaze fixation is higher during mind-wandering episodes while performing a
problem-solving task and also in a driving simulator; while driving in a straight line through
an urban residential area, participants were interrupted by right and left bends. Anagram and
sentence generation tasks have also been used to show that mind-wandering is associated
with increased duration of fixations and saccades (Benedek et al., 2017).
Unsworth and Robison (2016b) examined pupil metrics during the psychomotor vigilance
task (PVT) and concluded that participants had smaller pupil diameters when off-task
compared to on-task. These results are inconsistent with previous research by Franklin et al.
(2013), who noted that when off-task, participants had large-pupil diameters compared to
on-task. The reason behind these contradictory results might be in the tasks used, as in
Franklin et al. (2013), participants were performing a reading task. Therefore, differences
may appear because of how challenging the tasks are, as in PVT, the participants are required
to keep attention on-task while in the reading task there are opportunities to intentionally
divert attention from the task.
In a recent study, using four experiments based on PVT with each experiment customized to
result in a different arousal level, Unsworth and Robison (2018a) investigated the relation
between arousal and different stages of mind-wandering using pupillometry. They showed
that mind-wandering has a heterogeneous nature and suggested that each form of mindwandering is related to a different arousal state (low, intermediate, or high) and different
pupil metrics and that behavioural and pupillary measures can be consumed to trace mindwandering states. They also found that mind-wandering and mind-blanking have similar
tonic pupil diameters while increasing external attention to the task. However, while
increasing internal attention (more active mind-wandering), tonic pupil diameter was larger
in mind-wandering than in mind blanking.
In addition to objective (indirect) techniques of measuring mind-wandering such as
oculometric features and reaction times, subjective (direct) techniques have also been used.
Subjective techniques are based on the subject's engagement in evaluating the current state
of mind. These techniques require the subject to report the mind's state and have two models
of reporting: (1) self-caught where the subject indicates any shift in attention and reports
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freely within the task, (2) probe-caught, which is more popular, once the task is stopped after
observing a lack of performance, the subject is asked to choose the most applicable option
from a list (Weinstein, 2018). These choices can be classified into four categories: (i) binary,
giving the participants only one choice (e.g., mind-wandering) and participants decide
whether it applies to them by answering yes or no; (ii) dichotomous, giving participants two
contrasting choices (on-task vs. mind-wandering); (iii) categorical, giving participants
multiple choices of what they are focusing on (e.g., the lecture, the time, the computer, or
something else); and (iv) scale, where participants express their thought on a scale such as a
6-point Likert scale from on-task to off-task (Weinstein et al., 2017).
Although the probe-caught technique appears rational, for more than a decade researchers
have not agreed on a single method of using it (Weinstein et al., 2017). The findings of
previous works are not comparable due to variations in the probe-caught-techniques used.
Another major shortcoming is that it depends on the subject's report (Weinstein, 2018).
Hence, any misunderstanding from the subject regarding the current mind state can lead to
inaccurate results (Gouraud et al., 2017; Unsworth & McMillan, 2014; Ward & Wegner,
2013). Additionally, studies in the literature have used slightly different definitions for mindwandering, which is likely to lead to conflicting findings (Seli et al., 2018a). Another
problem is that this technique has not been tested in continuous tasks but given that it
depends on stopping the subject while doing the task to ask about his/her thoughts, it will
interfere with a continuous task, such as continuous visuomotor or driving, and turn it into a
discrete task.
2.2.2 Mind-blanking
Mind-wandering is characterized by more importance being given to TUTs at the expense
of reduced attention on the task. Essentially, our attention simply drifts from the task at hand
to the endogenous train of thoughts. In contrast, instead of our thoughts wandering, in mindblanks, our thinking stops, and we enter a blank state.
Moraitou and Efklides (2009) used different questionnaire strategies to compare the
experience of blank-in-mind with the experience of lack of knowledge when a failure to
produce a proper response occurs. They found that the blank-in-mind experience comes with
failure in cognition and memory compared to the lack of knowledge experience. In the case
of the blank-in-mind, no attempt is made to retrieve information due to potential disruption
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of brain networks, whereas no related information is available to retrieve with the lack of
knowledge.
Other researchers have called the blank-in-mind phenomenon mind-blanking. Using seven
experiments, Ward and Wegner (2013) provided evidence that mind-blanking exists and is
distinct a mental state from mind-wandering. Mind-blanking has also been investigated in
neurological disorders. Van den Driessche et al. (2017) found that children (ages 6–12) with
attention-deficit/hyperactivity disorder reported higher mind-blanks compared to mindwandering during a go/no-go task.
Unsworth and Robison (2018a) using four different PVTs to examine mind-wandering and
mind-blanking in terms of their similarities and differences. Their results show that,
compared to mind-wandering, mind-blanking is less likely to happen, and slower reactions
are also related to mind-blanking. Regarding pupil diameter, in events where attention is
directed externally, both mind-wandering and mind-blanking show the same tonic pupil
diameters, but when attention is directed endogenously (internally), tonic pupil diameter is
greater in mind-wandering than mind-blanking.

2.3 Behavioural characteristics of microsleeps
The detection of MSs through behavioural measures is relatively easier than ALs, due to a
major feature of MSs being eye closure with a duration long enough not to be considered a
long blink (Anderson et al., 2010). Head movements with MSs can also be helpful, although
this needs high-computational hardware (Al-Rahayfeh & Faezipour, 2013). Some studies
(Ghosh et al., 2015; Malla et al., 2010) have used video-based measures to detect eye closure.
This method depends on the identification of the top and bottom eyelids, after identification
of the eye from the face, followed by classification of the image into three states: eyes
opened, eyes closed, and eyes partially closed. Or, if the algorithm is more advanced, it can
estimate the percentage of eyes closure. However, this method can face issues like the correct
detection of one of the lids and lighting conditions. Also, it should be noted that eye-video
will perform better on individuals compared to a system that can be generalized to many.
Poudel et al. (2021) recorded the right-eye movement of participants who were performing
a 2-D CVT task, they found that the pupil size reduces by 20% in association with MSs.
Other studies (McIntire et al., 2013; Wilkinson et al., 2013) considered using an eye-tracer
device, which is a camera attached to an eyeglass frame which can provide measures like
blink frequency, and blink duration, and percentage of eye closure. The behavioural system
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of sleep/MSs detection is important not only to reduce critical accidents, but also for the
fitness to drive assessment (Skorucak et al., 2020).

2.4 Individual differences
As all humans have unique biometrics that differentiate them from everyone else, even an
identical twin, and cognitive abilities also differ between humans, it is naïve to expect
subjects to perform exactly the same in any task. The relationship between ability at
sustained attention/cognition and cortical structure on individual differences was studied by
Mitko et al. (2019). They found an association between enhanced sustained attention and
increased cortical thickness over the visual, somatomotor, frontal, and parietal regions in the
right hemisphere. The regions involved were identified to be parts of dorsal attention, ventral
attention, somatomotor, and visual networks. Also, Clemente et al. (2021) investigated the
relationship between the white matter (WM) pathways and the susceptibility to ALs. Their
findings indicated that there is an association between ALs and the variation of
microstructure of frontoparietal WM tract.
McAvinue et al. (2012) examined age-related changes in the central aspects of visual
attention: namely, sustained attention, attentional selectivity, and attentional capacity. SART
was employed to measure sustained attention, and theory of visual attention-based
assessment to measure attentional selectivity and capacity. They found evidence of agerelated decline in each of the measured variables. The same association was concluded by
Morris and Dawson (2008).
Rosenberg et al. (2016) used FC as a neuromarker of sustained attention. They identified
functional brain networks whose strength during a sustained attention task predicted
individual differences in performance. Finally, Roebuck et al. (2016), through a continuous
performance task, showed that error propensity and reaction time variations on continuous
performance tasks cannot solely be interpreted as evidence of inattention. They reflect
individual differences due to stimulus-specific influences that must be considered when
studying deficits in sustained attention. Here, the main factors that create the individual
differences are listed.
2.4.1 Vigilance
Vigilance is the term used by psychologists and cognitive neuroscientists to refer to the
sustained attention ability in a task even an extended period of time (Davies & Parasuraman,
1982; Parasuraman et al., 1998) , where vigilance decrement has been defined as "the decline
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in attention requiring performance over an extended period of time" (Mackworth, 1964).
Robison and Brewer (2019) did a meta-analysis study by analysing six different datasets and
comparing the results, in which they found that vigilance can be seen as a trait-level cognitive
ability.
2.4.2 Working memory capacity
Engle (2002) hypothesized that working memory capacity (WMC) “is about using attention
to maintain or suppress information”. Engle et al. (1999) also argued that WMC “is not really
about storage or memory per se, but about the capacity for controlled, sustained attention in
the face of interference or distraction”. Theories of WMC, which are the attention-based,
suggest that executive-control capabilities play an important role in performing tasks that
require WMC and higher-order cognition (Braver et al., 2007; Hasher et al., 2007; Hasher
& Zacks, 1988; Kane et al., 2007; Unsworth & Engle, 2007; Unsworth & Spillers, 2010).
The impact of ALs on WMC measures was examined by Unsworth and Robison (2016a).
Their results supported the idea that ability to pay attention to a task and resisting ALs is
essential to performance, as found by the WMC measures.
2.4.3 Fluid intelligence
General fluid ability/intelligence has been described as being able to solve unfamiliar
problems using conventional thinking methods” (Carroll, 1993; Cattell, 1963). It usually
conflicts with general crystallized ability, defined as “the ability to answer questions or solve
problems in familiar domains using knowledge and strategies acquired through education,
training, or acculturation” (Kyllonen & Kell, 2017). Crawford (1991) performed a memory
task and an attention test to explore the relation between sustained attention and fluid
intelligence, and found that fluid intelligence is not automatic mental processing but is based
on mental capabilities. Holm et al. (2011) used a simple rhythmic motor task to investigate
the relation between intelligence and reaction time, and found that temporal variability in
reaction time is related to cognitive performance.
2.4.4 Tendency to mind-wander
Albert et al. (2018) used SART to predict risky driving among young drivers. They found
an association between tendency to mind-wander and individual differences between drivers.
A similar conclusion on the association between mind-wandering and individual differences
was found by Neigel et al. (2019a), although they linked propensity to mind-wander to
reduced performance.
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Thomson et al. (2015b) used SART to show that individuals who have a high tendency to
mind-wander, and who under-invest attention in the external environment, will have less
attentional blinks, which were shown to be a momentary loss of control rather than a lapse
due to limited attentional resources (Di Lollo et al., 2005; Gillard‐Crewther et al., 2007).

2.5 Influence of motivation
Motivation can boost sustained attention through increased effort (Massar et al., 2018).
Esterman et al. (2016) used two tasks with two different motivational scales: one with small
monetary loss and one with large loss. They showed that the possibility of large loss can
attenuate the vigilance decrement. The same conclusion was reached by Massar et al. (2016)
and Neigel et al. (2019b). According to Esterman et al. (2017), by comparing motivated
(rewarded) and unmotivated blocks on a sustained attention task, the motivated blocks
induced more activation in task-positive regions of the brain.
Based on a prolonged SART study by Reteig et al. (2019), increased motivation cannot fully
restore attentional performance caused by vigilance decrement. Also, using a sustained
attention task, Seli et al. (2017) showed that motivation to do the task can reduce mindwandering, whether intentional or unintentional.

2.6 Summary
This chapter focused on behavioural understanding of lapses of responsiveness —ALs and
MSs— plus the significance of lapse research. There was also a general overview of the
individual differences based on cognitive abilities such as vigilance, WMC, fluid
intelligence, and tendency to mind-wander. Also mentioned was the relationship between
motivation and sustained attention.
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Understanding fMRI
3.1 Introduction to fMRI
fMRI is a non-invasive technique used in neuroimaging for studying functioning and
structure of the human brain. Ogawa et al. (1990) showed that fMRI can visualize brain
function by measuring the blood-oxygen-level dependent (BOLD) signal. This chapter lists
the methods used to carry out the analysis of fMRI data. We used FMRIB’s software library
(FSL) (Jenkinson et al., 2012) available at (www.fmrib.ox.ac.uk/fsl).
3.1.1 Magnetic resonance signal
An MRI scanner is a cylindrical tube surrounded by an extremely strong electromagnet. For
example, the magnetic field strength used in the clinical studies is mostly 3T, almost 50,000
times stronger than that of the earth’s magnetic field. The scanner’s magnetic field affects
atomic nuclei.

Figure 3-1 (a) Magnetic resonance imaging (MRI) Scanner, (b) MRI scanner gradient magnets. The
internal structure of the MRI scanner (from Coyne, 2018).

From Figure 3-1, the parts of the scanner are: (1) radio frequency (RF) coil: a transceiver
that transmits and receives RF signals, (2) main magnet coil: generates a homogeneous timeinvariant magnetic field, and (3) gradient coils (magnets): (i) X magnet coil: generates a
fluctuating magnetic field from left to right, (ii) Y magnet coil: generates a fluctuating
magnetic field from top to bottom, and (iii) Z magnet coil: generates a fluctuating magnetic
field from head to toe (Buxton, 2013; Woolrich et al., 2016). With the strong external
magnetic field from the scanner, the nuclear magnetic moments are changed from being
randomly oriented to being aligned with the field. This results in the creation of a net
longitudinal magnetization following the same direction of the field, and this net
magnetization is large enough to be measured (Buxton, 2013; Woolrich et al., 2016), see
Figure 3-2.
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Figure 3-2 Nuclear magnet: (a) without external magnetic field, (b) with external magnetic field. The
effect of the external magnetic field on the nuclei (from Lindquist & Wager, 2013).

3.1.1.1 What MRI measures?
MRI detects the magnetic signal from each hydrogen nucleus in water (H2O) as the nuclei
consists of only one proton. The idea is that the signal strength of the hydrogen nuclei
changes with the surroundings, and that smooths the discrimination between WM, grey
matter (GM), and cerebral spinal fluid (CSF) in structural brain images. The protons are
shown as positively charged spheres that keep spinning. As a result, a net magnetic moment
rises along the spins' axis (Buxton, 2013; Woolrich et al., 2016), see Figure 3-3.

Figure 3-3 Protons magnetic properties. Behaviour of a proton (from Lindquist & Wager, 2013).

A single proton magnetization cannot be measured using MRI, but the net magnetization M
inside a volume can be. It can be shown as a vector represented by two components (Buxton,
2013; Woolrich et al., 2016), see Figure 3-4.

Figure 3-4 The net magnetization and its components. Adapted (from Lindquist & Wager, 2013).

The hydrogen nuclei precess with a random phase about the field and with an angular
frequency specified by Larmor frequency (Horowitz, 2012), see Figure 3-5. The phases of
all nuclei are aligned and then the nuclei are 'tipped over' using an RF pulse. As a result, the
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longitudinal magnetization is decreased, and a new transverse magnetization is established
(Buxton, 2013; Woolrich et al., 2016).

Figure 3-5 From longitudinal magnetization to transversal magnetization. The radio frequency
effect on the nuclei (from Lindquist & Wager, 2013).

Following the RF pulse, the system returns to equilibrium, during which the transverse
magnetization disappears gradually (transversal relaxation), and the longitudinal
magnetization rises gradually back to its original magnitude (longitudinal relaxation).
Within this process, a signal is created, and the RF receiver coil measures it (Buxton, 2013;
Woolrich et al., 2016).
•

Longitudinal relaxation: happens when the spins get back to their parallel state and
as a result, the net magnetization is restored along the longitudinal direction,
represented by a time constant T1 (Buxton, 2013; Woolrich et al., 2016), see Figure
3-6.

•

Transverse relaxation: is the absence of net magnetization in the transverse plane
because of the lack of phase coherence, represented by a time constant T2 (Buxton,
2013; Woolrich et al., 2016), see Figure 3-7.

Figure 3-6 Longitudinal relaxation following the
radio frequency (RF) pulse (from Lindquist &
Wager, 2013).

Figure 3-7 Transverse relaxation after
removing the RF (from Lindquist & Wager,
2013).

3.1.2 MRI image formation
The objective of MRI is to build a picture or a grid of numbers that relate to spatial areas.
3.1.2.1 K-space
In k-space, the spatial frequencies of the MR image are represented by an array of numbers.
The spatial resolution of the image is impacted by the number of k-space measurements. An
MR image is the inverse Fourier transform (IFT) of k-space (Jenkinson & Smith, 2006;
Lindquist, 2008), see Figure 3-8.
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Figure 3-8 MRI image construction. Inverse Fourier transform (IFT) should be applied to
transform the numbers into an image of the brain (from Lindquist, 2008).

T1-weighted and T2-weighted images are different for different tissues. The difference lies
in echo time (TE) and repetition time (TR) used to produce each image as they are longer in
T2 than T1, they can clarify boundaries between CSF, which appears to be dark in T1 and
bright in T2, GM and WM. Likewise, because T2*, which is the impact of the interaction
between T2 and local inhomogeneities in the magnetic field, is sensitive to flow and
oxygenation, it is used in functional brain imaging.
3.1.3 BOLD signal
The BOLD signal is not a direct measure of neural activity. Instead, it allows us to measure
the ratio of oxygenated to deoxygenated haemoglobin in the blood by measuring the
metabolic demands (oxygen consumption) coming from active neurons. Neurons receive
oxygen through haemoglobin in capillary red blood cells. An increased demand of oxygen
in blood flow going to regions that are active occurs when the neural activity increases. The
haemoglobin changes its magnetic state based on the oxygenation process, this change in
magnetic property results in a change in the MR signal of blood based on the degree of
oxygenation (Pauling & Coryell, 1936), and this can be used for brain activity detection.
This form of MRI is known as BOLD fMRI imaging (Bijsterbosch et al., 2017; Buxton,
2013; Glover, 2011; Lindquist, 2008; Wager & Lindquist, 2015; Woolrich et al., 2016), see
Figure 3-9.

P a g e | 3-21

Figure 3-9 The blood oxygenated level dependent (BOLD) signal. HbO2 represents red blood cells
that are fully oxygenated (red circles) and Hb represents red blood cells that are fully deoxygenated
(blue circles). HbO2 will replace Hb when there is a neural activity as it consumes more oxygen
(from Glover, 2011).

3.1.3.1 Hemodynamic response function (HRF)
It is important to highlight the changing direction of oxygenation with increased activity. It
is expected that blood oxygenation will increase because of activation, but the reality is not
that simple. A transient decrease in blood oxygenation, known as the "initial dip", occurs
first following an increase in the neural activity. The "initial dip" is then followed by a
dramatic increase in the blood flow that overcompensates the oxygen demand, such that the
blood oxygenation substantially increases after neural activation, reaching a peak at about 6
s before falling slightly below the baseline, known as "post-stimulus undershoot" (Buxton,
2001; Lindquist, 2008; Rosa et al., 2015; Wager & Lindquist, 2015; Woolrich et al., 2016;
Woolrich et al., 2004b), see Figure 3-10.

Figure 3-10 HRF is a delayed response after a stimulus occur (from Elster, 2016).

3.1.4 fMRI artefacts and noise
The BOLD fMRI signal contains multiple sources of noise related to the hardware and
participants themselves. Sources of noise are: (1) thermal noise caused by the motion of free
electrons in the system, (2) spikes caused by instability of the gradient and magnetic fields,
(3) interaction between head movement and the magnetic field, (4) physiological effects,
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like heartbeat and respiration. All fMRI data contain artefacts, and it is very difficult to deal
with major artefacts during analysis, so one aims to avoid or minimize them during data
acquisition (Huettel et al., 2004; Wager & Lindquist, 2015; Woolrich et al., 2016).
3.1.5 Spatial and temporal characteristics of fMRI
fMRI, like other brain imaging techniques, is characterized by temporal resolution and
spatial resolution (Huettel et al., 2004; Wager & Lindquist, 2015), see Figure 3-11.

Figure 3-11 Comparison of spatial and temporal resolutions. The fMRI has a relatively good spatial
resolution and acceptable temporal resolution (from Liu et al., 2016).

Spatial resolution defines the ability to localize BOLD activity to a particular area of the
brain. Voxel size is the primary measure of spatial resolution in fMRI. Each voxel is a 3-D
cube or rectangular prism. Each brain volume consists of thousands of voxels. The MRI
brain volume is a function of field of view, matrix size, and slice thickness used to acquire
the fMRI data. The field of view defines the coverage of the imaging volume within a slice.
The number of voxels in a 2-D plane is determined by the matrix size, which is normally in
powers of 2 to facilitate the use of the fast Fourier transform (FFT) in the image
reconstruction. Slice thickness is the third parameter, which determines the depth of each
voxel, see Figure 3-12.

Figure 3-12 Spatial resolution terminologies (from Wager & Lindquist, 2015).
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Temporal resolution is the shortest duration of neural activity separated out by fMRI. For a
typical pulse sequence in fMRI, one brain volume is acquired per TR. TR typically takes 1–
3 s.
3.1.6 fMRI study design
The goal is to induce the human subject to carry out tasks or experience psychological states
that will be studied and effectively detect related brain signals related to those psychological
states (Lindquist, 2008; Wager & Lindquist, 2015; Woolrich et al., 2016).
3.1.6.1 Controlled experiments
Controlled experiments are conducted by presenting carefully-timed experimental
conditions of pre-defined duration during fMRI scanning. The type of experimental
conditions depends on the research questions being asked; at least two types of condition:
task and baseline are required, see Figure 3-13.

Figure 3-13 fMRI study design (from Lindquist, 2008).

Block design
Multiple repetitions of a given experimental condition are strung together in a block,
alternating between one or more condition blocks and one or more control/resting blocks.
Event-related design
In an event-related design, the experimental conditions are presented in a randomized order,
rather than being blocked. As a result, responses to individual events are separable because
of the temporal sequencing.
3.1.6.2 Behaviourally-driven experiments
In behaviourally-driven experiments, behaviours of interest, such as sleep, eye-blinks,
drowsiness, MSs, and ALs, are uncontrolled and spontaneous while doing a task such as the
2-D CVT task (Poudel, 2010).
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3.1.7 Data acquisition protocol
The most commonly used fMRI data acquisition pulse sequence technique is the echo-planar
imaging (EPI). In the EPI sequence, rapid gradient switching allows fast acquisition of the
brain data, which increases temporal resolution, making it the pulse-sequence of choice in
most fMRI studies (Amaro & Barker, 2006).

3.2 Pre-processing pipeline for fMRI
Pre-processing uses many image/signal processing techniques to minimize the noise and
artefacts in the raw MR data. These steps are critical to achieve a valid statistical analyses
and to greatly boost the power of the following analyses (Bijsterbosch et al., 2017; Jenkinson
& Smith, 2006; Lindquist, 2008; Smith et al., 2004; Wager & Lindquist, 2015; Woolrich et
al., 2016), see Figure 3-14.

Figure 3-14 Preprocessing pipeline. Adapted (from Lindquist, 2008).

3.2.1 fMRI data acquisition
After acquiring the MR scans, there are three types of images for each subject: structural,
functional, and field maps (Wager & Lindquist, 2015).
3.2.1.1 Structural
An anatomical image, also called a T1-weighted image, is a
single image captured for each subject. It has a very high
spatial resolution and clearly shows the contrast between the
WM and the GM of the brain. The acquisition takes ~5 min,
see Figure 3-15.

Figure 3-15 Structural image
of brain.
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3.2.1.2 Functional
In BOLD images, also called T2*-weighted images, are
captured from each subject in a time series. They have a lower
spatial resolution than T1 images, but still acceptable, and
have a much shorter acquisition time of ~2.5 s., see Figure
3-16.

Figure 3-16 Functional
image of brain.

3.2.1.3 Field maps
Field maps are maps of magnetic field inhomogeneities in the
scanner. They are images captured at two different echo times
(TE1 and TE2), which show how the magnetic field varies
within the scanner. If needed, they are used only in preprocessing, see Figure 3-17.

Figure 3-17 Field map
image of brain.

3.2.1.4 Basic terminology of fMRI
Before presenting the data analysis, the following terms need to be understood (Wager &
Lindquist, 2015), see Figure 3-18, Figure 3-19, and Figure 3-20.
fMRI experiment hierarchy

Figure 3-18 fMRI experiment hierarchy. A number of voxels creates a slice, then slices create a
volume, then volumes create a run, and runs create a session. There can be multiple sessions for the
same subject. Finally a single experiment will include many subjects, adapted (from Wager &
Lindquist, 2015).
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Brain organization

Figure 3-19 Brain organization. A 3-D view of a volume, it is a complete scan of the brain in three
different coordinates (from Wager & Lindquist, 2015).

BOLD image
Each BOLD image consists of ~100,000 voxels, the image is represented by 4 dimensions
(3-D space and 1-D time). A short time duration TR (2-3s) separates each full scans of the
brain. The intensity of each voxel might change with each scan and these changes are
combined to produce a time-series (Lindquist, 2008).

Figure 3-20 BOLD voxel time series. The signal captured from a single voxel is presented in the
form of time series with numbers changing for each volume (from Wager & Lindquist, 2015).

3.2.2 Realignment
Because people often move their head during the scanning session, a realignment of each of
the images in a functional time series is needed so that they are all in the same orientation
(Jenkinson & Smith, 2006; Lindquist, 2008).
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3.2.2.1 Motion correction
When a participant’s head moves during the fMRI scanning session, the brain’s position will
change over time. This means that any voxel’s time series does not always correspond to the
same point in the brain. Within a session, motion correction works on finding an orientation
to apply for all images and resampling the original data to the new orientation. This is done
by applying a separate 3-D image registration to each image, separately but in order, with a
previously determined reference image (usually image 1 but not always recommended)
(Jenkinson et al., 2002; Kim et al., 1999), see Figure 3-21.
As all images in an fMRI experiment are from the same object, taken with the same MR
sequence, rigid body transformation is recommended. This transformation is based on 6
parameters which varies with time. They include 3 sets of translations and 3 sets of rotations,
in total 6 degrees of freedom (DOF), along with intra-modal voxel-similarity functions (like
normalized correlation) which are typically used to model the change between one image
and the next. The aim is to align the input image with the target image, see Figure 3-22.

Figure 3-21 Motion correction role.
Adapted (from Jenkinson et al., 2002).

Figure 3-22 Rigid body transformation - 6
degrees of freedom (DOF). Adapted (from
Jenkinson et al., 2002).

3.2.2.2 Brain extraction
In this step, non-brain parts are eliminated (e.g., skull, CSF, etc.), by element-wise
multiplying the original image with a brain mask (Smith, 2002), see Figure 3-23.

Figure 3-23 Brain extraction procedures.
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3.2.2.3 Distortion correction
Motion correction solves the voxel correspondence problem – the same voxel now contains
the same bit of the brain over the entire time series. However, it doesn’t solve all movementrelated problems. Interactions between movement and field inhomogeneity remains.
Inhomogeneities in the magnetic field affect both signal strength and spatial encoding of
signals, causing dropouts and distortions (Hong et al., 2015; Jenkinson, 2003).
To correct for distortion, an unwarping step is needed. Unwarping aims to estimate the
effects of interactions between field inhomogeneity and movement, and compensate for
them. The field map images are used in this step (Jenkinson, 2003; Jezzard, 2012), see Figure
3-24.

Figure 3-24 The unwarping process: A field map, obtained by comparing the phase differences of
two gradient echo images taken with different TEs, depicts the spatial fluctuation of the magnetic
field and can be used to compute a voxel displacement map and unwrap the distorted EPI images.

3.2.3 ICA data exploration
ICA can be applied to decompose the 4-D fMRI images into independent components, then
these components are manually labelled as signal or noise components (Griffanti et al.,
2017), and the noise components are removed. This technique of noise removal was followed
based on Caballero-Gaudes and Reynolds (2017) recommendation, as the other alternative
of accounting for regressors that represents motion parameters has the problem of ignoring
the motion that happened between volumes, which is the case in the fMRI expert analysis
tool (FEAT).
3.2.4 Slice-time correction
Most functional sequences collect data in discrete slices. This means that each slice is
captured in a time allocated for that slice only. Slice timing correction aims to align all voxels
to a common timing by adjusting each of the voxel time-series (Jenkinson et al., 2002). The
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first slice timing is usually chosen to be the reference timing. The temporal adjustment is
usually done by moving the values of the time series in the time domain slightly forward or
backward (as all corrections are less than one TR), using some form of interpolation
(Jenkinson & Smith, 2006; Lindquist, 2008; Parker et al., 2017; Sladky et al., 2011), see
Figure 3-25.

Figure 3-25 Slice-time correction: Individual slices of hemodynamic responses are obtained at
different moments in time (top), resulting in an aberration in the scanned data (bottom). In slices
obtained later, the observed time courses of a hemodynamic response reach their maximum
amplitude earlier. Without sufficient correction, this results in biased estimators in fMRI analyses.
(from Sladky et al., 2011).

3.2.5 Filtering
Filtering removes unwanted frequency components from the fMRI data (Jenkinson & Smith,
2006; Lindquist, 2008). Through FEAT, high-pass filtering and spatial smoothing can be
done.
3.2.5.1 Spatial filtering (smoothing)
This step is applied to each of the functional brain volumes. Smoothing (averaging) replaces
the value at each voxel with a weighted average of the values surrounding that voxel. This
increases the signal-to-noise ratio (SNR) by reducing the random noise which gives more
validity to statistical results. The only problem is that the spatial resolution is reduced. The
most commonly used technique is Gaussian filtering (Mikl et al., 2008), see Figure 3-26. For
spatial smoothing, the value of the spatial filter’s width is in mm; based on Jenkinson and
Smith (2006), a width between 3—10 mm is recommended to increase SNR.
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Figure 3-26 Smoothed version of brain image.

3.2.5.2 Temporal filtering
This step is applied to each voxel’s BOLD time series, see Figure 3-27 for illustration on a
sine wave.

Figure 3-27 Raw data decomposed into different components.

High-pass filtering
High-pass filtering aims to remove all slowly-varying unwanted signals in each voxel’s time
series. These unwanted signals can be due to physiological effects, such as heartbeat and
breathing, or drifts coming from the scanner that can be attributed to hardware instability.
Low-pass filtering
Low-pass filtering aims to reduce high-frequency noise in each voxel’s time series, without
affecting the desired signal. When using high- and low-pass filtering together, it is necessary
to design the filter carefully, so that it removes the noise only and keeps the desired signal.
Low-pass filtering, however, is not always recommended, as when used with event-related
experiments, it can cause problems as these desired signals are changing rapidly. The
smoothness of the time-series is another issue, as low-pass filtering increases smoothness
(“smoothness” makes the intensity of each time point closer to the values of its neighbours
more than the values of any point elsewhere) after smoothing and leads to loss of valuable
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information. More analysis is needed to correct for the low-pass filtering effect, as the
significances are more likely to be overestimated, which can lead to false positives (Caparelli
& Tomasi, 2008).

3.3 Co-registration and normalization
This step is needed to compare individuals by mapping all the separate scans of each subject
to a single template, which is essential for group analysis (Jenkinson et al., 2002; Jenkinson
& Smith, 2006; Lindquist, 2008).
3.3.1 Co-registration
This process registers low-contrast functional T2* images with high-contrast structural T1
images. This allows one to visualize single-subject task activations overlaid on the
individual’s anatomical information. It also facilitates transforming fMRI images to a
standard brain atlas more straightforward (Jenkinson & Smith, 2001), see Figure 3-28.

Figure 3-28 Registering a functional image to structural image for each subject.

3.3.1.1 Functional to structural
In this step, the functional 4D images are registered to their structural (anatomical) image as
a first step towards transferring them to standard space.
3.3.1.2 Structural to standard
In this step, the structural image is registered to standard space.
3.3.2 Normalization
3.3.2.1 Functional to standard
This process registers between subject’s functional/structural data to a standard space data
set. All brains are different, so, basically, normalization tries to fit the images to the standard
brain by stretching, squeezing and warping each brain. The most commonly used template
(atlas) is the Montreal Neurological Institute 152 (MNI152; averaged from T1 MRI images
of 152 subjects). This process can reduce the spatial resolution, see Figure 3-29.
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Figure 3-29 Registering functional/structural images of each subject to MNI152 template.

3.4 Statistical analysis for fMRI
Statistical analysis is applied to fMRI data to achieve multiple goals: (1) localize taskactivated brain areas, (2) determine networks related to certain brain function, and (3) predict
the psychological states or predict disease progression. Statistical maps are generated by
converting the statistics to a probability value based on the DOF or the number of
unconstrained data points and appropriate thresholding (Smith, 2004; Wager & Lindquist,
2015; Woolrich et al., 2016), see Figure 3-30.
This step is involved in both subject level and group level statistical analysis. Through this
step, the BOLD signal can be represented as accurately as possible with multiple explanatory
variables and confounds plus an error term. A good representation will help the algorithm to
find the significant regions of the brain (if any) that follow a certain contrast.
Specify Model
Simplification:
"linear
relationship"

Estimate
Find slope,
intercept

Statistical
Inference
Test slope: Pvalue

Multiple
Comparison
Correction
Applying
threshold

Scientific
Interpretation
Meaning of
relationship?

Figure 3-30 fMRI statistical analysis illustrated. Adapted (from Woolrich et al., 2016).

3.4.1 General linear models
The basic idea behind general linear models (GLM)-based analysis of a subject’s fMRI data
is that the observed data is equal to a weighted combination of several predictor variables
plus an additive error term. The model functions are assumed to have known shapes (i.e.,
straight line, or known curve), but their amplitudes (i.e., slopes) are unknown and need to be
estimated (Pernet, 2014; Poline & Brett, 2012; Wager & Lindquist, 2015; Woolrich et al.,
2016; Woolrich et al., 2001), see Figure 3-31.
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Figure 3-31 General linear model (GLM) illustrated. (Adapted (from Woolrich et al., 2016).

GLM is a univariate method, which builds models for independent voxels’ time series
(Smith, 2004). On the other hand, multivariate methods use all the data at once to build the
model (Friston et al., 1994). GLM, although being a simple and strong method for modelling
data, it is highly affected by mismodelling (Lindquist, 2008), which could lead to power loss
and increase in the false positive rates, it also depends on assumptions that might not be valid
always (Monti, 2011; Poline & Brett, 2012). However, multivariate methods are highly
affected by subject-related artefacts, such as motion-related artefacts, compared to GLM
(Zhang et al., 2009; Zhang et al., 2008). We cannot assume that the GLM used has covered
all the regressors needed to minimize the residual errors. But since the distortion correction
step, which is one of the motion-related artefacts, has not been done due to lack of data,
using the GLM approach is more valid. Also, since a motion censoring instead of a motion
regression approach was used to correct for motion artefacts, the quality of denoising is
highly improved (Siegel et al., 2014).
In analysis, regressors are normally generated by convolving the time-course of the
experimental paradigm, known as explanatory variables, with the HRF, see Figure 3-32.

Regressors

Figure 3-32 The design matrix is the result of convolution of the HRF basis function and the onsets
of each event during the experiment (from Wager & Lindquist, 2015). This generates regressors that
best account for the changes in the actual BOLD signal. The differences between the actual and
estimated BOLD signals are the residuals.

There are two types of regressors: (1) experimental regressors, that represent those variables
which you control based on your experiment, the type of variable used affects how it will be
represented in the design matrix, (2) regressors of no interest or nuisance regressors, which
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represent those variables you did not manipulate but you know or suspect may have an effect,
such as the 6 movement regressors (3 rotations & 3 translations), motion outliers matrix, or
physiological factors (e.g., heart rate and breathing). By including nuisance regressors in the
design matrix, the amount of error will be decreased.
3.4.2 Within-subject analysis
The aim of the first-level statistical analysis is to calculate how much each regressor factor
X affects the observed (BOLD signal) value of Y by determining β which represents the
regressor factor's weight.
3.4.2.1 Building the GLM
A good design matrix will best represent the BOLD fMRI signal (Monti, 2011), see Figure
3-34. Hence, regressors explaining much of the BOLD signal will have high magnitude
parameter weights (larger β values), whereas regressors explaining little of the BOLD signal
will have parameter weights close to zero. The residual (ε) is the residual error term. It is the
difference between the actual data and the value predicted for it with the model, where the
intercept is the mean level of fMRI signal over time, and across all conditions, for a particular
voxel. The GLM can be simply represented via matrix notation (Monti, 2011), as Figure
3-33:

Figure 3-33 GLM for 1st-level analysis. Adapted (from Monti, 2011).

After fitting the GLM as in Figure 3-34, the estimated parameters (β) are used to create the
contrast image, so significant activations present in the voxel can be determined.
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Figure 3-34 The effect of beta value. Changing the beta parameters to get the best fit, adapted (from
Woolrich et al., 2016).

Using FEAT, a GLM model can be built by accounting for events-of-interest regressors,
task-related regressors, and their temporal derivatives. The model can then be temporally
filtered based on FEAT recommendations. In the model setup, the shape of the events-ofinterest regressors file has a three-column format (onset, duration, last column is by default
1), and one-column format for task-related regressors, then the regressors are convolved with
an HRF function. A double-Gamma HRF can then be used as is commonly the case (Wager
& Lindquist, 2015; Woolrich et al., 2016).
3.4.2.2 Contrasts
In this step, the scientific question (hypothesis) is addressed by setting the contrasts to certain
condition/s, for example event A relative to baseline or event A relative to event B. After
having the GLM model ready, FEAT can estimate the signal magnitude in response to a
certain condition.
3.4.3 Group analysis
Group analysis can follow two strategies: one is only limited to the sample (i.e., subjects) of
a certain study whereas and the other allows one to make valid inferences based on the
population that the sample was taken from (Monti, 2011; Wager & Lindquist, 2015;
Woolrich et al., 2016). The aim of this analysis is to generalize the results to a population of
unobserved data by performing analysis on a group of subjects from the same experiment.
Group analysis of fMRI data can be performed using fixed-effect or mixed-effect analysis,
see Figure 3-35. Fixed-effect analysis assumes that the experimental effect is the same for
all subjects. It ignores any inter-subject variance in the BOLD data, taking only withinsubject variance into account. All subjects are modelled using a single linear model assuming
only one variability source. Fixed-effects analysis restricts statistical inference to the
particular sample of subjects. The results are highly sensitive to outliers. Thus, the use of
fixed-effect group analysis is thus generally discouraged in multi-subject fMRI studies.
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In contrast, the mixed-model approach, which is a parametric approach, takes both the
within-subject and inter-subject variances into account. It is based on the two-stage summary
statistics approach which has two stages (Friston et al., 1998). In stage one, the data from
each subject is analyzed separately, resulting in individual means and within-subject
variances that will be fed into the group model. Stage two uses all the individual means and
within-subject variances to estimate the between-subject variance, and then supplies group
inferences (Beckmann et al., 2003; Monti, 2011; Woolrich et al., 2004a).

Figure 3-35 Schematic illustration of fixed-effect and mixed model analysis (from Mumford &
Poldrack, 2007).

3.4.3.1 Corrections for multiple comparisons
In fMRI data, each brain volume contains thousands of voxels. Since a statistical test is
conducted on each individual voxel, the possibility of false-positive results is high. To reduce
the chances of false positives, multiple comparison correction must be applied (Monti, 2011;
Wager & Lindquist, 2015; Woolrich et al., 2016).
Choosing a suitable threshold value is important to decide whether voxels are ‘active’ or not.
The standard method to perform multiple comparisons is by controlling the probability of
achieving a false positive for each statistical test through tuning the threshold for every voxel
in the brain simultaneously. In neuroimaging, many approaches have been suggested by
researchers to control the false positive rate. The major difference between methods is
whether they are based on family-wise error rate, which is the chance of obtaining one or
more false positive voxels (or clusters) anywhere in the brain, or for the false discovery rate
(FDR), which is the proportion of false positives among all rejected tests (Wager &
Lindquist, 2015; Woolrich et al., 2016).
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Threshold-free cluster enhancement (TFCE) (Smith & Nichols, 2009) is also used to correct
for multiple comparisons as it addresses the problems of threshold dependence and
localisation in cluster inference compared to cluster-extent based thresholding (Woo et al.,
2014). Also, the widely used cluster-extent based thresholding method, as reported in
(Yeung, 2018), has been shown to produce corrected results that are erroneous (Eklund et
al., 2016), which calls into question the validity of these published results.

3.5 Group-ICA analysis
Hypothesis-driven analysis methods like voxel-wise analysis in fMRI have a limitation:
given that the BOLD signal is a complex mixture of signal sources, some might be of interest
and the majority might be noise due to different reasons. The main idea is to best represent
the BOLD signal through the model, which is usually a GLM (Worsley & Friston, 1995),
and for that to happen, the most accurate information, in the form of regressors (conditions
which are tested against the null hypothesis) and confounds needs to be available. However,
this is not always the case. The main problem comes from the model assuming it has all (or
at least the majority) of information needed which represents the spatiotemporal
characteristics of the BOLD signal. But since many parts of the signal are not even modelled,
they will bias the parameter estimation and cause an inflation to the residual error, which
might largely remove any chance of finding a significant result.
ICA (Comon, 1994) is an exploratory technique which can be applied to fMRI as an
alternative method to the hypothesis-driven method. ICA can find maximally statisticallyindependent spatial sources which reconstructs the data (Beckmann et al., 2000; McKeown
et al., 1998). It has been shown to outperform hypothesis-driven methods in challenging data
(Calhoun et al., 2006; McKeown et al., 2003).

3.6 Functional connectivity
The human brain is an efficient and complex network, formed by from multiple brain regions
each performing a unique function, in addition to the continuous process of sharing
information between these brain regions. In the past, a major interest in brain research was
to investigate the functionality of the brain regions. However, as the development of research
tools has progressed, a new interest on functionally exploring interactions between brain
regions has emerged. FC has been defined as “temporal dependence of neuronal activity
patterns of anatomically separated brain regions” (Aertsen et al., 1989; Friston et al., 1993).
In other words, to measure the similarity between two brain regions through the signals
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generated in each of them by using a correlation method, for example, so that if the signals
from two regions are correlated, this can indicate two regions being connected (Shirer et al.,
2012).
FC can reveal a deep understanding of the brain and how different brain networks
communicate and collaborate in the form of networks, where we can explore the underlying
mechanisms of the brain during a human behaviour or when facing a neurodegenerative
diseases (Bullmore & Sporns, 2009; Greicius, 2008). FC has been shown to be practical
during resting-state studies by investigating the co-activation level through a functional timeseries of different brain regions (Biswal et al., 1995; Damoiseaux et al., 2006; Greicius et
al., 2003; Lowe et al., 2000; Salvador et al., 2005). There are two main types of FC analysis:
(1) voxel-based methods, and (2) node-based methods (Bijsterbosch et al., 2017), each of
which can answer specific research questions. The key rule is whether the analysis is
primarily interested in certain brain regions, which might form a well-known network, or
not, because if the ROIs are known, then the node-based methods will be more appropriate.
But if there are no specified ROIs, voxel-based methods can be used.

3.7 Summary
In this chapter, the physical and neurophysiological bases of fMRI, its spatiotemporal
characteristics, and its application to investigating brain function have been reviewed. The
MR signal is generated by application of an external magnetic field and electromagnetic
energy to the subjects. The BOLD signal is observed due to changes in the oxyhemoglobindeoxyhemoglobin ratio during neuronal activity.
The BOLD fMRI data need to be pre-processed to reduce the variability in the BOLD signal
and prepare the data for statistical analysis. Statistical analysis of fMRI involves
identification of the brain regions that show a significant change in BOLD activity during
the time periods of interest within each subject and determining the significance of the effect
within and across subjects. The BOLD fMRI technique can provide an unparalleled insight
into brain function, by using voxel-wise, group ICA, and FC analyses. The brain mechanisms
underlying spontaneous behaviours such as MSs and ALs can be investigated by recording
multiple behaviours and physiological characteristics simultaneously with fMRI data.
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Understanding EEG
4.1 Introduction to the Electroencephalogram (EEG)
The optimum brain imaging technique will have both high spatial and temporal resolutions,
be portable, inexpensive, and non-invasive; however, this does not exist (yet). fMRI is well
known for its high spatial resolution, but lacks high temporal resolution. EEG can add the
missing part by its high temporal resolution (Tatum IV, 2014).
4.1.1 What is EEG?
EEG is a non-invasive imaging technique that measures the electrical activity of the brain
from multiple locations on the scalp based on a standard spatial system. These measures
primarily reflect neuroelectric activity generated in the cortex (Tong & Thakor, 2009).
4.1.2 What does the EEG device measure?
EEG measures a synchronized electrical activity of a populations of neurons, where the
neuron is the building block of the central nervous system (Bear et al., 2007).
4.1.2.1 The neuron
A neuron consists of three main parts: (1) the cell body (soma) which contains the nucleus,
receives the stimuli from other neurons, processes them, and, after reaching a certain
threshold, the cell fires a pulse through the axon to transmit the information to other neurons,
(2) the axon, a medium that the pulse of the cell passes through to the axon terminals, and
(3) the dendrites, which connect with the axon terminals of other neurons (Bear et al., 2007),
see Figure 4-1.

Figure 4-1 Structure of a typical neuron (from Atwood & MacKay, 1989).

Dendrites are not physically connected to the axon terminals of other neurons, but instead,
the connection occurs through a small cleft called the synaptic gap. The dendrites of one
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neuron can be connected to millions of axons from other neurons (Martini & Bartholomew,
1998).
EEG cannot measure the signal coming from one neuron, the cerebral cortex neuron named
pyramidal cell to be exact (Bear et al., 2007), as it is too small. The brain has plentiful number
of neurons that are constantly active. To achieve a certain goal in the brain, a large group of
neurons work together, and this produces a sudden large electrical current that can be
measured by the EEG. However, some conditions need to be fulfilled for this to happen
(Wessel, 2006), as illustrated schematically in Figure 4-2.

Figure 4-2 Cross section of the head: The activity from the neurons in the green circle only can be
measured (from Wessel, 2006).

•

To achieve the best measurement of signal by the EEG, the group of neurons must
produce an electric current perpendicular to the scalp.

•

The group of neurons must fire in parallel.

•

The group of neurons must fire with the same polarity, otherwise they cancel each
other out.

Because of these constrains, the majority of neuronal activities cannot be measured by the
EEG.
4.1.3 Brain rhythms
Based on frequency ranges, there are five major spectral bands: delta (δ), theta (θ), alpha (α),
beta (β), gamma (γ) (Hammond, 2007; Kirmizi-Alsan et al., 2006; Niedermeyer & da Silva,
2005; Tatum IV, 2014; Teplan, 2002), see Table 4-1.
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Table 4-1 Brain waves.
Wave
Delta

Frequency
(Hz)
2–4 Hz

Mental State

Theta

4–8 Hz

Consciousness but drowsy

Alpha

8–14 Hz

Relaxation without paying attention

Beta

14–30 Hz

External active attention

Gamma

≥ 30 Hz

Deep sleep

Associated with cognitive and
memory

Location
Center cerebrum and
parietal lobes
Positions not related
to activity
Occipital and
parietal lobes
Parietal and frontal
lobes
Somatosensory
cortex

4.1.4 EEG recording
EEG uses electrodes with high conductivity (low impedance, preferred to be less than 5 kΩ)
for scalp recordings. These electrodes are set according to a spatial standard known as 1020 system, where electrodes are separated by 10-20 % of the total head’s circumference
distance. The number of electrodes is usually 16-20, although other systems exist with 32,
64, 128, and even 256 electrodes (Klem et al., 1999). Previously, the electrodes were placed
manually which was time-consuming and not practical, but currently, readymade caps with
the electrodes attached to their proper positions are used; these caps are easily fit for different
subjects (Fisch & Spehlmann, 1999), see Figure 4-3.

Figure 4-3 The electrodes in the 10-20 international electroencephalogram (EEG) replacement
system (from Niedermeyer & da Silva, 2005).
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4.1.4.1 Montages
The recorded EEG signal is the difference between an electrode and a reference. This set up
can be in two montages: (1) monopolar, which is the difference between the electrode of
interest and a reference of a passive electrode such as (A1 or A2) or a reference that represents
the average of all electrodes, (2) bipolar, which is the difference between two adjacent
electrodes. The standard notation for electrodes uses capital letter and numbers, with odd
numbers representing the left side, the letter F represents electrodes above the frontal lobe,
P for parietal lobe, T for temporal lobe, O for occipital lobe, C for the central part of the
brain, and Z for the midline (Teplan, 2002), see Figure 4-4.

Figure 4-4 EEG recording montages. The image at the left is monopolar with earlobe A 2 electrode as
a reference. The image in the middle is monopolar with an average of all electrodes as a reference.
The image on the right is bipolar between two electrodes.

4.1.4.2 Electrodes
Electrodes are simply a mean to sense electric potential on the scalp to the input of
amplification and filtration circuits of the EEG machine. To provide the best EEG
recordings, a good contact should exist between the electrode and head. Electrodes are
generally made from different types of metal. However, the conductivity is affected by the
electrode-scalp impedance, so a conducting solution such as gel or paste is placed between
the electrode and the head, although some electrodes are gel-free (dry) (Fisch & Spehlmann,
1999). Some of the popular electrodes types are: (i) the electrode caps with disposable
electrodes (no gel or pre-gelled) usually used in medical applications for hygienic
precautions, (ii) electrode caps with reusable disc electrodes (gold, silver, stainless steel, or
tin), which are used in research mostly, (iii) headbands/headsets which are commercial and
used by public, and (iv) needle electrodes which are used in invasive recordings (Sanei &
Chambers, 2007).

4.2 Pre-processing pipeline of EEG
After the acquisition of the raw EEG data, the data should be pre-processed for enhancement.
Noise sources, which commonly contaminate the EEG signal can be physiological such as
sweating, movement, cardiac pulse, and muscle activity, or non-physiological such as
power-line noise and bad/broken electrode contact (Michel & Brunet, 2019). In order to
achieve a high SNR, these noise sources and artefacts should be identified carefully then
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removed. Doing this manually by visually inspecting the data is the most guaranteed way,
although it can require considerable time and hard work. However, with the increasing need
to analyse larger datasets, automatic noise removal techniques are highly used but should
still be followed by visual inspection for validation (Pernet et al., 2018). The following
describes the main pre-processing pipeline steps, see Figure 4-5.

Import raw EEG,
elec. loc., &
events markings

Remove MRrelated artefacts

Rereference/downsample

Temporal
filtering

Done

Run ICA and
reject artifactual
components

Reject large
artefacts time
points

Identify/reject
bad channels
then interpolate

Figure 4-5 EEG Pre-processing pipeline.

4.2.1 MR-induced EEG artefacts
The simultaneous EEG-fMRI data recordings introduce artefacts into the EEG. Here the
magnetic resonance artefacts affecting the EEG are discussed. There are two main types of
this noise: gradient artefacts (GAs) and pulse artefacts (PAs) (Abreu et al., 2018).
4.2.1.1 Gradient artefacts
During fMRI scanning, the time-varying magnetic field gradients in the scanner (Allen et
al., 2000; Niazy et al., 2005) induce an electromotive force into the conducting loop between
the EEG and the subject’s head. Hence, an artificial voltage, called GA, is created on the
EEG electrodes (Grouiller et al., 2007). This artefact has a voltage amplitude which is higher
than the average EEG amplitude, and has a similar frequency spectrum to that of the EEG
signal. So, removing this GA is not a straightforward process.
4.2.1.2 Pulse artefacts
The PAs, also known as ballistocardiogram artefact, are one of the major artefacts in
simultaneous EEG-fMRI recordings. Inside the scanner’s static magnetic field, blood
pulsation in the arteries of the scalp causes electrode movement which creates the artefact.
PA is hard to remove due to being: (1) highly non-stationary, (2) shares the same frequency
range as EEG signal, (3) dependant on the spatial configuration of the electrodes in the
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magnetic field, and (4) dependant on changes with the strength of the scanner’s static
magnetic field (Debener et al., 2008; Iannotti et al., 2015).
The concept behind the methods used to remove these two major artefacts is based on the
temporal variations of these artefacts. Using temporal principal component analysis, a set of
basis functions can be identified. These basis functions can describe the temporal variations
of these artefacts, which will then be fitted to and subtracted from the raw EEG signals,
which will result in artefacts-free results (Niazy et al., 2005).
4.2.2 Temporal filtration
A temporal filter will remove all frequencies not related to the signal of interest; this can be
done by a band-pass filter. In addition, notch filters can be used to remove specific
frequencies (power-line noise ~ 50 Hz) if they fall within the range of interest (Michel &
Brunet, 2019; Tong & Thakor, 2009). The range of filtering is range based on the question
of the study; the focus of the research guides the scope of the filter’s band, and also the
technique (Jiang et al., 2019; Urigüen & Garcia-Zapirain, 2015).
4.2.3 Down sampling
After temporal filtering, as most of the frequencies not related to the study are removed, the
EEG can be down-sampled. This can help dramatically in reducing the size of the data and
save on storage space. Based on the Nyquist theorem, the down-sampling frequency should
be at least double the highest remaining frequency in the data. Practically, as filters are not
perfectly sharp, the recommended value for the down-sampling frequency is four times the
highest remaining frequency in the data (Michel & Brunet, 2019).
4.2.4 Referencing
Based on the EEG acquisition device, this step can be avoided. For example, the Neuroscan
headset does its own referencing directly. To attain optimal signals, referencing is needed to
reject the common mode signal in post processing. Choices for referencing includes: (1)
using the signal from a certain channel as a reference (e.g. mastoid electrode), or averaging
the two mastoids electrodes, (2) choose the reference to be the overall average signal
(Bigdely-Shamlo et al., 2015; Gabard-Durnam et al., 2018).
4.2.5 Bad electrodes removal
Due to displacement while recording or high impedances, some electrodes are best removed
from further analysis because of data corruption. However, these electrodes can be
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interpolated in later processing using nearby electrodes (Bigdely-Shamlo et al., 2015;
Gabard-Durnam et al., 2018).
4.2.6 EEG-specific artefacts
Regardless of having fMRI recordings alongside the EEG, other artefacts can still
contaminate the EEG data (Tong & Thakor, 2009; Urigüen & Garcia-Zapirain, 2015). A
broad knowledge of the types of these artefacts is necessary to exclude them efficiently.
4.2.6.1 Large artefacts rejection
Another step, which is validated by the visual inspection of continuous data, is reject obvious
large artefacts from the EEG data, usually large electrode movement or muscle artefacts
which have a transient high frequency, discontinuity in the data, or other events such as
linear drifts.
4.2.6.2 Ocular artefacts
Ocular artefacts have a significant impact on EEG data. They originate from eye movement
and blinking, and share similar amplitude and frequency ranges, as EEG (Schlögl et al.,
2007; Tong & Thakor, 2009; Wallstrom et al., 2004).
4.2.6.3 Muscle artefacts
Muscle artefacts are well known to be a tough problem because different muscles are
involved (Urigüen & Garcia-Zapirain, 2015). Activities like talking, sniffing, and
swallowing produce muscle activities which are close to the EEG recording sites on the scalp
(Goncharova et al., 2003; Tong & Thakor, 2009).
4.2.6.4 Cardiac artefacts
Cardiac artefacts are generated when an electrode is placed on top of or close to a blood
vessel which expands or shrinks due to the heart working cycle (Hamal & bin Abdul
Rehman, 2013; Tong & Thakor, 2009).
4.2.6.5 Extrinsic artefacts
Besides the artefacts listed above, external artefacts can also introduce interference into the
EEG signal:
•

Instrument artefacts: Caused by misplacement of electrodes and movement of cables.

•

Electromagnetic interference: Caused by surroundings devices and power lines.
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•

Volume conduction artefacts: As multiple EEG electrodes are used for acquisition;
an artefact will be introduced because of the coherence between the EEG electrodes
(Nolte et al., 2004).

4.2.7 Blind source separation
EEG signals acquired from all electrodes can be decomposed into components that represent
these signals (Ohara et al., 2004; Zhukov et al., 2000). One of the methods widely used is
ICA (Winkler et al., 2014b), which decomposes the signals from multi-electrodes
components so that they become as statistically independent as possible (Vigário, 1997).
This helps identify irrelevant and noisy components so that they can be subsequently
removed (Qin et al., 2004). After removing the unwanted components, the data can be
reconstructed (Coyle et al., 2004).
As best practice in denoising EEG data with ICA (Grin-Yatsenko et al., 2010; Piazza et al.,
2016), the non-stereotyped artefact (e.g., signal discontinuity) should be rejected before
applying ICA, as this improves the performance of ICA at distinguishing common artefacts
from neural signals. This denoising process, as suggested by Rong-Yi and Zhong (2005),
can be enhanced when ICA is followed by a subsequent wavelet transform (WT) (Bentley
& McDonnell, 1994), a process called wavelet-enhanced ICA (W-ICA), which is ideal for
biomedical applications.
The pipeline of W-ICA is based on three stages: (1) decomposing the EEG data using ICA,
(2) applying the WT to remove low-amplitude artefacts based on a threshold from each
component without removing the component, then the components will be translated back
into EEG signal format (Castellanos & Makarov, 2006), finally (3) another run of ICA to
separate the neural components from the artefact components, and removal of the artefact
components will be carried out after the contrast between the neural and artefacts
components is increased due to wavelet thresholding (Castellanos & Makarov, 2006).

4.3 EEG source reconstruction and localization
The drawback of EEG is its relatively low spatial resolution. In order to study the
physiological activity of the brain using EEG alone, it is necessary to overcome, as good as
possible, the low spatial resolution. Hence, precise localization of the activity source is a
major task (Michel & Brunet, 2019). However, this is an ill-posed problem, as there is no
unique solution, due to the number of sources being many times greater than the number of
electrodes.

P a g e | 4-47

To localize the activity, the analysis needs to solve two models: (1) the forward model from
the cortical source to the signal at each electrode, (i.e.) the signal measured at the scalp is a
linear combination of multiple sources in the brain (Brookings et al., 2009), see Figure 4-6,
and (2) the inverse model which represents the opposite direction.

Figure 4-6 EEG sources linear combination (from Singh, 2018).

4.3.1 The forward problem
In order to explain how the activities from neural sources combine to create electrical
potentials measured by external EEG electrodes, given the different conductivities of
essential head tissues (WM, GM, CSF, skull, and scalp), we need to solve the forward
problem. This is achieved by creating a volume conduction model, which is used to estimate
the field distribution based on channel positions, a source model, and a head model. The
more accurate these are, the higher quality the forward model will be, see Figure 4-7. For a
review on the mathematical models, see Hallez et al. (2007).

Physiological
source (electrical
current)

Volume
conductor (body
tissue)

Observed
potential/field

Figure 4-7 Forward model of EEG.

4.3.1.1 The geometrical description
Given that the highest accuracy is desired, it is desirable to use the subject’s anatomical MRI
if available. This allows extraction of realistic information on the skin, skull, CSF, GM, and
WM, when the T1 image is segmented into different tissues. If not available, a standard atlas
can be used. The segmented head can be used to create a mesh for each tissue, with the mesh
being triangulation or hexahedron.
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4.3.1.2 The head model
Forming the volume conduction model is a critical process which is not straightforward, and
which can require assumptions regarding the conductivity of each tissue. The main
physiological challenge is that the electrical potentials are not evenly distributed on the scalp,
due to differences in the skull’s thickness across the head.
The head model can also be represented as a sphere with uniform conducting material or a
three-shell model consisting of three spheres representing the brain, skull, and scalp, or even
more accurate with multiple spherical layers. However, commonly used models, which are
more realistic, are boundary element model (BEM) (Akalin-Acar & Gençer, 2004), and finite
element model (FEM) (Wolters et al., 2006).
Both of these latter methods can be used with a subject’s MRI, although, in terms of
computational complexity, BEM with its three layers is much faster compared to FEM.
However, as FEM takes the different tissues of the brain (WM, GM, CSF) into consideration,
it produces to more accurate results (Miinalainen et al., 2019; Vorwerk et al., 2014; Vorwerk
et al., 2012).
The EEG electrodes also need to be aligned with the same coordinates as the volume
conduction model. This process might require a manual alignment according to the
anatomical landmarks if the volume conduction model is based on the subject’s MRI. If not,
an EEG electrode template can be used. Finally, the head model can be calculated based on
the volume conduction model and the aligned electrodes.
4.3.1.3 The source model
The source model, also called the grid, determines the 3-D coordinates (XYZ) of dipoles on
the 3-D cortical surface (source space). It basically assumes that the signals measured by the
EEG electrodes are approximately generated by dipoles, or layers of dipoles to cover a larger
cortical area, that represent sources. The source model is commonly be limited to GM
sources. In addition, different distributions for the number of sources can be used.
4.3.1.4

Lead field

The previous acquired properties (head model, source model, and the aligned electrodes)
allow the creation of what is called “lead field”. The lead field relates the activity measured
on a specific electrode to different brain sources. All of this leads to more precise localization
(Michel & He, 2012).
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4.3.2 The inverse problem
The goal here is to estimate strength and location of signal sources (dipoles) that generate
the EEG signals measured at the electrodes, see Figure 4-8. As there are extremely large
number of signal sources, these sources can be merged in a similarly large number of ways
to generate the same activity patterns measured by the electrodes. This is what makes the
inverse problem ill-posed. This means that it is not possible to invert the forward model
without applying prior assumptions to the model. For a more review of the mathematical
model, see Grech et al. (2008).

Physiological
source
(electrical
current)

Volume
conductor
(body tissue)

Observed
potential/field

Figure 4-8 Inverse model of EEG.

4.3.2.1 Solving the inverse problem
Two categories of methods are used to solve the inverse problems (Baillet et al., 2001; Grech
et al., 2008; Yao & Dewald, 2005): (a) parametric and (b) non-parametric. Parametric
methods (also called spatial filtering methods) priory assume a fixed number of dipoles, then
extract all the model’s information in some parameters. After that there is no need for the
data. In non-parametric methods (also called distributed source models), both the parameters
and the data’s current state are used to locate the sources.
4.3.2.2 Non-parametric methods
The solution space for the distributed source model is based on points distribution in 3-D
space. A uniform grid is constructed throughout the brain, and the points which fall on the
cortical surface are retained. Next, a current density vector, whose moment components are
unknown, is placed at each point on the remaining grid. In each grid point, the total electric
neuronal activity filling the volume that surrounds the grid point, also known as voxel, is
represented by the current density vector. (Tong & Thakor, 2009).
Commonly used non-parametric methods are minimum norm estimates (MNE) and their
generalizations (Dale & Sereno, 1993), low-resolution electromagnetic tomography
(LORETA) (Marqui et al., 1994), standardized low-resolution brain electromagnetic
tomography

(sLORETA)

(Pascual-Marqui,

2002),

exact

low-resolution

brain
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electromagnetic tomography (eLORETA) (Pascual-Marqui, 2007, 2009), and local
autoregressive average (LAURA) (Michel et al., 2004).
LORETA is a linear method that allows the 3-D reconstruction of sources in the brain to
solve the inverse problem, which was shown to be a valid method from a neurophysiological
perspective (Marqui et al., 1994). It uses a spherical head model that constitutes of three
shells (skin, skull, and cortex) and is registered to a Talairach human brain atlas (Talairach,
1988). A 3-D grid will represent the brain volume, where each grid point (voxel) holds a
source with a fixed position, however, the solution is limited to GM and hippocampus only.
The electromagnetic field measured on the scalp determines the intensity and direction of
the electrical activity at each source. One of the assumptions of this method is giving a higher
probability for neighbouring neurons to be simultaneously active. LORETA method results
in low spatial resolution images, which means the location with maximum activity will be
affected by dispersion, this is because LORETA applies a spatial smoothing using a discrete
spatial Laplacian operator. Although LORETA has a low spatial resolution, it was shown to
have a high localizing accuracy, especially with deep sources (Pascual-Marqui, 1999), also
it outperforms MNE by reconstructing deep sources as important as surface ones (Grech et
al., 2008), in addition, the referencing method used while recording the EEG does not affect
the reconstruction process (Pascual-Marqui, 1999). The mathematical background is
provided here (Tong & Thakor, 2009).
Pascual-Marqui made the first modification on LORETA and proposed a new method called
sLORETA (Pascual-Marqui, 2002), it standardizes the current density used to estimate the
source localization and does not use the Laplacian operator, which is similar to what was
suggested by Dale (Dale et al., 2000). In sLORETA, the MNE approach is used to estimate
the current density, which will then be standardized using its expected standard deviation,
as standard deviation is originated by measurements noise and also biological noises from
actual sources. The technique proposed by Dale results in a systematic nonzero localization
error even when the noise levels are small Although, sLORETA is similar to Dale’s method,
as MNE is used to estimate the current density and the standardized values of the current
density estimates determine the localization inference. There is a difference in how
sLORETA adopts the standardization for current density, which will result in a lower
localization error when compared to Dale’s technique. However, sLORETA is still affected
by the low resolution, because of regularization in solution for stability purpose. Also, when
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the sources to be estimated have their spreads overlapped, sLORETA will fail to localize
them (Jatoi & Kamel, 2018).
Another enhancement was made to minimize the localization error, especially with deeper
sources by introducing a weight matrix; eLORETA method was introduced to achieve a
zero-mean localization error (Pascual-Marqui, 2007), while keeping the standardized nature
of sLORETA. The eLORETA method is not affected by the existence of noises such as
measurement and biological related, in addition it was shown to be an adaptive technique
which depends on data (Jatoi & Kamel, 2018).
4.3.2.3 Parametric methods
Beamforming is an adaptive spatial filtering technique for source localization. Its estimate
of activity is calculated based on the weighted sum of the potentials of the scalp from
different locations. The goal is to maintain the desired signal’s components from a certain
location, while preventing interference from other locations (Van Hoey et al., 1999). This
method seems to be linear in the first sense, but as the weights used in the calculation are
based on time-varying EEG measures, this method cannot be linear. The beamformer is
efficient when a low number of dipoles are involved in the generation of the EEG activity,
on the condition that the time series of these dipoles have low correlations. However, it will
fail if the sources are correlated. It is important to highlight that this imaging method cannot
estimate current density, so one cannot control to what extent the image will comply with
real EEG measures (Tong & Thakor, 2009). Beamformers are highly sensitive to electrode
misplacement (Dalal et al., 2014), unrealistic model of head volume (Neugebauer et al.,
2017), and errors of forward models in general, in addition, estimating a covariance matrix
from noisy data is challenging (Hosseini et al., 2018). Beamformer was shown to have a
high performance when applied to ROI, which is hypothesis driven, this is very important
when the prior knowledge of the research question is available (Oswal et al., 2014).
Commonly used parametric methods are beamforming techniques such as linear constraint
minimum variance (LCMV) (Van Veen et al., 1997), dynamic imaging of coherent sources
(DICS) (Gross et al., 2001), brain electric source analysis (BESA) (Hoechstetter et al., 2004),
and subspace techniques such as multiple-signal classification algorithm (MUSIC) (Mosher
& Leahy, 1998, 1999).
LCMV (Van Veen et al., 1997) strictly applies the idea of enhancing the desired sources
while supressing the rest. It uses the adaptive spatial filters, after calculating their weights
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by means of a covariance matrix of the EEG’s time series (Barnes & Hillebrand, 2003),
regardless of the noise covariance (Vrba & Robinson, 2001). Isolating the calculation of the
signals generated at different brain areas leads to independent solution at each point. LCMV
can be however, highly affected by any small mismatches between true and estimated
models (Hossein Hosseini et al., 2018; Vorobyov et al., 2003). DICS (Gross et al., 2001)
enhances over LCMV; it used cross-spectral density instead of covariance matrix to compute
the spatial filter in frequency domain based on realistic head models, where it will be applied
at the sensor level. However, DICS has two major drawbacks: (1) the assumptions of
unconstrained single dipole model that does not correlate linearly with other dipoles, which
will only be valid in the case of intermediate coherence and sufficient SNR (Gross et al.,
2001), (2) the self-coherence is one in all defined regions.
4.3.2.4 Comparisons of inverse techniques
Halder et al. (2019) compared parametric and non-parametric source localization technique.
This comparison led to no clear winner, although, some techniques were superior in certain
situations. DICS and eLORETA were used to compute the sources underlying 40-Hz
activity. For the distributed dipole scenario, the focal width of eLORETA was better than
DICS with higher SNR. Also, eLORETA had greater control of the false positive ratio, but
the localization error of DICS was less than eLORETA. Jatoi et al. (2014) compared
eLORETA and sLORETA, and showed that eLORETA is superior for localizing sources
with sharper images compared to sLORETA. Also, the ability to suppress less significant
sources is higher for eLORETA compared to sLORETA (Jatoi et al., 2014).

4.4 Spectral and statistical analysis of EEG
4.4.1 Data epoching
Focusing on events of interest, a time-window is applied to the continuous EEG data in order
to extract these epochs (Möcks & Gasser, 1984), so the result will be a matrix of [electrodes
x time x epochs], where time is the duration of the epoch, and epochs is the number of events
extracted from the continuous EEG data.
4.4.2 Frequency representation of EEG
The spectral content of EEG is of central interest. Spectral analysis methods commonly used
in EEG for this purpose include FFT, Hilbert transform, and WT. The study objective
determines whether frequency analysis, time-frequency analysis, or wavelet is most
appropriate. Details on the three methods applied to EEG are provided by Freeman and
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Quiroga (2012). Since the interest is to see the change of power in defined EEG bands, a
basic FFT will be enough, as Bruns (2004) has shown that FFT, Hilbert transform, and WT
give similar spectral amplitude in practical application to neural signals.
After extracting epochs related to the event of interest, and transforming them into the
frequency domain, the EEG band of interest will be extracted through a band pass filter with
limits defined based on the band. The mean power of the band of interest related to the
chosen event can then be calculated for each source of the inverse model of each subject
separately.
4.4.3 Statistical test and correction
The final part of the analysis is to compare the average of events to the average of their
baselines statistically. After calculating an average event and an average baseline for each
subject, each having the same number of sources with one value for each source. The relative
difference between the average event and average baseline can then be calculated for each
subject to be used in the group stats. Source statistics should be applied to compare the
percentage change to the null hypothesis of zero. Statistical analyses can be performed using
permutation tests (Maris & Oostenveld, 2007; Maris et al., 2007), and the results corrected
for multiple comparisons over sources and bands of interest, using a method such as familywise cluster correction (Maris & Oostenveld, 2007) or TFCE (Mensen & Khatami, 2013).

4.5 Summary
In this chapter, the physical and neurophysiological basis of EEG, its spatiotemporal
characteristics, and its application to investigating brain function were reviewed. Following
a standard setup, EEG measures electrical activity on the scalp generated by multiple sources
in the brain. The measured EEG signal must be cleaned and denoised from MR-related noise
and EEG-specific artefacts. Because of the low spatial resolution of the EEG, a brain-model
needs to be created to find the sources of the signals by means of source localizations and
reconstruction methods. EEG signals can be split into defined frequency bands. Statistical
analysis can be performed on the band of interest after epoching the time slots of the event
of interest. The strength of EEG is in its high temporal resolution. Hence, in the case of shortduration type of events, where fMRI cannot catch the changes in neural signature, EEG is
up to the challenge. Brain mechanisms underlying spontaneous behaviours such as MSs and
ALs can be investigated by recording multiple behaviours and physiological measures, such
as EEG simultaneously.
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Lapses of Responsiveness: A Physiological Review
5.1 Neural signatures of attention lapses
5.1.1 Mind-wandering
For increased understanding of the mind-wandering phenomenon, several studies have
looked at neural activities related to this mind state.
5.1.1.1 fMRI Analysis
Brain imaging techniques such as fMRI have been used widely in studies on mindwandering. Mind-wandering has been found to be positively associated with activity in
default mode network (DMN), which has been shown to have increased activity during the
resting wakefulness when not engaging in any external task (Andrews-Hanna, 2012;
Andrews-Hanna et al., 2010; Mason et al., 2007; Zhou & Lei, 2018).
Smallwood et al. (2012) hypothesized that perceptual information from dorsal attention
network (DAN), along with autobiographical information from the DMN, steers the
frontoparietal network (FPN) to either maintain attention to endogenous (internal) trains of
thought and lose focus on external stimuli creating the mind-wandering process or viceversa. FPN is associated with the regulation process of changing from external to internal
attention and vice versa by changing its FC between DMN and DAN (Chica et al., 2013;
Cole et al., 2013; Dixon et al., 2018; Macaluso & Doricchi, 2013; Spreng et al., 2010; Zanto
& Gazzaley, 2013).
Also, Esposito et al. (2018) and Chai et al. (2012) concluded that the DMN and DAN
typically show negatively correlated activity during both spontaneous oscillations and task
execution. Fox et al. (2005) and Fox et al. (2006) showed that the DAN sustains external
attention, as there is an association between DAN activity and processing information from
the external world. On the other hand, the DMN is activated when we are decoupled from
the external world, and our attention has shifted to process TUTs (mind-wandering) (Mason
et al., 2007). Also, research by Kawagoe et al. (2019) showed that in mind-wandering, in
thoughts related to both past and future, a bilateral increase in activity was found partially
found in DMN regions in medial superior frontal gyrus and anterior cingulate cortex
(ACC)/medial prefrontal cortex.
Through a resting-state study, Godwin et al. (2017) found an association between the trait of
mind-wandering and increased FC within the DMN, as well as increased FC between DMN
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and FPN. He et al. (2021), through a longitudinal resting-state study, explored FC during
mind-wandering. They found a stable association between mind-wandering and the FC
between FPN and DMN, also a positive correlation between the frequency of mindwandering and the FC within DMN. Increased FC within the DMN and between the DMN
and the salience network (SN) have also been shown to be associated with mind-wandering
in an fMRI study by Kucyi et al. (2017) using a tapping task. The SN aids in the detection
of significant environmental cues and prioritises the most important among internal and
extra-personal stimuli in order to guide behaviour. Thus, the SN facilitates the creation of
appropriate behavioural responses to salient stimuli by target brain regions. When a salient
event is noticed, the SN plays a vital and causal role in switching between task-related
networks and the DMN to allow access to attention and working memory resources. What
distinguishes the SN is that it initiates a cascade of cognitive control signals that have a
significant impact on how such a stimulus is processed later (Menon & Uddin, 2010).
Finally, Zhou and Lei (2018) used SART and found an association between mind-wandering
and increased FC between DMN and visual network (VSN), while FC between FPN and
VSN decreased.
The working memory network (WMN) plays an important role in mind-wandering. Mindwandering is defined as a state in which attention is diverted to internal thoughts unrelated
to the task (Ward & Wegner, 2013). These thoughts might be related to the past or future
(Hartmann et al., 2014), which means the brain’s memory is involved.
Wang et al. (2009) used fMRI in a task-free state followed by a memory task to hypothesize
that offline memory reprocessing, in which the mind is disconnected from external input and
starts looking at older memories, overlaps with the process of mind-wandering and is
associated with high activity in the DMN. The DMN appeared to contain spontaneous
thought-process networks consisting of the left precuneus, the left angular gyrus/superior
occipital gyrus, the left inferior parietal lobule (IPL), the medial prefrontal gyrus, and the
left hippocampus/para-hippocampus region. These networks appeared to be correlated with
the frequency of occurrences of mind-wandering during natural resting and offline memory
reprocessing states.
In summary, the DMN plays a substantial role in the mind-wandering process, whether
through its increased activation or increased FC within its core regions and with other
networks such as the FPN, VSN, and SN. On the other hand, the DAN, which is anti-
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correlated with the DMN, takes a major part in the external attention process, through its
increased activation, and FC with other networks such as the FPN. A summary of fMRI
literature on mind-wandering is in Table 5-1.
5.1.1.2 EEG Analysis
Increased EEG alpha activity over task-related brain regions is correlated with low levels of
attention and poor performance (Macdonald et al., 2011). Also, when attention is externally
directed in demanding tasks, the alpha EEG activity is reduced over the task-related brain
areas (Rajagovindan & Ding, 2011; Sauseng et al., 2005). Molina et al. (2019) used a PVT
and found that an increase in power in the alpha, theta, and beta bands in central-medial,
parieto-occipital, and frontal regions of the brain was correlated with slow reaction time.
Alpha band activity, which is inversely correlated with the activity in task-related regions
(Liu et al., 2014), plays an important role in mind-wandering. Alpha activity increase has
also been found to be associated with mind-wandering during demanding cognitive tasks,
such as the speeded performance task (Compton et al., 2019) and the switching task (Arnau
et al., 2020).
Research on mind-wandering by Baldwin et al. (2017) used a 20-min monotonous freewaydriving scenario. Mind-wandering events were characterized by reduced speed and increased
lane-variability. They found that mind-wandering was associated with increased power in
the alpha band. In a resting state study, Mo et al. (2013) used EEG-fMRI simultaneously,
found an association between increased alpha power and increased DMN activity with
opened eyes, which could be associated with mind-wandering process. This increased power
was associated with an increase in DMN activity related to ALs/mind-wandering (slow
reaction time) (Mason et al., 2007; Weissman et al., 2006).
The low-frequency EEG bands (delta and theta) were also hypothesized to be associated
with mind-wandering. Andrillon et al. (2019) proposed that ALs could be explained by localsleep phenomena, which is different from MS according to the authors. Local sleep was
introduced by Huber et al. (2004) in sleep-related research and Vyazovskiy et al. (2011) in
wakefulness-related research. What makes local sleep a unique state is that it carries
combined transient and neurophysiological features from wakefulness and the different
stages and depths of sleep as it is local in both space and time (Andrillon et al., 2019).
Andrillon et al. (2019) hypothesised that if local sleep, defined by increases in delta and/or
theta activities (slow-wave power), occurs within attentional networks, it could triggers the
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deactivation of attentional networks, and hence the activation of DMN (Chai et al., 2012;
Esposito et al., 2018), which is associated with mind-wandering (Andrews-Hanna, 2012;
Andrews-Hanna et al., 2010; Mason et al., 2007). So, it can cause mind-wandering.
Andrillon et al. (2021) used EEG to study ALs while performing GO/NoGo tasks. Thought
probes were used as an indicator for the mental state. Mind-wandering was defined as a shift
of attention from task-related to task-unrelated thoughts. They found that slow waves, which
are known to be associated with transitioning to sleep (Siclari et al., 2014) or local sleep
(Andrillon et al., 2019; Bernardi et al., 2015; D’Ambrosio et al., 2019; Hung et al., 2013;
Vyazovskiy et al., 2011), preceded reports of mind-wandering over the frontal EEG
electrodes.
Braboszcz and Delorme (2011) investigated mind-wandering, and suggested it is associated
with low alertness and decreased sensory processing. In a breath-counting task, they found
increased theta and delta activity during mind-wandering, while alpha and beta activities
decreased. An increase in delta activity was also found by Harmony et al. (1996) when
shifting attention to internal processing of mental tasks.
van Son et al. (2019a) looked at the association between mind-wandering and the ratio
between theta and beta activities, they used a breath-counting task, and found that the frontal
theta/beta ratio is correlated with mind-wandering. The same task was used by van Son et
al. (2019b), where fMRI data were collected, they found that FC during mind-wandering is
associated with the theta/beta ratio, in which there was an increase in FC within the DMN
and a decrease within central executive network.
Gamma band activity has also been found to be positively associated with mind-wandering.
Qin et al. (2011) investigated, using EEG, the difference between subjectively-reported
mind-wandering, which is based on thought probes, and behaviourally-indexed mindwandering, which is based on performance errors. They used time-frequency analysis and
found higher gamma activity in bilateral frontal-central areas in subjectively-reported
relative to behaviourally-indexed mind-wandering. To investigate further, they used
beamformer source imaging, and found that the gamma band had higher activity in the
bilateral frontal cortices, supplemental motor area, paracentral cortex, and right inferior
temporal cortex in subjectively-reported compared to behaviourally-indexed mindwandering. In addition, beta activity was higher over bilateral frontal and central-parietal
areas, and alpha activity was lower over medial central-parietal areas during subjectively-
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reported mind-wandering, whereas during behaviourally-indexed mind-wandering, alpha
band activity was higher over medial frontal areas and theta activity was also high over left
frontal-temporal areas. Their findings indicate that subjectively-reported mind-wandering is
associated with processes of executive control.
Simultaneous recording of EEG-fMRI was used to investigate mind-wandering while
performing a fast-paced SART (Groot et al., 2021). Participants were told to self-report
mind-wandering. Groot et al. (2021) found that the neural signature of mind-wandering,
when compared to responsive external attention, to be a deactivation in DMN, and an
activation in the task-related network. Their result in the task-related network was not
surprising, as task-related network has been shown to be involved in spontaneous thought
processes (Christoff et al., 2009; Dixon et al., 2018; Fox et al., 2015). In contrast, DMN
which is known to be activated during mind-wandering, was found to be inversely associated
with the “in-the-zone” or good performance, while DAN was found to be associated with
“out-of-zone” or weak performance (Esterman et al., 2014; Kucyi et al., 2017; Yamashita et
al., 2020). Also, they found decreased FC within both DMN and the task-related network,
and an increased FC between these two networks. In addition, delta, theta, and alpha bands
had widespread increases, in contrast, beta was reduced.
To summarize, increased alpha activity is associated with lower attention levels in general,
plus mind-wandering, which is correlated with the increased activity in DMN. Lowfrequency EEG bands (delta and theta) were also associated with mind-wandering if they
increased over the attention-related regions. In addition, increased beta and gamma activities
were correlated with subjectively-reported mind-wandering. A summary of EEG literature
on mind-wandering is given in Table 5-2.
Table 5-1 Summary of fMRI physiological findings on mind-wandering.
Research
(Andrews-Hanna, 2012)
(Andrews-Hanna et al., 2010)
(Mason et al., 2007)
(Zhou & Lei, 2018)
(Kawagoe et al., 2019)
(Wang et al., 2009)
(Fox et al., 2005)

fMRI Findings
•

Increased DMN activity.
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(Fox et al., 2006)

•

Increased DAN activity.

(Spreng et al., 2010)

•

FPN acts as a hub that manages the change from

(Dixon et al., 2018)

external to internal.
•

DMN and DAN are anticorrelated.

•

Increased FC between FPN and DMN.

•

Increased FC within DMN.

(Kucyi et al., 2017)

•

Increased FC between DMN and SN.

(Zhou & Lei, 2018)

•

Increased FC between DMN and VSN.

•

Decreased FC between FPN and VSN.

(Esposito et al., 2018)
(Chai et al., 2012)
(Godwin et al., 2017)
(He et al., 2021)
(Godwin et al., 2017)
(He et al., 2021)
(Kucyi et al., 2017)

Table 5-2 Summary of EEG physiological findings on mind-wandering.
Research
(Compton et al., 2019)

EEG Findings
•

Increased alpha EEG activity.

•

Increased alpha EEG activity.

•

Increased DMN activity.

•

Slow waves preceded reports of mind-wandering

(Arnau et al., 2020)
(Baldwin et al., 2017)
(Mo et al., 2013)

(Andrillon et al., 2021)

over the frontal EEG electrodes.
(Andrillon et al., 2019)

•

Hypothesised increases in delta and/or theta EEG
activities, occurs in the task-related networks is
associated with mind-wandering.

(Braboszcz & Delorme,

•

Increased theta and delta EEG activities.

•

Frontal theta/beta ratio is correlated with mind-

2011)
(van Son et al., 2019a)

wandering.
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(van Son et al., 2019b)

•

Frontal theta/beta ratio is correlated increased FC
within DMN, and decreased FC within central
executive network.

(Qin et al., 2011)

•

Association between subjectively-reported mindwandering and increased gamma and beta EEG
activities.

•

Association between behaviourally-indexed mindwandering and increased alpha and theta EEG
activities.

(Groot et al., 2021)

•

Decreased DMN activity.

•

Increased task-related network activity.

•

Increased delta, theta, and alpha EEG activities.

•

Decreased beta EEG activity.

5.1.2 Mind-blanking
For increased understanding of the mind-blanking phenomenon, several studies have
investigated neural activities related to this mind state. Based on subjective reports of ALs
from subjects, Ward and Wegner (2013) concluded that mind-wandering and mind-blanking
are two distinct mental states. Unsworth and Robison (2016b, 2018a) considered that mindwandering has multiple levels and is different from the mind-blanking (inattentive) state
behaviourally. In addition, mind-wandering is operationally different from mind-blanking,
although both of them are common when it comes to decoupling attention from external
tasks. Mind-blanking is defined as an empty mind state which more likely does not involve
memory recall (Ward & Wegner, 2013).
5.1.2.1 fMRI Analysis
Research by Kawagoe et al. (2019) showed through a resting-state study that the mindblanking state can be intentionally achieved by simply trying to think of nothing. The neural
signature of mind-blanking was represented by changes in activity of DMN: activation in
the bilateral ventral ACC and medial prefrontal cortex, and deactivation in the left Broca’s
area, left hippocampus, and bilateral superior frontal gyrus/supplementary motor area
(SMA). A summary of fMRI literature on mind-blanking is in Table 5-3.

P a g e | 5-61

5.1.2.2 EEG Analysis
Andrillon et al. (2019) hypothesised that if local sleep, defined by increases in delta and/or
theta activities, occurs in the DMN, it can cause mind-blanking. Their hypothesis was based
on previous findings that associated the reduction of endogenous thoughts with the increase
of slow-wave power over DMN regions. Also, when local sleep occurs within regions such
as precuneus or posterior cingulate cortex (PCC) defined as “hot zone” (Siclari et al., 2017),
could lead to a minimal experience of thoughts (blank), which is the case in white dreams
within sleep (Fazekas et al., 2019; Windt et al., 2016).
Andrillon et al. (2021) used EEG to study ALs while performing GO/NoGo tasks. Thought
probes were used as an indicator for the mental state. Mind-blanking was defined as an empty
mind (absence of thoughts). They found that slow waves, which are known to be associated
with transitioning to sleep (Siclari et al., 2014) or local sleep (Andrillon et al., 2019; Bernardi
et al., 2015; D’Ambrosio et al., 2019; Hung et al., 2013; Vyazovskiy et al., 2011), preceded
reports of ALs (mind-blanking) over frontal and posterior EEG electrodes. Castiglione et al.
(2019) have explored beta activity when intentionally clearing the mind from any thoughts.
They used a think/no-think task while recording EEG and found an increase in activity in
right frontal beta in the successful versus the unsuccessful trials. A summary of EEG
literature on mind-blanking is in Table 5-4.
Table 5-3 Summary of fMRI physiological findings on mind-blanking.
Research
(Kawagoe et al., 2019)

fMRI Findings
•

Changes in activity of DMN.

•

Activation in the bilateral ventral ACC and medial
prefrontal cortex.

•

Deactivation in the left Broca’s area, left hippocampus,
and bilateral superior frontal gyrus/SMA.

Table 5-4 Summary of EEG physiological findings on mind-blanking.
Research
(Andrillon et al., 2021)

EEG Findings
•

Slow waves preceded reports of mind-blanking (no
thoughts in mind) over the frontal and posterior EEG
electrodes.
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(Andrillon et al., 2019)

•

Hypothesised increases in delta and/or theta EEG
activities, occurs in the DMN is associated with mindblanking (no thoughts in mind).

(Castiglione et al., 2019)

•

Increased beta EEG activity is associated with the state
of (no thoughts in mind).

5.2 Neural signature of microsleeps
For a more in depth understanding of the microsleep phenomenon, a few studies have
investigated the neural signature of microsleeps.
5.2.1 fMRI Analysis
Using a 2-D CVT task while recording fMRI, MSs was found to be associated with a
decrease in BOLD activity in the bilateral thalamus, posterior cingulate gyrus, and medial
frontal cortex, and an increase in BOLD activity in the inferior frontal cortex, posterior
parietal cortex, and parahippocampal regions (Jones et al., 2010; Poudel et al., 2014; Poudel
et al., 2009). Poudel et al. (2014) also investigated the correlation between the activity of
BOLD signal and MSs while accounting for EEG theta and alpha activities as regressors.
They found a positive correlation between post-central theta activity and MSs, in addition to
a negative correlation between the occipital alpha activity and MSs. A summary of fMRI
literature on microsleeps is in Table 5-5.
5.2.2 EEG Analysis
Peiris et al. (2006) used a 1-D CVT task with non sleep-deprived participants while recording
EEG, and found that an increase in spectral power for delta, theta, and alpha bands, while
beta and gamma bands had reduced spectral power. Poudel et al. (2010a) studied the
relationship between MSs detected while performing a 2-D CVT task and the EEG theta
band. They found a correlation between tracking error and theta activity at the Pz EEG
electrode, but after removing the MSs from the data, that the correlation dropped
substantially, showing that MSs heavily contribute to the performance fluctuations during
the task.
Jonmohamadi et al. (2016) also used a 2-D CVT task while recording EEG. They found that
MSs are more likely to be associated with spindles of alpha activity, generated in the bilateral
anterior temporal gyri and hippocampi. These spindles were very similar to spindles in stage
II sleep. Also, theta activity was generated from the bilateral frontal-orbital cortex.
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Wang et al. (2020) used a flight simulator, as a practical real-time application, with
participants who were pilots. The task had a monotonous nature which facilitated the
occurrence of MSs. There was no change in activity in either the beta or theta bands, while
there was a reduction in activity in delta and increased activity in alpha. A summary of EEG
literature on microsleeps is in Table 5-6.
Table 5-5 Summary of fMRI physiological findings on microsleeps.
Research
(Poudel et al., 2009)

fMRI Findings
•

(Jones et al., 2010)
(Poudel et al., 2014)

Decrease in activity in the bilateral thalamus, posterior
cingulate gyrus, and medial frontal cortex.

•

Increase in activity in the inferior frontal cortex, posterior
parietal cortex, and parahippocampal regions.

Table 5-6 Summary of EEG physiological findings on microsleeps.
Research

EEG Findings
•

Increased delta, theta, and alpha EEG activities.

•

Decreased beta and gamma EEG activities.

(Poudel et al., 2010a)

•

Association between theta EEG activity and MSs.

(Jonmohamadi et al., 2016)

•

Association between MSs and spindles of alpha

(Peiris et al., 2006)

activity.

(Wang et al., 2020)

•

Association between MSs and theta activity.

•

Increased alpha EEG activity.

•

Decreased delta EEG activity.

•

No evidence of change was found in beta and theta
EEG activities.

5.3 Summary
This chapter focused on the physiological side of MSs and on endogenous ALs, and its two
types: mind-wandering and mind-blanking. It showed how these lapses have been measured
physiologically to reveal neural signatures using by looking at changes in activation (fMRI)
or power (EEG) in the brain networks of interest. Plus, changes in FC within and between
various brain networks.
One of the key findings of mind-wandering literature is the activity increase of DMN, which
is anticorrelated with DAN, in addition to the increased FC between DMN and FPN. In
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addition to the power increase of the EEG alpha band. Mind-blanking was correlated with a
partial activity increase of DMN. Finally, MSs were correlated with activity increase in
frontal and posterior parietal areas, in addition to decrease activity in the thalamus. Also,
MSs were correlated with the power increase of delta, theta, and alpha EEG bands.
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Aims and Hypotheses
6.1 Gaps in knowledge
6.1.1 Attention lapses
Research on ALs needs further investigations into their underpinning physiological
mechanisms. Investigations of endogenous ALs in a more definitive, instead of generalized,
approach will lead to better understanding of different types of ALs. Compared to mindwandering, little research has investigated mind-blanking. In particular, to the best of our
knowledge, mind-blanking has been poorly understood from a physiological perspective.
Therefore, more research employing brain imaging techniques such as fMRI and EEG are
needed to better understand ALs which could be due to mind-blanking and/or mindwandering. Previous studies have used the subjective ‘think-of-nothing’ state (Kawagoe et
al., 2019), a reading comprehension task (Ward & Wegner, 2013), and discrete tasks like the
go/no-go task (Van den Driessche et al., 2017) to investigate mind-blanking, but no study
has used a continuous task (e.g. like visuomotor tracking), which can best detect the
presence, onsets, and offsets of ALs (mind-blanking and/or mind-wandering).
6.1.2 Microsleeps
The phenomenon of MSs is still far from being fully understood. Behaviourally, they are
similar to sleep, although the difference in duration makes them distinct. However, there is
much more to discover on the physiological side. MSs were found to be associated with
stage II sleep (Jonmohamadi et al., 2016), however, given the behavioural differences in
terms of duration to come out of sleep, MSs might represent a stage of relief from sleep
pressure (Poudel et al., 2018), and not a deactivation process similar to normal sleep (Poudel
et al., 2014). Hence, the relation between MSs and sleep should be further investigated on a
wider scale.

6.2 Key questions
From gaps in the literature, there are several important questions we aim to explore in this
project:
•

What are the neural signatures of endogenous ALs during a continuous visuomotor
tracking?

•

Are endogenous ALs during a continuous visuomotor tracking mind-blanks or mindwanderings?
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•

Are MSs physiologically different from sleep?

6.3 Aim
The objective of this project was to increase our understanding of the behavioural
characteristics and physiology underlying lapses of responsiveness —MSs and endogenous
ALs— during a 2-D CVT task.

6.4 Hypotheses
6.4.1 Neural signatures of endogenous attention lapses.
Q1: Are ALs associated with decreased DAN activity during a 2-D CVT.
•

Hypothesis 1: In a 2-D CVT task, there is lower neural activity in DAN during
endogenous ALs.

•

Rationale: Fox et al. (2005) showed that the DAN has higher neural activity during
focused external attention, whereas endogenous ALs are considered to occur when
attention is decoupled from external stimuli (Buckley et al., 2016). This implies that
when the tracking performance drops to zero without the loss of consciousness
during an AL, a complete decoupling from external environment is expected, which
correlates with reduced activity in DAN.

•

Significance: Improving our understanding of the physiological aspects of
endogenous ALs during a 2-D CVT.

•

Study Outline: We will use Study C and Study D (Rested), in which momentary
drops in tracking performance with opened eyes (i.e., ALs) were identified by an
expert. We will use fMRI data to perform a voxel-wise analysis to analyse ALs and
check the activity in the DAN compared to baseline of good responsive tracking.
FEAT (GUI and scripting) from FSL (Jenkinson et al., 2012) will be used to do the
analysis. In addition, ROI analysis will be performed on the DAN specifically by
analysing the average time series in each region of the DAN.

Q2: During a 2-D CVT, will endogenous ALs be associated with decreased FC between
FPN and DAN?
•

Hypothesis 2: In a 2-D CVT, FC between FPN and DAN decreases during ALs.

•

Rationale: In endogenous ALs there is a complete decoupling from the external
environment, in which DMN is highly associated with internal processes (Eichele et
al., 2008; Kawagoe et al., 2019; Weissman et al., 2006). On the other hand, the
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relation between increased activity of DAN and external attention is well stablished
(Chai et al., 2012; Fox et al., 2006; Fox et al., 2005; Vossel et al., 2014). Since FPN
is involved in the process of changing from attention externally to internally directed
and vice versa by changing its FC between DMN and DAN (Dixon et al., 2018;
Spreng et al., 2010), it is expected that FC between FPN and DAN will decrease
during ALs.
•

Significance: Improving our understanding of the physiological aspects of
endogenous ALs during a 2-D CVT.

•

Study Outline: We will use Study C and Study D (Rested), in which momentary
drops in tracking performance with opened eyes (i.e., ALs) were identified by an
expert. We will use fMRI data to perform a FC analysis to analyse ALs and examine
the FC between the FPN and DAN when comparing ALs to the baseline of good
responsiveness tracking. The FC toolbox (CONN) (Whitfield-Gabrieli & NietoCastanon, 2012) will be used to do the analysis.

Q3: During a 2-D CVT, will endogenous ALs be associated with decreased FC between
FPN and sensorimotor network (SMN)?
•

Hypothesis 3: In a 2-D CVT, FC between FPN and SMN decreases during ALs.

•

Rationale: During ALs, there is complete decoupling from the external world and
the subject is unable to perform the task. The 2-D CVT requires visuospatial
coordination in order to keep tracking, which involves SMN (Cavina-Pratesi et al.,
2006; Shibasaki et al., 1993; Wildgruber et al., 1997). The FPN is associated with
the coordination of visuospatial attention (Lückmann et al., 2014; Marek &
Dosenbach, 2018; Scolari et al., 2015), in addition, during an AL there is decoupling
from external attention, which will stop performing the visuomotor task. This
suggests that FC between FPN and SMN will decrease.

•

Significance: Improving our understanding of the physiological aspects of
endogenous ALs during a 2-D CVT.

•

Study Outline: We will use Study C and Study D (Rested), in which momentary
drops in tracking performance with opened eyes (i.e., ALs) were identified by an
expert. We will use fMRI data to perform a FC analysis to analyse ALs and examine
the FC between the FPN and SMN when comparing ALs to the baseline of good
responsiveness tracking. CONN (Whitfield-Gabrieli & Nieto-Castanon, 2012) will
be used to do the FC analysis.
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Q4: During a 2-D CVT, will endogenous ALs be associated with decreased FC between
FPN and VSN?
•

Hypothesis 4: In a 2-D CVT, FC between FPN and VSN decreases during ALs.

•

Rationale: During ALs, there is complete decoupling from the external world and
the subject will be unable to perform the task. The 2-D CVT requires visuospatial
coordination in order to keep tracking, which will involve VSN (Desimone &
Duncan, 1995; Helfrich et al., 2013) while performing the task. The FPN is
associated with the coordination of visuospatial attention (Lückmann et al., 2014;
Marek & Dosenbach, 2018; Scolari et al., 2015), in addition, during an AL there will
be a decoupling from external attention, which will stop performing the visuomotor
task. This suggests that FC between FPN and VSN will decrease.

•

Significance: Improving our understanding of the physiological aspects of
endogenous ALs during a 2-D CVT.

•

Study Outline: We will use Study C and Study D (Rested), in which momentary
drops in tracking performance with opened eyes (i.e., ALs) were identified by an
expert. We will use fMRI data to perform a FC analysis to analyse ALs and examine
the FC between the FPN and VSN when comparing ALs to the baseline of good
responsiveness tracking. CONN (Whitfield-Gabrieli & Nieto-Castanon, 2012) will
be used to do the FC analysis.

Q5: During a 2-D CVT, will endogenous ALs be associated with decreased FC between
DAN and EMN?
•

Hypothesis 5: In a 2-D CVT, FC between DAN and EMN decreases during ALs.

•

Rationale: Coiner et al. (2019) introduced a network called the eye movement
network (EMN) which includes cortical regions such as ventral precuneus and PCC
of DMN, frontal eye field (FEF) of DAN, lateral prefrontal cortex (LPFC) of FPN,
and medial and occipital of VSN. During ALs, there is complete decoupling from the
external world and the subject will be unable to perform the task. The 2-D CVT
requires visual fixation on a disc on a screen, which will force the eye to move. Given
the decoupling, it is expected that the FC between DAN and EMN will decrease.

•

Significance: Improving our understanding of the physiological aspects of
endogenous ALs during a 2-D CVT.
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•

Study Outline: We will use Study C and Study D (Rested), in which momentary
drops in tracking performance with opened eyes (i.e., ALs) were identified by an
expert. We will use fMRI data to perform a FC analysis to analyse ALs and examine
FC between the DAN and EMN when comparing ALs to the baseline of good
responsiveness tracking. CONN (Whitfield-Gabrieli & Nieto-Castanon, 2012) will
be used to do the FC analysis.

Q6: During a 2-D CVT, will endogenous ALs be associated with decreased FC between
DMN and WMN?
•

Hypothesis 6: In a 2-D CVT, FC between DMN and WMN decreases during ALs.
Rationale: A recent finding showed that memory and attention actually lapse
together (deBettencourt et al., 2019). The relation between working memory and
attention is important, as working memory serves as a space where attention can
maintain relevant information to be used in a task (Chun, 2011). Zokaei et al. (2014)
added that the resources needed to perform a demanding task and also maintain
information in the visual working memory are common.
Mind-wandering is operationally different from mind-blanking, although both are
common when it comes to decoupling attention from external tasks. Mind-wandering
is defined as a state in which attention is diverted to internal thoughts unrelated to
the task (Burdett et al., 2016; Huijser et al., 2018; Ottaviani et al., 2015; Weinstein
et al., 2017). These thoughts might be related to the past or future, which means that
attention is focused on memories (Hutchinson & Turk-Browne, 2012; Wang et al.,
2009). On the other hand, memory processes are more likely not to be associated
with mind-blanking, which is s state of an empty mind while being behaviourally
awake (Kawagoe et al., 2019; Ward & Wegner, 2013).
WMN defined by Piccoli et al. (2015), has four regions right and left LPFC of FPN,
and right and left IPS of DAN. Using a visuo-spatial working memory paradigm,
Piccoli et al. (2015) focused on the dynamic FC between DMN and WMN, they
found that the FC between DMN and WMN changes with task phases (encoding,
maintenance, and retrieval). Although they were not studying any ALs, but during
the maintenance phase, which has a similar behaviour to mind-wandering, DMN and
WMN were found to be anti-correlated. So, it is expected that the FC between WMN
and DMN will decrease due to ALs during 2-D CVT task.
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•

Significance: Improving our understanding of the physiological aspects of
endogenous ALs during a 2-D CVT.

•

Study Outline: We will use Study C and Study D (Rested), in which momentary
drops in tracking performance with opened eyes (i.e., ALs) were identified by an
expert. We will use fMRI data to perform a FC analysis to analyse ALs and examine
FC between the DMN and WMN when comparing ALs to the baseline of good
responsiveness tracking. CONN (Whitfield-Gabrieli & Nieto-Castanon, 2012) will
be used to do the FC analysis.

Q7: During a 2-D CVT, will endogenous ALs be associated with increased EEG alpha
activity?
•

Hypothesis 7: In a 2-D CVT, EEG alpha power increases in the posterior brain area
during endogenous ALs.

•

Rationale: There is an association between increased visual alpha power and
increased DMN activity (Mo et al., 2013) when eyes are opened in a resting state,
while the increased activity of DMN is associated with decoupling from external
environment (Eichele et al., 2008; Weissman et al., 2006). In addition, increased
EEG alpha power over task-related brain regions is correlated with low levels of
attention and poor performance (Macdonald et al., 2011). Also, when attention is
externally directed to demanding tasks, alpha EEG activity is reduced in task-related
brain areas (Rajagovindan & Ding, 2011; Sauseng et al., 2005).
A study on ALs using PVT showed a positive correlation between increased (slow)
reaction time and increase in activity of alpha EEG band over parieto-occipital,
central-medial, and frontal regions (Molina et al., 2019). Using a Simon task, there
was a power increase in the alpha band in parieto-occipital regions during ALs (van
Driel et al., 2012). This indicates that the alpha power is related to the process of ALs
through various tasks, which might be the case for the continuous task too.

•

Significance: Improving our understanding of the physiological aspects of
endogenous ALs during a 2-D CVT.

•

Study Outline: We will use Study C and Study D (Rested), in which momentary
drops in tracking performance with opened eyes (i.e., ALs) were identified by an
expert. We will use EEG data to perform a source-reconstruction analysis to analyse
ALs and statistically to the baseline of good responsiveness tracking. EEGLAB
toolbox (Delorme & Makeig, 2004) will be used to do the pre-processing and
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Fieldtrip (Oostenveld et al., 2011) will be used to do the source-reconstruction and
statistical analysis.
6.4.2 Mind-blanks versus mind-wandering
Q8: Are the ALs during a 2-D CVT task due to involuntary mind-blanking?
•

Hypothesis 8: ALs during a 2-D CVT are due to involuntary mind-blanking.

•

Rationale: An AL is considered a state of complete loss of performance which is
associated with decoupling (Schad et al., 2012; Smallwood & Schooler, 2015). This
decoupling results in disconnecting attention from the external environment
(performing the task), and complete loss of attention, in the case of mind-blanking
(Ward & Wegner, 2013), that could also be voluntary where the mind is intentionally
cleared from thoughts (Kawagoe et al., 2019). Kawagoe et al. (2019) found an
increase in DMN activity due to voluntary mind-blanking (clearing the mind of any
thought). The fact that "Kawagoe et al. (2019) found an increase in DMN activity
due to voluntary mind-blanking" is because (i) it was voluntary and (ii) the likely
impossibility of being able to think of 'nothing', and hence their so-called voluntary
mind-blanks were actually a form of mind-wandering. So, we expect no increase in
DMN activity during involuntary mind-blanks during a CVT task.
In the case of mind-wandering, FC between FPN and DMN increases (Godwin et al.,
2017; He et al., 2021), which supports the generation of internal thoughts, which is
the opposite of what happens during mind-blanking, in which there is nothing in
mind while remaining awake (Ward & Wegner, 2013). The FPN is associated with
two important memory functions: declarative memory retrievals and updating of
working memory (Borst & Anderson, 2013). These functions seem to be involved in
the mind-wandering phenomenon, which is voluntary by nature. So, it is expected
that FC between FPN and DMN will decrease due to involuntary mind-blanking
during 2-D CVT task.
Coiner et al. (2019) introduced a network called EMN which includes cortical
regions such as ventral precuneus and PCC of DMN, FEF of DAN, LPFC of FPN,
and medial and occipital of VSN. Mind-wandering is associated with eye movements
(Hartmann et al., 2014), and in addition shows different oculometric features than
mind-blanking, except in low arousal (Unsworth & Robison, 2018a). So, it is
expected that FC between EMN and DMN will decrease due to involuntary mindblanking during a 2-D CVT.
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While awake, the brain through local sleep performs sleep-related cognitive
functions, such as cellular maintenance, by giving neurons a break for maintenance
after being activated for long (Vyazovskiy & Harris, 2013). Research by Andrillon
et al. (2019) on ALs and their relation to the local sleep phenomenon which is
different than MS according to the authors, they hypothesised that local sleep could
be used as a model to explain ALs; if local sleep, defined by an increase in delta
and/or theta (slow-wave) activities, happened within DMN will lead to the reduction
of endogenous thoughts, which will cause mind-blanking. So, it is expected that
involuntary mind-blanking will be correlated with the increase of delta/theta EEG
activity within DMN due to local-sleep during 2-D CVT task.
•

Significance: Improving our understanding of the behavioural and physiological
aspects of mind-blanking and getting us a step closer to having accurate
detection/prediction systems.

•

Study Outline: We will use Study C and Study D (Rested), in which momentary
drops in tracking performance with opened eyes (i.e., ALs) were identified by an
expert. We will use fMRI data to perform a voxel-wise analysis to analyse ALs
compared to baseline of good responsive tracking. FEAT (GUI and scripting) from
FSL (Jenkinson et al., 2012) will be used to do the analysis. In addition, ROI analysis
will be performed by analysing the average time series at each region. We will use
fMRI data to perform a FC analysis to analyse ALs and examine the FC when
comparing ALs to the baseline of good responsiveness tracking. CONN (WhitfieldGabrieli & Nieto-Castanon, 2012) will be used to do the FC analysis. We will use
EEG data to perform a source-reconstruction analysis to analyse ALs statistically to
the baseline of good responsiveness tracking. EEGLAB (Delorme & Makeig, 2004)
will be used to do the pre-processing and Fieldtrip (Oostenveld et al., 2011) will be
used to do the source-reconstruction and statistical analysis.

6.4.3 Microsleeps and sleep
Q9: Are microsleeps physiologically different from normal sleep?
•

Hypothesis 9: Microsleeps during a 2-D CVT task are brief instances of sleep but
are physiologically different from normal sleep.

•

Rationale: At a certain level of drowsiness, the state of the brain shifts from
wakefulness to sleep (Poudel et al., 2014), if the sleep state was (<15 s), it is
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considered a MS (Jones, 2011). MS is behaviourally different from normal sleep in
terms of duration. There is a correlation between increased activities in lowfrequency (delta, theta, and alpha) EEG bands and MSs (Peiris et al., 2006), also
sleep (De Gennaro et al., 2001). So, the difference is not so much in the process of
going from wake/drowsiness to sleep (i.e., they have in common the brain’s need for,
and drive to, sleep. Rather, the difference is the reverse process of going from sleep
to wake i.e., a ‘consequence’ centre in the unconscious brain recognizes that the brain
has gone to sleep during an active task and ‘tells’ the brain that it needs to wake up
to continue the task. Hence, the brain initiates a wake-up process to recover
consciousness and, hence responsiveness. Physiological support for this recovery
process was found by Poudel et al. (2014), where there is increased BOLD activity
in several areas of cortex during MSs. Also, while shifting from wakefulness to deep
sleep and slow-wave sleep, a reduction was found in different cortical and subcortical
areas (Kaufmann et al., 2006).
Olcese et al. (2018) found that the brain could perform cognitive functions that are
more related to the awake state of the brain by responding, up to a certain level, to
the sensory stimulations. As beta (Cannon et al., 2014; Schmidt et al., 2019) and
gamma (Carr et al., 2012; Fries, 2009; Melloni et al., 2007; Rouhinen et al., 2013;
Tallon-Baudry, 2009; Windt et al., 2016) are associated with higher cognitive
functions during wakefulness. This indicates that a positive correlation might exist
between MSs and high-frequency (beta and gamma) EEG bands as part of the
recovery process.
•

Significance: Improving our understanding of the physiological aspects of MSs and
getting us a step closer to having accurate detection/prediction systems.

•

Study Outline: We will use Study C and Study D (Rested), in which MSs were
identified by an expert. We will use EEG data to perform a source-reconstruction
analysis to analyse MSs and statistically analyse these sources when comparing MSs
to the baseline of good responsiveness tracking. EEGLAB (Delorme & Makeig,
2004) will be used to do the pre-processing and Fieldtrip (Oostenveld et al., 2011)
will be used to do the source-reconstruction and statistical analysis.
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Project Datasets
This research does not require new data collection as we have the data we need:
•

Two previous studies in the Christchurch Neurotechnology Research Programme
(NeuroTech™) on MSs and ALs which include fMRI plus EEG recordings i.e.,
Study C (Poudel, 2010; Poudel et al., 2010a; Poudel et al., 2014; Poudel et al., 2010b)
and Study D (Innes et al., 2013; Poudel et al., 2012, 2013, 2018), which are
immensely valuable for our research.

However, as a result of using data from our previous studies:
•

Our behavioural gold standard of identifying the lapses events is limited to MSs and
to non-specific ALs — i.e., we are unclear as to whether the ALs are a result of mindblanking or mind-wandering or even MS without eye closure.

•

We have difficulty extracting useful oculometric features due to low-quality eyevideo recordings from camera in MRI scanner.

7.1 Study C
The description of the experiment is in Table 7-1,
Table 7-1 Study C summarized.
Participants

- Twenty healthy participants (10M, 10F).
- Ages between 21 and 45 years (average 29.3 years).
- No history of neurological, psychiatric, or sleep disorders.

Experiment

Before the experiment:
- Participants were required to wear an Actiwatch (Mini Inc. Bend
OR, USA) for the 6 days and 5 nights before the experiment to record
their sleep/wake habits.
- Participants were required to go to bed between 10 PM and 12 AM
daily and sleep for 7.0-8.5 hours.
- In the 4 hours before the session, stimulants, and depressants
(alcohol, coffee, and nicotine) were not allowed.
- Participants were served instant noodles for lunch before the
session.
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- Participants were given earplugs to reduce the high acoustic noise
coming from the scanner, in addition to pads on both sides to
minimize head motion.
Task Description and Signal Acquisition:
- Sessions were held within the timeframe of 1 PM — 4 PM.
- Participants performed 2-D CVT task in which they tracked a disk
on a computer screen using a finger-based joystick for 50 min.
- The whole brains of the participants were imaged simultaneously
using a Signa HDx 3.0 T MRI Scanner (GE Medical Systems, TR 2.5
s) with an eight-channel head coil and 64-ch. EEG (MagLink). In
addition, a video of the right eye was continuously recorded using a
Visible EyeTM system (Avotec Inc.).
Ethical Approval New Zealand South B Regional Ethics Committee
Data from this study were used in previous analyses and publications on MSs: behavioural
(Innes et al., 2010), using fMRI (Poudel et al., 2014; Poudel et al., 2010b), and EEG (Poudel
et al., 2010a; Toppi et al., 2016).

7.2 Study D
The description of the experiment is in Table 7-2,
Table 7-2 Study D summarized.
Participants

- Twenty right-handed healthy participants (10M, 10F).
- Ages between 20 and 37 years (average 24.9 years).
- No history of neurological, psychiatric, or sleep disorders.

Experiment

Before the experiment:
- Participants were required to wear an Actiwatch for the 6 days and
5 nights before the experiment to record their sleep/wake habits.
- Participants were required to go to bed between 10 PM and 12 AM
daily and sleep for 7.0-8.5 hours.
- Participants went to the laboratory three times (one week separates
between each visit). In the first visit, they became familiar with the
experiment protocol, were informed to wear an Actiwatch
(Respironics Inc., PA, USA), and were asked to keep records of their
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sleep habits for the 6 days and 5 nights before each session. They
were asked to record the time of intake of caffeine, alcohol, and food
daily.
- Rested and sleep-restricted imaging sessions occurred in the
second and third visits, their order was counterbalanced between
participants.
- In the week prior to the rested session as well as the week prior to
the sleep-restricted session, participants were required to sleep
normal hours. In the sleep-restricted session, participants were asked
to reduce their time in bed to 4 hours (3:00 - 7:00 AM) in the night
before the scanning.
- After sleep-restriction, participants were asked not to perform any
activity that might affect their safety such as driving. Furthermore,
participants were asked not to consume alcohol, caffeine, and
nicotine in any of the imaging sessions' days.
- On each scanning day, the participants were at the laboratory an
hour prior to the scanning session.
- The records of the Actiwatch and the sleep diary were checked
before each scanning session to confirm that the participants
followed the sleep schedule instructions required for the study.
- A lunch of hot noodles was served to the participants before each
session.
- Participants were given earplugs to reduce the high acoustic noise
coming from the scanner, in addition to pads on both sides to
minimize head motion.
Task Description and Signal Acquisition:
- The sessions started at 1 PM and lasted for one hour and a half.
- In each session (rested and sleep restricted), participants performed
2-D CVT task in which they tracked random continuously moving
disk on a computer screen using a finger-based joystick for 20 min.
- The whole brains of the participants were imaged simultaneously
using a Signa HDx 3.0 T MRI Scanner (GE Medical Systems, TR
2.5 s) with an eight-channel head coil and 64-ch. EEG (MagLink).
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In addition, a video of the right eye was continuously recorded using
a Visible EyeTM system (Avotec Inc.).
Ethical Approval

New Zealand South B Regional Ethics Committee

Data from this study were used in previous analyses and publications on MSs: behavioural
(Innes et al., 2013), and fMRI (Poudel et al., 2012, 2013, 2018).

7.3 fMRI recording
A Signa HDx 3.0T MRI Scanner (GE Medical Systems, Waukesha, WI) was used for
structural and fMRI scanning, see Table 7-3.
Table 7-3 Details of data collected from the MRI scanner.
Image type
T1-weighted

T2*-weighted

Details
•

It is the structural image of the brain with high resolution.

•

TR: 6.5 ms.

•

TE: 2.8 ms.

•

Inversion time (TI): 400 ms

•

FOV: 225x250 mm.

•

Matrix: 512x512.

•

Slice thickness: 1 mm.

•

Number of slices: 158.

•

Scan time: 4.5 min.

•

EPI was used to acquire these functional images.

•

To allow for T1 equilibration, The first five images of each
session were discarded.

•

TR: 2.5 s.

•

TE: 35 ms.

•

FOV: 220x220 mm.

•

Slice thickness: 4.5 mm.

•

Number of slices: 33.

•

Number of volumes: 240.

•

Scan time: 10 min.

P a g e | 7-78

Field map

•

To correct for the EPI distortion, which is caused by the
magnetic field inhomogeneity, this image was acquired per
subject.

•

Echo spacing: 700 µs.

•

TR: 580 ms.

•

TE: 6.0 ms and 8.2 ms.

7.4 EEG recording
Continuous EEG was acquired using a Neuroscan Maglink cap (64 Channel), SynAmps2
amplifiers, and Scan 4.4 software (Compumedics Neuroscan, Charlotte, NC, USA), in
addition the following were recorded:
•

Vertical EOG using Ag-AgCl bipolar electrodes that were placed above and below
the left eye.

•

Bipolar chest ECG and pulse oximetry.

7.5 Eye-video recording
Eye-video was captured using a Visible Eye™ system incorporating a fibre-optic camera
(Avotec Inc., Stuart FL, and USA). The video was recorded on a PC at 25 fps using custom
software.

7.6 Task
To sample visuomotor response with high temporal resolution (60 Hz), a 2-D CVT task was
used, see Figure 7-1.

Target disc

Tracking disc

Figure 7-1 2-D Continuous visuomotor tracking (CVT) task (from Poudel et al., 2008).
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The subjects were asked to keep track of a target continuously moving on a computer screen,
based on a pseudo-random 2-D pattern, and with no flat spots. Seven sinusoids, whom
frequencies were evenly spaced from 0.033 to 0.231 Hz, were added to generate the
horizontal and vertical components of the target. Then to fit the 1024 x 760 pixels resolution
screen, the target amplitude was scaled. This produced a 2-D periodic target trajectory (T =
30 s) with a velocity range of 63–285 pixels/s (Poudel et al., 2008). The tracking task was
presented via SV-7021 fibre-optic glasses (Avotec, Stuart, FL, USA) at a resolution of 1024
x 768 pixels and an 18 x 13° field of view. The target disc was 0.7°, and response disc was
0.6° of visual angle in diameter.

7.7 Events rating
By means of video recording of the right eye of each subject, the behavioural data from each
study were rated to as follows (Poudel, 2010):
7.7.1 Microsleeps
1- Definition: A MS is a brief (≲ 15 s) involuntary lapse in consciousness in which a person
has a suspension of performance and falls asleep momentarily.
2- Operational: (1) flat/incoherent tracking > 500 ms [nearly all flat during at least part of
event], full or partial phasic eye closure, except for blinks, and clear behavioural
indications of drowsiness/sleepiness. If this event’s duration exceeds 15 s, it is
considered a sleep episode.
7.7.2 Attention lapses
An AL is a lapse in responsiveness in which performance is completely disrupted but
consciousness is retained. There are two primary types of AL:
Lost-attention lapse (Mind-blank)
1- Definition: A lost-AL is a lapse in which there is a loss of conscious attentional focus
but with no loss of consciousness. They include ‘mind-blanks’ and ‘auto-pilots’ but don’t
necessarily correspond to complete losses of attention – i.e., a level of subconscious
attention is retained (e.g., driving on autopilot). They appear as complete brief cessations
of performance on tasks with continuous stimuli or as substantially delayed responses on
tasks with intermittent stimuli.
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2- Operational: (1) flat/incoherent tracking > 500 ms, (2) no phasic eye closure other than
normal blinks, (3) not directly related to level of arousal and, hence, can occur when
being alert, fatigued, or drowsy.
Diverted-attention lapses
1- Definition: A diverted AL is a lapse in which attentional focus is retained but which has
been diverted onto something other than the primary task. There are two sub-types of
diverted-ALs: (1) internal/endogenous distraction (mind-wandering) – e.g., thinking
about something else, and (2) external/exogenous distraction – e.g., looking at the radio
while driving.
2- Operational: (1) flat/incoherent tracking > 500 ms, (2) no phasic eye closure other than
normal blinks, and (3) not directly related to the level of arousal and, hence, can occur
when being alert, fatigued, or drowsy. Either (A) extended gaze away from the task
(exogenous distraction), or (B) minimal eye movement (endogenous distraction)
(difficult to differentiate from a lost-AL).
7.7.3 Drowsiness-related impaired-responsiveness events (DIREs)
1- Definition: A distinct drowsiness-related transient reduction – but not complete loss – of
performance.
2- Operational: (1) epoch of very poor, but not incoherent, tracking relative to baseline
tracking for > 500 ms, and (2) full or partial phasic eye closure, except for blinks.
7.7.4 Voluntary behaviour impacting performance (VBIP)
1. Definition: A voluntary behaviour which adversely impacts performance.
2. Operational: (1) can be fatigue-related (e.g., voluntary eye closure [excluding
blinks], rubbing eyes, squeezing eyes shut), (2) can be non-fatigue-related (e.g.,
sneezing, cramp in hand), (3) usually flat/incoherent tracking > 500 ms but can be
partially compensated for via predictive motor planning, (4) clearly voluntary (e.g.,
temporary relief from fatigue).

7.8 Events of interest in studies
7.8.1 Attention lapses
7.8.1.1 Study C
•

Duration (mean, range): (2.14, 0.52 – 8.13) s.

•

Total number of events: 68
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•

Total number of subjects with ALs: 16 out of 20.

7.8.1.2 Study D (Rested)
•

Duration (mean, range): (1.52, 0.53 – 3.2) s.

•

Total number of events: 29

•

Total number of subjects with ALs: 11 out of 20.

7.8.2 Microsleeps
7.8.2.1 Study C
•

Duration (mean, range): (3.6, 0.52 – 14.4) s.

•

Total number of events: 1314

•

Total number of subjects with MSs: 14 out of 20.

7.8.2.2 Study D (Rested)
•

Duration (mean, range): (2.5, 0.72 – 9.72) s.

•

Total number of events: 319

•

Total number of subjects with MSs: 11 out of 20.
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fMRI Voxel-Wise Analysis of Attention Lapses
8.1 Introduction
In this chapter, fMRI data were used to answer hypotheses 1 and part of 8. The aim was to
reveal the changes in activity in regions from the whole brain. Voxel-wise and group ICA
were performed. The chapter is structured as follows: the analysis pipelines were first
introduced, then the results of each analysis, and finally, the findings were discussed, and
hypotheses were answered.

8.2 Method
8.2.1 Data
To increase the statistical power, the combination of the two studies was necessary. Study C
fMRI tracking data were split into two runs (25 min each) because of the machine limitations,
both runs represent the same session. Only subjects who had at least 2 ALs per run were
considered for analysis from each study. Study C only had 11 subjects who experienced at
least two ALs (62 ALs) with an average duration of 1.82 (0.52—8.13 s.). Study D had rested
and sleep-deprivation sessions, but we only focused on the rested session. The same selection
criteria to was applied to Study D rested session, where the subjects who had corrupted data
were rejected, there were 6 subjects (23 ALs) with an average duration of 1.6 (0.53—2.72
s.). Combining two studies resulted in a total number of 17 subjects and a total number of
85 ALs with a mean duration of 1.74 s (0.52-8.13 s).
8.2.2 Voxel-wise analysis
Voxel-wise analysis was done using FEAT v6.00 from FMRIB’s software library (FSL)
(Jenkinson et al., 2012) available at (www.fmrib.ox.ac.uk/fsl).
8.2.2.1 Pre-processing and denoising
Motion correction in our analysis was done using the toolbox MCFLIRT (Jenkinson et al.,
2002), which linearly registers all functional volumes in a run to the middle one. Brainextraction step was performed using BET (Jenkinson et al., 2005; Smith, 2002). We could
not perform distortion correction as most of the field map images were not available.
A 5-mm spatial smoothing, was chosen according to Jenkinson and Chappell (2018), as
approximately 1.5-2 times the voxel size, which is the length of any side of the isotropic
voxel, is preferred to balance between SNR and being able to find significant activity in
small regions. The 100-s was chosen for the temporal filtering. Based on Zarahn et al. (1997)
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and Mitra and Pesaran (1999); 100 s is sufficient to remove low frequency noise, but not
remove frequency components related to the task, in which the target pattern repeats every
30 s.
Through FEAT, MELODIC ICA (Smith et al., 2004) was used to perform the denoising of
fMRI BOLD signals. The noise components were identified through visual inspection
(Griffanti et al., 2017; Kelly et al., 2010; Salimi-Khorshidi et al., 2014). ICA-AROMA
(Pruim et al., 2015), which is a toolbox capable of automatically identifying noise
components caused by head movements, was used to visually inspect and validate the
components labelled for rejection. The noisy components removal was repeated twice, as
recommended by Caballero-Gaudes and Reynolds (2017), which is more efficient in
revealing all noise components. Slice time correction was done after the denoising step to
detect any motion occurred between slices and remove it (Caballero-Gaudes & Reynolds,
2017).
8.2.2.2 Registration
Registration between functional and structural images was done using FMRIB’s linear image
registration tool (FLIRT) (Jenkinson et al., 2002; Jenkinson & Smith, 2001) using a rigidbody transformation — 6 DOF, which includes 3 rotations, and 3 translations. The FEAT
default MNI152-2 mm was used as a standard space. The linear registration between
structural images and MNI was carried out using FLIRT with 12 (affine) DOF. The
normalization step between functional images and MNI was done through FEAT by
transferring the 4-D images to standard space.
8.2.2.3 Statistical analysis
To test the hypotheses, statistical analyses were performed. Data from studies C and D were
combined, as they were collected from the same MRI machine with exactly the same setup,
and the subjects were doing the same task under the same conditions.
First-level analysis
The GLM model was built in this stage for each run per subject. The comparison conditions
were set up to compare ALs versus the baseline of good tracking, also verses MSs, see Figure
8-1. Also, this model accounted for all the explanatory variables and other parameters
determined by the experimenter. In the analysis of ALs, MSs, DIREs, Sleep, ALs, and VBIP,
and their temporal derivatives were accounted for (Woolrich et al., 2001).
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In addition, task-related parameters such as: target speed-variability (63–285 pixels/s), poorresponsive tracking, as defined below, and their temporal derivatives were accounted for,
see Figure 8-2.
•

The target speed-variability regressor is the tracking-target related speed-variability,
the regressor was calculated as follows: the average target speed-variability during
each TR (2.5 s) was calculated using a moving-window of 2.5 s without overlap, then
the average target speed-variability time-series was scaled to a unit height. This
regressor was accounted for to remove the effect of changing the target speed from
the baseline.

•

The poor-responsive tracking regressor is based on the error of tracking response
relative to the target, the tracking error was calculated based on the following formula
at each time point.
Tracking error = √(YTar − YRes )2 + (XTar − XRes )2
The regressor was calculated as follows: (1) the average tracking-error during each
TR (2.5 s) was calculated using a moving-window of 2.5 s without overlap, (2) the
average tracking-error time series was scaled to a unit height, (3) the regressor, which
is a binary array having a value of one during poor tracking, was defined using a
threshold calculated based on tracking error in the first 2 min of the session. This
threshold is the mean tracking error of the first 2 min plus two standard deviations of
the tracking error in the first 2 min. This aids in comparing the event of interest
against the durations of only good responsive tracking.

Figure 8-1 Contrasts setup, which determines the comparisons made.
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Figure 8-2 Design matrix of the first-level stats analysis. The regressors in the model are:
behavioural microsleeps (BM), Target-speed-variability, voluntary behaviour impacting
performance (VBIP), attention lapses (AL), drowsiness-related responsiveness events (DIRE), Sleep,
and Bad tracking.

Second-level analysis
This step was an intermediate stage to average the runs per subject where there was more
than one run (Woolrich et al., 2001). This was applied to subjects from Study C who had
ALs in two runs.
Group-level analysis
The last step was to average over all subjects (Woolrich et al., 2004a). As we were interested
only in the GM of the brain, a segmentation step was applied to the BOLD images from the
second-level stage using FAST (Zhang et al., 2001). The test for significance was done using
permutation test via Randomise (Winkler et al., 2014a), which is nonparametric (Nichols &
Holmes, 2002). Nonparametric methods have been shown to outperform parametric ones
under varying smoothness, thresholds, and degrees of freedom (Hayasaka & Nichols, 2003;
Holmes et al., 1996; Thirion et al., 2007). After performing the permutation test, correction
for multiple comparisons was applied using TFCE at p < 0.05 (two-tailed) to determine the
activation and deactivations regions (Friston et al., 1995; Worsley, 2001). This step was done
using scripting of FSL’s Randomise function. Based on online documentation of the
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Randomise function, with less than 20 subjects in the group analysis, like our case of 17
subjects, then variance smoothing of 5 should be applied.
8.2.3 Group-level ICA analysis
In addition to voxel-wise analysis, which when corrected for multiple comparisons reduces
the chances of getting significant results, we analysed the group ICA for the subjects of
interest. Then we used spatial correlation to match the resulting components to the networks
of interest (if any). Then we checked the significance of each component. To do that we used
MELODIC toolbox v3.15 (Beckmann et al., 2005; Beckmann & Smith, 2004, 2005) from
FSL. The analysis was done for the 17 subjects of interest in the combined studies.
8.2.3.1 Pre-processing and registration
Pre-processing was done based on section 8.2.2.1 and registration based on section 8.2.2.2
for the combined studies through FSL.
8.2.3.2 Group independent components
We visualized different numbers of ICs (10, 15, 20, 25, and 30), and after visual inspection
of each level, and the spatial correlation of the ICs with different resting-state networks of
CONN (Whitfield-Gabrieli & Nieto-Castanon, 2012), 25 ICs were chosen as the best
representation of networks.
8.2.3.3 Dual-regression
To estimate each subject’s spatial maps out of the group-level ICs, dual regression was
applied to the group average ICs (Beckmann et al., 2009; Nickerson et al., 2017).
8.2.3.4 Statistical analysis
A GLM was created for each subject to see which components were significant under the
contrasts made. Then, for the group-analysis, permutation testing was done using Randomise
to test for significance, this step gave us a t-value for each IC which was then converted to
p-value for the next step. The p-values from all ICs were corrected for multiple comparisons
using FDR (Benjamini & Hochberg, 1995; Benjamini & Yekutieli, 2001).

8.3 Results
8.3.1 Voxel-wise group-level analysis
This analysis was done to discover the neural signature of ALs relative to the baseline of
good tracking. In addition, ALs were compared to MSs.
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8.3.1.1 Attention lapses versus baseline of good tracking
The group analysis of ALs versus baseline of good tracking revealed only activations, see
Table 8-1 and Figure 8-3.
Table 8-1 Significant clusters of increased BOLD activity during attention lapses.
Cluster

Voxels

1

199

Z-MAX MAX X (mm) MAX Y (mm) MAX Z (mm)
3.49

8

8

38

Figure 8-3 Group-level significance result of the increased BOLD activity for attention lapses versus
the baseline of good responsive tracking. The cluster is labelled in MNI coordinates. The activities in
the cluster are circled in green for axial, sagittal, and coronal slices.

The Atlasquery toolbox was used to report brain regions related to the cluster following
Randomise. The Harvard-Oxford cortical atlas was the reference, and only major regions
that contributed to more than 50% of the cluster were reported in Table 8-2.
Table 8-2 Regions forming clusters of increased BOLD activity during attention
lapses.
Clusters

Regions

Lobe

Side

1

Juxtapositional Lobule Cortex (formerly Supplementary

Frontal

L,R

Frontal

L,R

Motor Area)
Cingulate Cortex, anterior division
8.3.1.2 Attention lapses versus microsleeps
The one-sample t-test group analysis for ALs versus MSs did not reveal any significant
results.
8.3.2 Group ICA analysis
Group-level ICA analysis was done to discover the neural signature of ALs relative to
baseline of good tracking. In addition, ALs were compared to MSs.
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8.3.2.1 Attention lapses versus baseline of good tracking
The group analysis for ALs versus the baseline of good tracking was done using Randomise,
it did not reveal any significant results after correction for multiple comparisons using FDR
correction over the ICs. However, it revealed a trend of activation in one IC with a t-value
of 2.477.
After spatially correlating the IC with resting state networks (DMN, DAN, FPN, SN, VSN,
and SMN) from CONN, we found a correlation of 0.25 between the IC and SMN, see Table
8-3 and Figure 8-4,
Table 8-3 Clusters representing a trend of increased BOLD activity during attention
lapses from group ICA.
Cluster

Voxels

Z-MAX MAX X (mm) MAX Y (mm) MAX Z (mm)

1

9597

7.64

54

6

24

2

3570

7.28

-44

4

26

Figure 8-4 Group-level trend of activity change of increased BOLD activity for attention lapses
versus baseline of good responsive tracking within two clusters representing one independent
component. The clusters are labelled in MNI coordinates.

The Atlasquery toolbox was used to report brain regions related to each cluster following
Randomise. The Harvard-Oxford cortical and subcortical atlases were the reference, and
only major regions that contributed to more than 50% of each cluster are reported in Table
8-4.
Table 8-4 Regions forming clusters representing a non-significant trend of increased
BOLD activity within an IC during attention lapses.
Clusters
1

Regions

Lobe

Side

Precentral Gyrus

Frontal

L

Postcentral Gyrus

Parietal

L
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2

Supramarginal Gyrus, anterior division

Parietal

L

Inferior Frontal Gyrus, pars opercularis

Frontal

L

Central Opercular Cortex

Parietal

L

Parietal Operculum Cortex

Parietal

L

Caudate

Subcortical

L

Precentral Gyrus

Frontal

R

Postcentral Gyrus

Parietal

R

Supramarginal Gyrus, anterior division

Parietal

R

Inferior Frontal Gyrus, pars opercularis

Frontal

R

Central Opercular Cortex

Parietal

R

Parietal Operculum Cortex

Parietal

R

Putamen

Subcortical

R

8.3.2.2 Results of attention lapses versus microsleeps
The group analysis, done using randomise, for ALs versus MSs did not reveal any significant
results after correction for multiple comparisons over the ICs using FDR correction.

8.4 Discussion
The neural signature of ALs during 2-D CVT task has been investigated in the combined
studies. Our results revealed activation in one cluster (Figure 8-3 and Table 8-1). The regions
dorsal ACC and SMA, found by voxel-wise analysis, fell partially within 2 brain networks:
SN and SMN. We also found the insignificant IC from the group ICA analysis to be spatially
correlated with SMN (Table 8-3, Table 8-4, and Figure 8-4). No deactivations were found.
In terms of duration of the ALs, 27 subjects had an average duration of 1.98 s, with a
minimum duration of 0.51 s and a maximum of 8.13 s. Hence, the majority (78%) of ALs,
were shorter than the TR (2.5 s) of the fMRI. In our fMRI analysis, a total of 17 subject were
included, each with at least 2 ALs. The total number of ALs was 85 with an average duration
of 1.74 s.
An AL is considered a state of complete loss of performance associated with the process of
decoupling (Schad et al., 2012; Smallwood & Schooler, 2015). This decoupling process will
result in disconnecting attention from the external environment (performing the task), and
either divert the attention internally, in the case of mind-wandering (Berthié et al., 2015), or
lose the attention completely, in the case of mind-blanking (Ward & Wegner, 2013). This
behavioural change is reflected in physiological changes in several brain networks.
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Performing the task requires external attention which is associated with activation in DAN
(Fox et al., 2006; Fox et al., 2005; Vossel et al., 2014). Also, shifting attention internally to
focus on spontaneous thoughts (mind-wandering) (Andrews-Hanna, 2012; Andrews-Hanna
et al., 2010; Mason et al., 2007) is correlated with the increased activity in DMN, and DMN
activity was shown to be associated with spontaneous thoughts (Wang et al., 2009), which
indicates the involvement of memory. In addition, voluntary mind-blanking (intentionally
freeing the mind from thoughts) is associated with activation of ventral ACC and medial
prefrontal cortex (mPFC) of DMN (Kawagoe et al., 2019). However, the memory processes
are more likely not to be involved in involuntary mind-blanking (Efklides & Touroutoglou,
2010; Moraitou & Efklides, 2009). So, we expected to see a decreased activity in DAN due
to ALs, and no change in activity in DMN due to involuntary mind-blanks.
Limitations of our analysis, (1) low statistical power, (2) we did not know whether ALs were
mind-wandering or mind-blanking or a mixture of both, and (3) the average duration of ALs
was less than the TR of fMRI. The task we used in both studies was a 2-D CVT task, in
which the subjects were asked to track with a finger joystick, which implies that participants
used their fingers, while inside an MRI (Poudel et al., 2008) for 50 min in Study C and 20
min in Study D. This task is both monotonous, as the pattern of the task is repeatable, and
fatiguing, as it requires continuous performance at a high level. We did not use a thought
probe technique to estimate the type of AL, but used observations of simultaneous tracking
performance and eye-video recording for each subject. A human expert labelled these lapses
into multiple categories including MSs and ALs.
Our analysis did not reveal any significant changes in either DMN or DAN. However, a
significant activity increase was found in two regions: dorsal ACC which is part of SN, and
SMA which is part of SMN. Increased activation in SMA is associated with the finger
movement (Shibasaki et al., 1993; Wildgruber et al., 1997) and both preparation and
execution of eye movement (Coiner et al., 2019), which is the case in our task as the subjects
use their fingers for tracking. Bogler et al. (2017) supported this by concluding that
activation in the SMA is unlikely to reflect task-unspecific vigilance. In addition, Kawagoe
et al. (2019) found a decrease in activity in SMA due to voluntary mind-blanks which is the
opposite of what we found, this supports that our ALs are more likely to be involuntary
mind-blanks.
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Activation in the dorsal ACC is associated with brief ALs (Weissman et al., 2006), as it is
responsible for bringing attention back to the normal state (Banich et al., 2000; MacDonald
et al., 2000; Paus, 2001; Weissman et al., 2005), which is performing the task in our case
which involve oculomotor control (Coiner et al., 2019), after the drop in attention that
happened because of the AL. Altogether, our results were not, possibly because of the
temporal limitation, related to the duration of the ALs, but more likely to be after ALs, which
would explain finger planning to continue performing the task by finding an increased
activity in SMA. Increased activation in SN is also associated with low performance
(Esterman et al., 2013; Esterman et al., 2014).
Given that the average duration of ALs was less than the TR of the fMRI, some of the
changes due to ALs are more likely not to be revealed. Also, the low statistical power might
have affected finding significant changes in DAN and DMN. However, our significant
finding is still associated with ALs, decoupling from external task, and the cessation of
performance in general. In addition, no significant deactivation was found in any brain
region. This might be due to the low statistical power, and the short average duration of ALs
compared to the TR of MRI which might cause the fMRI not to be able picking any signature
of ALs in the deactivation side.
Group ICA did not reveal any significance, however, after correction for multiple
comparisons, there were a trend of increased activity in one IC, which was spatially
correlated with SMN. Which supports the idea that what we found is more likely to be related
to what happen after the AL.
We hypothesized in this chapter: during endogenous ALs in a 2-D CVT task there will be
lower neural activity in DAN. Also given the literature of mind-wandering and voluntary
mind-blanks, there will no change in activity in DMN if ALs were due to involuntary mindblanks. Based on our lack of voxel-wise and group ICA findings, we found no evidence to
accept Hypothesis 1, however, we partially accept Hypothesis 8. We also did not find any
physiological evidence that ALs are different from MSs.

8.5 Summary
This chapter started by describing the data used to analyse ALs, then introducing the analysis
pipeline in detail for both voxel-wise and group ICA starting by pre-processing, coregistration and normalization, and finally first-level and group-level statistical analyses.
Two Hypotheses (H1 and part of H8) was explored in this chapter, H1 could not be accepted
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based on findings, but H8 was partially accepted. In addition, no evidence was found through
testing the DMN activity to associate the ALs in our task with mind-wandering or voluntary
mind-blanks. However, our significant findings were discussed in the light of literature and
how they relate to ALs.
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Haemodynamic Response ROI Analysis for
Attention Lapses
9.1 Introduction
In the previous chapter, voxel-wise analysis was performed on the whole brain to reveal the
brain regions associated with ALs. According to the hypotheses, we expected to see decrease
in activity in DAN, in addition, an increase in activity in DMN if ALs were due to mindwandering or voluntary mind-blanks. However, there was no significant change in either of
these networks. In this chapter, ALs were further analysed and the focus is on the dynamics
of the HR in spherical ROIs, rather than the whole brain.

9.2 Method
9.2.1 Analysis data
Same as section 8.2.1.
9.2.2 Pre-processing and registration
The pre-processing was done as in section 8.2.2.1 and registration as in section 8.2.2.2 for
the combined studies through FSL.
9.2.3 Haemodynamic response analysis
The pre-processed, denoised, and registered-to-MNI BOLD images from each subject were
used. Binary spherical masks of 10-mm radius (515 voxels) were created around coordinates
that represented each region. These coordinates were based on the literature of ALs (Fox et
al., 2015; Kawagoe et al., 2019; Mittner et al., 2014; Rosenberg et al., 2015) following a
recommendation from Poldrack (2007) and Mumford (2012) on how to choose the ROIs –
see Table 9-1. The processed functional images and spherical masks were used to generate
average time series of all of the voxels within each mask, per ROI for each subject. The
average of the time series was converted to percentage (Liu et al., 2017). The regressors
(MSs, DIRE, VBIP, and Sleep) and the confounds (Target Speed and Bad Tracking) were
first convolved with a canonical HRF from SPM toolbox, then regressed out of the average
time series. The onsets of ALs were synchronized at t = 0 s, and windows of -20 s to 20 s
were clipped around the onsets. These windowed ALs were then averaged per subject for
each ROI. Finally at each time point (2.5 s spacing), the median of the average ALs time
series (-20 s to 20 s) over all subjects was calculated, in addition to the first and third
quartiles.
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To explore the change of the median HR of ALs at each ROI, a permutation test was
performed, in which the median HR of ALs at each ROI was compared to random events.
The same process used to generate the percentage time series of ALs was followed, but with
random events (i.e., not synchronized with AL onsets). For each subject, 2000 (number of
permutations) random time series were generated. Then 2000 medians were calculated over
subjects to be statistically compared to the median of ALs for each time point (-20 s to 20 s
with a step of TR) (Winkler et al., 2014a), and a p-value was calculated at each time point.
These p-values were not corrected for multiple comparisons; hence, we used a threshold of
p < 0.01 as a measure of trend of change. For visualization, the median of ALs (plotted in
red) was overlaid on the 2000 medians of random events (plotted in grey). This process was
done for each ROI separately.
We focused primarily on the 5-s after the onset of the AL, as, according to Lindquist and
Wager (2007), the peak of the HRF occurs approximately 5-s after the onset of the event
(impulse or step).
Table 9-1 MNI coordinates of the region of interest used based on attention lapses
literature.
Network

DMN

DAN

FPN

SN

Region

Max-X (mm)

Max-Y (mm)

Max-Z (mm)

PCC

-1

-55

26

Medial PFC

0

60

-5

Precuneus

-8

-56

39

Left IPL

-46

-72

25

Right IPL

56

-51

33

Left IPS

-60

-36

40

Right IPS

59

-35

41

Left FEF

-32

1

49

Right FEF

32

0

50

Left PPC

-46

-58

49

Right PPC

52

-52

45

Left DLPFC

-37

38

23

Right DLPFC

38

42

15

Dorsal ACC

8

8

38

Ventral ACC

-2

42

0
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9.3 Results
9.3.1 Haemodynamic response analysis of the significant voxel-wise cluster
To visualize the time series of ALs found in the significant cluster (199 voxels) resulted from
the voxel-wise analysis, we used the binary mask of the cluster. The time series of the
significant cluster is shown in Figure 9-1. As expected, the maximum peak was at the 5-s
time point, and had a p-value at the threshold 0.01.

Figure 9-1 Average of haemodynamic response in significant regions during attention lapses.

9.3.2 Haemodynamic response analysis of the regions of interest
To investigate hypotheses 1 and 8 further, we looked at the trend of change of the HR timeseries in the brain ROI of DMN in Figure 9-2, DAN in Figure 9-3, FPN in Figure 9-4, and
SN in Figure 9-5. DMN was represented by medial PFC (MPFC), PCC, Precuneous, and
right and left IPL. DAN was represented by right and left FEF and right and left IPS. While
FPN was represented by right and left posterior parietal cortex (PPC), and right and left
dorsolateral-prefrontal cortex (DLPFC). Finally, SN was represented by dorsal and ventral
ACC.
For DMN, only left IPL had p-values less than the p = 0.01 threshold at -15 s (p = 0.008)
and -12.5 s (p = 0.005), where the HR had a trend of increase. DAN showed a trend of
increase in HR around 7.5 s in left IPS (p = 0.004). FPN showed a trend of decrease at -2.5
s (p = 0.009) in the right PPC. Finally, the dorsal ACC of SN, which has the same peak
coordinates as the significant cluster, showed a trend of increased HR at 5 s (p = 0.002) and
7.5 s (p = 0.001).
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Figure 9-2 Average of haemodynamic response in regions of default mode network during attention
lapses.
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Figure 9-3 Average of haemodynamic response in regions of dorsal attention network during
attention lapses.
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Figure 9-4 Average of haemodynamic response in regions of frontoparietal network during
attention lapses.

Figure 9-5 Average of haemodynamic response in regions of salience network during attention
lapses.
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9.4 Discussion
In the previous chapter, voxel-wise analysis did not reveal any significant changes in HR in
either DMN or DAN. However, a significant increase in activity was found in a small cluster
which partially included two regions: posterior/dorsal ACC and interior SMA based on the
Harvard-Oxford atlas. To explore further, we looked at trends of dynamic changes in the
BOLD time-series in the spherical ROI in both DMN, DAN and SN, in addition to FPN. We
also further explored our findings by looking at the significant voxel-wise cluster in SN.
Based on Lindquist and Wager (2007), BOLD changes due to HRF should be seen from 5
to 10 s after the onset, where the onset of ALs is at 0. As expected, there was an increased
HR around the 5-s timepoint in the significant cluster. The time series of the left IPL of DMN
showed a trend of change at around 15-s before the onset of ALs. In contrast, a substantial
increase in activity would have been expected if the AL was due to mind-wandering
(Andrews-Hanna, 2012; Andrews-Hanna et al., 2010; Mason et al., 2007). Increased activity
in DMN has been associated with a voluntary “think-of-nothing” mind-blanking state
(Kawagoe et al., 2019). On the other hand, mind-blanks are more likely to be represented by
involuntary “nothing-in-mind” state in which it is considered there is no memory recall
(Ward & Wegner, 2013). This indicates that all, or at least the majority, of the ALs seen in
our 2-D CVT task were more likely to be due to involuntary mind-blanks. The lack of any
substantial increase in activity during ALs also indicates that DMN is most likely not
involved in involuntary mind-blanking.
An increased HR 15 s prior to the onset in the left IPL, where left IPL is associated with
sensorimotor processing and spatial cognition (Wang et al., 2017), is an important finding.
Increased activation in DMN at a substantial number of seconds prior to loss of
responsiveness indicates that ALs may result from a process that begins prior to the AL
(Smallwood, 2011).
The left IPS in the DAN had a trend of increased HR 7.5 s. The relation between the
increased activity of DAN and external attention is well established (Fox et al., 2006; Fox et
al., 2005; Vossel et al., 2014). This indicates that activity in part of the DAN increases after
the onset to assist or reflect the process of coming out of the AL. DMN activity, which is
positively associated with mind-wandering (Andrews-Hanna, 2012; Andrews-Hanna et al.,
2010; Mason et al., 2007) and voluntary mind-blanking (Kawagoe et al., 2019), has been
shown to be anticorrelated with the activity of DAN, at least in some circumstances (Chai et
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al., 2012; Esposito et al., 2018). However, the literature has contradictory findings regarding
DAN during mind-wandering: DAN can show increased activity (Christoff et al., 2009;
Groot et al., 2021; Mittner et al., 2014), but also decreased activity (Mittner et al., 2016).
Also, the literature shows that DAN can have increased activity in cases when task
performance is low (Esterman et al., 2013; Esterman et al., 2014; Kucyi et al., 2017). Our
physiological findings in DMN and DAN, together with behavioural characteristics,
indicates that it is highly unlikely that the ALs seen in our 2-D CVT task were due to mindwandering.
The dorsal ACC (part of SN) showed a trend of increased HR activity at 5 s and 7.5 s.
Increased activation in dorsal ACC is associated with brief ALs (Weissman et al., 2006), as
the dorsal ACC is responsible for helping regain focused attention (Banich et al., 2000;
MacDonald et al., 2000; Paus, 2001; Weissman et al., 2005), which, in our case, is
performing the 2-D CVT task, after losing attention due to the AL. In contrast, the ventral
ACC, which is associated with “think-of-nothing” voluntary mind-blanking state (Kawagoe
et al., 2019), did not show any trend of HR activity change around the 5-s timepoint, which
appears to reflect the key difference between our involuntary ALs and the volitional ALs
investigated by Kawagoe et al. (2019).
The FPN is core to the decoupling process (Dixon et al., 2018; Macaluso & Doricchi, 2013;
Spreng et al., 2010), as it sustains attention internally by connecting to DMN in the case of
mind-wandering (Godwin et al., 2017; He et al., 2021), or externally by connecting to DAN.
There was a trend of decrease in HR activity around the -2.5-s timepoint. Given that FPN is
associated with the regulation of the change from external to internal and vice versa, finding
a trend of drop in HR may before the onset of ALs indicate that FPN is not associated with
these ALs in case they are due to mind-wandering. Also, may indicate that FPN is
contributing to decoupling process due to ALs, as FPN is associated with the coordination
of visuospatial attention (Lückmann et al., 2014; Marek & Dosenbach, 2018; Scolari et al.,
2015).
In terms of limitations, we could not directly compare results from mind-wandering and
mind-blanking as we do not have distinct behavioural gold standards of these. Also, given
that the average duration of ALs (1.74 s) was less than the TR (2.5 s) of the fMRI, some
changes due to ALs were less likely to have been revealed. Also, low statistical power due
to relatively low numbers of subjects and ALs, and relatively small effect sizes of changes
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in BOLD activity could well have adversely affected finding significant changes in all of the
ROIs investigated via dynamic HR analysis.

9.5 Summary
This chapter introduced further analysis of ALs to investigate ROIs in networks of particular
interest. It started by describing the analysis pipeline in detail for HR analysis after following
the same procedure for pre-processing, co-registration and normalization used in the voxelwise analysis. This chapter has revealed 2 important trends of activity changes that indicates:
(1) ALs are more likely being involuntary mind-blanks rather than mind-wandering or
voluntary mind-blanks (first to be shown in a continuous task) and (2) increased activity in
DMN (left IPS) is more likely to provide a biomarker predictive of, and substantially
preceding, an impending AL.
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fMRI Functional Connectivity Analysis of
Attention Lapses
10.1 Introduction
In this chapter, fMRI data were used to answer hypotheses 2 to 6, and parts of 8. The aims
were to (i) investigate changes in functional connectivity of endogenous ALs versus the
baseline of good responsive tracking within and between the networks of interest, predefined in CONN: DMN, DAN, FPN, VSN, SMN, and SN, and (ii) reveal evidence in
support of whether the ALs were mind-wandering or mind-blanking. In addition, the predefined networks: WMN (Piccoli et al., 2015) and EMN (Coiner et al., 2019) were also
examined, see Table 10-1. A total of 17 subjects and 85 ALs with an average duration of
1.74 s from Studies C and D were used in this analysis.
Table 10-1 Regions within network of interest.
Network

State

DMN

Medial PFC (1, 55, -3)
Left lateral parietal cortex (LPC) (-39, -77, 33)
Right LPC (47, -67, 29)
PCC (1, -61, 38)

DAN

Left FEF (-27, -9, 64)
Right FEF (30, -6, 64)
Left IPS (-39, -43, 52)
Right IPS (39, -42, 54)

FPN

Left LPFC (-43,33,28)
Left PPC (-46, -58, 49)
Right LPFC (41, 38, 30)
Right PPC (52, -52, 45)

VSN

Visual medial cortex (VMC) (2, -79, 12)
Visual occipital cortex (VOC) (0, -93, -4)
Left visual lateral cortex (VLC) (-37, -79, 10)
Right VLC (38, -72, 13)

SMN

Left sensorimotor lateral cortex (SLC) (-55, -12, 29)
Right SLC (56, -10, 29)
Sensorimotor superior cortex (SSC) (0, -31, 67)
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SN

ACC (0, 22, 35)
Left anterior insula (AInsula) (-44, 13, 1)
Right AInsula (47, 14, 0)
Left rostral PFC (RPFC) (-32, 45, 27)
Right RPFC (32, 46, 27)
Left sensorimotor gyrus (SMG) (-60, -39, 31)
Right SMG (62, -35, 32)

WMN

Left LPFC (-43,33,28)
Right LPFC (41, 38, 30)
Left IPS (-39, -43, 52)
Right IPS (39, -42, 54)

EMN

PCC (1, -61, 38)
Left LPFC (-43,33,28)
Right LPFC (41, 38, 30)
Left FEF (-27, -9, 64)
Right FEF (30, -6, 64)
VMC (2, -79, 12)
VOC (0, -93, -4)

10.2 Method
10.2.1 Analysis tool
CONN-fMRI v20b (http://www.nitrc.org/projects/conn) software (Whitfield-Gabrieli &
Nieto-Castanon, 2012) was used.
10.2.2 Pre-processing and registration
CONN, which is a SPM (Ashburner, 2012) based software, uses SPM to do the preprocessing. So for consistency, the same pre-processing and registration parameters were
used as in 8.2.2.1 and 8.2.2.2. The following pre-processing pipeline was used, which
included: motion correction, spatial smoothing using a Gaussian kernel with a full-width-athalf maximum of 5 mm, temporal filtering at 100 s (0.01 Hz), slice-time correction,
functional to structural registration at 6 DOF, and using MNI as the atlas.
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10.2.3 Subject (1st-level) analysis
10.2.3.1 Denoising
To reduce noise, CONN uses the anatomical CompCor approach (Behzadi et al., 2007).
Segmentation to identify the WM and CSF from the structure images of the subjects, then
CompCor via principal components analysis extracts 5 components each from WM and CSF.
These components, in addition to the six motion parameters and their temporal derivatives,
scrubbing of high-motion data points based on the artefact removal tool (ART) (Mazaika et
al., 2005), and our defined covariates BadTracking, TargetSpeed, MS, DIRE, Sleep, and
VBIP events were all used as confounds in the denoising step to remove their effect from
the data, see Figure 10-1. This is a carpet plot which unravels each volume from a 3-D cube
of voxels into a 2-D plot of squares, each column represents an individual volume, and each
row is an individual voxel in that volume. Denoising smooths out the rougher transitions
between voxels that are probably caused by motion scanner drift and physiological noise,
and the time-series plot of the global signal reflects this smoothing out as well.

Figure 10-1 Result of the denoising step to the BOLD signal in CONN. The top carpet plot
represents the signal before denoising, while the bottom carpet plot represents the signal after
denoising. Here only one volume was identified as an outlier.

10.2.3.2 Modelling
Weighted GLM FC analysis was used to do the ROI-to-ROI analysis for each subject, HRF
weighting was used to weight the scans within each condition when computing conditionspecific connectivity measures. Bivariate correlation was used as an outcome measure for
the second-level analysis.
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10.2.4 Group (2nd-level) analysis
The subjects’ ROI-to-ROI maps were used for the group analysis. A one-sample t-test was
applied using parametric multivariate statistics (Jafri et al., 2008). A two-sided FDR
correction for network-based statistics (Zalesky et al., 2010) was used to correct for multiple
comparisons at p < 0.05 to reveal significant connections. The analysis was done to check
the FC of ALs versus baseline of good responsiveness tracking.

10.3 Results
10.3.1 FC analysis for attention lapses versus baseline of good tracking
FC was checked within DMN, FPN, DAN, SMN, SN, VSN, WMN, and EMN are listed in
Table 10-2, and between DMN-FPN, DAN-FPN, SMN-FPN, VSN-FPN, DAN-EMN,
DMN-EMN, WMN-DMN, in addition to SN-DMN, and SN-DAN are listed in Table 10-3.
All results are corrected for multiple comparisons using FDR p < 0.05.
Table 10-2 Significant changes in functional connectivity within networks for
attention lapses versus baseline.
FC

State

T(16)

P_FDR

Within Increase in FC between left LPC & right LPC

5.25

0.001

DMN

3.56

0.008

4.78

0.001

Increase in FC between right IPS & left IPS

4.12

0.002

Increase in FC between right FEF & right IPS

3.42

0.007

Increase in FC between left FEF & left IPS

2.38

0.045

6.44

<0.001

Increase in FC between left LPFC & right LPFC

5.30

<0.001

Increase in FC between left LPFC & left PPC

5.26

<0.001

Increase in FC between right LPFC & left PPC

4.31

0.001

Increase in FC between right LPFC & right PPC

4.02

0.001

Increase in FC between left LPFC & right PPC

3.89

0.001

Within Increase in FC between left VLC & right VLC

4.04

0.006

2.69

0.049

4.84

0.001

Increase in FC between right SLC & SSC

2.96

0.012

Increase in FC between left SLC & SSC

2.84

0.012

Increase in FC between PCC & right LPC

Within Increase in FC between right FEF & left FEF
DAN

Within Increase in FC between left PPC & right PPC
FPN

VSN

Increase in FC between VMC & right VLC

Within Increase in FC between right SLC & left SLC
SMN
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Within Increase in FC between right SMG & left SMG

7.87

<0.001

Increase in FC between right AInsula & left AInsula

5.31

0.001

Increase in FC between right AInsula & left SMG

5.07

0.001

Increase in FC between right RPFC & left RPFC

5.00

0.001

Increase in FC between left AInsula & left SMG

4.93

0.001

Increase in FC between ACC & left RPFC

4.90

0.001

Increase in FC between right AInsula & ACC

3.48

0.009

Increase in FC between left AInsula & right SMG

3.31

0.012

Increase in FC between right AInsula & right SMG

3.12

0.015

Increase in FC between ACC & right RPFC

2.82

0.026

Within Increase in FC between left LPFC & right LPFC

5.30

<0.001

WMN

4.12

0.002

5.30

0.002

Increase in FC between left LPFC & VOC

3.24

0.036

Decrease in FC between PCC & VOC

-2.98

0.046

Increase in FC between left FEF & right FEF

4.78

0.002

SN

Increase in FC between left IPS & right IPS

Within Increase in FC between left LPFC & right LPFC
EMN

FC analysis within DMN, DAN, FPN, VSN, SMN, SN, EMN, and WMN showed an
increased FC in all networks, and no significantly decreased FC except in EMN between
PCC and VOC. The DMN has increased FC between the PCC and right and left LPC. DAN
showed an increased FC within right and left FEF, and within right and left IPS. FPN had an
increase in FC within right and left LPFC, and within right and left PPC. There was an
increase in FC of VSN between VMC and right and left VLC. In addition, SMN increased
in FC between right and left SLC and SSC. Also, increased FC within SN in regions: right
and left SMG, right and left AInsula, ACC, and right and left RPFC. An increased FC was
also found in WMN within right and left LPFC, and within right and left IPS.
Table 10-3 Significant changes in functional connectivity between networks for
attention lapses versus baseline.
FC
DMN-FPN

DAN-FPN

State

T(16)

P_FDR

Increase in FC between right LPC & right PPC

3.70

0.007

Increase in FC between right LPC & left PPC

2.88

0.030

Increase in FC between left LPC & left PPC

2.60

0.049

No change in FC

N/A

N/A
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DMN-EMN

DAN-EMN

VSN-FPN

SMN-FPN

Increase in FC between PCC & right LPC

3.56

0.030

Increase in FC between left LPFC & right LPFC

5.30

0.002

Increase in FC between left LPFC & VOC

3.24

0.046

Increase in FC between left FEF & right FEF

4.78

0.003

Increase in FC between left LPFC & right LPFC

5.30

0.003

Increase in FC between left FEF & right FEF

4.78

0.004

Increase in FC between right IPS & right FEF

3.42

0.026

Decrease in FC between right IPS & VOC

-3.41

0.026

Decrease in FC between VOC & left LPFC

3.24

0.030

Decrease in FC between right IPS & VMC

-3.04

0.039

Decrease in FC between PCC & VOC

-2.98

0.039

Increase in FC between right VLC & left LPFC

4.80

0.001

Increase in FC between right VLC & right PPC

3.75

0.005

Increase in FC between left VLC & left LPFC

4.25

0.003

Increase in FC between left VLC & left PPC

3.35

0.010

Increase in FC between left VLC & right LPFC

3.25

0.011

Increase in FC between VOC & left LPFC

3.24

0.011

Increase in FC between VMC & left LPFC

2.62

0.034

Decrease in FC between SSC & right PPC

-4.09

0.003

Decrease in FC between SSC & right LPFC

-3.44

0.008

Decrease in FC between SSC & left PPC

-3.16

0.013

Decrease in FC between SSC & left LPFC

-2.40

0.046

-4.06

0.006

DMN-WMN Decrease in FC between right LPC & right IPS
SN-DMN

No change in FC

N/A

N/A

SN-DAN

Increase in FC between left SMG & right IPS

4.37

0.003

Increase in FC between left SMG & left IPS

3.95

0.006

Increase in FC between right SMG & right IPS

3.40

0.016

FC analysis between networks showed both increased and decreased FC. When testing FC
between FPN and DMN, there were increases in FC between right and left LPC and right
and left PPC, but no change in FC was found between FPN and DAN. FC between EMN
and DMN showed increases within right and left LPFC, and within right and left FEF, also
between PPC and right LPC, and between left LPFC and VOC. However, FC between EMN
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and DAN showed both increases and decreases; increases in FC within right and left LPFC,
and within right and left FEF, also between right IPS and right FEF. While FC between right
IPS and VOC, between VOC and left LPFC, between right IPS and VMC, and between PCC
& VOC have decreased.
FC between FPN and SMN has decreased; there were decreases in FC between SSC and
right and left PPC, and right and left LPFC. There were increases in FC between VSN and
FPN among all the regions right and left VLC, VOC, and VMC of VSN, and right and left
LPFC and right and left PPC of FPN. When testing FC between DAN and SN, we found
increases in FC between right and left SMG and right and left IPS. No change in FC was
found between SN and DMN. Finally, a decrease in FC was found between right LPC of
DMN and right IPS of WMN (defined nodes).
Significant between-network FC changes are also shown in ring display for DAN and DMN
in Figure 10-2, and DMN-FPN, DAN-FPN, and FPN in Figure 10-3, and for DMN-EMN,
DAN-EMN, and EMN in Figure 10-4, also for SMN-FPN and VSN-FPN in Figure 10-5,
and for SN-DMN, SN-DAN, and SN in Figure 10-6. Finally, for WMN and DMN-WMN in
Figure 10-7.

Figure 10-2 Significant within-network functional connectivity (FC) changes shown in a ring display
of three FC measures: within dorsal attention network (left), and within default mode network
(right).
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Figure 10-3 Significant functional connectivity (FC) changes shown in a ring display of three FC
measures: between frontoparietal network-dorsal attention network (top left), between
frontoparietal network-default mode network (top right), and within frontoparietal network
(bottom).

P a g e | 10-112

Figure 10-4 Significant functional connectivity (FC) shown in a ring display of three FC measures:
between dorsal attention network-eye movement network (top left), between default mode networkeye movement network (top right), within eye movement network (bottom).

Figure 10-5 Significant functional connectivity (FC) shown in a ring display of three FC measures:
between visual network-frontoparietal network (top left), between sensorimotor networkfrontoparietal network (top right).
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Figure 10-6 Significant functional connectivity (FC) shown in a ring display of three FC measures:
between salience network-dorsal attention network (top left), between salience network -default
mode network (top right), within salience network (bottom).

Figure 10-7 Significant functional connectivity (FC) shown in a ring display of three FC measures:
within working memory network (left), between working memory network-default mode network
(right).
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10.3.2 Changes in functional connectivity between attention lapses and

microsleeps
We examined FC within and between networks of interest: DMN, DAN, FPN, VSN, and
SMN to reveal changes in FC between ALs and MSs. The analyses did not reveal any
significant changes in FC between ALs and MSs.

10.4 Discussion
ROI-to-ROI FC analysis for ALs versus the baseline of good responsive tracking was
performed on the combined studies (Table 10-2 and Table 10-3). The analysis targeted FC
within and between the networks of interest: DMN, DAN, FPN, VSN, SMN, SN, EMN and
WMN. The total number of ALs was 85 with an average duration of 1.74 s, which is less
than the TR (2.5 s) of fMRI.
We found an increased FC between DMN and FPN, while no change in FC between FPN
and DAN. Also, increased FC between DMN and EMN, while FC between DAN and EMN
showed both increases and decreases. In addition, FC between FPN and VSN increased,
while FC between FPN and SMN decreased. Finally, FC between DMN and WMN has
decreased.
During an AL, there is a complete decoupling from external environment (Ward & Wegner,
2013). Given the association between FPN and directing attention from external to internal
and vice versa (Dixon et al., 2018; Spreng et al., 2010), and the association between DAN
and external attention (Fox et al., 2006; Fox et al., 2005; Vossel et al., 2014), a decrease in
FC between DAN and FPN was expected during ALs. As the 2-D CVT requires visual
fixation on target and response stimuli on a screen, this requires the eyes to move, and this
does not happen during ALs due to complete decoupling. Thus, a decrease in FC between
DAN and EMN was expected.
Finally, given the association between FPN and the visuospatial attention coordination
(Lückmann et al., 2014; Marek & Dosenbach, 2018; Scolari et al., 2015), decreased FC
between FPN and SMN was expected during ALs relative to FC when performing the 2-D
CVT (Cavina-Pratesi et al., 2006; Shibasaki et al., 1993; Wildgruber et al., 1997) and
likewise between FPN and VSN (Desimone & Duncan, 1995; Helfrich et al., 2013).
The decoupling process during an AL results in disconnecting attention from the external
environment (performing the task), with attention being either diverted internally, as in
mind-wandering (Berthié et al., 2015), or completely lost as in mind-blanking (Ward &
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Wegner, 2013). This behavioural change is reflected in physiological changes in several
brain networks. Since shifting attention internally to focus on spontaneous thoughts
(Andrews-Hanna, 2012; Andrews-Hanna et al., 2010; Mason et al., 2007) or freeing the mind
from thoughts in voluntary mind-blanks is associated with activation of DMN based on
(Kawagoe et al., 2019). DMN was found to be a core network in the process of decoupling
(Eichele et al., 2008; Weissman et al., 2006).
Mind-wandering is quite different from mind-blanking, although both involve at least partial
decoupling of attention from an external task (Ward & Wegner, 2013). Mind-wandering is
defined as a state in which attention is diverted to internal TUTs. These thoughts might be
related to the past or future, which means the brain’s memory is involved (Hutchinson &
Turk-Browne, 2012; Wang et al., 2009) and given the anticorrelation between WMN and
DMN when focusing on a memorized stimulus (Piccoli et al., 2015), a decrease in FC
between DMN and WMN might be expected if mind-wandering was present. Because of the
association between DMN and FPN in the generation of TUTs (Smallwood et al., 2012), an
increased FC between these two networks would be expected during mind-wandering.
Likewise, an increase in FC between DMN and EMN would be expected given the
association between mind-wandering and eye movements (Hartmann et al., 2014).
In contrast, mind-blanking is defined as an empty mind state which more likely does not
involve memory recall (Kawagoe et al., 2019; Ward & Wegner, 2013). Failure in short-term
memory (STM) processing, according to Moraitou and Efklides (2009) and Efklides and
Touroutoglou (2010), is associated with a blank-in-mind or mind-blanking, in which there
is nothing in mind while being behaviourally awake (Ward & Wegner, 2013), which is
different than failing to interact and/or process information from the environment. In
addition, attention and memory are highly associated when functioning (Chun, 2011),
sharing resources (Zokaei et al., 2014), and lapsing (deBettencourt et al., 2019). So,
decreases in FC between DMN and WMN, and between DMN and EMN were expected if
mind-blanking was present. However, blank-in-mind might simply be a temporary loss of
control as opposed to loss of attention (Di Lollo et al., 2005). Finally, given the association
between FPN and memory functions (Borst & Anderson, 2013), a decrease in FC between
FPN and DMN would be expected for mind-blanking.
To reveal what happens during ALs in our 2-D CVT task, we investigated FC between DAN
and FPN, where we found no significant change. A decrease in FC between FPN and DAN
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was expected for ALs due to decoupling. However, if attention was being directed externally
before the AL (i.e., when tracking), then no change in FC could mean that attention was still
being directed externally during the AL (e.g., an externally-diverted lapse). On the other
hand, finding increased FC between both right and left LPC of DMN and right and left PPC
of FPN supports the idea that these ALs are associated with internal thoughts that could be
task-related given the very short average duration of our ALs. However, another view might
be that these ALs are due to mind-wandering because of the increased FC between FPN and
DMN (Godwin et al., 2017; He et al., 2021; Smallwood et al., 2012). Also, the increased FC
within DMN agrees with the same view (Godwin et al., 2017; He et al., 2021; Kucyi et al.,
2017).
FC between DAN and EMN was investigated, where we found both increases and decreases:
increases in FC within right and left LPFC, and within right and left FEF, also between right
IPS and right FEF. While FC between right IPS and VOC, between VOC and left LPFC,
between right IPS and VMC, and between PCC and VOC have decreased. However, FC
between DMN and EMN showed only increases within right and left LPFC, and within right
and left FEF, also between PPC and right LPC, and between left LPFC and VOC. Both FC
between DAN and EMN, and between DMN and EMN agrees on finding increased FC
within right and left LPFC, and within right and left FEF. If the ALs were due to mindwandering, then this is expected, as FEF in addition to IPS are associated with oculomotor
control (all eye movements) (Tomassini et al., 2007; Umarova et al., 2010). Also, LPFC
contributes to the processing of eye movements (Pierrot-Deseilligny et al., 2004; Pierrot‐
Deseilligny et al., 2003). This falls in line with the relation between mind-wandering and
eye movements (Hartmann et al., 2014).
Increased FC between VOC of VSN, which is associated with processing the visual stimuli
(Coiner et al., 2019), and DMN supports that ALs again are due to mind-wandering as the
increased FC between DMN and VSN was shown to be associated with mind-wandering
(Zhou & Lei, 2018), while the decreased FC between VSN and DAN is associated with
decoupling.
However, given the short average duration of our ALs, it is highly unlikely that subjects had
time to think about memories within the AL duration. The initiative of moving eyes, which
was shown in the increased FC between the regions responsible for eye movements of EMN
and DMN, also DAN, could indicate a process of regaining attention before being fully
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attending to the task as the regions of EMN responsible for processing visual input had
decreased FC with DAN.
The decreases in FC between SSC of SMN and right and left PPC, and right and left LPFC
of FPN again supports the idea of decoupling as during ALs, there will be no interaction
with the task as expected. But, finding increased FC between right and left VLC, VOC, and
VMC of VSN, and right and left LPFC and right and left PPC of FPN was not expected
based on the idea of decoupling. Also, according to Zhou and Lei (2018), decreased FC
between FPN and VSN was found when comparing mind-wandering to being on-task.
However, this increase in FC might be associated with getting out of the AL, as VLC and
VMC were shown to be associated with the control of pursuit eye movements, in addition to
maintaining the visual stability (Kan et al., 2008).
Finally, we found a decrease in FC between right LPC of DMN and right IPS of WMN
(defined by Piccoli et al. (2015)). This serves in ALs favour in general as it was not expected
to see an increased FC between WMN and DMN in either mind-wandering (Piccoli et al.,
2015), or mind-blanking given that it is a state of an empty mind (Kawagoe et al., 2019;
Ward & Wegner, 2013).
Based on the findings, we have evidence to accept Hypotheses 3, 5 and 6, but no evidence
to support acceptance of Hypotheses 2 and 4. Given the short average duration of ALs, we
found support that the ALs during 2-D CVT task are more likely to be due to mind-blanking
and not mind-wandering.
Another interesting finding is the relationship between SN, DMN, and DAN. Based on
Maillet et al. (2019), FC between SN and DMN increases when performing a task that
requires internal attention, while connectivity between SN and DAN increases when
performing a task that requires external attention. We found no change in FC between SN
and DMN, while there was an increase in FC between right and left IPS of DAN and an
increase in FC between right and left SMG of SN. Given that SN is responsible for switching
between DMN and task-related networks (Goulden et al., 2014; Menon & Uddin, 2010), and
the short average duration of ALs, we conclude that an increase in FC between SN and DAN
could be associated with the process of recovery from an AL.

10.5 Summary
This chapter started by introducing the analysis pipeline in detail starting by pre-processing,
co-registration and normalization, denoising, and finally first-level and group-level
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statistical analyses. Hypotheses (2 to 6, and parts of 8) were explored. We found support for
decoupling during ALs, and that ALs during 2-D CVT task are more likely to be involuntary
mind-blanks and not mind-wandering. Our significant findings were discussed in the light
of literature and how they relate to ALs.
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EEG Analysis of Attention Lapses
11.1 Introduction
In this chapter, EEG data were used to investigate hypothesis 7 and part of hypothesis 8. The
aim was to reveal the neural signature of endogenous ALs compared with good responsive
tracking (baseline) within the delta, theta, alpha, beta, and gamma EEG bands by statistically
analysing reconstructed cortical sources.

11.2 Method
11.2.1 Data
The analysis was based on Studies C and D, as both had exactly the same EEG setup and
task. The only difference was that the subjects had task duration of 50 min in Study C, but
only 20 min was in Study D. The total number of subjects who had ALs EEG data from the
two studies was 27, with 97 events. This number dropped to 16 subjects and 60 events
because of missed or corrupted EEG data.
11.2.2 Data acquisition
EEG data were recorded from 64-channel scalp locations using the QuickCap
(Compumedics, Neuroscan, Charlotte, NC, USA). The reference electrode was placed
between Cz and Pz and the ground electrode was placed close to Fz. Electrodes on the cap
were placed according to the 10-20 international standard. Electrode organization for
VEOG/EEG recording and electrode placement on the cap is illustrated in Figure 11-1 and
Table 11-1. VEOG was recorded by placing bipolar Ag-AgCl sintered electrodes above and
below the centre of the left eye, amplifying the signal using Synamps2 amplifiers, and
recording the signal using Scan 4.4 software.

Figure 11-1 Organization of electrodes in the QuickCap used for VEOG/EEG recording with the
front at the top of the diagram (from Poudel, 2010).
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Table 11-1 Acquisition parameters used for VEOG/EEG recording.
Characteristics
Sampling frequency
Low-pass filter
Notch filter
Impedance

Quality
10 kHz
200 Hz
50 Hz
< 20 kΩ

11.2.3 Pre-processing and denoising
This part of the analysis was done using MATLAB v20b in conjunction with the EEGLAB
toolbox v2020_0 (Delorme & Makeig, 2004) and multiple plug-ins called through EEGLAB.
As our EEG data were recorded inside an MR scanner, MR-related artefacts were introduced.
There were two sources of artefacts specifically associated with simultaneous acquisition
with MR: gradient and cardio-ballistic. The fmrib plug-in (Iannetti et al., 2005; Niazy et al.,
2005) was used to minimize MR-related artefacts, as illustrated in Figure 11-2.

Figure 11-2 Illustration of the process of MR-related artefacts removal: On the top is the raw data
with both gradient and cardio-ballistic artefacts. The middle image is the stage after gradient
artefacts removal. The bottom image is after pulse artefacts removal.
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The data were down-sampled from 10 kHz to 500 Hz to reduce storage space and processing
time. The data were re-referenced to the common average. The data were high-pass filtered
at 1 Hz to remove the slow drift.
PrepPipeline plug-in (Bigdely-Shamlo et al., 2015) was used to identify bad electrodes and
remove line noise. The channels were re-referenced to the average of all electrodes. Through
visualizing the spectral maps or by checking the properties of each electrode, we were able
to identify which electrodes to remove. Bad electrodes had out-of-EEG voltage range and/or
smooth spectra, as shown in Figure 11-3.

Figure 11-3 Example of frequency spectra of EEG electrodes showing some smooth curves around 27 dB representing bad electrodes.

Due to the number of electrodes interpolated and the location of these electrodes, all subjects
from Study D were excluded in the end. The number of electrodes interpolated was ≥ 25%
(i.e. ≥ 15 out of 60) or interpolated electrodes were adjacent to each other, as illustrated in
Figure 11-4 and Table 11-2. The labelled electrodes were interpolated and, as shown in
subject 212, only 13 electrodes, which were spread on the scalp, were interpolated, subject
308 had 18 interpolated electrodes, which were near to each other. After the pre-processing
and removal of Study D subjects due to the bad quality, only 10 subjects remained with 38
ALs and an average duration of 1.82 s.
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Figure 11-4 Examples of subjects with the same number of interpolated electrodes: subject 212 on
the left was accepted, while subject 308 on the right was rejected.

Table 11-2 Electrodes-interpolation report for Studies C and D.
Study
C
C
C
C
C
C
C
C
C
C
C
C
C
C
D
D
D
D
D
D
D
D
D
D

Subject
203
206
207
208
210
211
212
213
214
215
216
217
218
220
306
308
310
311
312
315
316
321
322
324

Number of interpolated electrodes
10
5
8
6
3
4
13
3
2
4
6
2
8
5
13
18
19
14
13
10
16
17
16
18

Through the artefacts subspace reconstruction (ASR) plug-in (Chang et al., 2020) large
artefacts were corrected. The ASR cut-off parameter chosen was 25, as suggested in (Chang
et al., 2020), the result is illustrated in Figure 11-5.
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Figure 11-5 Illustration of the performance of artefacts subspace reconstruction (ASR) algorithm.
EEG data before ASR correction are in blue and after correction in red.

ICA (Makeig et al., 1996) was applied to decompose the EEG signals into temporally
independent time courses corresponding to brain and nonbrain sources using EEGLAB. This
step was done to remove noisy components including ocular artefacts (eye blinks), muscle
artefacts, cardiac artefacts, in addition to extrinsic artefacts. Wavelet-enhanced ICA (wICA)
was used to decompose the EEG signal and remove large artefacts using a threshold
(Delorme et al., 2007). Another run of ICA with the ICLABEL plug-in was performed to
identify and reject non-EEG components (Pion-Tonachini et al., 2019).
11.2.4 Source reconstruction
The FieldTrip toolbox (v20210418) for EEG/MEG-analysis (FC Donders Centre for
Cognitive Neuroimaging, Nijmegen, The Netherlands; see http://fieldtrip.fcdonders.nl/)
(Oostenveld et al., 2011) was used for source reconstruction and statistical analysis.
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Following pre-processing, subject-based brain modelling was performed by solving the
forward model followed by the inverse model.
The structural (T1) image of each subject was used to create an accurate forward model.
Each image was initially resliced and segmented into GM, WM, CSF, skull, and scalp. The
Simbio plug-in (Vorwerk et al., 2018) was used to create a hexahedral head model using the
finite element method (FEM) technique, which is recommended when using the T1 of each
subject (Vorwerk et al., 2014; Vorwerk et al., 2012). Electrode positions were manually
realigned to the head model based on electrode marks located on the T1 image of each
subject, as generated by the MR machine, as illustrated in Figure 11-6.

Figure 11-6 Illustration of electrodes alignment to the head volume. The black dots should fit as
closely as possible in the marks.

The head model and T1 of each subject were used to create the source model, which was
then normalised to a source model template of 5 mm resolution. Only sources within the GM
were analysed, as suggested by Pascual-Marqui (2007). The last step was to create the lead
field from the head volume, source model, and the aligned electrodes of each subject.
Inverse modelling was done using eLORETA (Pascual-Marqui, 2007, 2009) to estimate the
magnitudes of the sources at different frequencies. Finally, averaging was done over trials
and over the frequencies of each band for each subject to obtain the value per source
representing the average of the frequencies in a specific band for the ALs of each subject.
These values were then used for the group statistics.
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Two confounding variables were accounted for by removing their effects from the EEG data:
(1) tracking-target-speed-related variability, and (2) poor responsive tracking, defined using
a threshold calculated based on the tracking error of the first 2 min of the session. The two
confounds were resampled to match the number of EEG data points. The events of interest
(MSs or ALs) were segmented out of the EEG data. These segments were then combined as
trials for each subject and used in the inverse modelling. As the primary interest was in the
change of activity for different EEG bands, each trial was divided into event data, MSs with
a time window of 2 s starting from the onset, and baseline data, with a window of 2 s before
the onset, and ALs, which have a shorter average duration, with a time window of 1 s starting
from the onset, and baseline data, with a window of 1 s before the onset. The FFT was used
to calculate the activity for each band of interest: delta (2–4 Hz), theta (4–8 Hz), alpha (8–
14 Hz), beta (14–30 Hz), and gamma (30–45 Hz).
11.2.5 Statistical analysis
An average event AL and an average baseline for each subject were used, each having the
same number of sources with one value for each source. The relative difference between the
average events and the average baselines was calculated for each subject to be used in the
group stats. Source statistics were applied to compare the percentage relative difference to
the null hypothesis of zero. Statistical analyses were performed using permutation tests
(Maris & Oostenveld, 2007; Maris et al., 2007), and the results were corrected for multiple
comparisons over the 8551 sources using TFCE (Mensen & Khatami, 2013) of p-value <
0.05 (two-tailed). We did not correct for multiple comparisons over the five bands because
of the limited statistical power.

11.3 Results
The whole analysis pipeline was successfully validated using artificial data, see Appendix
A. After performing the statistical analysis using permutation testing followed by correction
for multiple comparisons using TFCE with p-value < 0.05 (two-tailed), no significant change
in activity was found, in any band of interest. Our next step was to further explore if there
were any changes in activity with a p-value < 0.2 (two-tailed). Trends of increases in the
beta and gamma bands only were found. No trends of changes were found in delta, theta,
and alpha at p-value < 0.2 (two-tailed).
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11.3.1 Marginal changes in beta band during attention lapses
Nonsignificant changes in beta band in ALs are shown in Figure 11-7. The smallest p-value
approaching significance was 0.065 (one-tail). The median of the percentage relative change
refers to the effect sizes.

Figure 11-7 Top: group-level trend of change in activity of the relative difference between attention
lapses and baseline for the beta band. Bottom: median of the relative change over subjects.

The Atlasquery toolbox, from FSL (FMRIB's Software Library; www.fmrib.ox.ac.uk/fsl),
was used to find the brain regions forming the clusters representing the trends of increased
activity. The Harvard-Oxford cortical atlas was used as a reference, see Table 11-3.
Table 11-3 Major regions of the cluster representing changes in beta in attention
lapses.
Cluster

1

Region
Lateral Occipital Cortex, superior division
Frontal Pole
Precentral Gyrus
Precuneous Cortex
Occipital Pole
Middle Frontal Gyrus
Postcentral Gyrus

Lobe
Occipital
Frontal
Frontal
Parietal
Occipital
Frontal
Parietal

Side
LR
R
LR
LR
LR
LR
LR
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Lateral Occipital Cortex, inferior division
Superior Frontal Gyrus
Superior Parietal Lobule
Cingulate Gyrus, posterior division
Lingual Gyrus
Frontal Medial Cortex
Subcallosal Cortex
Temporal Pole

Occipital
Frontal
Parietal
Parietal
Occipital
Frontal
Frontal
Temporal

L
L
L
L
L
L
L
R

11.3.2 Marginal changes in gamma band during attention lapses
The nonsignificant changes in the gamma band in ALs are shown in Figure 11-8. The
smallest p-value approaching significance was 0.085 (one-tail). The median of the
percentage relative change refers to the effect sizes.

Figure 11-8 Top: a group-level trend of change in activity of the relative difference between
attention lapses and baseline for the gamma band. Bottom: the median of the relative change over
subjects.

Atlasquery toolbox, from FSL (FMRIB's Software Library; www.fmrib.ox.ac.uk/fsl), was
used to find the brain regions forming the clusters representing the trends of increased
activity. The Harvard-Oxford cortical atlas was used as a reference, Table 11-4.
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Table 11-4 Major regions of the clusters representing changes in gamma in attention
lapses.
Clusters
1

2

3

4

Region
Precuneous Cortex
Supracalcarine Cortex
Cingulate Gyrus, posterior division
Superior Frontal Gyrus
Middle Frontal Gyrus
Precentral Gyrus
Postcentral Gyrus
Middle Temporal Gyrus, temporooccipital part
Inferior Temporal Gyrus, temporooccipital part
Supramarginal Gyrus, posterior division
Angular Gyrus
Lateral Occipital Cortex, superior division
Lateral Occipital Cortex, inferior division
Temporal Occipital Fusiform Cortex
Occipital Fusiform Gyrus
Frontal Pole
Insular Cortex
Temporal Pole
Middle Temporal Gyrus, posterior division
Frontal Medial Cortex
Paracingulate Gyrus
Frontal Orbital Cortex
Subcallosal Cortex
Cingulate Gyrus, anterior division
Superior Temporal Gyrus, posterior division
Inferior Temporal Gyrus, posterior division
Central Opercular Cortex

Lobe
Parietal
Occipital
Parietal
Frontal
Frontal
Frontal
Parietal
Temporal
Temporal
Parietal
Parietal
Occipital
Occipital
Temporal
Occipital
Frontal
Insular
Temporal
Temporal
Frontal
Frontal
Frontal
Frontal
Frontal
Temporal
Temporal
Parietal

Side
R
R
L
R
R
R
R
LR
L
L
LR
L
L
L
L
LR
R
R
R
L
LR
LR
L
L
R
R
R

11.4 Discussion
EEG source analysis for ALs versus the baseline of good tracking was performed on the
combined studies C and D. The analysis targeted the changes in five EEG bands of interest:
delta, theta, alpha, beta, and gamma. Ten subjects had a total of 38 ALs with an average
duration of 1.82 s. No significant change was found in any band, however, a nonsignificant
increased activity was found in beta and gamma bands.
During ALs correlated with prolonged reaction times, there is a decoupling from external
environment which is associated with increased DMN activity (Eichele et al., 2008;
Weissman et al., 2006). Increased alpha activity was associated with long reaction times
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(Molina et al., 2019). Also, an association has been found between increased DMN activity
and increased alpha activity when eyes are opened in a resting state (Mo et al., 2013). In
addition, increased alpha activity over task-related brain regions was found to be correlated
with weak attention and poor performance (Liu et al., 2014; Macdonald et al., 2011), while
reduced alpha activity over task-related brain regions was found to be correlated with more
attention directed externally to a demanding task (Rajagovindan & Ding, 2011; Sauseng et
al., 2005). So, it was expected to see an increase in alpha activity during ALs in 2-D CVT
task.
Research by Andrillon et al. (2019) on ALs and their relation to the local sleep phenomenon,
which is different from MS, hypothesised that local sleep could be used as a model to explain
ALs through the activity of delta and theta. Andrillon et al. (2021) supported that by finding
an association between slow waves, which is associated with local sleep (Andrillon et al.,
2019; Bernardi et al., 2015; D’Ambrosio et al., 2019; Hung et al., 2013; Vyazovskiy et al.,
2011), and the reports of both mind-wandering and involuntary mind-blanking. So according
to Andrillon et al. (2019), if local sleep, defined by an increase in delta and/or theta (slowwave) activities, occurs within the attentional networks it will cause mind-wandering due to
activating DMN instead of the attentional networks, but if it occurs within DMN, it will
cause involuntary mind-blanking due to the reduction of endogenous thoughts.
Analysis of changes in EEG activity of ALs did not reach statistical significance in any band
to accept our hypotheses. Notwithstanding, in order to explore the null hypotheses for
Hypothesis 7 and part of Hypothesis 8, the research done on ALs using EEG will be
discussed, then our view given the trends of changes in activity found in gamma and beta
EEG bands will be added.
If we consider the trends of increased activity in both beta and gamma to be real, then we
should re-hypothesize our previous views. Since we did not have a means to distinguish
between mind-wandering and mind-blanking, we built our hypotheses based on the literature
which is near entirely mind-wandering.
Beta and gamma activities were found increased during subjectively-reported mindwandering (Qin et al., 2011), which means that the subjects were aware of their mindwandering. Increased gamma activity was found to be associated with voluntary allocation
of attention (shifting attention) (Landau et al., 2007), and memory processes (recall
memories) (Herrmann et al., 2010). However, increased beta activity has been found
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correlated with intentional clearing of the mind from any thoughts (Castiglione et al., 2019),
and has also been found to be inversely correlated with mind-wandering (Groot et al., 2021;
van Son et al., 2019a; van Son et al., 2019b), but increased beta could be associated with the
attempts to keep performing the task despite the fatigue (Craig et al., 2012; Huang et al.,
2007). Given the short duration of ALs, it is more likely that the increase of the highfrequency EEG beta and gamma activities is related to the recovery from ALs, also there is
a possibility that these ALs are white dreams, given the association between white dreams
and the increased activity over the posterior area of the brain (Fazekas et al., 2019). We could
not compare ALs to MSs due to the insufficient number of subjects available that have both
ALs and MSs.

11.5 Summary
This chapter started by describing the data used to analyse ALs, then introducing the analysis
pipeline in detail starting by pre-processing, source reconstruction, and finally statistical
analysis. Two hypotheses (7 and related part of 8) were explored, but there is no strong
evidence to support these hypotheses. The non-significant changes found in beta and gamma
EEG bands are more likely to be associated with the recovery from ALs, but also could be
associated with white dreams.
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EEG Analysis of Microsleeps
12.1 Introduction
In this chapter, EEG data were used to explore Hypothesis 9. The aim was to reveal the
neural signature of MSs versus the baseline of good responsive tracking within the delta,
theta, alpha, beta, and gamma EEG bands by statistically analysing reconstructed sources.

12.2 Method
The same analysis procedure of ALs was applied to MSs (Section 11.2) was applied to MSs.
The only difference was in the duration of the MS event (2 s) and the baseline (2 s) when
segmented from the EEG data. The analysis was based on Studies C and D, as both had the
same EEG setup and task. The only difference was in the duration of task: 50 min in Study
C and 20 min in Study D. The MSs started with 25 subjects from the two studies with 1633
events. This number dropped to 21 with 1392 events before the analysis because of missed
or corrupted data. After performing the statistical analysis using permutation testing
followed by correction for multiple comparisons using TFCE with p-value < 0.05 (twotailed).

12.3 Results
After pre-processing and total removal of Study D subjects due to the poor-quality EEG, the
number of subjects reduced to 11 with 984 events, and an average duration of 3.53 s.
Significant increases in activities in the five bands of interest: delta, theta, alpha, beta, and
gamma were found. However, no significant decrease in activity was found in any of the
five bands.
12.3.1 Changes in activity in delta band during microsleeps
The significant results in delta band for MSs is shown tomographically in Figure 12-1. The
median of the percentage relative change refers to the effect sizes.
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Figure 12-1 Group-level result of the significant activity change of the relative difference between
the microsleeps and baseline for the delta band (shown in axial view at the top). On the bottom is the
median of the percentage relative change over subjects.

Atlasquery toolbox, from FSL (FMRIB's Software Library; www.fmrib.ox.ac.uk/fsl), was
used to find the brain regions forming the clusters representing the increased activity. The
Harvard-Oxford cortical atlas was used as a reference, see Table 12-1.
Table 12-1 Major regions of the cluster representing the change of delta in
microsleeps.
Cluster

1

Region
Frontal Pole
Middle Frontal Gyrus
Precentral Gyrus
Postcentral Gyrus
Lateral Occipital Cortex, superior division
Precuneous Cortex
Occipital Pole

Lobe
Frontal
Frontal
Frontal
Parietal
Occipital
Parietal
Occipital

Side
LR
LR
LR
LR
LR
LR
LR

12.3.2 Changes in activity in theta band during microsleeps
The significant results in theta band for MSs are shown tomographically in Figure 12-2. The
median of the percentage relative change refers to the effect sizes.
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Figure 12-2 Group-level result of the significant activity change of the relative difference between
the microsleeps and baseline for the theta band (shown in axial view at the top). On the bottom is the
median of the percentage relative change over subjects.

Atlasquery toolbox, from FSL (FMRIB's Software Library; www.fmrib.ox.ac.uk/fsl), was
used to find the brain regions forming the clusters representing the increased activity. The
Harvard-Oxford cortical atlas was used as a reference, see Table 12-2.
Table 12-2 Major regions of the cluster representing the change of theta in
microsleeps.
Cluster

1

Region
Frontal Pole
Middle Frontal Gyrus
Precentral Gyrus
Temporal Pole
Postcentral Gyrus
Lateral Occipital Cortex, superior division
Precuneous Cortex
Occipital Pole
Lateral Occipital Cortex, inferior division

Lobe
Frontal
Frontal
Frontal
Temporal
Parietal
Occipital
Parietal
Occipital
Occipital

Side
LR
LR
LR
L
R
LR
LR
LR
L
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12.3.3 Changes in activity in alpha band during microsleeps
The significant results in alpha band for MSs are shown tomographically in Figure 12-3. The
median of the percentage relative change refers to the effect sizes.

Figure 12-3 Group-level result of the significant activity change of the relative difference between
the microsleeps and baseline for the alpha band (shown in axial view at the top). On the right is the
median of the percentage relative change over subjects.

Atlasquery toolbox, from FSL (FMRIB's Software Library; www.fmrib.ox.ac.uk/fsl), was
used to find the brain regions forming the clusters representing the increased activity. The
Harvard-Oxford cortical atlas was used as a reference, see Table 12-3.
Table 12-3 Major regions of the cluster representing the change of alpha in
microsleeps.
Cluster

1

Region
Frontal Pole
Superior Frontal Gyrus
Middle Frontal Gyrus
Precentral Gyrus
Temporal Pole
Postcentral Gyrus
Lateral Occipital Cortex, superior division
Precuneous Cortex

Lobe
Frontal
Frontal
Frontal
Frontal
Temporal
Parietal
Occipital
Parietal

Side
LR
LR
LR
LR
LR
LR
R
LR
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Occipital Pole

Occipital

LR

12.3.4 Changes in activity in beta band during microsleeps
The significant results in beta band for MSs are shown tomographically in Figure 12-4. The
median of the percentage relative change refers to the effect sizes.

Figure 12-4 Group-level result of the significant activity change of the relative difference between
the microsleeps and baseline for the beta band (shown in axial view at the top). On the bottom is the
median of the percentage relative change over subjects.

Atlasquery toolbox, from FSL (FMRIB's Software Library; www.fmrib.ox.ac.uk/fsl), was
used to find the brain regions forming the clusters representing the increased activity. The
Harvard-Oxford cortical atlas was used as a reference, see Table 12-4.
Table 12-4 Major regions of the cluster/s representing the change of beta in
microsleeps.
Cluster

1

2

Region
Superior Temporal Gyrus, anterior division
Superior Temporal Gyrus, posterior division
Middle Temporal Gyrus, anterior division
Middle Temporal Gyrus, posterior division
Planum Temporale
Frontal Pole

Lobe
Temporal
Temporal
Temporal
Temporal
Temporal
Frontal

Side
R
R
R
R
R
R
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3

Juxtapositional Lobule Cortex (formerly
Supplementary Motor Cortex)
Superior Frontal Gyrus
Middle Frontal Gyrus
Precentral Gyrus
Postcentral Gyrus
Superior Parietal Lobule
Angular Gyrus
Lateral Occipital Cortex, superior division
Lateral Occipital Cortex, inferior division
Precuneous Cortex
Lingual Gyrus
Occipital Pole
Cingulate Gyrus, posterior division
Occipital Fusiform Gyrus

Frontal

R

Frontal
Frontal
Frontal
Parietal
Parietal
Parietal
Occipital
Occipital
Parietal
Occipital
Occipital
Parietal
Occipital

R
LR
LR
L
LR
R
LR
LR
LR
LR
LR
R
R

12.3.5 Changes in activity in gamma band during microsleep
The results for gamma band of MSs are shown tomographically in Figure 12-5. The median
of the percentage relative change refers to the effect sizes.

Figure 12-5 Group-level result of the significant activity change of the relative difference between
the microsleeps and baseline for the gamma band (shown in axial view at the top). On the bottom is
the median of the percentage relative change over subjects.
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Atlasquery toolbox, from FSL (FMRIB's Software Library; www.fmrib.ox.ac.uk/fsl), was
used to find the brain regions forming the clusters representing the increased activity. The
Harvard-Oxford cortical atlas was used as a reference, see Table 12-5.
Table 12-5 Major regions of the cluster representing the change of gamma in
microsleeps.
Cluster

1

Region
Frontal Pole
Middle Frontal Gyrus
Precentral Gyrus
Temporal Pole
Postcentral Gyrus
Lateral Occipital Cortex, superior division
Lateral Occipital Cortex, inferior division
Precuneous Cortex
Occipital Pole

Lobe
Frontal
Frontal
Frontal
Temporal
Parietal
Occipital
Occipital
Parietal
Occipital

Side
LR
LR
LR
LR
LR
LR
L
LR
L

12.4 Global signal removal
Following the source-reconstruction, EEG analysis on the five bands of interest (delta, theta,
alpha, beta, and gamma) compared MSs relative to their baselines. We found a significant
increase in all bands (i.e., a global increase). To further investigate this, we estimated the
magnitude of sources in all of the bands of interest after regressing out the global signal,
which was the estimated magnitude of sources after averaging all frequencies of interest (2–
45 Hz). This step was done to explore the possibility that the global increase in power might
have arisen due to increases in non-EEG biosignals and/or artefacts and not actually due to
increased EEG activity during MSs.
Another group-level analysis was performed using permutation testing and TFCE to correct
for multiple comparisons at a p-value < 0.05 (two-tailed). We found a significant increase in
gamma activity, similar to before removing the global signal. Conversely, there was a trend
of decreased activity in alpha band (p = 0.0328), which is the opposite to the significant
increase in alpha band before removing the global signal. In addition, no change in delta,
theta, and beta bands was found after removing the global signal, although the three bands
had significant increase in activities before removing the global signal.
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12.4.1 Trend of activity changes in alpha band during microsleeps after global

signal regression
The trend of change in alpha band activity for MSs after global signal regression are shown
tomographically in Figure 12-6. The median of the percentage relative change refers to the
effect sizes.

Figure 12-6 Group-level result of the trend of activity change in the relative difference between the
microsleeps and baseline for the alpha band (shown in axial view at the top) after global signal
regression. On the bottom is the median of the percentage relative change over subjects.

Atlasquery toolbox, from FSL (FMRIB's Software Library; www.fmrib.ox.ac.uk/fsl), was
used to find the brain regions forming the clusters representing the decreased activity after
global signal regression. The Harvard-Oxford cortical atlas was used as a reference – see
Table 12-6.
Table 12-6 Major regions of the cluster/s representing the change of alpha in
microsleeps after global signal regression.
Cluster

1

Region
Frontal Pole
Superior Frontal Gyrus
Middle Frontal Gyrus
Precentral Gyrus

Lobe
Frontal
Frontal
Frontal
Frontal

Side
LR
LR
R
LR
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Juxtapositional Lobule Cortex (formerly
Supplementary Motor Cortex)
Paracingulate Gyrus
Cingulate Gyrus, anterior division

Frontal

LR

Frontal
Frontal

LR
LR

12.4.2 Changes in activity in gamma band during microsleep after global signal

regression
The results for gamma band of MSs after global signal regression are shown tomographically
in Figure 12-7. The median of the percentage relative change refers to the effect sizes.

Figure 12-7 Group-level result of the significant activity change of the relative difference between
the microsleeps and baseline for the gamma band (shown in axial view at the top) after global signal
regression. On the bottom is the median of the percentage relative change over subjects.

Atlasquery toolbox, from FSL (FMRIB's Software Library; www.fmrib.ox.ac.uk/fsl), was
used to find the brain regions forming the clusters representing the increased activity after
global signal regression. The Harvard-Oxford cortical atlas was used as a reference, see
Table 12-7.
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Table 12-7 Major regions of the cluster representing the change of gamma in
microsleeps after global signal regression.
Cluster

1

Region
Frontal Pole
Superior Frontal Gyrus
Precentral Gyrus
Frontal Orbital Cortex
Paracingulate Gyrus
Middle Frontal Gyrus
Middle Temporal Gyrus, posterior division
Temporal Pole
Postcentral Gyrus
Precuneous Cortex
Angular Gyrus
Lateral Occipital Cortex, superior division

Lobe
Frontal
Frontal
Frontal
Frontal
Frontal
Frontal
Temporal
Temporal
Parietal
Parietal
Parietal
Occipital

Side
LR
R
LR
LR
L
L
L
LR
LR
L
R
LR

12.5 Discussion
The EEG source analysis for MSs versus the baseline of good tracking was performed on
Study C. The analysis targeted the changes in five EEG bands of interest: delta, theta, alpha,
beta, and gamma. Eleven subjects had a total of 984 MSs with an average duration of 3.53
s. In our analysis, significant increases in delta, theta, alpha, beta, gamma bands activities
were found. Also, there was no significant decrease in activity in any band.
Given the behavioural difference between MSs and sleep in terms of duration. We expected
them to be physiologically different, not in the process of shifting from wakefulness to sleep,
but in shifting from sleep to wakefulness. It is expected that, as part of the recovery process
from MSs, there will be a positive correlation between MSs and the high-frequency EEG
bands (beta and gamma).
Our findings match findings from a 1-D CVT study in which, increased EEG spectral power
was seen in delta, theta, and alpha bands during MSs (Peiris et al., 2006). However, they
also found no increases in beta and decreased gamma. Given that a 1-D CVT task was used,
overlapping flat spots and eye closure then label them as MSs, especially if detecting the
onsets and durations of MSs were affected by low resolution, might cause inaccuracy in their
findings. By using a 2-D CVT task and a high resolution, we did overcome that.
In another study, in which a 2-D CVT was used, a small correlation between visuomotor
performance and theta activity in the posterior region was found with MSs included (Poudel
et al., 2010a). However, that correlation dropped when the MSs were removed, indicating
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that MSs contributed substantially to performance fluctuations and EEG theta activity during
an extended task. Our results confirmed this association between MSs and the increase in
theta activity.
Finding a correlation between MSs compared to baseline and increase of theta activity
confirms finding by Jonmohamadi et al. (2016), who used a 2-D CVT task to explore the
EEG containing MSs to detect activity and find the locations of the sources of such activity.
They discovered that MSs are often associated with theta activity, which is most likely
generated bilaterally from the frontal orbital cortex area. We found a similar pattern, as an
increase in theta activity in the frontal lobe. Our alpha-band results match their results of an
association between MSs and increase in alpha-band activity in the anterior temporal lobes
and hippocampi, which correspond to the spindles of Stage-2 sleep (Jonmohamadi et al.,
2016), and has also been found to be associated with sleep-maintaining processes (Pivik &
Harman, 1995).
In a flight simulator study for participants (pilots), which was designed to maintain a
constant/monotonous work environment, EEG spectral activity represented in delta, theta,
alpha, and beta bands were analysed during MS. Delta activity decreased, and alpha activity
increased across the scalp, and no change was found in beta or theta (Wang et al., 2020).
When compared to our MS results from a 2-D CVT task, which is demanding and fatiguing,
our results agreed in alpha but were different in the other bands, as we found an increase in
delta, theta, and beta. In a resting state study, a reduction in activity across the scalp for delta,
theta, alpha, and beta bands from voluntary eyes-closure to eyes-opening conditions was
found, reflecting the cortical processing of visual input (Barry et al., 2007). This agrees with
our findings in MSs, even when eyes were involuntarily closed, as we change from eyesopening to eyes-closure.
Previous analysis of the BOLD fMRI part of our study for MSs (Poudel et al., 2014) showed
activation in the frontoparietal and temporo-occipital areas, which overlapped with regions
from source-reconstructed increased activities for delta, theta, alpha, and gamma bands for
MSs. In the same paper, other tests were undertaken to investigate the correlation between
BOLD activity when accounting for theta and alpha activities as regressors using a moving
window of 2.5 s. A positive correlation was shown between the post-central theta
fluctuations and MSs, while the occipital alpha fluctuations negatively correlated with MSs.
Given the superiority of EEG in terms of temporal resolution, we expected EEG to provide
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a more accurate representation of changes in activity. We compared each band versus the
baseline of 2 s before the onset of the event in a time-locked manner, and showed a similar
positive correlation between theta activity and MSs at the post-central area, even when theta
was represented by a low temporal resolution (2.5 s) regressor, but with the high temporal
resolution, we also found a positive association between alpha-band activity and MSs in the
occipital region.
Our results, which shows an increase in activity in all bands during MS, have a similar neural
pattern to REM. In a study by Simor et al. (2019), EEG was used to investigate REM sleep
and its two microstates: tonic and phasic. The tonic period showed an increase in activity in
alpha and beta bands over the frontocentral region which represent resting-wakefulness,
while the phasic period showed an increase in the low frequency (delta and theta) co-existing
with an increase in gamma band activity, which is a combination between deep-sleep
(represented in delta and theta) and wake-like activity (represented in gamma).
Earlier research by De Gennaro et al. (2001) investigated the wakefulness-sleep transition
and found that alpha-band spreads anteriorly when shifting from wakefulness to sleep. Also,
an increase in EEG activity in the range of slow frequencies (< 7 Hz), in the range of delta
and theta, after the sleep onset at the centro-frontal scalp locations. These results match our
findings as we compared MSs starting from onset to 2 s later versus the 2 s just before the
onset as a baseline.
There is an association between alertness (performing higher cognitive functions) and highfrequency (beta and gamma) EEG bands. Beta activity has been associated with the
facilitation of cognitive operations (Cannon et al., 2014), and with the process of filtering
distraction (Schmidt et al., 2019). Gamma activity has been associated with attention
(Rouhinen et al., 2013), memory (Pauling & Coryell, 1936), perception (Melloni et al.,
2007), and cortical processing (Fries, 2009; Tallon-Baudry, 2009).
These associations are very important. As to end a MS state, reconnecting with the external
environment will be a priority to the brain, which will require gaining perception to the
surroundings, in addition to the attention-memory synchronization. This will need the brain
to facilitate these cognitive operations, in order to process any upcoming external input
through the cortical regions while filtering any distraction out. Hence, finding an increase in
the high-frequency (beta and gamma) EEG bands during MSs might indicate a recovery
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process from MS, which is supported by finding increased BOLD activity by Poudel et al.
(2014) after analysing the simultaneous fMRI using the same data.
This interpretation of results is based on the assumption that the significant increased
activities in all bands found were due to MSs. However, that does not completely exclude
the possibility that some residual artefacts, due to electromyographic contamination for
example (Bullock et al., 2021; Daniel et al., 2018; Jansen et al., 2012; Jorge et al., 2015;
Muthukumaraswamy, 2013; Spencer et al., 2018), might have prevented an accurate
detection of the underlying neuronal signal. As the result found was a global increase in
activity, we further investigated this by removing the global signal effect. We found a
significant increase in only gamma band but no changes in delta, theta, and beta bands, plus
a trend of reduced alpha activity.
There was a limitation for us to account for potential motion-related artefacts (abrupt head
movements) due to not collecting the measures needed to account for motion-related noise,
which is a necessary step for the optimal design of the analysis pipeline, as not all motionrelated artefacts are automatically removed with standard steps (Bullock et al., 2021; Daniel
et al., 2018; Jorge et al., 2015; Muthukumaraswamy, 2013; Spencer et al., 2018).
That leads us to one of two possibilities: (1) Subjects were already in a sleeping position in
the MRI scanner, and were struggling to stay awake prior to a MS (Poudel et al., 2014),
making it likely that the transition to a MS was smooth with a no/minimal movement of the
head, and the global increase in EEG over the cortical areas was real and matches the global
increase in the cortical areas using fMRI (Poudel et al., 2014); (2) There were unaccountedfor motion-related artefacts, which caused increased global increased power in the EEG
signals, and by removing that effect we ended with the true underlying EEG signals.
If the first possibility was true, then MSs in a 2-D CVT task are more likely to be highly
associated with increased activity in low-frequency bands (Jonmohamadi et al., 2016; Peiris
et al., 2006; Poudel et al., 2010a; Poudel et al., 2014; Wang et al., 2020). Also, MSs and
Stage-2 sleep are more likely to be similar in alpha EEG activity. In addition, MSs are
different from normal sleep behaviourally in terms of duration, and physiologically in terms
with the correlation with high-frequency (beta and gamma) EEG bands. This gives evidence
to support acceptance of Hypothesis 9 that MSs are different from sleep physiologically.
On the other hand, if the second possibility is true, then MSs in a 2-D CVT task are more
likely to be highly associated with decreased activity in alpha band and increased gamma
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activity. The increased gamma activity has been associated with multiple higher cognitive
function which will aid the process of breaking a MS state such as: attention (Rouhinen et
al., 2013), memory (Pauling & Coryell, 1936), perception (Melloni et al., 2007), and cortical
processing (Fries, 2009; Tallon-Baudry, 2009). Similarly, decreased alpha activity in the
fronto-central regions has been associated with the awakening process from a recovery sleep,
which is associated with high cognitive impairment (Balkin & Badia, 1988; Ferrara et al.,
1999; Ferrara et al., 2000; Tassi et al., 2006), following extended sleep-deprivation when
compared to normal sleep (Gorgoni et al., 2015). If we consider that a MS is a sort of a
‘recovery’ sleep, then the increased gamma and decreased alpha indicates a trial from the
brain to break the MS state and recover from it.

12.6 Summary
This chapter started by describing the data used to analyse MSs, the same analysis
procedures used with ALs was used with MSs. One hypothesis (H9) was explored in this
chapter. Based on the findings, we cannot fully accept it due to being unable to unequivocally
eliminate the possibility of the increased global power being due to motion-related noise,
although the need to account for this noise is still questionable (Bullock et al., 2021). In the
Discussion (Sec. 12.5), we compared our findings, before removing the global-signal effect,
with the literature which agreed in the correlation between MSs and the increase in delta,
theta, and alpha EEG activities, which are associated with sleep/MS. However, finding an
increase in beta and gamma bands activity during MSs is a major finding. This could indicate
that MSs is different from sleep both behaviourally and physiologically, but does not confirm
the physiological part.
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General Discussion
13.1 Summary of analyses
In this project, we analyzed ALs and MSs physiologically using EEG and fMRI data from
two studies (C and D). Participants performed the same task 2-D CVT but with different
durations (50 min and 20 min, respectively). Voxel-wise analysis, group ICA analysis, HR
analysis, and FC analysis for ALs using fMRI were performed. In addition, we used EEG to
perform source reconstruction analysis for both ALs and MSs and explored their neural
signatures over five EEG bands (delta, theta, alpha, beta, and gamma). After statistical
analysis using permutations testing, we corrected for multiple comparisons at a p-value <
0.05 for fMRI (except for HR analysis a threshold of p-value < 0.01 was used without
correction for multiple comparisons) and EEG, and reported the significant results. For
analyses that were not significant, we reported trends of changes in activity at higher pvalues.

13.2 Summary of all results
13.2.1 Attention lapses
For the voxel-wise analysis, we compared BOLD activities during ALs to a baseline of good
responsiveness tracking (where subjects were performing the task at a high level based on a
threshold). Increased activity was seen in the SMA and dorsal ACC bilaterally. This was
matched by seeing increased BOLD activity in the HR analysis of the cluster that came out
significant from the voxel-wise analysis.
In addition, HR analysis showed trends of dynamic changes in BOLD time-series at ROIs
from DMN, DAN, SN, and FPN. There was an increase of HR 15 s prior to the onset in the
left IPL of DMN. The left IPS in the DAN had an increased HR 7.5 s. The dorsal ACC (part
of SN) showed increased HR activity at 5 s and 7.5 s. There was a trend of decrease in HR
activity around the -2.5-s timepoint in the right PPC of FPN. Group ICA analysis failed to
find any significant results. However, a trend of increased activity was found in an IC that
is spatially correlated with SMN from CONN.
ROI-to-ROI FC analysis was performed in brain networks of interest, that are associated
with ALs and sustained attention (DMN, DAN, FPN, VSN, SMN, EMN, WMN, and SN) to
explore the changes in FC during ALs. We checked FC within and between networks.
Significant results were shown in ring displays. We found an increased FC between DMN
and FPN, while no change in FC between FPN and DAN. Also, increased FC between DMN
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and EMN, while FC between DAN and EMN showed both increases and decreases. In
addition, FC between FPN and VSN increased, while FC between FPN and SMN decreased.
Finally, FC between DMN and WMN has decreased.
We also compared ALs to MSs using voxel-wise, group ICA, and FC analyses but found no
trend of differences in changes in activity. We could not do that using EEG because of the
insufficient number of subjects who have both ALs and MSs. This should be investigated
further as it raises the possibility that the ALs might be MSs with eyes open.
EEG analysis was performed for subjects from Study C only, as the subjects from Study D
did not pass the pre-processing stage. We analyzed the reconstructed sources during ALs for
the five EEG bands of interest (delta, theta, alpha, beta, and gamma), but found no significant
results in the relative difference between the ALs and the baseline at any band. But there
were non-significant changes of increased activity in the beta band over regions in the
frontal, parietal, and occipital lobes. Other non-significant changes of increased activity were
found in the gamma band in regions in the frontal, parietal, temporal, insular, and occipital
lobes.
13.2.2 Microsleeps
In the analysis of MSs using EEG, significant results were found of increased activity in the
relative difference between the MSs and baselines of good responsive tracking in five EEG
bands (delta, theta, alpha, beta, gamma). Delta band during MSs showed increased activity
over bilateral regions in frontal, parietal, and occipital lobes. For theta band, we found an
increased activity over bilateral regions in frontal and occipital lobes. Alpha band increased
activity was located over bilateral regions that are part of frontal and parietal lobes. Finally,
for the beta band, regions of increased activity were located in the occipital lobe. For the
increased activity of gamma, the regions were located at the frontal, parietal, and occipital
lobes bilaterally.
Following this global increase in power in all EEG bands, further analysis was performed to
examine the removal of the global signal effect. We found the same significant increase in
gamma band, a trend of decrease in alpha band (p = ??, two-tailed), and no change in delta,
theta, and beta bands.

13.3 Physiological analysis – Best practice
In our analysis, we gave a reason for each analysis step in order to commit to the best practice
guidelines made by the Committee on Best Practices in Data Analysis and Sharing
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(COBIDAS) for the open science in neuroimaging (Pernet et al., 2018; Pernet & Poline,
2015). These guidelines were made to achieve transparency and credibility between
researchers by publicly sharing the research methodology with full details, the raw data that
was used in the research, and a full explanation of how the results were interpreted (Gilmore
et al., 2017; Nichols et al., 2017).
This is important, as in Poldrack et al. (2008), the analysis packages that are widely used by
researchers produce results that can be misinterpreted and have advanced features that can
be misused. It is also important to mention that some researchers, because of freedom of
analysis, tend to play with the analysis parameters until they get results that meet their
hypotheses (Gorgolewski & Poldrack, 2016). According to Carp (2012), who tested
enormous multiple analysis pipelines on the same data to test the flexibility of the analysis
parameters on the final result, some of the pipelines led to substantially different results from
other pipelines, which again proves the point.

13.4 Visuomotor task
The task used in this project was a 2-D CVT task, in which the subjects went for 50 min of
tracking in Study C and 20 min in Study D. Participants were asked to use a finger-based
joystick to continuously follow a disk moving on a computer screen, so it is a relatively
demanding task because the subjects have to continuously pay attention and react to the task,
and the fact that they did not know when the task would be over. A similar approach was
used in a continuous performance study by Petilli et al. (2018). They asked their participants
to finger tap with a sustained pace, which was proven to be effective in measuring the
sustained attention. However, according to Roebuck et al. (2016), errors in continuousperformance tasks cannot necessarily be interpreted in terms of reduced vigilance or
fluctuations of attention (Mackworth, 1948; Montes et al., 2016), as the errors can also be
related to changes in characteristics (e.g., speed) of the target.
AL events were defined as complete stops in performing a task with eyes open. So, ALs
were complete losses of attention for an average of ~ 2 s. It was not possible to definitively
label the behavioural gold-standard ALs as mind-wandering or mind-blanking, as there is
currently no means of determining this objectively or subjectively (e.g., some form of
subjective reporting technique) without interrupting the task. On the other hand, with no
interference of the continuity of the task (e.g., by subjective reporting which was not used),
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it was possible to identify the onset and duration of the ALs. Identifying MSs behaviourally
is relatively easier than ALs, as MSs include eye closure.

13.5 Views on lapses of responsiveness
13.5.1 Attention lapses
ALs are a mysterious phenomenon and are difficult to describe. There are multiple theories
aimed at understanding the reality behind them and, they are highly dependent on several
factors related to the task being performed. These include type of task such as discrete or
continuous, time-on-task (Derosière et al., 2015), task complexity (Larue et al., 2015; Seli
et al., 2018b), age (López-Ramón et al., 2011), and environmental factors (Burdett et al.,
2016).
The two major theories of ALs both refer to task monotony and task demands (Head &
Helton, 2014; Helton & Russell, 2011, 2012; Thomson et al., 2015a). If the task is not
challenging, the subject will tend to divert their attention completely to TUTs or at least
divide attention between the task and TUTs. This means the mind will more likely start to
wander (Burdett et al., 2019; Schad et al., 2012; Unsworth & Robison, 2016b), which might
happen “involuntary” too (Seli et al., 2016b; Smallwood & Schooler, 2006). This should be
taken into consideration when studying mind-wandering (Seli et al., 2016a). However,
dividing attention might be exhaustive as it calls different brain networks to be activated at
the same time such as FPN, DAN, and SN (Santangelo, 2018), also the interaction between
DMN, FPN, DAN, and SN is associated with being able to perform a dual-task including
both internal and external attention (Maillet et al., 2019). In addition, the interaction between
DMN, FPN, and VSN is associated with mind-wandering (Godwin et al., 2017; He et al.,
2021; Zhou & Lei, 2018).
The other explanation is that the task is demanding. This can drain one’s ability to focus and
exhaust cognitive processing resources (Head & Helton, 2014; Helton & Russell, 2011,
2012), although this changes from subject to subject (Unsworth et al., 2010). The demanding
task increases the chance of ALs (Buckley et al., 2016). The DMN, which is known to be
associated with mind-wandering (Andrews-Hanna, 2012; Andrews-Hanna et al., 2010;
Mason et al., 2007), has been found to be active in both scenarios, i.e., when the task is
monotonous (Danckert & Merrifield, 2018), and when the task is demanding (Fortenbaugh
et al., 2018).
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In support of the resource theory, which represents the demanding task, Helton and Russell
(2012) used a visual vigilance task to examine the effect of mental breaks if added to
recharge the cognitive energy dropped according to the resource theory. They made a change
to the vigilance task by adding a brief task switch (content-free cues) to reduce the drops in
alertness by changing the task goal momentary through deactivation and reactivation of the
task and compared between two groups, one with the changed task and the other without.
However, there was no difference between the two groups, which they considered indicates
that the drop in performance in a demanding task is associated with resource depletion and
not conscious disengagement due to boredom.
Also, if the performing well in the task does not offer a “reward”, it more likely that the
subject’s desire to invest effort in the task will drop, could be from the start, but definitely
closer to the end. This means the task loses attentional resources “effort” for TUTs (mindwandering), which will increase if the task was monotonous (Kurzban et al., 2013).
Although our 2-D CVT task is demanding, as it requires continuous performance without
any break, it is also monotonous as (1) the pattern repeats every 30 s, the subject gets used
to it, and (2) no reward was offered for good performance. Most importantly, the average
duration of the ALs in the task is relatively small to contain mind-wandering, however, it
does not exclude the effect of mind-wandering that might lead to a complete drop in
performance later. Since we do not know the type of AL, our theory to explain the ALs we
have will be a combination of the two main theories following (Thomson et al., 2015a).
Thirteen of 15 subjects in Study C and 8 of 11 subjects in Study D had their first AL ~5 min
after starting the task. Five minutes are long enough for most people to get used to the task.
So, based on that we could combine the two theories under the following scenario: the
subject got used to the demanding task so started to divert their attention to TUTs (Krimsky
et al., 2017). According to Jonides et al. (2007), exceeding the processing capacity of the
brain’s STM results in failure to process, especially if the task is not a priority given the
limits of WMC (Myers et al., 2017) as no motivational factor was introduced. This results
an AL due to a combination of resource depletion (Helton & Warm, 2008) and memory
failure (Adam & Vogel, 2017; deBettencourt et al., 2019).
WMC has been shown to be an important factor when it comes to mind-wandering. Those
who have a high WMC have more ability to accommodate other thoughts, so they will not
report them as ALs like those who have a low WMC (Unsworth & Robison, 2016a), as they
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are able to limit both “voluntary” and “involuntary” mind-wandering events (Soemer &
Schiefele, 2020). In a study by Domkin et al. (2013), participants performed a tracking task
with a hand-held task screen pen. They found that eye-hand coordination fails in subjects
with low WMC compared to those with a high WMC when distractors are shown. WMC
was also considered when studying how working memory supports “situation awareness” in
drivers on the road (Johannsdottir & Herdman, 2010), as the task of driving can be disturbed
by other vehicles.
A link can be drawn between attention and memory, as, based on LaBar et al. (1999), both
spatial attention and working memory intersect in the neural networks sub-serving each
other, mainly in the frontoparietal regions. Also, they might share the same attentional
resources. Recent research has even shown that memory and attention actually lapse together
(deBettencourt et al., 2019). The relationship between working memory and attention is
important, as working memory processes (such as maintenance) reflect sustained attention,
in which working memory serves as a space where attention can keep relevant information
to be used in a task (Chun, 2011). Zokaei et al. (2014) considered that the resources needed
to perform a demanding task and also maintain information in visual working memory are
common.
Failure in STM processing, according to Moraitou and Efklides (2009) and Efklides and
Touroutoglou (2010), is associated with mind-blanking, in which there is nothing in mind
while being behaviorally awake (Ward & Wegner, 2013). However, that mind-blanking
might simply be a temporary loss of control (Di Lollo et al., 2005), so cautions should be
there when describing that mental state. Thomson et al. (2015b) studied the relation between
mind-wandering and mind-blanking through a rapid serial visual presentation task. They
found that the higher the tendency to mind-wander, the smaller the duration of ‘attentional
blink’.
In the process of coming out of a lapse certain brain regions are activated, and certain brain
networks connected. Being in a lapse with no interaction with the external world is more
likely to make the brain at rest. Based on Treserras et al. (2009), there is no FC between
DMN and SMN during rest. The SN is the network responsible for switching between DMN
and task-related networks (Goulden et al., 2014; Menon & Uddin, 2010). The increased
activity of dorsal ACC, which is part of SN, was found to be associated with momentary
ALs (Weissman et al., 2006). Also, Weissman et al. (2005) found an association between
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dorsal ACC and the process of focusing attention on relevant stimuli as opposed to
distractions. During the transition to attention, Li et al. (2021) found a “transient” increase
in activity in SN regions including ACC and SMA. Wen et al. (2018) linked the ACC to
working memory, by showing that ACC is constantly active during all the phases of working
memory. Activation in ventral ACC has also been associated with voluntarily mind-blanking
events (Kawagoe et al., 2019). This shows that ACC is a key player in ALs (mind-blanks)
and the process of transitioning back to sustained attention.
We were unable to definitively classify the type of ALs occurring in our 2-D CVT task by
thought probe or any other behavioural means. However, given our results, we can strongly
speculate on the type of ALs we observed. During the ALs, subjects completely lost
visuomotor responsiveness. This was seen physiologically via disengagement from the
external task, as evident by our findings of a decrease in FC between FPN and SMN, a
decrease in FC between DAN and EMN, and a decrease in FC between DMN and WMN.
However, no decrease in DAN activity was found through the voxel-wise analysis. Also, no
decrease in FC between FPN and DAN was found, this is against what we expected to
happen due to decoupling.
Because of the short average duration of ALs in our task. We think that the subjects were
mind-wandering while performing the task due to the task being repetitive, and we expect
mind-wandering to happen before the ALs, although we have no evidence of such. If true,
mind-wandering will consume the attentional resources and conquer part of WMC. Although
increased FC within DMN, between FPN and DMN, and between DMN and EMN during
ALs were found during ALs. It is not confirming evidence of mind-wandering regardless of
their association with mind-wandering (Godwin et al., 2017; He et al., 2021; Kucyi et al.,
2017; Smallwood et al., 2012). The main reason of that speculation is the short average
duration of ALs in our task.
Instead, this is an indication of internal thoughts that could be task-related as a preparation
for getting-out-of-lapses processes. In addition, the non-significant increase in beta and
gamma EEG activities can be hypothesized to be associated with getting-out-of-lapses
processes, although being associated with mind-wandering (Qin et al., 2011). This is because
beta is associated with attempts to keep performing the task (Craig et al., 2012; Huang et al.,
2007), and gamma is associated with allocation of attention and memory processes
(Herrmann et al., 2010; Landau et al., 2007). Also, these ALs could be associated with “white
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dreams” given the association between white dreams and high-frequency EEG activities at
the posterior part of the brain (Fazekas et al., 2019), which is what was found, although not
significant.
There was no significant increase in DMN activity during the ALs, which provides the most
critical support to speculate that the ALs not being due to either mind-wandering (AndrewsHanna, 2012; Andrews-Hanna et al., 2010; Mason et al., 2007) or voluntary mind-blanks
(Kawagoe et al., 2019). However, through HR analysis, we found a brief but significant
increase in DMN activity ~12–15 s prior to the onset of AL, but we cannot confirm that this
increase is related to mind-wandering prior to ALs. Also, opposite to the neural signature of
voluntary mind-blanks (Kawagoe et al., 2019), we found increased activity in SMA
bilaterally due to ALs (involuntary mind-blanks).
Given the short average duration of ALs (mean 1.7 s) compared to the TR (2.5 s) of the
fMRI, we speculate that our findings on within-the-lapse processes are overlapped with
getting-out-of-the-lapse processes. Our findings from voxel-wise analysis of increased
activity in dorsal ACC and SMA are associated with breaking the lapse state and
reconnecting to the task. This is supported by the increased FC between FPN and VSN, and
between SN and DAN, while no change in FC was found between SN and DMN. It is also
supported by increases in HR in DAN.
Further support to speculate that the ALs in our 2-D CVT task being involuntary mindblanks is a drop in HR just prior to AL in FPN which was shown to be associated with
visuospatial attention (Lückmann et al., 2014; Marek & Dosenbach, 2018; Scolari et al.,
2015), and working memory (Borst & Anderson, 2013). We consider that coordination
between attention and memory was affected by resource depletion due to the attempt to
perform the task while engaging in extended TUTs, which led to involuntary mind-blanks.
The speculation that mind-blanks were indeed involuntary is supported by HR analysis in
which there was no significant change in the ventral ACC, as opposed to that reported for
voluntary ‘blank in mind’ (Kawagoe et al., 2019).
However, we cannot completely exclude ALs being due to mind-wandering, as maybe the
complete drop in performance in ALs is a last phase of a deep mind-wandering state. It could
also be an internal thought without having any experience of the content upon awakening
“white dream” while having eyes open. This could make sense if we considered the increase
in FC between FPN and DMN, and the increase in FC within DMN were working on
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generating thoughts, but due to the decrease in FC between WMN and DMN, in addition to
the lack of increased DMN activity, these thoughts could not be handled.
Finally, it is very important to realize that mind-blanking is a complex phenomenon. Still far
from being fully understood, and the research is trying to explain it through various
experiments. In probe-based studies, mind-blanks are reported based on how the subject has
experienced them, so they could be due to meta-cognitive failure (Ward & Wegner, 2013),
or something else, and mistakenly reported as mind-blanks. Since there is no universallyaccepted means of identifying mind-blanks, we cannot assume that a certain definition is
more accurate than the others. Hence, we cannot exclude other definitions without
specifically testing them, and even then, it would not be scientific to confirm one finding
over another, because the analysis is based on statistics and mind-blanks are very subjective.
In our studies, our gold standard for ALs was behavioural, by observing visuomotor
performance and eye-video recordings, rather than by simply asking subjects whether
thought they had a mind-blank, or mind-wandering, or something else.
13.5.2 Microsleeps
Behaviourally, identification of MSs is relatively straightforward (at least compared with
ALs), as they can be characterized by loss of responsiveness to external stimuli, prolonged
eye-closure (relative to blinks), and, albeit not necessarily, head nodding (Davidson et al.,
2005). The important feature of our 2-D CVT task (Poudel et al., 2008) is that the target is
always moving, has a defined minimum speed, and has no flat spots. Through this, it is
possible to precisely determine the onset and duration of MSs, within the arbitrary duration
of a MS of ≲15 s (Jones et al., 2010).
Many factors should be considered when looking at MSs. Fatigue is one of these important
factors. In our task that requires continuous visual sustained attention, and goes for a
relatively long period (50 min or 20 min), it is more likely to be affected by mental fatigue
as the performance will be impaired over time due to the drop in the attentional resources
available which in turn will reduce the processing of information and decision making (Guo
et al., 2016). Although it is highly dependent on individual differences (Tran et al., 2020),
theta activity has also been shown to be an important sign of the effect of mental fatigue on
the cognitive processing and control capacities (Wascher et al., 2014), as the rate of mental
fatigue is highly affected by task characteristics (Gartenberg et al., 2018).
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Drowsiness (sleepiness) is another important factor. Drowsiness on its own has been shown
to enhance distraction while performing a monotonous task (Anderson & Horne, 2006).
According to Slater (2008), drowsiness can be defined as “a progressive loss of cortical
network processing efficiency, requiring the recruitment of greater amounts of cortical tissue
to perform the same task”. This means that being drowsy requires more attentional resources
to perform a task. This is supported by Canales-Johnson et al. (2020), who suggested that
when drowsy, the cognitive system will apply a neural compensatory mechanism. Alpha
activity decreases with sleepiness when eyes are closed (Putilov & Donskaya, 2014). This
relationship was previously found by Strijkstra et al. (2003) in addition to a correlation
between sleepiness and increase in theta activity. According to Anderson et al. (2010), MSs
were highly affected by sleepiness in a 30-min PVT session.
There are two primary alternating states of the human brain: wakefulness and sleep.
However, these two states are not mutually exclusive. This means there is no state of full
wakefulness when awake, or complete deep sleep during the sleep period, as each state
comprises different stages/grades (Guo et al., 2016; Kleitman, 1963; Lindsley, 1952; Saper
et al., 2005). There are also momentary events which can change the nature of the brain state
for a relatively short time (Albert et al., 2018; Buckley et al., 2016; Guo et al., 2016; Neigel
et al., 2019a; Roebuck et al., 2016; Seli et al., 2017; Thomson et al., 2015b; Unsworth &
Robison, 2016a). The occurrence of these sudden breakdowns in responsiveness, called
‘lapses’, is correlated with many factors, including human abilities and traits, and type and
duration of task.
Changes in state from wake to sleep or vice versa do not happen instantaneously, but with a
transition (Fuller et al., 2006; Gallopin et al., 2005; Hara & Sakurai, 2011; Saper et al., 2010;
Song & Tagliazucchi, 2020). Within this transition the brain is either gaining vigilance when
trying to be fully awake after sleep but struggling, or when you are affected by drowsiness
after your brain is exhausted as it needs some rest while being awake for a long time or while
doing an activity that is mentally fatigues (Canales-Johnson et al., 2020; D’Ambrosio et al.,
2019; Tsai et al., 2014). MSs (≲15 s) can be an unstable stage before falling into a light sleep
(Andrillon et al., 2019; Hertig-Godeschalk et al., 2020) or as a brief sleep for the brain to
refresh and re-organize, similar to that of the normal sleep process (Tsai et al., 2014).
Although MSs are not always followed by sleep, they can be interpreted as an indicator of
sleep (Harrison & Horne, 1996).
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As the 2-D CVT task is prolonged, continuous, has a repetitive target, and requires a subject
to keep following the target, and there is no motivational factor (reward/punishment) for
doing the task, and as they are lied in a sleeping position, it is expected that at least many
subjects would become drowsy and their ability to stay awake would become impaired with
time. It is also likely that will cause drops in performance a few seconds before MSs. As a
result of the state of drowsiness – i.e., stage I of NREM sleep (Niedermeyer, 1999b) – it will
often progress into a state of deep drowsiness (Niedermeyer, 1999a) on its way to the
transition to light sleep (stage II). MSs will often occur in this transition stage.
MSs in demanding tasks like the 2-D CVT task are correlated with increase in activity of
delta, theta, and alpha EEG bands (Jonmohamadi et al., 2016; Peiris et al., 2006; Poudel et
al., 2010a). According to De Gennaro et al. (2001), who looked at the neural signature of the
transition regions between wakefulness and sleep using EEG, he found that at the start of the
transition there is an increase of activity in delta and theta bands, and as the transition
progresses, alpha band activity increases as well. Niedermeyer (1999b) referred to stage I of
sleep by dominance of theta band activity once falling asleep, which could be easily alerted.
Picchioni et al. (2008) compared the early part of stage I sleep to wakefulness and found
increased activity in medial frontal gyrus and precuneus of DMN. Similarly, Poudel et al.
(2014) found that in the non-sleep-deprived wake state there is a correlation between MSs
and increased activity in medial frontal gyrus and precuneus of DMN. This agrees with our
finding of increased delta, theta, and alpha EEG activity in medial frontal gyrus and
precuneus of DMN during MSs in our 2-D CVT task.
However, we found an increased activity in the high-frequency EEG bands (beta and
gamma). Beta and gamma are known to be associated with higher cognitive functions such
as attention (Rouhinen et al., 2013), perception (Melloni et al., 2007), filtering distraction
(Schmidt et al., 2019), memory processes (Pauling & Coryell, 1936), and cortical processing
(Cannon et al., 2014; Fries, 2009; Tallon-Baudry, 2009). This highlights the possibility that
increased beta and gamma activities are assisting the brain to recover from MSs, which
agrees with the finding of increased BOLD activity by Poudel et al. (2014) using the same
data.
There was, however, a limitation when analysing the MSs data. Although the standard preprocessing pipeline was applied to remove the noise caused by simultaneous recording of
EEG-fMRI, we cannot assume that there were no motion-related artefacts or, if there were,
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that they were completely removed. Since we did not collect measures of the head motion
inside the scanner to make sure that the subjects did not move when transitioning from
wakefulness to sleep and vice-versa, we cannot simply assume that there was no movement.
However, by looking at the setup, the subjects were already in a comfortable sleeping
position with their heads maintained within foam padding. Unremoved motion artefacts can
be noticed in EEG data acquired inside an MRI scanner as a result of the induced current at
electrodes when they are moving within a magnetic field, as explained by Faraday's law
(Yan et al., 2009). We found an increase in power in all five bands, which leaves largely
unresolved the important question: Were these findings caused by unremoved motionartefacts?
To investigate this question, we re-performed the analysis of MS after regressing out the
global signal effect. We found a difference in the previous results, as all the significant
changes in delta, theta, and beta bands disappeared. Also, we found a trend of decreased
activity in alpha band. However, the significant increase in gamma activity remained. Given
our results, and findings from the literature, we consider it likely that, during the MSs, the
brain initiates activities to recover from the MS state and reconnect with the active task.
Given the differences in durations between MSs and sleep, we expected them to be
physiologically different. By comparing our findings after regressing out the global effect to
the literature on the awakening-from-sleep process, we found differences. There are
increases in alpha and theta activities in the first 10 min following awakening from normal
sleep (Tassi et al., 2006), while Ferrara et al. (2006) and Marzano et al. (2011) found that in
non-sleep-deprived subjects there were a global-scalp reduction in beta in addition to a
posterior increase in delta activities when comparing post-sleep awakening to pre-sleep
wakefulness. Finally, Gorgoni et al. (2015) found decreased alpha and beta activities in the
fronto-central part of the brain after sleep-deprived subjects were awakened from recovery
sleep. This indicates that it is highly likely that MSs and sleep are physiologically different
in the process of ending the sleep state.
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Conclusion and Future Research
14.1 Summary and key findings
Studying lapses of responsiveness is important in many sectors but especially the transport
sector (driving, pilots, etc.). These lapses are considered to be associated with complete
decoupling from the external environment, where performance of a task requiring
continuous attention drops to zero momentary. The main challenge facing researchers is
finding a unified way to define complete lapses of responsiveness, partial lapses of
responsiveness, and their different types in terms of behavioural characteristics (especially
frequency and durations). This challenge on its own makes the interpretation of any new
results from studies of ALs, when compared to the literature, a riddle.
In our analysis we were interested in complete lapses of responsiveness (ALs and MSs).
Given their major effect on road safety, we aimed to increase our understanding of the
behavioural characteristics and physiology underlying lapses of responsiveness. We used a
2-D CVT task by combining two studies (C and D), which is demanding given their session
durations (50 min and 20 min). The task is monotonous, as it repeats itself in a periodic
pattern (every 30 s) and without any dual-task distractions, such as was done by Buckley et
al. (2016). There was also no motivational influence (e.g., financial reward). This task is
similar to that on the road, in which a driver spends a long time on the same lane, and possibly
the same speed, which correlates with a high propensity for complete lapses of
responsiveness.
We used simultaneous EEG, fMRI, visuomotor tracking, and eye-video recording to observe
the performance of participants, and events of complete lapses of responsiveness were rated
by a human expert. We classified events of no response as ALs (eyes opened) or MSs (eyes
closed). In addition, we labelled events of partial drop in performance (partial eye closure)
as DIREs. Drops in performance that did not fit any specific lapse category were labelled as
VBIP. We also kept record of the variability of tracking target speed, and durations of poor
performance.
The ALs were analyzed using fMRI data from the combined studies via voxel-wise, group
ICA, HR, and FC analyses. We used EEG to analyze both ALs and MSs by reconstructing
cortical sources and explored the relative difference between the average of events and their
baselines in five bands of interest: delta, theta, alpha, beta, and gamma.
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Because of the short duration of most ALs compared to the TR (2.5 s) in our fMRI, we
consider our findings on the neural signature of an AL are likely to contain an overlap of
physiological processes (i) causal of the behavioural lost-attention state itself, (ii) processes
during the AL aimed at bringing the brain out of its lost-attention state, and (iii) processes
immediately following the recovery of attention and responsiveness. Although, as we were
unable to behaviourally determine the type of AL, we expected ALs to be due to mindblanking (involuntary) given the average short duration, as it is unlikely to think about
memories (mind-wandering) in ~ 1.7 s, or to be able to “fully” clear the mind from thoughts.
On comparing ALs to the baseline of responsive tracking via voxel-wise analysis in the GM
of the brain, we found increased activity in the SN – specifically dorsal ACC and ventral
SMA. We consider this is related to the process of ending the AL.
In the HR analysis, we focused on ROIs. We first confirmed our findings from the voxelwise analysis. We also found a trend of increase in the HR at 7.5 s after the onset of AL in
left IPS of DAN, which we also consider is related to the process of ending the AL. In the
right PPC of FPN, we found a trend of decrease at -2.5 s in the rPPC represent a drop in FPN
activity which could have led to a loss of visuospatial attention and visuomotor response
preceding the onset of AL as part of the decoupling process. In addition, an increase in the
left IPL of DMN at around 12–15 s prior to the onset of the AL, which was not expected,
may reflect mind-wandering as a precursor to an AL, but we cannot confirm that.
Finally, no change was found in the ventral ACC which support excluding the possibility
that ALs are due to voluntary mind-blanking. In addition to the lack of increased DMN
activity that is associated with voluntary mind-blanks, and highly associated with mindwandering. Also, the significant increase in activity in SMA that was found in our ALs
(involuntary mind-blanks) compared to the decrease in activity in SMA due to the voluntary
mind-blanks. This supports excluding both, but does not confirm.
Group ICA analysis did not show any significant results but there was a trend of increased
activity in an IC which was spatially correlated with SMN. This may also be related to the
process of recovery from the AL.
FC analysis provided major findings through the different connections that were tested. The
connections between FPN and both DMN and DAN were tested, and a significant increase
in FC was found between FPN and DMN, which, in addition to the significant increase in
FC within DMN, is associated with mind-wandering according to literature. However, the
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short average duration of ALs, supports excluding the possibility that the ALs being due to
mind-wandering, as instead it could be due to task-related thoughts as part of the breaking
the state of AL, or involuntary mind-blanking.
We also tested the FC between EMN and both DMN and DAN. We found an increase in FC
between the regions responsible for eye movement from EMN and both DMN and DAN.
This, together with a decrease in FC between the regions responsible for visual processing
and DAN, supports the decoupling process during ALs. To further test for decoupling, FC
between FPN and both VSN and SMN were tested. A decrease in FC between FPN and
SMN was found, which supports decoupling during ALs, as there is no performance of the
task. But the finding of increased FC between FPN and VSN, is more likely to represent the
process of reconnecting with the task. A decrease in FC between the WMN and DMN
supports the presence of involuntary mind-blanking. Finally, increased FC between SN and
DAN is considered to be consistent with the process of getting out of the AL.
Finally, on the EEG side of ALs, we found non-significant increased activity in beta and
gamma bands, which could be considered associated with the process of recovery from ALs,
or possibly white dreams given their association with high-frequency EEG activities.
However, more statistical power is needed to claim that association.
To conclude on the AL side, because of the extended and repetitive nature of the task, we
consider that subjects would likely have been mind-wandered for a considerable proportion
of time on the task. But given that the task is also demanding, as it requires continuous
performance, the subjects were keen to have both task-related thoughts and TUTs, which
eventually, with the aid of mental fatigue and possibly drowsiness, led to draining limited
working memory and central executive functions and subsequent attentional shutdowns –
i.e., involuntary mind-blanks. The brain then recovers and restarts carrying out the task.
In the MS analysis, we focused only on EEG, as the parallel fMRI data had been previously
analysed and reported (Poudel et al., 2014). We found increased activity in the delta, theta,
alpha, beta, and gamma EEG bands. Based on our findings and the behavioural difference,
we believe that MS is physiologically different from sleep in the recovery process. However,
due to a limitation in the data collected, we did not have any measure of continuous head
motion, so cannot completely exclude the possibility that the global increase in EEG power
may have been partially or wholly caused by unremoved motion. So, the global signal effect
was removed in a further analysis, which resulted in removing the increase in delta, theta,
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and beta bands. However, the increase in gamma activity remained. In addition, a trend of
decreased alpha activity was found, which is the opposite of what was found before
removing the global signal effect. Overall, we believe that MSs are physiologically different
from sleep in the recovery process even after removing the global signal effect.

14.2 Review of hypotheses
In this project we had nine hypotheses divided into three groups of three main key questions:
(1) what are the neural signatures of endogenous ALs during a continuous visuomotor
tracking? (2) are endogenous ALs during a continuous visuomotor tracking mind-blanks or
mind-wandering? and (3) are MSs physiologically different from sleep?
To answer the first question, we had seven hypotheses. Given what we found, we believe
that there was a decoupling state during the AL.
Hypothesis 1: In a 2-D CVT task, there is lower neural activity in DAN during endogenous
ALs. ➔ We found no evidence to accept this hypothesis.
Based on the voxel-wise analysis, there were no significant change in any of DAN regions.
We further analysis that in the HR analysis, and we found a trend of increased activity 5 s
after the onset, which is associated with the recovery process.
Hypothesis 2: In a 2-D CVT, FC between FPN and DAN decreases during ALs. ➔ We
found no evidence to accept this hypothesis.
We could not find evidence using the FC analysis within ALs, but we should consider doing
a dynamic FC to see what happened before and after.
Hypothesis 3: In a 2-D CVT, FC between FPN and SMN decreases during ALs. ➔ Our
evidence supports this hypothesis.
This falls with our expectations about the decoupling process, as ALs will lead into a
complete drop in performing the task which is based on visuomotor response.
Hypothesis 4: In a 2-D CVT, FC between FPN and VSN decreases during ALs. ➔ Our
evidence rejects this hypothesis.
We found evidence for the opposite change using the FC analysis within ALs, and this is
expected to be associated with the recovery process. But we should consider doing a dynamic
FC to see what happened before and after.
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Hypothesis 5: In a 2-D CVT, FC between DAN and EMN decreases during ALs. ➔ Our
evidence supports this hypothesis.
We found a decrease in FC between DAN and the regions associated with processing visual
input from EMN. This was expected as part of the decoupling process.
Hypothesis 6: In a 2-D CVT, FC between DMN and WMN decreases during ALs. ➔ Our
evidence supports this hypothesis.
This finding is very important to support that ALs are due to mind-blanking more than mindwandering given their short average duration.
Hypothesis 7: In a 2-D CVT, EEG alpha power increases in the posterior brain area during
endogenous ALs. ➔ We found no evidence to accept this hypothesis.
We could not find any evidence of change, not even a trend of change of EEG alpha activity
to be associated with ALs. We are still expecting to see changes, maybe with more statistical
power.
To answer the second question, we had one hypothesis, where each carried multiple
expectations trying to speculate the type of AL.
Hypothesis 8: ALs during a 2-D CVT are due to involuntary mind-blanking. ➔ We found
limited evidence to accept this hypothesis.
Finding no significant increase in DMN activity whether by voxel-wise or HR analyses is
very important to exclude the possibility of ALs being due to mind-wandering. Also, the
increased FC between FPN and DMN, and between EMN and DMN, given the short average
duration of ALs, could be associated with task-related thoughts, which again exclude the
possibility of ALs being due to mind-wandering. Finally, our EEG findings cannot exclude
the association of local-sleep to explain ALs, but given our low statistical power, it is worth
re-investigating this with higher statistical power.
To answer the third question, we had one hypothesis.
Hypothesis 9: Microsleeps during a 2-D CVT task are brief instances of sleep but are
physiologically different from normal sleep. ➔ We found limited evidence to accept this
hypothesis.
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Given the behavioural difference between MSs and sleep in terms of duration, we consider
that they are different from a physiological perspective, particularly in terms of the process
of regaining wakefulness. We are aware of a limitation in being unable to exclude the
possibility of MS-synchronous artefacts due to EMG or head motion. However, we consider
motion artefacts to be very unlikely due to movement-constrained setup inside the MRI
scanner.

14.3 Limitations
Although the task we used is novel, and carries a great potential in adding more to the
understanding of lapses in general, there were several problems and limitations in our data.
Statistical power: Combining our two studies resulted in 40 subjects, but a lower number
of subjects (17) in fMRI and (10) in EEG reached the statistical analysis step in ALs, while
MSs had (11) in EEG analysis. This is because of the low number of ALs found in subjects
from studies C and D which were used in fMRI analysis. For EEG analysis, Study D was
excluded because it did not pass the pre-processing stage. Finally, some subjects had
corrupted/incomplete data so were excluded from the beginning.
Field maps: Field map images were not collected for all subjects in both studies. As a result,
we were unable to perform magnetic field distortion correction for any subject in order to
have a consistent pipeline of analysis. This step is believed to increase SNR in the fMRI
analysis if performed, and may have helped revealing results in areas highly affected by
magnetic field distortion.
Individual differences: Differences between individuals in WMC (Adam et al., 2015), fluid
intelligence (Unsworth et al., 2010), vigilance (Robison & Brewer, 2019), oculometrics
(Unsworth et al., 2020), and human brain structure (Clemente et al., 2021; Mitko et al.,
2019), are likely to have influenced our results and studying these would likely have given
us additional important insights into lapses. However, such measures were not collected.
Behavioural gold standards: We studied ALs to determine their neural signature. However,
we were limited by being unsure whether these were instances of mind-wandering or mindblanking or a combination of both. The addition of a thought probe technique may have
helped in identification of type of AL, but such techniques have their own serious limitations.
There is no standard approach, and most are based on the subjective reports that might not
be accurate (Robison et al., 2019; Weinstein, 2018; Weinstein et al., 2017; Wiemers &
Redick, 2019). Also, thought probes would seriously interfere with the continuous nature of
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our task. Notwithstanding, to our knowledge, thought probes are the only means by which it
is possible to gain an albeit-questionable behavioral gold standard to differentiate the two
types of ALs (Zanesco et al., 2020).
However, another approach could be to differentiate the types of ALs via their neural
signature based on literature.
Eye-video and Oculometrics: We wished to increase our understanding of the behavioural
characteristics of ALs, as this would help in associating the physiological findings to
behavioural ones, which later could be used in the detection/prediction systems. We had eyevideo recordings of only the right eye from a digital camera (Malla et al., 2010), which was
low resolution and could not be used for quantitative oculometrics; to collect accurate and
precise features of the eyes movements and pupil measures. However, the eye-video
recordings we had were enough to determining eye-closure and hence MSs.
Camera-based studies are common in the literature for eye movements and gaze (Borza et
al., 2016; Cheung & Peng, 2015; Kristjansson et al., 2009; Meng & Zhao, 2017; Yu et al.,
2015; Zhao et al., 2019), and there is a huge interest into using eye trackers (Benedek et al.,
2017; Franklin et al., 2013; Jubera-García et al., 2019; Kang et al., 2014; Konishi et al., 2017;
Massar et al., 2018; Steindorf & Rummel, 2020; Unsworth & Robison, 2016b, 2018a;
Unsworth et al., 2018; Van Den Brink et al., 2016). The question of which to choose lies in
the processing efficiency according to Al-Rahayfeh and Faezipour (2013). In the case of
real-time applications, both the processing time and hardware should be considered, in
addition, when using a camera-based system, the background noise, lighting conditions, and
distance to camera should be considered.
Based on the literature, many studies have looked at the behavioural characteristics of mindwandering events from on-task events (Benedek et al., 2017; Bixler & D’Mello, 2016;
Daniel et al., 2010; Foulsham et al., 2013a; Pepin et al., 2018; Reichle et al., 2010; Schad et
al., 2012; Unsworth & Robison, 2016b, 2018b). None of these studies looked at the
characteristics of mind-wandering and mind-blanking events in a continuously demanding
task which requires sustained attention all the time. According to Unsworth and Robison
(2018b), no single measure is fully predictive of whether a person is experiencing a lapse or
not, so using a combination is more likely to achieve a better performance. That is why
having precise measures is essential for an informative behavioural study of ALs.

P a g e | 14-164

Fusion of EEG and fMRI: Because of limitations in the EEG data available from Studies
C and D, we were limited in what we could obtain EEG-wise, as opposed to fMRI-wise, on
ALs. Consequently, we were unable to fuse the two modalities, and, hence, unable to gain
the benefits of maximal temporal and spatial resolution.
Motion-related artefacts: It is very important to account for motion-related artefacts,
because of the substantial effect they can have on the SNR of the data (Yan et al., 2009),
which can, otherwise, result in findings being questionable (Jansen et al., 2012). Due to our
limited collected measures of motion, we were unable to account for head movement. The
literature suggests multiple solutions during the setup phase to minimize the adverse effect
of motion artefacts in the processing phase (Bullock et al., 2021). The most accurate is to
attach motion tracking sensors to the EEG cap (Bullock et al., 2021; Daniel et al., 2018;
Jorge et al., 2015; Spencer et al., 2018).

14.4 Future research
Given our current data from both studies C and D, in order to proceed with further
investigation of ALs, a new study could be conducted which could remove, as much as
possible, the limitations mentioned above. However, the current data could still be used to
further investigate the following:
•

Doing fMRI HRs of MSs and comparing these with our ALs – Could our ALs actually
be MSs with eyes open? Although they are behaviourally different, in terms of whether
the eyes are open or closed, the fact that ALs (involuntary mind-blanks) are associated
with a complete drop in performance, highlights an important question about whether
some of our brain regions are sleeping (local-sleep) as has been suggested (Andrillon et
al., 2021; Andrillon et al., 2019). Hence, testing this is highly desirable.

•

Cluster analysis of ALs to see if they are actually a mix of mind-blanks, mind-wandering,
MSs with eyes open, or other. Using an unsupervised clustering technique modified for
fMRI data (Aljobouri et al., 2018; Qin & Suganthan, 2004), testing the possibility that
the ALs we have are all related to one cluster (one type of AL, such as mind-blanks), or
two clusters (mind-blanks and mind-wandering), or even more, and compare the neural
signature to those in the literature would be of value.

For the MSs, since we have collected simultaneous EEG and fMRI data, we could investigate
MSs using the fusion of EEG and fMRI (Ritter & Villringer, 2006) from the current data.
This would allow us to benefit from both the high temporal resolution of EEG and the
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simultaneously recorded high spatial resolution of fMRI. However, caution is needed due to
the noise added from each technique to the other technique’s data (Bullock et al., 2021). A
quantitative evaluation would be helpful to make sure that the regions or frequencies of
interest are not corrupted before starting the analysis (Schrooten et al., 2019). The most
common method used in the fusion of EEG and fMRI is ‘EEG-informed fMRI’, which is
basically a prediction of the BOLD signal in each voxel dependent on the EEG signals
(Abreu et al., 2018; Murta et al., 2015).
Initiating a new study would be of particular value in further investigation of ALs. In terms
of the limitations mentioned in Section 14.3, having a sufficient number of subjects in the
analysis stage (20 – 30 or more) would be highly desirable (Pajula & Tohka, 2016; Thirion
et al., 2007; Turner et al., 2018). All of the measures not collected in Studies C and D, such
as field maps, ECG, and respiratory activity, plus individual differences in measures of
vigilance, working memory capacity, and fluid intelligence, should be considered. The most
accurate means to collect oculometric features would be very desirable, including eyeposition trackers. This, in addition to the tracking performance measure, would help build a
more accurate gold standard. Also, different cameras could be used to capture not only the
face but also the head, body, and hands (tracking fingers), in order to accurately label
determine voluntary movements. For the task design, since it’s essential to know the type of
ALs, a standard definition of what is an AL, mind-wandering, and mind-blanking is needed.
The tracking device should be redesigned to use both hands, one for continuous tracking and
one for reporting the mental state based on the self-caught method without necessitating
stopping the continuous task. A preceding pilot study would be desirable to ensure that the
new experimental paradigm is optimized.
Finally, if possible, it would be of considerable value to collect fMRI with the lowest TR
possible and to collect simultaneous multi-channel EEG, so as to be able to perform fusion
analyses of the two modalities and gain the benefits of both high temporal and spatial
resolution. This would assist in separating the decoupling and recovery phases of ALs. The
average duration of the ALs in the 2-D CVT task was 1.74 s, and the TR of the fMRI was
2.5 s. So, it is not possible to distinguish between these two separate phases from fMRI
alone. The continuous task provided a good estimate of the actual duration of these ALs. To
be able to perform dynamic FC on different phases of ALs, an MRI with a much shorter TR
(< 1 s) is needed. A similar procedure to that of Poudel et al. (2018), where the focus was on
the transient changes of MSs, which are generally much longer than ALs, could be followed.
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The challenge then would be the HR, as only MSs (> 5 s) were used by Poudel et al. (2018)
to ensure that activity at the onset of MSs was separated from that at the end of MSs; hence,
dividing the MS event into stages was possible. Notwithstanding, it may still not be possible
to satisfactorily separate the two phases of ALs.
The fMRI-based DFC of mind-wandering has been investigated (Denkova et al., 2019;
Kucyi, 2018; Kucyi & Davis, 2014), with the primary aim being to determine the onset and
duration of mind-wandering. Toolboxes such as CONN and GIFT were used, with a sliding
window (~ 40–60 s) and step size of 1 TR, as mind-wanderings are events which likely often
extend over many fMRI temporal samples. The sliding window analysis focused on
uninterrupted continuous temporal dynamics.
Another approach to DFC of ALs would be to use reconstructed EEG sources, with their
high temporal resolution. Dynamic/time-varying FC was used by Toppi et al. (2012) and
time-varying effective connectivity by Toppi et al. (2016) to investigate changes
immediately-before, during, and immediately-after MSs, with a temporal resolution of 200
ms. Hence, in the 2-D CVT task, where ALs have an average duration of 1.74 s (max < 5 s),
and are highly unlikely to be mind-wandering, EEG is much more appropriate to separate
the decoupling and recovery phases.
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Appendix A: EEG Pipeline Validation using an Artificial Signal
To validate that the integrity of the pipeline, we added an artificial signal with a certain
frequency to the events of interest at certain EEG electrodes (O2, O1, Oz, PO5, PO3, POz,
PO4, PO6, PO8, PO7). Subsequently, we ran the source reconstruction technique and
expected to see a change in activity in the underlying sources at the scalp location of the
EEG electrodes after statistical analysis and correction for multiple comparisons. We added
a 10-Hz sine wave with an amplitude equal to two times the norm of EEG signal for each
electrode and subject to the 10 electrodes around the occipital lobe. The sine wave had a
random phase for each electrode. This wave was added to the event duration, while another
wave with equal amplitude (i.e., norm of EEG signal) was added to the baseline in order to
make it the dominant signal, as shown below.

A plot for the EEG electrodes after adding the sine wave added to both average event and average
baseline with two different amplitudes.

The validation process was done by adding the artificial wave to the AL events (38 events),
in order to test the statistical power of our data given the current SNR = 2. The same analysis
procedure was followed by using FFT for the frequency analysis and eLORETA for the
source reconstruction. Permutation testing was applied to examine the relative difference
between the average events to the average baseline of each subject. In total, there were 10
subjects and results were corrected for multiple comparisons with TFCE and a p-value <
0.01 (two-sided). The median of the percentage relative change refers to the effect sizes.
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Group-level result of the significant change activity of the relative difference between the event of
artificial sine wave added to the ALs and baseline at SNR = 2 (shown in axial view at the top). On
the bottom is the median of the percentage relative change over subjects.

