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Abstract

Fluctuations during sustained attention can cause momentary lapses in performance which can have
a significant impact on safety and wellbeing. However, it is less clear how unrelated tasks impact
current task processes, and whether potential disturbances can be detected by autonomic and central
nervous system measures in naturalistic settings. In a series of five experiments, | sought to investigate
how prior attentional load impacts semi-naturalistic tasks of sustained attention, and whether
neurophysiological and psychophysiological monitoring of continuous task processes and
performance could capture attentional lapses. The first experiment explored various non-invasive
electrophysiological and subjective methods during multitasking. The second experiment employed a
manipulation of multitasking, task switching, to attempt to unravel the negative lasting impacts of
multitasking on neural oscillatory activity, while the third experiment employed a similar paradigm in
a semi-naturalistic environment of simulated driving. The fourth experiment explored the feasibility
of measuring changes in autonomic processing during a naturalistic sustained monitoring task,
autonomous driving, while the fifth experiment investigated the visual demands and acceptability of
a biological based monitoring system. The results revealed several findings. While the first experiment
demonstrated that only self-report ratings were able to successfully disentangle attentional load
during multitasking; the second and third experiment revealed deficits in parieto-occipital alpha
activity and continuous performance depending on the attentional load of a previous unrelated task.
The fourth experiment demonstrated increased sympathetic activity and a smaller distribution of
fixations during an unexpected event in autonomous driving, while the fifth experiment revealed the
acceptability of a biological based monitoring system although further research is needed to unpick
the effects on attention. Overall, the results of this thesis help to provide insight into how autonomic
and central processes manifest during semi-naturalistic sustained attention tasks. It also provides

support for a neuro- or biofeedback system to improve safety and wellbeing.
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General Introduction

1.0 General Introduction

Sustained attention is a fundamental construct associated with the capacity to respond and maintain
performance over prolonged periods of time (Robertson & O’Connell, 2012). Impairments in the ability
to select relevant stimuli and ignore irrelevant stimuli occur in everyday situations such as driving,
working, and studying, and impacts general cognitive abilities such as memory and learning (e.g. Awh
et al., 2006; Chun, 2011). Consequently, decrements in sustained attention pose a serious threat to
safety and wellbeing in naturalistic settings. For instance, fatigue and drowsiness have both been
shown to impact sustained attention, suppressing driver ability and control of the vehicle (e.g.
Gunzelmann et al., 2011), and situation awareness (e.g. Smith et al., 2009), resulting in critical, life-
threatening situations such as road accidents (Connor et al., 2002). As such, it has been argued that it
is necessary to develop practical and safe interventions to improve sustained attention ability. As
models of attention have demonstrated a complex and overlapping system that fluctuate over periods
of time (e.g. Esterman & Rothlein, 2019), continual monitoring of physiological indices with a high
temporal resolution may reveal the mechanisms that underlie attentional lapses, as well as provide
preventative measures by assessing when they are more likely to occur. Monitoring of autonomic and
central nervous system mechanisms may therefore provide the potential to improve sustained
attention ability, having a wide range of implications for improving safety and wellbeing in everyday

situations and clinical populations.

This Chapter will first begin with introducing key theoretical and neuroanatomical models of selective
and sustained attention. Given the fluctuating nature of sustained attention, several physiological
indices that have demonstrated their ability to capture deficits will be subsequently introduced. The
Chapter will then discuss attentional deficits during human-machine interactions and clinical
populations, which may benefit from autonomic and neurophysiological monitoring. In view of the
significant implications for physiological monitoring during sustained attention tasks for safety and
wellbeing in naturalistic settings, several issues concerning laboratory-based studies are discussed,

followed by a brief thesis overview.

1.1 Attention

Attention is considered a function that refers to a set of mechanisms related to orienting, focusing,
and selecting (Nobre & Mesulam, 2014). Humans successfully identify and select goal-relevant

information against competing distractors with limited cognitive resources in complex dynamic
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environments (Lavie & Dalton, 2014). Selective attention serves as the mechanism which allows us to
resolve this competition by selectively filtering task-relevant information from task-irrelevant
information (Posner, 1980). Selective attention can be deployed in two ways. Orienting attention can
happen overtly, which enables eyes and head movements towards the target stimulus; or covertly,
attending to the target when there is not enough time to execute eye movements. Another important
aspect is that reorienting can happen quickly and effortlessly, known as exogenous; or slowly and
deliberately, known as endogenous (Posner, 1980). While selective attention is often measured in a
transient manner, sustained attention captures how performance fluctuates over time, when tasks
can be effortful and demanding, or monotonous and undemanding (Robertson & O’Connell, 2012).
This first section of the Chapter begins with introducing the early versus late selection models of
selective attention, followed by underload and overload models attempting to capture sustained
attention depicting performance fluctuations over time. Arousal and vigilance mechanisms are then
introduced as fundamental elements of sustained attention. Finally, the section reviews the evidence
from sophisticated neuroimaging techniques that have advanced understanding and informed
theoretical models of attention, revealing dynamic interactions involving inhibition and excitation

across a distributed network during sustained attention tasks.

1.1.1 Selective attention

Attentional research has attempted to uncover the mechanisms underpinning selective attention. The
locus of selection was first proposed by Broadbent (1958) as an early selection process. Broadbent’s
bottleneck model suggests that numerous sensory inputs are filtered for further processing based on
their physical characteristics. This filter prevents the information-processing system from becoming
overloaded. As the unprocessed information is rejected at an early stage, these are removed from any
further processing. According to early selection models, attention occurs at an early perceptual level
before stimulus identification. Soon after, Moray (1959) demonstrated that participants perceived
information in the unattended channel when preceded by the participant’s name. Consequently,
Moray (1959) argued that unattended stimuli can be processed semantically. As such, irrelevant
information is attenuated, rather than eliminated (Treisman, 1964). These findings drove the
development of the late selection view: Deutsch & Deutsch (1963) argued that the locus of selection
is a late process as perception has an unlimited capacity and attention operates on the result of
stimulus identification. Filtering of irrelevant information happens only after all inputs have been

recognised.
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While the early versus late selection models were the primary debates of the mid-1900s,
a dominant theory to surface in the 1990s suggested that selective attention is dependant on the
processing demands of the current task, which determines the efficiency of distractor rejection (first
proposed in Lavie & Tsal, 1994). The perceptual load theory has been hugely influential and proposes
a solution to the early versus late selection debate and relates to limited capacity models of
information processing. When a task imposes high perceptual load, capacity is reached and distractors
cannot be processed, resulting in performance that is consistent with early selection. However, when
a task involves low perceptual load, all available stimuli are processed (i.e. distractors and targets),
necessitating late selection. If perceptual load is high, cognitive load impacts the allocation of
attention, and if there is a high working memory requirement, this can cause late selection to fail
(Lavie, 2005). Therefore, both types of selection can occur, depending on the perceptual properties of
the task. In this case, perceptual load considers the perceptual properties of the task only (e.g. colour
of the stimuli) to aid information processing, whereas cognitive load includes both bottom-up and top-
down processing required to process relevant information, including working memory (Macdonald &
Lavie, 2011). Although it is now mostly agreed that the locus of selection is not exclusively early or
late (e.g. Allport et al., 1994), many have criticised the hybrid perceptual load model. Some
researchers have suggested that rather than any perceptual or cognitive load impact, the
heterogeneous stimuli in a high load condition ‘dilutes’ any effect of distractor items (Benoni & Tsal,
2010); under low load, the distractor is generally presented alone, while under high load, the
distractor is presented with other distractors. Therefore, when more stimuli are competing for
processing, there is less available capacity (Benoni & Tsal, 2010; Tsal & Benoni, 2010a, 2010b; Wilson
et al.,, 2011). Others have also argued that it is not directly perceptual load elements that limit
attentional processing. The biased competition account of attentional selection (Desimone & Duncan,
1995) argues that all objects are competing for processing. This competition can be biased by bottom-
up mechanisms such as the visual salience of the stimuli, or top-down control mechanisms such as
motivational behaviour. For example, spatial proximity between target and distractor has been shown
to impact distractor interference. Paquet & Craig (1997) found that selective attention was negatively
impacted under low load for near but not far distractors. In addition, Linnell & Caparos (2011) found
that high perceptual load reduced distractor interference when cognitive load was low. Evidently, a

variety of factors in combination with perceptual and cognitive load can influence selective attention.
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1.1.2 Sustained attention

Robertson & O’Connell (2012) proposed that sustained attention ‘is the capacity to maintain accurate
responding over time across tasks which can be effortful and demanding, or monotonous and
undemanding’. As a result, sustained attention can be considered an add on to selective attention:
relevant stimuli continue to be selected and irrelevant stimuli continue to be ignored (Robertson &
O’Connell, 2012). A critical element of sustained attention is its temporal limits, i.e. how engagement
is maintained over an extended period of time. Despite some researchers putting time limits on
sustained attention (e.g. Langner & Eickhoff (2013) meta-analysis only included studies of tasks lasting
at least 10 seconds), there is no agreement that task engagement evolves into sustained attention
after a set duration. As such, this thesis defines sustained attention as a non-specific construct
associated with the capacity to maintain attention and provide continuous effort on task demands.
Although sustained attention is less studied then transient aspects of attention, performance
measures have found that decrements in sustained attention fluctuate but generally increase over
time and are often characterised by increased reaction times and/or increased errors. In particular,
the mean error rate (e.g. Robertson et al., 1997) and the trial-to-trial variability in reaction times (e.g.

Esterman et al., 2013) have been used to capture fluctuations over a task period.

Lapses in sustained attention are most commonly associated with either cognitive overload or
cognitive underload accounts. The overload account suggests that attentional resources decline over
time (Hitchcock et al., 1999). Sustaining attention is cognitively demanding due to the continuous
processing of stimuli and response selection. Therefore, attentional lapses reflect limits in available
cognitive resources (Head & Helton, 2014). Underload theories suggest that task demands are under
stimulating and lead to task disengagement (Nachreiner & Hanecke, 1992). Research has
demonstrated that monotonous, unchallenging tasks can lead to reduced performance and are
perceived as highly demanding (e.g. Robertson & O’Connell, 2012; Warm et al., 2008). This has been
associated with mind wandering specifically, suggesting that individuals experience a state in which
cognitive processing is driven by internally oriented goals, rather than responding to task-relevant
demands (Cheyne et al., 2009). Yet, inconsistent findings in the literature cast doubt over both models
as the overload resource depletion model cannot fully account for decreasing task demands that lead
to reduced performance (e.g. Ralph et al., 2017), and the underload model cannot account for

increasing task demands leading to reduced performance (e.g. Puma et al., 2018).
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A novel and integrative model attempts to explain the discrepancies between the overload and
underload models of sustained attention. The resource-control theory (Thomson et al., 2015) suggests
that there is a bias for attentional resources towards mind wandering as this is the default state of
individuals. Therefore, attentional resources do not decrease over time, but more attentional
resources are devoted to mind wandering. In some cases, mind wandering will not result in
performance costs if the task does not require all attentional resources. Therefore, attention can
successfully be divided between internal and task-related thoughts. The model also highlights the
importance of executive control, preventing resources being unequally allocated towards task-
irrelevant thoughts, yet this reduces over time. Therefore, mind wandering consumes resources that
can cause failures in executive control, and as executive control decreases over time, this will result in
increased feelings of greater effort. This model arguably explains the literature better than the limited
overload and underload accounts and has been supported by studies employing reward paradigms,
demonstrating that reward manipulations modulate overall performance. For example, Esterman et
al. (2016) found that a monetary reward improved performance of a continuous performance task.
The model postulates that task engagement can alleviate performance decrements as it enables
efficient resource distribution. More difficult tasks result in greater performance decrements as more
attentional resources must be devoted to the task, and so reductions in executive control will have a
larger impact over time. However, these findings also suggest rewards improve performance during
sustained attention, implying that a depletion of cognitive resources can be reversed. The opportunity
cost model could explain this finding (Kurzban et al., 2013). The model posits that the stronger the
perceived benefits of alternate tasks relative to the current task, the greater the perceived effort. In
summary, performance fluctuations during sustained attention tasks have been associated with

motivation and reward processing, rather than simply an allocation of cognitive resources.

An integrated model of sustained attention must also consider the resources of arousal and vigilance
as sustained attention shares a significant relationship with both. These concepts are often used
interchangeably, and although they do overlap, there are clear differences between the three. Arousal
is considered a global energetic state of the system, whereas sustained attention is considered a state
to be maintained (Sarter et al., 2001). Arousal is a cognitive resource rather than a cognitive function
and can be considered a baseline amount of resources available for a task (Esterman & Rothlein, 2019).
Like sustained attention, arousal shares a relationship with performance over time. Hebb's (1955)
work based upon the Yerkes-Dodson Law (Yerkes & Dodson, 1908) described the relationship between
arousal and performance as an inverted U-shaped curve. Performance is best at an intermediate level,

and both under- and over-arousal states are associated with poor performance. A number of circuits
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and corresponding neurotransmitters are associated with an arousal network (e.g. Szabadi, 2015),
though low tonic locus coeruleus noradrenergic system has been associated with low task
engagement due to hypoarousal, and high tonic locus coeruleus activity has been associated with low
task engagement due to hyperarousal (Aston-Jones & Cohen, 2005). These fluctuations in locus
coeruleus noradrenergic neuromodulation impact frontoparietal regions which are thought to
modulate sustained attention (Grefkes et al., 2010; Lenartowicz et al., 2013; further discussed in
Chapter 1.1.3). Like arousal, vigilance is also considered a global energetic state of the system. As a
component of sustained attention, vigilance is described as a readiness to perceive and respond to
detect infrequent and unpredictable targets or events (e.g. Mackworth, 1948; Robertson & O’Connell,
2012). So although vigilance decrements over time are characterised similarly to sustained attention
by increased reaction times and/or errors, they are defined as the decreased probability of detecting
target stimuli or events as time-on-task increases (e.g. Mackworth, 1948). As such, vigilance
represents a global mechanism with a slower temporal resolution to sustained attention. Therefore,
vigilance decrements can be distinguished from sustained attention decrements by their distinct
temporal characteristics: where sustained attention can fluctuate over seconds, vigilance decays are

apparent only after 30 minutes under waking conditions (Robertson & O’Connell, 2012).

1.1.3 Neuroanatomical basis

Advancements in functional neuroimaging in the 1990s provided the opportunity to improve
understanding of the temporal dynamics of attentional selection. Understanding the neural networks
and dynamic interactions that support sustained attention may provide insight into the mechanisms
that underlie attentional lapses, which could inform new theoretical models of sustained attention
deficits and provide frameworks for behavioural effects. While a dominant theory described the
structural and functional basis of individual features of attention (Petersen & Posner, 2012; Posner &
Petersen, 1990), further work suggested that sustained attention is reliant on a diverse network of
cortical structures and dynamic interactions between distinct systems (Fortenbaugh et al., 2017).

These models are discussed below.

An influential theory of the neuroanatomical and functional basis of attention was formulated by
Posner (1980) and later expanded on owing to the advent on neuroimaging and statistical methods
(Petersen & Posner, 2012; Posner & Petersen, 1990). The authors discussed three functionally and
structurally distinct systems: an alerting system, an orienting system, and an executive system. These

three systems have been associated with both selective and sustained attention. Whereas selective
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attention may include both the orienting and executive system, sustained attention may include

alerting and orienting (Tang et al., 2015), as well as the executive network (Langner & Eickhoff, 2013).

The alerting system concerns the state of arousal in maintaining attention to facilitate accurate
responses. In an experimental situation, a phasic shift in alertness is most typically measured by
presenting a warning cue before the onset of a stimulus (Petersen & Posner, 2012). The cue changes
the state by enabling preparation for the response to a stimulus. As such, when a cue precedes a
target, response times are reduced. Alertness is modulated by a range of elements, such as the time
of day (Posner, 1975), length of the task (Posner & Petersen, 1990), as well as the general level of
wakefulness (Szabadi, 2015). The alerting network comprises right thalamic, frontal and parietal
regions, and is influenced by the cortical noradrenergic system that arises from the locus coeruleus
(Aston-Jones & Cohen, 2005; Petersen & Posner, 2012; Posner & Petersen, 1990). The evidence
suggests that tonic alertness is heavily lateralised to the right hemisphere (Sturm & Willmes, 2001);
whereas phasic alertness has been associated with left hemisphere mechanisms (lvry & Robertson,

1998).

The second system, the orienting system, refers to the process of selecting the relevant sensory
stimulus. There are three critical operations to this response. Firstly, the individual must disengage
from the attended location. Secondly, they must shift their attention to a new location. Finally, they
must engage towards the new location. The most widely utilised task for assessing reorientation is the
Posner cueing task (Posner, 1980). A cue provides spatial information about the upcoming target. The
cue can be either valid or invalid. If invalid, the target appears in a different location to the cue, and
so attention is reoriented towards the location of the target. Reaction times increase following an
invalid cue (Posner, 1980). A large body of research has demonstrated that the reorienting
subcomponents are associated with distinct brain structures and have separate effects on attention,
activating two separated but internally correlated networks: the dorsal attention network (DAN), and
the ventral attention network (VAN; Corbetta et al., 2008; Petersen & Posner, 2012). The DAN is
related to a goal-directed selection of sensory stimuli during focused attention, whereas the VAN
detects salient and behaviourally relevant stimuli triggering a shift in attention. In addition to visual
areas, the dorsal system comprises of bilateral frontoparietal regions the intraparietal sulcus, superior
parietal lobule, and frontal eye fields. Once a shift of attention occurs, activation of the ventral stream
including anatomical areas the temporoparietal junction and the ventral frontal cortex ensues. It has
been thought that the ventral system is lateralised to the right hemisphere (Corbetta et al., 2008),

however recent research has disputed this claim including several studies that have demonstrated
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bilateral temporoparietal junction activation during reorienting (e.g. Doricchi et al., 2010; Vossel et
al., 2009). Moreover, the ventral stream has been associated with evaluative processes, rather than
the processes that precede target detection (Doricchi et al., 2010; Han & Marois, 2014). Nonetheless,

an interlinked network of frontoparietal areas seem to be associated with attention reorienting.

Finally, the executive network refers to the processes following stimulus detection which
encompasses two main systems (Dosenbach et al., 2008). The first system concerns the sustained
state, whereas the second system concerns a phasic state to adapt to current task demands. For
maintaining a state over the task period, the cingulo-opercular control network consisting of the dorsal
anterior cingulate cortex, the adjacent medial superior frontal cortex, and bilateral anterior insula, is
activated (Dosenbach et al., 2006). A frontoparietal system, in contrast, is implemented during phasic
adjustments, activating lateral frontal and parietal regions (Dosenbach et al., 2006, 2007), though
these are distinct to frontoparietal orienting networks (Petersen & Posner, 2012). Therefore, the
executive network is considered a stable system that can adapt to sudden changes supporting

sustained performance (Dosenbach et al., 2008).

Further research has attempted to delineate temporal and structural activity by identifying large-scale
distributed networks involved in sustained attention: the default mode network and a frontoparietal
control network. The default mode network consists of numerous structures that are activated during
passive rest and mind wandering, including regions along the anterior and posterior midline, the
medial temporal lobe, and the lateral parietal cortex (Buckner et al., 2008). Although initially supposed
that the default mode network was task-irrelevant (e.g. Fox et al., 2005), it is now thought to play a
complex role supporting cognition (e.g. Lin et al., 2017; for a review, see Raichle, 2015). A suppression
of the network is commonly described during task engagement (e.g. Greicius & Menon, 2004; Singh &
Fawcett, 2008). Research has also indicated a significant role of the frontoparietal control network,
including areas of the DAN and VAN (Fortenbaugh et al., 2017). In agreement with the role of the
frontoparietal attention network and the default mode network during sustained attention, Langner
& Eickhoff's (2013) meta-analysis identified several cortical and subcortical structures consistently
activated during vigilant attention tasks, including areas of the default mode network, the DAN and
VAN, as well as the executive control attention networks identified by Petersen & Posner (2012). The
role of the frontoparietal and default mode network is also supported by models of sustained
attention. Resource control theory introduced earlier (Chapter 1.1.2) suggests that the frontoparietal
control network, reflecting attention, and the default mode network, reflecting mind wandering,

should be inversely related and fluctuate over time representing sustained attention (Thomson et al.,
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2015). Esterman et al., (2013) revealed that performance (lower response variability) was associated
with increased blood-oxygen-level-dependent (BOLD) signal in the default mode network, whereas
BOLD was less pronounced in the DAN. When participants performed worse, BOLD activity increased
inthe DAN, yet was less pronounced in the default mode network. Although these results seem slightly
contradictory, as the attention network is important for supporting attentional processes, this has led
to the default mode interference hypothesis suggesting that disorders of attention, mind wandering,
and performance deficits, are associated with failures to effectively suppress activity within the core
default mode regions (Broyd et al., 2009). Overall, these results suggest that both the frontoparietal

and default mode network have a role in integrating attentional processes during sustained attention.

Taken together, the literature demonstrates that sustained attention relies on a large-scale network
of cortical areas, particularly a frontoparietal network responsible for the representation of relevant
information, and the default mode network responsible for suppression of irrelevant information. As
multiple elements including properties of external stimuli and internal states play a role in mediating
performance over time, there are extensive complex overlaps between the circuits that mediate the
different elements of attention. Furthermore, it is now well recognised that performance fluctuations
are multifaceted and oscillate over multiple timescales from seconds (e.g. phasic alertness) to days
(e.g. circadian) to years (e.g. homeostasis), and so the temporal dynamics of global states of arousal

and vigilance are also fundamental components of sustained attention.

1.2 Autonomic and neurophysiological monitoring

The above-mentioned studies describe how fluctuations in sustained attention are associated with a
complex array of elements including cognitive resource allocation, motivation, reward processing,
arousal, and vigilance, which all operate on a series of timescales. Sustained attention is not a unitary
phenomenon and consequently no single measure can inform us about the independent attentional
mechanisms that operate within different subsystems. Considering that lapses in attention fluctuate
over time, continual monitoring of physiological indices with good temporal resolution may reveal the
mechanisms that underlie attentional lapses, as well as provide preventative measures by assessing
when they are more likely to occur. This section will introduce several reliable physiological and
neurophysiological measures that have been employed to measure sustained attention in the

literature. These measures will be explored further in subsequent Chapters.
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1.2.1 Electrocardiography (ECG)

The autonomic nervous system (ANS) plays a vital role in the modulation of physiological arousal to
meet current environmental demands (Thayer & Lane, 2000). The ANS is comprised of the sympathetic
nervous system (SNS), a quick-acting system associated with energy mobilisation; and the
parasympathetic nervous system (PNS), a slower response system associated with energy inhibition.
Both branches work together to maintain homeostasis. An inability of the ANS to respond
appropriately to changes in environmental demands may leave humans more prone to distractions
(Thayer & Lane, 2000). As such, fluctuations in sustained attention may represent dysregulation of the
ANS. In addition, given the high sensitivity of the ANS to arousal level, the ANS is an attractive target

for the development of a real-time measure of attentional monitoring.

The cardiovascular system is under control of both the SNS and PNS (Gordan et al., 2015). Three major
components, the P-wave, QRS complex and the T-wave, form the cardiac cycle and are associated with
different phases of contraction of the heart (see Figure 1.1). The R-wave is the most dominant wave
of the ECG and is produced by depolarisation of the main mass of the ventricles. Heart rate is the total
number of R-waves over a one-minute period (i.e. beats per minute). An increase in heart rate can be
a result of either an increase in SNS activity, a decrease in PNS activity, or a combination of both
(Thayer et al., 2010). Another popular approach for analysing cardiovascular activity is heart rate
variability (HRV): the variation in the time interval between consecutive R-waves in milliseconds. There
are over 70 variables of HRV and analyses can be performed in the time-domain, the frequency-
domain, and with non-linear indices (Laborde et al., 2017). It is most common to analyse in the time-
domain, calculating features based upon the time between two successive R-waves, known as the RR
interval. For example, the root-mean-square of successive differences between RR intervals (RMSSD),
the standard deviation of all normal RR intervals (SDNN), and percentage of successive normal RR
intervals more than 50ms (pNN50). While RMSSD and pNN50 reflect vagal tone (PNS), SDNN reflects
all the cyclic components responsible for variability in the recording. ECG data can also be transformed
into the frequency-domain and non-linear indices, however, some of these parameters have come
under fire recently as it is not clear what some represent and standards are lacking, particularly for

non-linear indices (Laborde et al., 2017).
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Figure 1.1. The major components of the cardiac cycle. When blood fills the atria, the sinoatrial (SA) node evokes
electrical potentials, which causes the atria to depolarise. The P-wave represents the depolarisation of the atria.
The electrical signals travel from the SA node to the atrioventricular node, which is represented as the P-Q
segment. Then depolarisation of the ventricles occurs: the Q wave corresponds to depolarisation of the
interventricular septum; the R-wave is produced by depolarisation of the main mass of the ventricles; and the
S-wave represents the last phase of ventricular depolarisation at the base of the heart. The R-wave is the most
dominant wave of the ECG. The S-T segment reflects the plateau in the myocardial action potential, and
represents the ventricles contracting and pumping blood. Ventricular repolarisation occurs, represented as the

T-wave.

Empirical research has indicated that heart rate increases with task difficulty (e.g. Sosnowski et al.,
2004; Boutcher & Boutcher, 2006), unexpected situations (e.g. Schmitz et al., 2012), and with both
cognitive and psychological stress (e.g. Jayasinghe et al., 2014; Wetherell & Carter, 2014). Heart rate
has also been used to distinguish workload conditions during naturalistic sustained attention tasks.
For example, Mehler et al. (2012) found that heart rate increased with cognitive workload during a
working memory task while driving, although performance measures of steering wheel reversal rate
and acceleration were unable to differentiate between different working memory demands. These

results demonstrate the potential sensitivity of heart rate as a measure of attentional load.

HRV has increasingly been studied in relation to behaviour and cognitive processing as the variability
in RR intervals allows for adaption to changing environment and task demands. Theoretical models
suggest higher vagal tone represents greater adaptivity and is therefore often associated with better
cognitive performance (e.g. Lehrer, 2013; Thayer et al., 2009). Hughes et al.'s (2019) meta-analysis
found that moderate-to-strong changes in heart rate and RMSSD were sensitive to workload
manipulations. In addition, a robust time-on-task effect of HRV has been demonstrated by numerous

studies. Fairclough & Houston (2004) found that low-frequency HRV was sensitive to time-on-task and
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increased over time. Luque-Casado et al. (2013) found that time-domain measures of HRV (RMSSD,
SDSD) decreased over time. The authors found that the largest reduction was found during a
psychomotor vigilance task, compared to a cognitive control and perceptual task. Luque-Casado et al.
(2016) also demonstrated a decrease in HRV parameters as a function of time-on-task during a
vigilance task. These results point to the sensitivity of HRV to the demands of sustained attention,

more than other task-related cognitive components such as cognitive control.

1.2.2 Electrodermal activity (EDA)

Another commonly employed measure of the ANS is electrodermal activity (EDA). Small amounts of
sweat pass to the upper layer of the skin, the stratum corneum, via eccrine sweat glands depending
on activity of the SNS. As sweat fills the duct, there is an increase in conduction through the resistant
corneum: the more sweat, the lower the resistance of the ducts (Dawson et al., 2007). The changes in
the value of the ducts result in EDA changes. EDA can be measured by placing a small current through
a pair of bipolar electrodes placed on the skin, and so EDA measures changes in the skin's ability to
conduct electricity depending on the activity of the sweat glands. As the eccrine sweat glands are
solely under control of the SNS and has no relationship with the PNS, EDA is a simple and non-invasive

peripheral index of the SNS (Boucsein et al., 2012).

The signal of EDA is typically decomposed into two time-domain measures: skin conductance level
(SCL) and skin conductance response (SCR; Boucsein et al., 2012; see Figure 1.2). A large body of the
literature focuses on the frequency and amplitude of SCRs, characterising rapid phasic activity. The
SCR is often described as “peaks” of activity following stimuli but can also occur arbitrarily. Non-
specific SCRs are responses not directly related to the onset of a stimulus. The latency of the SCR, the
SCR half-recovery time (time between the SCR peak and 50% recovery of SCR amplitude), and SCR rise
time (time between the onset and peak of SCR), can also be quantified (Andreassi, 2006). For research
investigating states of arousal, SCL amplitude is commonly calculated, which demonstrates
characteristics such as the slow climbing and falling of EDA over time. The SCL generates a constantly
moving baseline, indicating that the SCL regularly changes within an individual, and so it is important
to understand whether the differences in SCL are related to the experimental condition or related to
within-subject variance. As SCL values are contaminated by SCRs, the minimum signal SCL value can
be extracted, as the minimum value will always lie outside of an SCR. This method facilitates a truer

representation of tonic changes and has been reported in previous studies (e.g. Braithwaite et al.,,
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2014). Moreover, it is possible to analyse spectral characteristics, exploring low- and high-frequency

components, albeit this is less common (Posada-Quintero et al., 2016).
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Figure 1.2. Skin conductance level (SCL) and skin conductance response (SCR). The dashed line at time point 0 s
represents stimulus onset. Skin conductance responses appear as peaks in the raw data following stimulus onset,
indicated by the red circles. Amplitude and frequency of the responses are often collected. Amplitude of the
overall skin conductance level can also be computed, and the minimum skin conductance level signal can be

extracted to ensure it is not contaminated by skin conductance responses.

Increases in sympathetic arousal resulting in increased SCL amplitude, SCR amplitude, and SCR
frequency, are elicited during sustained tasks of continual performance when compared to resting
levels (e.g. Andreassi, 2006; Dawson et al., 2007). Increased EDA is also associated with affective
stimuli (e.g. Bradley & Lang, 2002), stressful situations (e.g. Wulvik et al., 2020), and higher mental
demands (e.g. Visnovcova et al., 2016). Other studies have confirmed these findings during semi-
naturalistic sustained attention tasks: EDA activity manifests as increased SCL and SCR amplitude
during difficult driving (e.g. Schneegass et al., 2013) and dual-task driving (e.g. Ruscio et al., 2017).
While some argue that increased EDA may represent allocation of attentional resources, others
suggest that the changes are associated with affect and social interactions, as laboratory tasks are
challenging stressors with social consequences (i.e. social desirability) resulting in increased
sympathetic arousal (Dawson et al., 2007). Nonetheless, tonic and phasic changes in EDA are useful
measures for investigating general states of arousal and alertness, and the response to novel stimuli,

respectively.
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1.2.3 Electromyography (EMG)

Electromyography (EMG) reflects the collective electrical signal from muscles during contraction and
relaxation (Reaz et al., 2006). Surface EMG records muscle activity from multiple motor units from
above the muscle on the skin. The composition of the motor unit, the number of muscle fibres per
motor unit, the metabolic type of muscle fibres, and many other factors affect the shape of the motor
unit action potentials in the EMG. Two parameters are commonly calculated: the root-mean-square
(RMS) value and the average rectified value. Both provide useful measurements of the signal

amplitude representing motor unit action potentials during contraction.
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Figure 1.3. Electromyogram (EMG) signal. An example graph depicting the root-mean-square (RMS) envelope

(red) overlaying the raw EMG signal (black). Dashed line represents stimulus onset.

Although commonly the amplitude of the EMG signal is used to differentiate between physical load,
it can also be used to differentiate cognitive load. Facial EMG recordings can be obtained by using
small surface electrodes over muscles that are associated with facial expressions, such as the
corrugator supercilia muscle and frontalis muscle (e.g. forehead wrinkles). Sustained attention tasks,
both externally paced and self-paced, have been associated with increases in facial EMG (e.g. Waterink
& van Boxtel, 1994). However, electrodes on the face increase awareness of facial expressiveness,
potentially leading to exaggerated or suppressed facial expressions. Less intrusively, muscle activity

has been measured in the shoulder area and has been associated with cognitive and affective state.
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Increases in muscle activity of the deltoideus and trapezius muscle have been linked to greater mental
effort (e.g. Wijsman et al.,, 2013), stressful situations (e.g. Wijsman et al., 2010), and increased
attentional demands (e.g. Waersted & Westgaard, 1996). Roman-Liu et al., (2013) found that trapezius
and deltoideus activity increased similarly during a sustained attention task and a vigilance task, when
compared to a control task. The demands of both tasks on muscle activity were similar. The authors
argue that this reflects increased mental effort as body posture was the same during all tasks and the
upper limbs were not impacted by button presses. Attempting to uncover the mechanisms, Wixted &
O’ Sullivan (2018) revealed a significant moderated (end-tidal CO2) mediation (parasympathetic high-
frequency HRV) model to explain the relationship between upper trapezius muscle activity and
attention demands. They argue that sustained attention acts as a psychosocial stressor which
increases upper trapezius muscle activity by inhibiting PNS activity and reducing end-tidal CO;

increasing hyperventilation.

1.2.4 Electroencephalography (EEG)

As numerous functionally separable brain networks are involved in sustained attention (see Chapter
1.1.3), electroencephalography (EEG) has been utilised to uncover the mechanisms associated with
attentional lapses. EEG measures the synchronised activity of post-synaptic electrical potentials at
millisecond resolution and is an important method for studying the transient dynamics of the brain’s

large-scale neuronal circuits (Niedermeyer & Lopes da Silva, 2005).

A continuing trend in neuroimaging is the estimation of the mean level of spatial and temporal
activation that is associated with experimental conditions, and as a result, EEG is often analysed by
traditional univariate approaches. These univariate analyses can analyse EEG data in the time- or
frequency-domain. In the time-domain, event-related potentials (ERPs) represent voltage fluctuations
that are time-locked to an event, such as the onset of a visual, auditory, or somatosensory stimulus
(Kappenman & Luck, 2012). ERP waveforms reflect the summation of thousands of post-synaptic
potentials and can vary in amplitude, latency, duration, and topography (see Figure 1.4). As the signal-
to-noise ratio and the waveform is so small, most ERPs only become visible when multiple EEG epochs
are averaged together. Distinct ERP components that reflect specific neurocognitive processes have
been associated with different waveforms. ERPs are often described either as early components, also
termed sensory or exogenous, as they appear roughly within the first 100 ms or so post-stimulus; or
late components, also termed cognitive or endogenous, thought to reflect evaluation processes (Sur

& Sinha, 2009). The P100, an early sensory component, presents as a positive deflection at
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approximately 100 ms post-stimulus. For visual stimuli, it is detected over lateral posterior and
occipital electrodes and is sensitive to the physical properties of the stimulus. However, research has
also demonstrated that the P100 might be modulated by higher-level processing such as attention
(Yamada et al., 2015). Another prominent ERP component is a large positive component that peaks at
approximately 300 ms (though has been characterised as up to 900 ms) post-stimulus, and is termed
the P300 (Linden, 2005). The P300 consists of two components. A fronto-central component termed
the P3a, elicited by deviant stimuli; and a posterior-midline component termed the P3b, thought to
reflect information processing including attention and working memory mechanisms. However, the
underlying functional significance is still highly debated, and a recent review suggests that the P3b

most likely characterises stimulus-response link reactivation (Verleger, 2020).

While ERPs can provide useful insights into the timing of neuronal events that subserve sensory,
perceptual, and cognitive processes, each frequency present in the data can be decomposed to
provide further insight into the parallel processes involved (Roach & Mathalon, 2008). Time-frequency
analysis involves decomposing the EEG signal into magnitude and phase information for each
frequency over time relevant to a stimulus of interest. Spectral composition of the data results in
frequencies often characterised as: delta (1-4 Hz), theta (4—7 Hz), alpha (8—12 Hz), beta (13—30 Hz),
and gamma (30+ Hz) bands. Analyses of the frequencies can tell us which have the most power, and
how their phase angles synchronise in time and space. Changes in EEG power are thought to reflect
underlying changes in neuronal synchrony: the greater the power, the more neurons firing together.
In many cases, including during sustained attention tasks, EEG activity cannot be assumed to be stable
over time. Therefore, the event-related spectral perturbation (ERSP) technique can be used to
characterise event-related changes in power with methods such as the Wavelet transform or the
Hilbert transform, relative to a pre-event baseline period, in epochs time-locked to a stimulus. Baseline
normalisation procedures, such as decibel (dB) conversion, are also advantageous as background and
unrelated task activity are removed (Cohen, 2014). Squaring the magnitude values and then averaging
over trials results in a 2-dimensional matrix, a spectrogram, containing total power of the EEG at each
frequency and time point (see Figure 1.4). The total power comprises both evoked and induced neural
power. Evoked power reflects EEG data that has phase-locked to the event across trials, whereas
induced power refers to power that is not phase-locked. Mean power is calculated and is reflected as
a positive or negative number relative to the baseline period. Event-related desynchronisation (ERD)
refers to localised amplitude attenuation of rhythms; event-related synchronisation (ERS) refers to
amplitude enhancement. The ERSP approach has been employed in a variety of studies covering a

broad range of different cognitive task demands, including sustained attention and vigilance tasks.
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Figure 1.4. Univariate analyses of EEG data. (A) Event-related potential (ERP) waveform. ERP waveforms reflect
the summation of thousands of post-synaptic potentials and can vary in amplitude, latency, duration, and
topography. Visualisation of ERP waveforms often represents the differences by superimposing the conditions
of interest. In this example, a low load condition overlaps a high load condition. Importantly, no difference in
amplitude is apparent during the baseline period, validating the post-stimulus differences. Shaded areas
represent + standard error of the mean difference. Dashed line represents onset of the stimulus. (B) Time-
frequency spectrogram. The event-related spectral perturbation (ERSP) technique is used to characterise event-
related changes in EEG power. The ERSP approach results in a 2-dimensional matrix containing mean power at
each frequency and time point. Mean power is reflected as a positive or negative number relative to the baseline
period. Event-related desynchronisation (ERD) refers to localised amplitude attenuation of rhythms; event-

related synchronisation (ERS) refers to amplitude enhancement. Dashed line represents onset of the stimulus.

35



General Introduction

Neural oscillations have been implicated in three keys aspects of sustained attention: monitoring
ongoing processes, activation of task-relevant processes, and inhibition of task-irrelevant processes
(Clayton et al., 2015; Stuss et al., 1995). Fronto-medial theta activity has been implicated in the
cognitive control and monitoring of ongoing processes (for reviews, see Cavanagh & Frank, 2014;
Sauseng et al.,, 2010). In general, fronto-medial theta power increases in combination with
deteriorating performance during sustained attention tasks (e.g. Wascher et al., 2014). In particular,
theta power demonstrates a continuous increase with time-on-task, thought to reflect increased
effort (Wascher et al., 2014). Contradictory research, however, suggests that fronto-medial theta
power can be positively associated with effective attentional control. For example, Cooper et al.
(2017) found increased fronto-medial theta power with reduced behavioural variability (i.e., increased
efficiency of cognitive control) during task switching. Clayton et al. (2015) suggest that this discrepancy
could be due to the timescale of the tasks. Theta power reflects the engagement of cognitive control
processes, which during short tasks, improves performance. During sustained tasks when cognitive
resources are exhausted, performance reduces. Therefore, over time, an increase in theta power is
associated with a decline in performance. The second crucial functional role of cortical oscillations
concerns the activation of task-relevant processes. High-frequency gamma oscillations have been
implicated in enhancing attention to sensory inputs, and reliably appear in task-relevant areas (for a
review, see Clayton et al., 2015). For example, Friese et al. (2016) found increased gamma activity in
auditory and visual cortices during a bimodal attention task; and Proskovec et al. (2019) found a
positive correlation between gamma oscillations within the anterior cingulate and task-switching
performance — the anterior cingulate thought to be part of a critical network involved in selecting
relevant external stimuli and internal goals (Menon & Uddin, 2010). In addition, alpha ERD (i.e.
reduced alpha power compared to baseline) has been associated with cortical activation
(Pfurtscheller, 2006). Alpha ERD is often found in parietal-occipital areas, thought to be associated
with the executive network (Petersen & Posner, 2012; Posner & Petersen, 1990; see Chapter 1.1.3).
Reduced alpha ERD (i.e. higher alpha power in the condition of interest but still suppressed compared
to baseline) has been related to poorer performance (e.g. Dimitrijevic et al., 2017; Proskovec et al.,
2019). Finally, a robust correlate of inhibition of task-irrelevant areas is alpha ERS (Klimesch, 2012).
Where alpha ERD is thought to represent active cortical processing, alpha ERS is thought to reflect
inhibition (Klimesch, 2012). Foxe et al. (1998) found increased alpha power over visual cortices when
attention was directed towards the auditory element of a bimodal sensory stimulus. Therefore,
increases in alpha power reflect attenuation of irrelevant information and distractors, supporting

attentional processes. In summary, fronto-medial theta ERS is thought to represent cognitive control
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processes, gamma ERS and alpha ERD indicates cortical processing and task engagement, and alpha

ERS is associated with the inhibition of task-irrelevant areas.

1.2.5 Eye tracking

Many of the pioneering studies in attention research have investigated visual attention centred on
ocular behaviours. Eye blinks, fixations, saccades, and pupil diameter have all been used to measure
attention control and alterations in arousal state. The fixation point can be considered the site of overt
attention. A fixation is composed of slow and minute movements (microsaccades, tremor and drift)
that help the eye align with the target and avoid perceptual fading (Martinez-Conde et al., 2004).
Average fixation durations typically vary between 150 — 300 ms (Tullis & Albert, 2013), however longer
fixations have been reported (e.g. Otero-Millan et al., 2008). In basic visual processing research,
fixation duration increases with visual scene complexity (e.g. Pomplun et al., 2013), increases with
cognitive load (e.g. Rayner, 1998), decreases with positive affect (e.g. Tichon et al., 2014), and

increases under uncertain situations (Brunyé & Gardony, 2017).

Pupillometry is the measurement of pupil size and reactivity. Visual attention allocation and mind
wandering can influence the size of the pupil (Pelagatti et al., 2018). The mechanisms behind this
association reflects fluctuations in neuronal firing and the release of noradrenaline in the locus
coeruleus, which has been associated with subtypes of attention and arousal (see Chapter 1.1.2 and
1.1.3; Aston-Jones & Cohen, 2005; Joshi et al., 2016). Mind wandering states have been associated
with smaller diameters (Unsworth & Robison, 2018), distracted states have been associated with
larger pupil diameters (Unsworth & Robison, 2016), and both states have been associated with
reduced performance (Unsworth & Robison, 2016, 2018). Therefore, measures of fixation and pupil

diameter can index attentional shifts and demands, as well as general arousal state.

1.3 Applications for autonomic and neurophysiological monitoring

Integrating models to better understand performance decrements in sustained attention have
implications for understanding attentional and cognitive dysfunctions across a wide range of applied
contexts. Decrements can be disastrous during human-machine interactions in everyday and
occupational settings that require sustained attention. Studies have extensively demonstrated that
impairments in sustained attention are associated with driving errors (e.g. Schmidt et al., 2009),

medical errors (e.g. Taylor-Phillips et al., 2014), and pilot errors (e.g. Endsley & Garland, 2000). Poor
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sustained attention is also associated with many clinical disorders including attention deficit
hyperactivity disorder (e.g. Gmehlin et al., 2016), autism (e.g. Chien et al., 2014), and schizophrenia
(e.g. Giakoumaki et al., 2011). Attentional deficits during human-machine interactions and clinical
populations, and the potential for autonomic and neurophysiological monitoring, are discussed in

more detail below.

1.3.1 Human-machine interaction

Human-machine interaction refers to the communication and interaction between a human and a
machine normally via a form of interface. Occupational settings such as manufacturing (e.g. Cascio &
Montealegre, 2016), medical (e.g. Bologva et al., 2016), and aviation (e.g. Canino-Rodriguez et al.,
2015) are commonly cited as workplaces that rely on successful human-machine interaction. One of
the main aspects of interaction concerns working with automation safely and effectively. Automated
systems and digital information are commonly found in industry, particularly in the transport,
manufacturing, and medical industries. Rather than the human manually carrying out laborious tasks,
the role of the human changes, becoming responsible for monitoring the automation and working

processes, and intervening when automation fails (Kassner et al., 2017).

Although automation is intended to reduce human errors, research has indicated that monitoring
automation can result in poor performance during periods of low situation awareness due to high
system complexity and lack of expertise (Kérner et al., 2019). Therefore, attentional lapses are
common and come with severe consequences. Insufficient monitoring of an automated system and
the environment is a contributing factor in major transportation incidents. A widely cited example is
the cruise ship Royal Majesty (e.g. Parasuraman & Manzey, 2010; Parasuraman & Riley, 1997). The
navigation system lost the GPS signal due to physical damage to the automatic radar plotting aid. The
ship steered towards shallow waters and became grounded. This is an example of an incident due to
a failure of sustained monitoring of an automated system. Scenarios such as these have found
that incidents occur due to an insufficient response by the operator due to complacency
and overreliance of the system, resulting in delayed responsesora failure to act altogether
(Parasuraman & Manzey, 2010). Deficits in attentional allocation play a critical role in the misuse of
automated systems as attention allocation favours other tasksover automation
monitoring, particularly when users over-trust the system (Parasuraman & Manzey, 2010) or lack

understanding of the system (Choi & Ji, 2015).
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Everyday sustained attention tasks are also under continual threat of lapses in attention. Driving is a
common task where momentary lapses can have life-threatening consequences. The driver integrates
multiple streams of information from the driving environment, engaging a range of perceptual,
cognitive, and motor skills such as spatial awareness, motor function, and navigation. Humans shift
their attention between the multiple requirements while ignoring irrelevant sensory distractors.
Driving research has indicated that lapses in attention associated with traffic accidents have been
related to a range of distractions including mobile phones (e.g. Strayer & Drews, 2007), in-vehicle
systems (e.g. Arexis et al., 2017), and eating (e.g. Tay & Knowles, 2004). Predictions that autonomous
vehicles may be able to prevent accidents have led to scientific advancements in engineering in both
industry and academia. The Society of Automotive Engineering illustrated six levels of automation,
ranging from 0 “No automation”, to 5 “Full automation” (SAE, 2018). While Levels 2 and 3 require a
driver to monitor the environment and take back control of the vehicle when requested; Levels 4 and
5 require no input from the driver. As human errors and judgment are likely to be eliminated from
autonomous driving situations, it is argued that autonomous vehicles could reduce the accident rate
and fatalities. While vehicle automation holds the promise to improve traffic safety, distinct and novel
opportunities for human error are introduced. For example, autonomous vehicle technology must be
programmed by humans for specific rule-following behaviour, indicating that vehicle automation is
still initially reliant on human judgement and decision-making. In addition, transportation research as
discussed above has demonstrated that rather than the human being eliminated, the role of the
human changes: humans must adapt to the role of monitoring automation. Therefore, monitoring
vehicle automation during Level 2 and 3 driving may lead to negative consequences associated with
the misuse and disuse of automated systems (Parasuraman & Riley, 1997). In addition, a remote
operator will need to monitor automation for Level 4 and 5 vehicles. Because of this, it has been
argued that assessing whether a driver’s functional state is suitable during semi-autonomous driving
is crucial (Collet & Musicant, 2019), as well as the remote operator during fully autonomous driving.
A driver state monitoring (DSM) system, including cognitive and affective indices, may improve safety
during autonomous driving. A DSM system continuously monitors a user using hybrid measures
including biological (e.g. muscle activity) and physical measures (e.g. blink frequency). By synthesising
and classifying functional state, the system could provide feedback to the passenger or adapt vehicle

behaviour (see Figure 1.5). DSM systems are discussed further in Chapter 6.2.
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1.3.2 Clinical populations

Understanding performance decrements related to attentional and cognitive dysfunction will provide
a better understanding of clinical disorders and improvements in interventions. Lasting sustained
attention deficits are pervasive in a broad range of clinical populations including developmental (e.g.
attention deficit hyperactivity disorder, Gmehlin et al., 2016), psychiatric (e.g. schizophrenia,
Giakoumaki et al., 2011), and neurodegenerative disorders (e.g. Parkinson’s disease, Zgaljardic et al.,
2003). Currently, there is no universal test for assessing sustained attentional deficits in clinical
populations (Fortenbaugh et al., 2017). In addition, enhancing sustained attention has important
implications for improving clinical outcomes. Localising the brain mechanisms responsible for
sustained attention can improve the specificity of pharmacological interventions (Davidson, 2008) and
brain stimulation techniques (Nelson et al., 2014). Moreover, novel training methods can be used to
influence underlying neural networks. As sustained attention shares a significant relationship with
other cognitive functions, cognitive training targeting sustained attention should improve several

higher cognitive functions.

Two forms of training are most widely used in the literature: meditation and computer-based
cognitive training. Forms of meditation have been shown to improve attention and reduce negative
psychological experiences (Tang et al., 2007, 2012, 2015). In particular, focused attention meditation
has shown to reduce activation of the default mode network (Brefczynski-Lewis et al., 2007), as well
as improve performance on a sustained attention task (MacLean et al., 2010). Moreover, training
programmes on sustained attention tasks have demonstrated improved executive attention function
(DeGutis et al., 2017; Van Vleet et al., 2016). DeGuitis et al. (2017) found that patients with Parkinson’s
disease improved in a visual search task after one-month (7.3 hours) of tonic and phasic attention
training (a continuous performance task). These results provide evidence that sustained attention
training can reduce spatial biases. Age-related cognitive decline of sustained attention has also been
targeted. Van Vleet et al. (2016) found that two weeks of tonic and phasic attention training on older
adults improved working memory and verbal fluency. This also supports the view that cognitive

training can improve a range of executive functions.

Brain-computer interface (BCl) technology enables a direct communication pathway between the
human brain to an external device (see Figure 1.5). Using sensors and algorithms, the BCl analyses
neural signals, extracting relevant patterns and adapting them to control the device. The development

of BCls were initially focused on assisting rehabilitation of paralysed individuals by replacing defective
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sensory input or providing a way of interacting. Recently, several new applications for BCls have been
proposed, including to improve cognitive functioning. A cognitive BCl can monitor fluctuations in
sustained attention in real-time. Gaume et al. (2019) recently developed a cognitive BCl and found
that prefrontal theta, gamma, fronto-central beta and alpha were able to distinguish between task
difficulty (easy versus medium/hard) of a continuous performance task and provided a classification
accuracy of 85% for 30 s epochs. The BCl could then warn the user immediately if their attention levels
drop or provide continuous feedback to train sustained attention abilities. This is also the primary
principle of neurofeedback, which relies on the rapid decoding of brain state from real-time neural
oscillatory data to provide participants with feedback on a moment-to-moment basis about activity
within a predetermined brain region (e.g. prefrontal cortex). Using mental imagery, participants
upregulate or downregulate brain activity. Despite that BCls rely solely on decoding neural activity,
considering the relationship between sustained attention and arousal, decoding signals of the
autonomic nervous system, biofeedback, may also be a suitable method for improving deficits in
sustained attention. In summary, uncovering the mechanisms relatable to sustained attention could
enable successful neuro- and biofeedback for healthy and clinical populations and development

towards advanced BCl and biofeedback systems.
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Figure 1.5. Applications for autonomic and neurophysiological monitoring. (A) Driver state monitoring during

autonomous driving. (B) Neurofeedback for cognitive training.

1.3.3 Applied and laboratory-based research

Despite the relevance of attentional lapses during everyday sustained tasks, most of the literature is

based upon simple unnaturalistic tasks in strictly controlled laboratory-based settings. While basic
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research is important for understanding the psychophysiological and neural mechanisms underlying
attention, it is difficult to provide practical guidelines for measuring attention in naturalistic settings,
such as occupational or driving contexts. Measuring sustained attention separately from other
cognitive behaviours and processes can make it difficult to transfer the results to complex naturalistic
settings where cognitive behaviours and processes overlap, and there are several methodological
limitations concerning laboratory-based attention tasks. Moreover, continual monitoring of human
state must be able to capture accurate and reliable physiological signals in naturalistic settings where

external artefacts will likely impact the measurement. These concerns are further discussed below.

The models of sustained attention discussed in Chapter 1.1.2 demonstrate that sustained attention
relies on a large-scale network of brain areas that overlap with a variety of higher cognitive functions
including other aspects of attention and executive control. It is acknowledged that rather than being
fully independent from one another, often these systems are activated together in everyday
situations. For example, the alerting and orienting system (Petersen & Posner, 2012; Posner &
Petersen, 1990) are both activated when an event informs where and when a target occurs (Fan et al.,
2009). A further element of this considers overt and covert shifts of attention. Over the last 50 years,
cognitive neuroscience research has typically focused on covert orienting of attention for visual scene
processing: participants attend to an extra-foveal region of space without a change of fixation.
However, in everyday contexts, attention is often coupled with eye movements. For example, ocular
behaviour and motor execution are intrinsically linked both spatially and temporally, and active drivers
successfully fixate directly at the objects being interacted with or ones that precede the action. In
addition, covert attention requires processes involved in the inhibition of the saccadic response,
therefore activates processes that are likely unemployed in everyday settings. The frontal eye fields
play a critical role in the allocation of spatial attention and have been shown to interact with attention-
related parietal alpha (Capotosto et al., 2009). Consequently, it is important to adopt overt shifts of
attention to improve the transferability of the results to applied contexts, which include interactions

between ocular and cognitive behaviours under naturalistic conditions.

Several limitations with laboratory-based research include the attentional task itself. For example, Ho
et al. (2014) argue that laboratory-based paradigms are too short in duration, typically less than an
hour, and therefore it is difficult to infer from the findings about sustained attention in naturalistic
settings. These scenarios are unable to model the physical and mental state of the user in real
scenarios. Conditions are often low arousal and low stress, and warning signals or experimental

instructions may be semantically meaningless. In addition, participants often partake in a quiet and
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isolated room, where varied distractions are limited. This differs from naturalistic settings, where
multimodal distractions dominate, lapses in attention may result in significant, potentially life-
threatening consequences, and these scenarios are often associated with high arousal states.
Therefore, applied research is needed to understand the impact of such overlapping variables on

sustained attention.

A final concern regards the practical and logistical limitations of applied monitoring of autonomic and
neurophysiological indices verified in the laboratory. Traditional methods for ECG, EDA, EMG, and EEG
acquisition typically rely on wet silver/silver chloride (Ag/AgCl) transducing electrodes.
These electrodes convert ionic current to electronic current for amplification and subsequent signal
processing. Abrasion of the skinand a conducting gel between the electrode and the skin is
required to improve electrical impedance. However, wired systems using wet electrodes can be
intrusive and disorderly. The awareness of being measured can have a negative effect on the
participant, subsequently confounding physiological measurements and reducing the ecological
validity of the findings (Oken et al., 2015). Crucially, wired systems are restricted to a laboratory
setting and are impractical for applied studies. For autonomic and neurophysiological monitoring to
be successful, unobtrusive continuous physiological monitoring devices are needed (Alberdi et al.,
2016). However, artefacts arising from muscle movement, eye movement, environmental noise and
other complications are amplified in applied environments. For example, regarding pupillometry, it is
difficult to collect reliable pupil diameter estimates in naturalistic settings. Large variations in
luminance found in naturalistic studies will create noise in the pupillary signal (Lohani et al., 2019). In
addition, movement in eye position will shift the pupil from a circular to elliptical shape, impacting
pupil size (Gagl et al., 2011). Therefore, targets of interest may record a change in pupil size
irrespective of actual changes in dilation. In summary, these limitations must be considered before

utilising such measures in applied research.

Basic research has the potential to guide the development of detecting attention lapses in the real
world. However, in naturalistic environments, the distinct autonomic and central cortical mechanisms
related to different aspects of attention may be considered less important (Sarter et al., 2001). Tasks
are rarely performed without impacting other aspects of executive functions and cognitive processes,
and attentional networks are to some extent intertwined and often overlap in activation (Sarter et al.,
2001). Similarly, in dynamic scenarios, aspects of attention such as perceptual load or cognitive load

will not be the only contributing factor to attentional deficits (Murphy et al., 2016). Applied research
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is therefore a promising means for investigating attention, yet limitations in physiological measures in

naturalistic environments must be considered before undertaking applied studies.

1.4 Thesis overview

In this introductory Chapter, | have argued that sustained attention is a multifaceted concept that
operates on a series of timescales, impacted by global mechanisms of both vigilance and arousal, as
well as being a key element of many higher-order cognitive functions. Considering that lapses in
attention fluctuate over time, | argued that continual monitoring of autonomic and neurophysiological
indices with good temporal resolution may reveal the mechanisms that underlie attentional lapses, as
well as provide preventative measures by assessing when they are more likely to occur. | then
introduced several physiological and neurophysiological measures that have been used in the
literature to capture attention over time. The final part of the Chapter revealed the relevance of
sustained attention to everyday tasks such as driving, occupational settings such as monitoring
automation, and clinical populations such as Parkinson’s disease. | also argued that measuring and
uncovering the mechanisms of sustained attention during naturalistic studies are required, as

everyday attention is impacted by dynamic and overlapping cognitive behaviours and processes.

The aims of the remainder of the thesis are threefold. Firstly, | aim to understand the lasting effects
of a previous task on autonomic arousal and neural mechanisms related to sustained attention
(Chapters 2, 3, and 4). This aims to provide novel research uncovering the neurobehavioural effects
of task switching which is a common requirement in everyday activities. This thesis will focus on a
semi-autonomous driving scenario when the passive driver is required to ‘takeover’ from the
automated driving system. Does the attentional demand of an unrelated task have an impact on
takeover performance and processes? Secondly, | aim to understand how attention fluctuations
manifest during a naturalistic study of automated driving during an unexpected event, and whether it
is possible to monitor autonomic mechanisms accompanied by a variety of real-world artefacts
(Chapter 5). This is to understand how attention fluctuates during autonomous driving, and whether
these fluctuations can be measured in an applied context. Finally, | attempt to unravel the
acceptability of a biofeedback system during simulated automated driving, and whether functional
state can be captured as changes in visual attention or autonomic arousal (Chapter 6). This is to
understand whether autonomic monitoring during sustained attention negate the potential benefits

resulting in visual distraction and overload.
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2.0 Physiological and Neurophysiological Measures of Low and

High Workload During Multitasking

2.1 Overview

The General Introduction Chapter suggested that continual monitoring of autonomic and
neurophysiological indices with good temporal resolution may be able to capture attentional lapses
associated with poor performance, as well as provide preventative measures by assessing when they
are more likely to occur in applied settings. To understand which measures of autonomic arousal and
neural mechanisms related to sustained attention are impacted by a task of differing attentional load,
the current Chapter reports the first experiment exploring different electrophysiological methods and
their relationship with workload. Participants experienced cognitively demanding multitasking at low
and high workload intensities. Physiological (ECG, EDA, EMG), neurophysiological (EEG), subjective

(verbal ratings of ‘stress’), and behavioural (task performance) data were collected.
2.2 Introduction

Humans frequently engage with multiple tasks in parallel. The office worker negotiates with a client
on the telephone while typing an email to another client. The parent holds their distressed baby while
cooking dinner and conversing with their partner. This need to manage more than one task is
ubiquitous across work and at home, and so many researchers in recent years have investigated
multitasking effectiveness in daily life. For example, media-multitasking is a fruitful area of research
focusing on performing several digital tasks at once (Carrier et al., 2015) and has a significant impact
on cognitive functioning (for a mini meta-analysis, see Wiradhany & Koerts, 2019). In more laboratory-
based multitasking paradigms, robust findings demonstrate a significant multitasking cost to human
performance. Reaction time and accuracy measures deteriorate when tasks are carried out
simultaneously compared to in isolation (e.g. Glass & Kang, 2019; Lin et al., 2016; Poljac et al., 2009).
Performance decrements are also found when a distinct task follows a previous task (Kiesel et al.,

2010; Rogers & Monsell, 1995).

It is thought that multitasking deficits are due to information processing bottlenecks, suggesting that
specific cognitive processes cannot be effectively carried out concurrently (e.g. Marois & Ivanoff,
2005; Pashler, 1984). Some researchers have argued that response selection is serial, which assumes

that although cognitive resources coexist with one another, these are sequential in nature (Pashler,
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1994). Therefore, only one resource can be used by a single task. For example, if two tasks require
auditory perceptual mechanisms, only one task will be able to successfully engage auditory perceptual
resources at a time. However, other researchers have demonstrated that parallel processing is
possible (Hommel et al., 1998). Parallel processing models suggest that serial processing is still the
most efficient and effective strategy. According to this view, if two tasks require auditory perceptual
mechanisms, auditory perceptual mechanisms successfully engage in one task, and then the other, to
increase performance efficiency. As such, information processing can be flexible and respond to
environmental demands. Koch et al.'s (2018) integrated review emphasises the importance of
cognitive flexibility and plasticity during multitasking, in addition to structural capacity limitations. For
example, preparation before a switch can improve performance (cognitive flexibility; Vandierendonck
et al., 2010) and practice can reduce performance costs (cognitive plasticity; Strobach & Schubert,
2017). As such, the bottleneck is not structurally implemented and is modulated based on the

flexibility and plasticity of the cognitive system.

2.2.1 Multitasking paradigms

Multitasking is most typically investigated utilising dual-tasking and task-switching designs. Dual-task
paradigms usually require participants to undertake two tasks simultaneously and in isolation.
Performance deficits are found during dual tasking in comparison with single tasking (e.g. Zhang et al.,
2018). Another variant examines dual-task interference by the temporal overlap of both tasks (the
Psychological Refractory Period paradigm; Welford, 1952). The shorter the stimulus onset asynchrony
(i.e. the greater the temporal overlap of task processing), the greater the performance deficits in the
following task. Task-switching paradigms have also been utilised, where participants respond to two
different tasks in a repeating or alternating sequence. Performance deficits are commonly found in
the alternating trials (Rogers & Monsell, 1995). Both these paradigms are utilised in multitasking

research as cognitive processes relating to two tasks overlap in time (Koch et al., 2018).

Studies investigating the neural mechanisms underlying task interference have driven our
understanding of multitasking costs. For example, error processing is a mechanism that may interfere
with multitasking performance. WeilRbecker-Klaus et al. (2017) utilised a dual-task paradigm and
measured event-related potentials (ERPs) associated with error processing. During dual-task
conditions of greater complexity, the error-related negativity (Ne) component and the error-related
positivity (Pe) component were delayed and Pe amplitude reduced, representing decrements in error

detection and errors awareness, respectively. The post-error slowing component was diminished,
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suggesting participants did not adapt after an error. This provides evidence that error processing
mechanisms were affected during multitasking. Ne and Pe ERP components are measured maximally
over frontal-central sites suggesting the involvement of frontal mechanisms during multitasking.
Other neuroimaging studies with superior spatial resolution have supported this view, associating
fronto-parietal regions with multitasking costs. Al-Hashimi et al.'s (2015) functional magnetic
resonance imaging (fMRI) study required participants to undertake a tracking task and a forced-choice
discrimination task simultaneously and in isolation. Visual, frontal, and parietal regions were
associated with multitasking. However, only the superior parietal lobule was associated with
performance; increased activation positively correlated with performance. These results suggest that
during multitasking, the superior parietal lobule is important for visuospatial attention, and an

increase in activity is associated with improved task performance.

Although task switching and dual tasking arguably measure the same concept, they are typically
studied independently from one another (Koch et al., 2018). However, their paradigms are distinct.
For example, the stimuli presented in task-switching paradigms are related to both tasks. Participants
may be presented with coloured animals as stimuli. Participants alternate between judging the colour
(Task A) and the animal (Task B). Yet, the stimuli presented in dual-tasking paradigms are unique to
the task. For instance, participants alternate between a visuomotor tracking task, a forced-choice
discrimination task, and both tasks simultaneously. Ultimately, task switching focuses on studying how
attention is reoriented from one task to another, whereas dual-tasking examines the impact of
dividing attention. Overlapping fronto-parietal regions have been reliably activated for both types of
tasks, despite the different processes involved. Ward et al. (2019) aimed to disentangle these
processes by administering the paradigms in isolation and in combination. Dual-task activation was
found in right fronto-parietal regions, whereas task switching elicited left fronto-parietal regions. In
combination, activation was found in the left and right parietal cortices. As the authors note, it is
difficult to infer distinct cognitive processes involved in dual tasking and task switching, as the fronto-
parietal network is recruited during many processes involved in multitasking such as error processing,

selective attention, and working memory (Harding et al., 2015).

2.2.2 Everyday multitasking

Dual-tasking and task-switching laboratory paradigms demonstrate that multitasking results in a

performance cost implicating a broad-range of fronto-parietal regions. These methods offer high

controllability and standardisation, but they often employ abstract tasks and simple stimuli.
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Multitasking in real life consists of numerous context-relevant tasks, complex multisensory
environments, and, at times, instructive feedback. Therefore, it is difficult to apply these findings to
real-world environments. More ecologically valid paradigms can provide insights into multitasking

which laboratory-based experiments cannot (Li et al., 2005).

Due to the occupational relationship between multitasking and cognitive workload, some researchers
have adapted tasks used for pilot selection. Puma et al. (2018) utilised the Priority Management Task:
an airline recruitment task that increases from managing one to four tasks simultaneously. Tasks such
as gauge monitoring and a joystick tracking task utilise perceptual and motor pathways and are more
typical to real-world scenarios, particularly in occupational settings. Measuring EEG, they found frontal
theta and parietal alpha oscillatory activity increased in line with the number of tasks, for medium and
high performers. Low performers exhibited high theta and alpha power throughout, indicating a
ceiling effect. Although theta increases were as expected (see Chapter 1.2.4), alpha activity
demonstrated the opposite anticipated effect, as lower alpha power is normally associated with
higher task demands. During multitasking, the increased alpha could explain an increase in inhibition

of irrelevant information (Klimesch et al., 2007), rather than deficits in attentional mechanisms.

Another multitasking platform utilised in the literature is the Multitasking Framework which
administers up to four distinct tasks under low, medium, and high workload intensities (Wetherell &
Sidgreaves, 2005). Unlike the Priority Management task that focuses on a particular work
environment, the Multitasking Framework (see Figure 2.1) involves generic tasks requiring various
time-limited responses, similar to many working environments. Wetherell & Carter (2014)
administered the framework at low, medium, and high workload intensities. Participants participated
in mental arithmetic, auditory monitoring, visual monitoring, and a Stroop task for 15 minutes.
Measures of autonomic arousal including peak heart rate and systolic and diastolic blood pressure
displayed greater values during the task compared to baseline. Perceived workload increased as
workload intensity increased; in particular, mental demand and effort dimensions increased with each
intensity. Wetherell et al. (2017) also found similar results. These findings demonstrate that
multitasking has an impact on the reactivity of autonomic arousal during a more ecologically valid

laboratory-based task.
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2.2.3 Experiment rationale

The study aimed to understand which physiological signals provide a sensitive measure of attentional
load on multitasking. In this study, several physiological measures were explored reflecting autonomic
arousal (ECG, EDA, EMG), central mechanisms (EEG), and subjective ratings. Attentional load was
altered via workload intensity and induced with the Multitasking Framework (low workload versus
high workload). Physiology was measured before, during, and after the task, to measure tonic and

phasic changes affected by workload induction.

This study differs from previous studies in three key respects. Previous research on multitasking
focuses on a limited number of measures (e.g. Al-Hashimi et al., 2015; Puma et al., 2018). Considering
that methodological differences are high between studies, this restricts understanding of the
effectiveness of different measures in the same context. In addition, it is not clear which measures are
most sensitive to workload, here being used to index attentional demand. Due to the complex nature
of multitasking, it is often difficult to interpret the nature of the cognitive processes involved.
Therefore, utilising a number of psychophysiological measures will provide a comprehensive dataset
focusing on different aspects of biological mechanisms, and will provide an opportunity for well-
informed interpretation of the data. Using continuous measures of human electrophysiology may
improve understanding of time-varying processes under complex evolving environments. Secondly, it
is important that laboratory multitasking involves several distinct tasks that capture cognitive
functions in various processing streams, akin to naturalistic activities such as driving. The Multitasking
Framework allows the inclusion of different tasks such as visual attention, psychomotor, and auditory
processing. The tasks utilised, such as visual monitoring and data entry, are also comparable to tasks
undertaken in some workplace environments. In addition, repeated multitasking does not result in
habituation of performance (Wetherell & Sidgreaves, 2005). To the best of my knowledge, this is the
first study that utilises the Multitasking Framework with a wide range of physiological measures to
inform the interpretation of the data. Finally, numerous studies measure tonic changes in physiology
during a baseline period and the task, however some studies (e.g. Marker et al., 2017; Salah et al.,
2018) do not consider the physiological recovery period, which allows for investigation of changes in
physiology from the task back to baseline (Laborde et al., 2017). In studies of static spectral analyses
of neural data, continuous multitasking research typically does not statistically compare oscillatory
activity from an event to a baseline and/or recovery period, or normalise the EEG data of interest to
a pre-stimulus baseline (e.g. Puma et al., 2018). A recovery period enables the evaluation of trends

across time; if the variable of interest increases activity over the task and the recovery period, then
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this could simply be a time effect rather than a true effect of the variable. As such, it is important to
separate task-related activity from ongoing background activity, therefore including a baseline and a

recovery task phase will enable this.

In accordance with past literature, autonomic arousal should increase during the task when compared
to baseline and recovery, represented as increased heart rate, reduced heart rate variability time-
domain measures, increased skin conductance level amplitude, increased frequency and amplitude of
skin conductance responses, increased root-mean-square of muscle activity, and increased self-report
ratings (Wetherell et al., 2017; Wetherell & Carter, 2014). When compared to low workload, high
workload should elicit a greater increase in autonomic activity and reduce performance, as a result of
increased allocation of attentional resources. Based on previous evidence on the functional
significance of alpha and theta neural oscillations (Chapter 1.2.4), fronto-medial theta activity should
be greatest during high workload, representing engagement of cognitive control processes (Cavanagh
& Frank, 2014). Parietal alpha activity should be lower during high workload, representing increased
task engagement and allocation of attentional resources (Pfurtscheller, 2006). As manipulations of
workload result in modulation of a combination of cognitive resources, no hypotheses regarding the

nature of the processes observed can be suggested.

2.3 Method

2.3.1 Participants

Forty-eight healthy participants (fifteen male, thirty-three female, mean age + SD = 21.46 + 3.23 years,
range: 18-31 years) took part in this study. Participants were recruited through the University of the
West of England’s Psychology Participant Pool and local email advertisements. Ethical approval was
obtained by the Faculty of Health and Applied Sciences University of the West of England Research
Ethics Committee (HAS.18.01.081).

All participants were healthy according to self-reports. Individuals with hypersensitive skin, skin
allergies, a pacemaker, and uncorrected vision or hearing were excluded. Due to peripheral and
central nervous system measurements, individuals with current or previous anxiety or stress-related
disorders, hypertension, neurological, or muscle disorders could not take part. Interested participants
were also excluded if they currently took medication apart from over-the-counter analgesia and the

contraceptive pill. Smokers were excluded as smoking has been shown to alter autonomic function
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(Ashare et al., 2012). Due to further confounding variables on heart rate and perceived stress, there
were a number of prerequisites participants were asked to adhere to (Laborde et al., 2017). They were
asked to: follow a normal sleep routine the day before the experiment (Stein & Pu, 2012); not partake
in intense physical training the day before (Stanley et al., 2013); consume no caffeine, including coffee,
chocolate, tea, energy drinks, or headache medication in the two hours before the experiment
(Zimmermann-Viehoff et al., 2016); and consume no alcohol in the 24 hours prior to the experiment
(Quintana et al., 2013). This self-report data were collected to understand any outliers post-data

collection as suggested by Laborde et al. (2017), as these variables may influence HRV parameters.

One person self-declared an endocrine disorder and was excluded from subsequent analyses. Six
participants’ data were lost due to recording errors. This left 41 participants for the final analysis
(twelve male, mean age + SD = 21.48 £ 3.49 years, range: 18-31 years). Two different participants were
electrodermal activity (EDA) non-responders which left 39 participants for subsequent EDA analyses

(twelve male, mean age + SD = 21.48 + 3.49 years, range: 18-31 years).

2.3.2 Stimuli

The Multitasking Framework (Purple Research Solutions, UK) is a cognitively demanding computer
task that requires the participant to attend and respond to four tasks simultaneously (see Figure 2.1).
Each task is displayed in each quadrant of the monitor. All tasks are performance related and points
are awarded for correct responses and deducted for incorrect or missed responses. A running total
was presented in the middle of the screen which reflected speed and accuracy of response to the task.
10 points were awarded for every correct answer and 10 points were deducted if the answer was
incorrect, or if they did not complete the task in the allocated time. The total score was calculated and
recorded each minute. Workload was manipulated by altering the difficulty of the task. In the
Multitasking Framework interface, the workload intensity was set as low for the low workload
condition, and the workload intensity was set as high for the high workload condition. The four tasks
selected were: auditory monitoring, visual monitoring, mental arithmetic, and highest number tap.
These tasks were chosen as they require a range of cognitive capacities used in everyday functioning
including memory, perception, and attention. These tasks ran simultaneously during a 10-minute

duration of each multitasking trial.

Mail alert: this task required participants to identify a high tone and ignore low tones. When a high

tone was heard, they were required to click on the ‘Incoming Mail’ button. In the high workload
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condition, the time between subsequent tones was approximately five seconds, whereas, during low
workload, time between tones was longer at approximately ten seconds. Mental arithmetic:
participants were required to add numbers together from right to left. In the high workload condition,
participants were required to add together three, three-digit numbers, compared to two, two-digit
numbers during low workload. Highest number tap: participants identified and selected the highest
number within a 4x4 grid of numbers (between 0 and 9). For example, if the highest number in the
grid was ‘7', participants selected all 7s. In the high workload condition, participants had
approximately 30 seconds to respond, whereas in the low workload condition, participants had
approximately 50 seconds to respond. Bar tracker: this task required participants to identify the height
order of bars, once the first bar reached a target line. In the high workload condition, the first bar
reached the target line in approximately ten seconds, whereas the first bar reached the target line in

approximately 20 seconds during low workload.
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Figure 2.1. The Multitasking Framework platform. The multitasking computer task required participants to react
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to four tasks simultaneously. In both loads, participants partook in mail alert (top left), mental arithmetic (top
right), highest number tap (bottom left), bar tracker (bottom right), engaging auditory monitoring, working
memory, visual search, and visual monitoring processes respectively. (A) Multitasking modules employed during

low workload. (B) Multitasking modules employed during high workload.
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2.3.3 Measurements and pre-processing

Several measures were collected including task performance, subjective, physiological (ECG, EMG,
EDA), and neurophysiological (EEG). See an overview of measurements collected in Table 2.1 (page

58) and placement of electrodes in Figure 2.2 (page 56) and Figure 2.3 (page 57).

2.3.3.1 Subjective reports (SUB)

Participants were asked to verbally rate their current “stress” level between 0 and 10 (0 = no stress;
10 = high stress). When the author stated “stress”, the participant verbally responded with a number.
Subjective ratings were obtained every one-minute throughout the baseline periods and task. One-
minute intervals were chosen as the task mimicked real-world multitasking and as such, it was
expected that subjective and physiological measures would adapt to dynamic task demands.
Therefore, one-minute epochs were chosen to better capture the evolving relationship between

measures and multitasking.

2.3.3.2 Physiological measures

Electrocardiogram (ECG), electromyogram (EMG), and electrodermal activity (EDA) were recorded by
an integrated system and software package (Biopac MP35, BSL Analysis 4.1; Biopac System Inc.,
California, USA). For ECG and EMG recordings, skin preparation tape was used to lightly abrade the
skin and an alcohol pad was used to remove the top layer of dead skin cells. Two disposable self-
adhesive with hydrogel Ag/AgCl electrodes (2.5 cm x 2.5 ¢cm; Linton Instrumentation) were placed on
the applicable areas (stated below in each subsection). Surgical tape was placed over the electrodes
to hold them in place. When the electrodes were applied, the signal quality was checked visually on

the screen of the PC. Electrode placement was adjusted if any of the signals were of poor quality.

Pre-processing of ECG, EMG, and EDA data were accomplished using Acqknowledge 4.4 (BIOPAC Inc.,
USA). All measurements were averaged over one-minute intervals during the baseline, task, and
recovery period. A five-minute duration is considered the gold standard for HRV parameters as the
recording should last for 10 times the wavelength of the lower frequency bound (Laborde et al., 2017).
However, research has indicated that one-minute averages of time-domain components are accurate
and reliable when compared to five-minute recordings, but durations lower than this are less reliable

(Esco & Flatt, 2014). Therefore, one-minute epochs were analysed for HRV parameters. To improve
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the comparability between measures, all physiological measures were averaged over one-minute time

periods.

2.3.3.2.1 Electrocardiogram (ECG)

The Biopac MP35 amplifier used a band-pass filter of 0.05 Hz and 150 Hz, sampling at 1000 Hz. A
standard 2-lead ECG configuration was used with electrodes placed on the right clavicle (negative
electrode) and lower left chest (positive electrode). The ECG was checked for signal clarity and
recognition of the QRS complex. Data were bandpass filtered with a Finite Impulse Response (FIR)
filter between 0.3 Hz and 35 Hz. FIR filters are recommended, as they are more stable compared to
Infinite Impulse Response (lIR) filters and are less likely to introduce phase distortions (Cohen, 2014).
Next, a peak detection algorithm extracted successive R-waves. All R-waves were visually inspected to
determine correct detection. Any peaks incorrectly labelled as an R-wave were removed. Any R-waves
missed by the algorithm were labelled manually. If any artefacts or missing data were present, the
data were removed from further analyses. Heart rate (HR) values and heart rate variability (HRV)

metrics (RMSSD, SDSD, pNN50) were extracted.

2.3.3.2.2 Electromyogram (EMG)

The Biopac MP35 amplifier used a band-pass filter of 5 Hz and 250 Hz, sampling at 1000 Hz. Electrodes
were placed over the non-dominant trapezius muscle and the spinous process of C7, as described in
the recommendations from SENIAM (Hermens et al., 2000). Individual differences in muscle size,
thickness or skin can influence EMG amplitude, and so EMG was normalised in relation to a reference
maximum voluntary contraction (MVC) value (Roman-Liu, 2016). In line with previous research
investigating muscle activity of the trapezius muscle, the participant was instructed to raise their arms
90 degrees, elbows fully extended, wrists straight and palms down for 20 seconds (e.g. Gongalves et
al.,, 2017; based upon Winkel et al., 1995). Pre-processing of data involved importing data into
LabChart (ADInstruments, UK) to remove the ECG components from the EMG signals. ECG-free EMG
signals of the left trapezius muscle were subsequently analysed in AcgKnowledge 4.4. Signals were
filtered with a FIR bandpass filter of 20 — 450 Hz. A notch filter of 50 Hz and its harmonics were applied.
EMG data were visually inspected for artefacts that were indicative of sudden movements (i.e. fast
transient spikes). Contaminated data were removed from further analysis. Root-mean-square (RMS-
EMG) amplitude values were calculated, with the amplitude normalised to the maximum value of the

MVC.
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2.3.3.2.3 Electrodermal activity (EDA)

The Biopac MP35 amplifier applied a low pass filter of 35 Hz, sampling at 1000 Hz. Participants were
first asked to rinse with tap water their non-dominant hand to remove excess oils and dirt. The non-
dominant hand was used to reduce the possibility of motion artefacts. Single-point calibration was
performed as per the manufacturer’s recommendations. Two Ag/AgCl electrodes were mounted in
individual polyurethane housings. The electrode cavities were filled with GEL101 isotonic gel (Linton
Instrumentation, UK) which acted as an electrolyte for conductance. The electrodes were attached to
the distal phalanges of the index and middle finger of the non-dominant hand by a Velcro strap. To
ensure the gel had been absorbed, at least five minutes passed before any data was recorded. The
participant was asked to breathe in for five seconds and out for five seconds. The participant was
considered an EDA non-responder if the EDA signal did not rise after a period of a few seconds. Data
were downsampled to 250 Hz for further analysis. A baseline smoothing algorithm was applied in steps
of 250 samples/sec. A low pass FIR filter of 5 Hz was applied. Skin conductance responses (SCRs) were
guantified as deflections crossing a threshold of 0.03 us from the background signal. SCRs less than
10% of the maximum peak were discarded from the analysis. Non-specific SCR mean amplitude (NS-
SCR amp) and non-specific SCR frequency (NS-SCR freq) values were extracted. As skin conductance
level (SCL) values are contaminated by SCRs, the minimum signal SCL value (SCL min) was extracted,
as the minimum value will always lie outside of an SCR. This method facilitates a truer representation

of tonic changes and has been reported in previous studies (e.g. Braithwaite et al., 2014).
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Figure 2.2. Placement of electrodes. (A) Placement of 2-lead electrocardiogram (ECG). An electrode was placed
below the right clavicle and lower left chest, just above and left of the umbilicus. (B) Placement of Biopac
electrodermal activity (EDA) electrodes. Electrodes were placed on the distal phalanges of the middle and index
finger on the non-dominant hand. (C) Placement of Biopac electromyogram (EMG) electrodes. An electrode was
placed on the non-dominant upper trapezius muscle. A reference electrode was placed over the spinous process

of the seventh cervical vertebra.

2.3.3.3 Neurophysiological measures

Electroencephalography (EEG) was recorded using a 128- Channel Geodesic Sensor Net with NetAmps
300 amplifiers (Electrical Geodesics, Eugene, OR). The online sampling rate was set at 1000 Hz and
referenced to the vertex (Cz) position. HydroCel saline electrolyte solution, a mixture of potassium
chloride with water, was used to improve conductance. The electrical impedance of each electrode
was checked and kept below 50 kQ, either by parting the hair or adding more electrolyte saline
solution to the sponges. Participants were shown the raw EEG signals to demonstrate common
artefacts that occur due to body and eye movements. Data was first downsampled to 500 Hz and
filtered between 0.1 — 100 Hz in NetStation 5, before importing into EEGLAB (Delorme & Makeig,
2004). This was required due to RAM limitations associated with MATLAB. All further pre-processing
of EEG data was performed using EEGLAB and custom-written scripts in MATLAB (The MathWorks,
Natick, MA, USA). On inspection of the data, mains noise at 50 Hz significantly affected the data and
so an FIR filter with a low pass of 48 Hz and high pass of 1 Hz was applied to the data. In dense-array
EEG recordings, it is often the case that one or more electrode signals contain prominent artefacts.

Therefore, the eeg_interp function was used to replace bad channels with an estimated signal using
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interpolation from the surrounding electrodes. Signal estimation was carried out using spherical spline
interpolation (Perrin et al., 1989). To inform the studies described in Chapters 3 and 4, which utilised
a BrainVision 32-channel net, rather than the dense-array 128-channel net used in this study, a 32-
channel montage was extracted. Data were then epoched into the necessary segments: baseline low
workload, baseline high workload, recovery low workload, recovery high workload (0 — 2 minutes),
and task low workload, task high workload (0 — 10 minutes). A marker was added every two seconds,
to allow for subsequent epoch segmentation. On each two-second epoch (840 epochs in total),
manual trial rejection was conducted to extract major sources of artefacts. Next, Independent
Components Analysis (ICA) was computed for further artefact rejection. ICA was computed on each
dataset and the topographies and waveforms of the 30 leading components were visualised. One or
two leading components that showed a clearly non-cortical origin (mainly vertical and horizontal eye-
blinks) were removed. The newly generated data was compared to the previous data to ensure only
eye movements were removed and the neural signal was left. Once artefacts were removed, the data
were re-referenced to the average of all EEG channels. The data were then bandpass filtered using an
FIR filter into theta (4 — 7 Hz) and alpha (8.5 — 12.5 Hz). To assess changes in oscillatory power, the
Hilbert transform was applied to compute the envelope of the amplitude-modulated signal.
Therefore, phase information was discarded. Next, the data were converted into their absolute values.
Data were normalised by taking the natural logarithm of spectral power. Since previous studies have
focused on frontal and parietal areas when comparing alpha and theta activity related to attentional
processing (see Chapter 1.2.4), two electrode clusters were extracted based on these areas. For the
frontal cluster, data from electrodes F3, F4, F7, F8, and Fz were extracted and averaged together. For
the parietal cluster, data from electrodes P3, P4, P7, P8, and Pz were extracted and averaged together.
These specific electrodes were chosen based upon previous research utilising similar multitasking

paradigms (e.g. Puma et al., 2018; see Figure 2.3).
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Figure 2.3. Extracted electrodes of interest. (A) Frontal cluster. (B) Parietal cluster.
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Table 2.1. A summary of the measures collected. Electrophysiological recordings were collected continuously.
Verbal ratings of perceived stress were collected every one-minute during baseline, task period, and recovery.
Multitasking Framework score was collected every minute during multitasking and resulted in a total score at

the end of each workloadassessment.

Measurement Parameter Abbreviation

Electrocardiography Heart rate HR
Root-mean-square of successive RR differences RMSDD
The percentage of adjacent normal RR intervals pNN50
that differ from each other by more than 50ms
Standard deviation of normal RR intervals SDSD

Electrodermal activity Minimum skin conductance level amplitude SCL min
Non-specific skin conductance response amplitude NS-SCR amp
Non-specific skin conductance response frequency NS-SCR freq

Electromyography Root-mean-square RMS-EMG

Electroencephalography Frontal alpha power -
Parietal alpha power -
Frontal theta power -
Parietal theta power -

Verbal rating Stress rating SUB

Multitasking Framework Cumulated score -
Total score -

2.3.4 Procedure

In line with previous studies utilising the Multitasking Framework (e.g. Wetherell et al., 2017), all data
collection took place between 12.00 and 16:00 due to the circadian rhythm of heart rate and cortisol
(Dickmeis, 2009; van Eekelen et al., 2004). Following initial screening at enrolment to check that
participants met the inclusion criteria, participants arrived at the laboratory and filled in a
demographic questionnaire. Participants were given a two-minute demonstration of the multitasking
framework to make sure they understood how to perform the tasks. The electrophysiological
recording equipment was set up, including the EMG, EDA, ECG and EEG electrodes. The physiological

data were recorded continuously from set up to the end of the last condition.

A repeated measures protocol required participants to partake in four conditions: standing, sitting,
low workload, and high workload (see Figure 2.4). The sitting and standing data are not commented

on further in this thesis. Conditions were performed in a counterbalanced order so that each possible
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permutation appeared twice. The standing and sitting condition lasted five minutes each. The low and
high workload condition lasted ten minutes each preceded by a two-minute baseline measurement,
followed by a two-minute recovery measurement. During the baseline and recovery measurement
periods, participants were asked to relax and keep their eyes open. Perceived stress levels were

assessed every minute in the low workload and high workload conditions.

Time ~ 38min
A
»
Standing } Low load ) Sitting ) High load
5-min 14-min 5-min 14-min
Baseline Task Recovery Baseline Task Recovery
2-min 10-min [2-min] [ 2-min] 10-min |2—m|n}

Figure 2.4. The experimental procedure. The order of conditions (standing, sitting, low workload, high workload)
were counterbalanced across participants. Physiological data were subsequently split up into one-minute

epochs, equalling 14 epochs each in the low and high workload conditions.

2.3.5 Statistical analyses

Shapiro-Wilk test of normality and visualisation of QQ plots of the unstandardized residuals indicated
that the subjective, HR, HRV, and SCR data were not normally distributed. Therefore, data were
normalised to make them suitable for parametric analyses. All data were initially normalised via the
natural logarithmic transformation. The normalisation correction added a constant (1) if the value
could involve a zero response (subjective ratings, pPNN50, NS-SCR freq, NS-SCR amp). This method of
normalisation is reported in previous studies (e.g. Stanley et al., 2013), and is recommended for heart
rate, heart rate variability, and skin conductance measures (Boucsein et al., 2012; Laborde et al.,

2017).

Statistical analyses were performed using IBM SPSS Statistics for Windows, version 25 (IBM Corp.,
Armonk, N.Y., USA). A paired-samples t-test was undertaken on multitasking total score performance
data. Subjective, psychophysiological, and EEG data were submitted to a mixed model analysis with
the maximum likelihood method (Hoffman & Rovine, 2007). A linear mixed-effects model was used
due to the uneven number of epochs to be compared (i.e. two one-minute epochs for baseline and

recovery periods, and ten one-minute epochs for the task period), which can be handled by mixed
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models (Singmann & Kellen, 2019). Fixed effects were Workload (low, high), Interval (baseline, task,
recovery), and Time ([12],[12345678910], [12]). The maximum likelihood method was chosen
to compare models and interpret the fixed effects (Field, 2013, p. 835). A sequence of models were fit
with gradually decreasing complexity of the random effect structure (Baayen et al., 2008). A random
intercept and slope model consisting of Time as a random effect was compared against a random
intercept model at the participant level. The -2 log likelihood of different models was calculated in
order to determine the optimal statistical complexity model. In all cases, a random intercept and slope
model provided a better fit for the data. This model assumes that the slope across Time varies across
participants. To examine which covariance structure yielded the best fit for the dataset, various
covariance structures were tested: variance components, diagonal, autoregressive structure, and
unstructured. In all cases except RMS-EMG, an autoregressive structure yielded the best fit. For RMS-
EMG, a diagonal covariance structure was applied. As the interaction between the fixed effects were
of interest, the F tests are subsequently reported, with post hoc analyses run with Bonferroni

correction.

The statistical threshold for significance was set to p < 0.05. Effect sizes were reported as Cohen’s f2
for fixed effects, as advised by Lorah (2018) and Selya et al. (2012). An effect is considered small at a
value of 0.02, medium at a value of 0.15, and large at a value of 0.35 (Cohen, 1992). For paired-samples
t-tests, Cohen’s d, was reported. Although no benchmarks have been set, Lakens (2017) previously

suggested 0.14 for a small effect, 0.35 for a medium effect, and 0.57 for a large effect.

2.4 Results

First, task performance was compared between low workload and high workload. Next, a random
intercept and slope mixed model was undertaken on subjective, psychophysiological, and EEG data,
with fixed effects: Workload (low, high), Interval (baseline, task, recovery), and Time ([12],[12345
67 8910], [1 2]). Table 2.2 summaries natural logarithm transformed means (SD) of subjective and
physiological data at one-minute intervals during baseline, task, and recovery during low and high
workload. Appendix 2.1 reports the raw values for ease of interpretation. Figure 2.6 provides a
graphical representation of subjective and psychophysiological measures at one-minute intervals
during baseline, task, and recovery intervals during low and high workload multitasking. For EEG data,
Table 2.3 summarises the means (SD) over interval periods during low and high workload multitasking,
and Appendix 2.2 provides the raw values for ease of interpretation. Appendix 2.3 provides a more

comprehensive summary of the means (SD) at one-minute intervals during baseline, task, and
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recovery during low and high workload, while Appendix 2.4 reports the raw values. Figure 2.7 provides

a graphical representation of alpha and theta results.

2.4.1 Task performance

A paired-samples t-test revealed a significant difference in task performance between the low
workload and high workload condition, tu = 10.51, p < .001, d, = 1.64. Participants scored higher
during low workload (M = 1075.12, SD = 229.47) compared to high workload (M =740.49, SD = 234.45;

see Figure 2.5).
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Figure 2.5. Violin plot representing total score during the Multitasking Framework. The black bolded line
represents the mean. The box surrounding the mean represents the interquartile range, and the vertical lines
represent the lower/upper adjacent values. On each side of the box is a kernel density estimation that shows
the distribution of the data. The wider the section, the higher the probability that members of the population
will take on the given value. In the low workload condition, participants scored higher, but were more variable

in performance. Key: ** p <.001

2.4.2 Subjective reports (SUB)

The mixed-effects model revealed a significant main effect for Workload, F(1, 98423 = 95.32, p <.001, f2
=0.31, Interval, Fp2, 98423 = 282.58, p < .001, = 0.76, and Time, Fs e1s.48) = 6.70, p < .001, = 0.28 on

subjective ratings of stress. In addition, a statistically significant interaction between Workload and
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Interval, F3, 98423 = 438.10, p < .001, f2= 0.94, and Interval and Time, F(1, 98423 = 21.73, p < .001, 2=
0.15, were revealed. The interaction between Workload and Time, F1, 9s4.23) = 0.34, p = .96, and the
three-way interaction, F, 9sa23) = 0.80, p = .45 were not significant. Pairwise comparisons of the
Workload by Interval interaction revealed SUB during baseline did not differ between low and high
workload (p = .12). SUB ratings were significantly greater during the high workload task (p < .001) and
recovery (p <.001), when compared to low workload. Interval by Time post hoc comparisons revealed
that during the task, SUB ratings were greater during the first minute than the second minute (p <
.001). Minutes three to five exhibited greater ratings than the first minute (p = .001). Minutes six to
ten revealed greater ratings compared to the first and second minute (p = .007 to p < .001). Overall,
these findings demonstrate that verbal stress ratings were greater during the task and at recovery in
the high workload condition, when compared to low workload. During the task, verbal stress ratings
were high in the first minute, decreased after the second minute, but then increased again throughout

the task.

2.4.3 Heart rate (HR)

The mixed-effects model revealed a simple main effect for Time on HR, F9, 677.04) = 5.10, p < .001, =
0.23. The main effects for Workload, F1,1028.62) = 2.95, p = .09, and Interval, F3, 1028y= 0.68, p = .51 were
not significant. Similarly, neither were the interaction effects between Workload and Interval, F(,1027.7)
=1.92, p = .15, Workload and Time, F(s, 1028.45)= 0.46, p = .91, Time and Interval, F2,1027.70) = 2.01, p =
.13, or the three-way interaction, Fp, 1027.7) = 0.19, p = .83. Post hoc comparisons revealed HR was
greater at minute one than minute two (p < .001). HR was statistically greater at minutes five to ten,
compared to time point two (p = .05 to p < .001). In summary, post hoc comparisons revealed that
after the fifth minute of the task, heart rate statistically increased, reflecting increased arousal, until

the end of the task.

2.4.4 Heart rate variability: RMSSD

The mixed-effects model revealed a statistically significant effect for Workload on RMSSD, F1, 1030.47) =
4.95, p =.03, f2=0.06. The main effects for Interval, F2, 102047) = 2.64, p = .07, and Time, F(9, 716.03) = 0.74,
p = .67 were not significant. The interactions between Workload and Interval, F3, 1020.47y= 1.30, p = .27,
Workload and Time, Fs, 1030.21) = 0.27, p = .98, Interval and Time, F(3, 1029.47) = 0.67, p = .51, and the
three-way interaction, Fp, 1029.47) = 0.36, p = .97, were also not significant. Post hoc comparisons

revealed that RMSSD was greater during high compared to low workload (p = .02). These results
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suggest that RMSSD was greater during the high workload condition, reflecting increased variability in

heart rate, irrespective of Time or Interval.

2.4.5 Heart rate variability: SDSD

The mixed-effects model revealed a statistically significant effect for Workload on SDSD, Fi1, 1030.51) =
4.94, p = .03, £=0.06. No other effects were statistically significant: Interval, Fi2, 102052 = 2.64, p = .07,
Time, Fis,716.15) = 0.74, p = .68, Workload and Time, Fs, 1030.25) = 0.27, p = .98, Interval and Time, F2, 1029.52)
=0.67, p = .51, Workload, Interval and Time, F2, 1029.52)= 0.04, p = .97. Post hoc comparisons revealed
that SDSD was greater during high compared to low workload (p = .02). These results suggest that
SDSD was greater during the high workload condition, reflecting increased variability in heart rate,

irrespective of Time or Interval.

2.4.6 Heart rate variability: pNN50

Similarly to the other heart rate variability measures, the mixed-effects model revealed a statistically
significant effect for Workload on pNN50, F(1, 99756 = 10.12, p = .002, 2= 0.10. Again, no other effect
yielded statistical significance: Interval, F(2,967.56) = 0.17, p = .84, Time, F(s,60s.8) = 1.25, p = .26, Workload
and Time, Fs, 997.56)= 1.31, p = .27, Interval and Time, F2, 597.56) = 0.44, p = .64), Workload, Interval and
Time, F(, 997.56) = 0.14, p = .89. Post hoc comparisons revealed that pNN50 was greater during high
compared to low workload (p = .005). These results suggest that pPNN50 was greater during the high

workload condition, reflecting increased variability in heart rate, irrespective of Time or Interval.

2.4.7 Skin conductance response frequency (NS-SCR freq)

A statistically significant main effect for Interval, F, 93735 = 18.07, p < .001, 2= 0.07, and Time, F(9, 633.63)
=11.4, p < .001, = 0.38 on NS-SCR freq was found. The model also revealed an interaction effect
between Workload and Interval, F3, 93738) = 3.58, p = .03, 2= 0.07. The main effect of Workload was
not significant, F(1, 93738y = 0.03, p = .87. The interaction effects between Workload and Time, Fg, 937.35)
=0.54, p =.85, Interval and Time, F3,937.38) = 1.35, p = .26, and Workload, Interval and Time, F2, 937.38) =
0.15, p = .87 were also not significant. For the interaction effect, post hoc comparisons revealed that
during high workload, there were no differences in NS-SCR freq over intervals. However, during low

workload, NS-SCR freq was greater in the baseline period, compared to the task (p < .001). This
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suggests that there were more SCRs, reflecting increased arousal, before task commencement,

irrespective of workload.

2.4.8 Skin conductance response amplitude (NS-SCR amp)

A significant main effect for Time on NS-SCR amp was found, Fo, e01.82) = 6.20, p < .001, 2= 0.28. No
other significant effects were found: Workload, F(1, 927.62) = 3.43, p = .06, Interval, F(,927.62) = 2.20, p
= .11, Workload and Interval, Fp, 927.62) = 0.62, p = .54, Workload and Time, F, 92762 = 0.71, p = .70,
Interval and Time, Fi, 527620 = 1.45, p = .23, Workload, Interval and Time, F, 927.62) = 0.36, p = .70.
Pairwise comparisons revealed that NS-SCR amp was greater during the first minute, when compared
to all other minutes apart from the seventh minute (p £ .001 to p = .003). Therefore, regardless of
load, NS-SCR amp was greater during the first minute compared to all other time points besides the

seventh minute, reflecting increased arousal.

2.4.9 Skin conductance level (SCL min)

The model revealed a significant main effect for Interval, F2, 960.42 = 18.23, p < .001, = 0.19, and Time,
Fio, 960.44) = 617.55, p < .001, % = 2.39, on SCL min. The mixed-effects model revealed a significant
interaction between Interval and Time, F, o044y = 3.62, p = .03, £ = 0.07. No other effects were
significant: Workload, F1,960.44) = 0.63, p = .43, Workload and Interval, F2, 960.44) = 0.9, p = .41, Workload
and Time, Fs, 960.49) = 0.06, p = 1.0; Workload, Interval and Time, Fz, 960.49) = 0.02, p = .98. Post hoc
comparisons uncovering the interaction effect revealed that during the task, SCL at the first minute
was greater than minutes seven to ten (p = .01 to p <.001). SCL during the second minute was greater
compared to minutes four to ten (p =.003 to p < .001). The third minute displayed higher SCL values
compared to minutes seven to ten (p =.003 to p = .05). After the task had ended, during the recovery
period, the second minute displayed larger SCL values compared to the first minute (p = .04). These
findings suggest that during the task, SCL rose rapidly, reflecting heightened arousal, during the first
and second minute, regardless of load. Once the task finished, SCL was greater during the second

compared to the first minute of rest.

2.4.10 Root-mean-square of electromyography (RMS-EMG)

A significant main effect for Workload, F(1, 1005.9) = 12.6, p <.001, 2= 0.12, Interval, F(2, 1005.9) = 48.74, p
<.001, 2= 0.11, and Time, F, 23047) = 2.52, p = .009, f2 = 0.05, on RMS-EMG was revealed. The
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interactions Workload and Interval, F, 1005.9) = 2.15, p = .12, Workload and Time, Fs, 100s.9) = 0.77, p =
.65, Interval and Time, F2, 1005.9) = 2.72, p = .07, and the three-way interaction, F, 100s.9) = 0.35, p = .70,
were not significant. Pairwise comparisons revealed that high workload displayed greater RMS-EMG
values compared to low workload (p < .001). When compared to the active task period, RMS-EMG
values were lower during baseline (p < .001), and during recovery (p < .001). The main effect of Time
revealed that EMG activity was greater during minutes three to ten when compared to the first minute
(p < .001 to p = .02) and the second minute (p < .001). These results reveal that RMS-EMG values

increased throughout the task and were greater during high workload.
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Table 2.2. Table summarising natural logarithm transformed means (SD) of subjective and physiological data at one-minute intervals during baseline, task, and

recovery during low and high workload.

Measure Workload Minute periods over task
Baseline Task Recovery
1 2 1 2 3 4 5 6 7 8 9 10 1 2
Subjective (In) Low 0.82 0.82 1.30 1.40 1.50 1.53 1.52 1.57 1.63 1.61 1.60 1.65 1.09 0.90
(0.49) (0.49) i (0.40) (0.41) (0.42) (0.43) (0.53) (0.42) (0.42) (0.46) (0.46) (0.44) i (0.59) (0.51)
High 0.90 0.86 1.56 1.69 1.80 1.82 1.85 1.87 1.87 1.88 1.87 1.88 1.30 1.00
(0.59) (0.60) i (0.59) (0.40) (0.32) (0.35) (0.35) (0.36) (0.37) (0.35) (0.38) (0.37)i (0.52) (0.52)
Heart rate (In) Low 4.30 4.28 4.30 4.28 4.29 4.30 4.30 4.30 4.30 4.31 4.32 4.31 4.31 4.28
(0.13) (0.13) { (0.13) (0.13) (0.13) (0.13) (0.13) (0.13) (0.13) (0.12) (0.12) (0.13)i (0.13) (0.13)
High 429 428 430 429 429 430 430 431 430 431 430 431§ 431 4.28
(0.14) (0.14) i (0.13) (0.13) (0.13) (0.13) (0.12) (0.11) (0.12) (0.12) (0.12) (0.12) i (0.13) (0.13)
RMSSD (In) Low 4.01 3.89 386 384 380 3.74 3.82 3.82 3.93 3.78 3.85 3.77 396 3.81
(0.78) (0.85) i (0.66) (0.66) (0.70) (0.66) (0.83) (0.90) (1.00) (0.66) (0.71) (0.75) i (0.79) (0.63)
High 404 394 3.89 389 390 3.87 3.83 3.83 3.88 3.85 387 386 411 4.02
(0.91) (0.86) i (0.82) (0.79) (0.83) (0.92) (0.79) (0.81) (0.77) (0.77) (0.83) (0.80)i (0.82) (0.81)
4.01 3.89 386 384 380 3.74 3.82 3.82 3.93 3.78 3.85 3.77 396 3.81
SDSD (In) Low (0.79) (0.86) i (0.67) (0.67) (0.84) (0.91) (1.01) (0.67) (0.72) (0.76) (0.72) (0.73) i (0.80) (0.64)
High 404 394 3.8 389 390 3.87 3.84 3.83 3.88 3.85 3.87 386 4.10 4.02
(0.64) (0.92) i (0.87) (0.83) (0.80) (0.84) (0.93) (0.80) (0.82) (0.78) (0.84) (0.81)i (0.83) (0.82)
pNN50 (In) Low 296 284 295 2.96 2.82 2.71 2.72 2.83 2.73 280 270 271 290 2.90
(1.13) (1.29) i (1.05) (1.21) (1.30) (1.36) (1.43) (1.25) (1.36) (1.27) (1.34) (1.34) i (1.08) (1.12)
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NS-SCR freq (In)

NS-SCR amp (In)

SCL min (uS)

RMS-EMG (%)

High

Low

High

Low

High

Low

High

Low

High

3.06
(1.24)

1.19
(0.59)
1.01
(0.59)

2.00
(0.81)

1.90
(0.92)

7.21
(3.04)

7.15
(3.08)

25.7
(13.99)
27.21
(15.39)

2.98
(1.30)

1.02
(0.53)
0.88
(0.58)

1.92
(0.82)

1.75
(1.00)

7.01
(3.05)

6.91
(2.97)

23.05
(14.16)

25.19
(13.69)

2.92
(1.17)

1.37
(0.50)
1.48
(0.56)

2.25
(0.50)

2.18
(0.72)

7.41
(3.12)
7.61
(3.26)

32.89
(15.92)
35.28
(18.01)

2.93
(1.21)

1.08
(0.68)
1.16
(0.65)

1.81
(0.95)

1.92
(0.94)

7.78
(2.84)

7.82
(2.76)

33.00
(17.36)
38.5
(20.86)

2.86
(1.33)

0.78
(0.70)
1.07
(.59)

1.45
(1.11)

1.85
(0.89)

7.41
(2.82)

7.44
(2.57)

33.45
(17.64)
39.70
(20.33)

2.76
(1.34)

0.86
(0.65)
0.97
(0.66)

1.56
(1.02)

1.68
(1.00)

7.05
(2.70)
7.14
(2.50)

34.76
(18.82)
40.70
(20.85)

2.82
(1.28)

0.87
(0.63)
0.94
(0.61)

1.63
(1.00)

1.77
(0.93)

6.92
(2.74)
7.02
(2.66)

35.83
(20.73)
41.08
(20.99)

2.79
(1.35)

0.85
(0.66)
0.91
(0.52)

1.60
(1.04)

1.79
(0.87)

6.89
(3.01)

6.96
(2.60)

36.62
(22.49)
40.86
(20.63)

2.97
(1.16)

0.85
(0.57)
0.96
(0.5)

1.68
(1.00)

1.89
(0.77)

6.8
(2.88)

6.84
(2.52)

37.18
(21.89)
41.45
(21.22)

2.85
(1.24)

0.76
(0.67)
0.89
(0.59)

1.40
(1.08)

1.68
(0.96)

6.71
(2.89)

6.81
(2.57)

36.52
(20.42)
45.20
(28.99)

2.80
(1.37)

0.83
(0.67)
0.88
(0.54)

1.49
(1.03)

1.73
(0.92)

6.65
(2.81)

6.70
(2.54)

38.17
(21.39)
42.46
(24.11)

2.95
(1.15)

0.81
(0.69)
0.87
(0.57)

1.43
(1.09)

1.67
(0.95)

6.58
(2.98)

6.70
(2.64)

39.99
(21.83)
41.37
(23.94)

3.10
(1.09)

1.15
(0.45)
1.08
(0.48)

2.09
(1.06)

2.05
(0.70)

6.71
(2.00)

6.98
(2.89)

27.26

3.00
(1.19)

0.90
(0.56)
0.92
(0.56)

1.78
(0.94)

1.80
(0.96)

7.10
(2.78)

7.28
(2.97)

24.32

(16.91) (17.45)

26.86

23.36

(17.49) (16.43)
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averaged heart rate. (C) Natural logarithm transformed averaged root-mean-square of successive differences
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between normal heartbeats (RMSSD). (D) Natural logarithm transformed averaged standard deviation of the
successive differences between normal heartbeats (SDSD). (E) Natural logarithm transformed averaged
proportion of the number of pairs of normal heartbeats that differ by more than 50ms divided by total number
of heartbeats (pNN50). (F) Natural logarithm transformed averaged frequency of non-specific skin conductance
responses (NS-SCR freq). (G) Natural logarithm transformed averaged amplitude of non-specific skin
conductance responses (NS-SCR amp). (H) Average minimum skin conductance level (uS; SCL min). (1) Averaged

normalised root-mean-square of the electromyogram signal (RMS-EMG).

2.4.11 Alpha oscillatory activity

A linear mixed model was run to understand the impact of workload on frontal alpha activity. The
model revealed a significant main effect for Workload, F(1, s67.85) = 34.98, p < .001, 2= 0.20, Interval,
Fi2, 867.85) = 45.66, p < .001, 2= 0.32, and Time, F, 43851) = 2.18, p = .03, 2= 0.15. There were no
significant interaction effects: Workload and Interval, F,, s67.35)= 0.37, p = .70, Workload and Time, F,
s67.85) = 0.06, p = 1.0, Interval and Time, F,, s67.35) = 0.19, p = .83, or the three-way interaction, F, s67.5)
=.25, p =.78. Post hoc comparisons revealed that alpha activity was greater during low compared to
high workload (p < .001). Comparisons for Interval revealed alpha was lower at baseline compared to
recovery (p < .001). In addition, alpha activity was lower during the task compared to recovery (p <
.001). There were no significant differences between time points once multiple comparisons were

corrected for.

A second linear mixed model was run to understand the impact of workload on parietal alpha activity.
The mixed model revealed a significant main effect for Workload, F1, se0.89 = 31.18, p <.001, = 0.19,
Interval, Fi, se9.89) = 50.47, p < .001, 2= 0.34, and Time, F9,340.1)= 2.84, p = .003, = 0.22. Similarly to
frontal activity, there were no interaction effects: Workload and Interval, F, ss9.35) = 0.20, p = .82,
Workload and Time, Fs, ss9.39) = 0.12, p = 1.0, Interval and Time, F2, ss9.89) = 0.35, p = .71, Workload,
Interval and Time, F3, ss0.89) = 0.18, p = .84. Post hoc comparisons revealed that alpha activity was
greater during low workload compared to high (p <.001). Comparisons for Interval revealed alpha was
lower at baseline compared to recovery (p < .001). In addition, alpha activity was lower during the task
compared to recovery (p < .001). There was no significant difference between time points once

multiple comparisons were corrected for.
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Overall, frontal and parietal alpha were highest during low workload, regardless of interval. During the
task, frontal and parietal alpha activity did not differ from baseline levels. Both frontal and parietal

alpha increased following task cessation during the recovery period.

2.4.12 Theta oscillatory activity

A linear mixed model was run to understand the impact of workload on frontal theta activity. The
model revealed a significant main effect for Workload, F1,s90.71) = 41.52, p < .001, 2= 0.21, a significant
main effect for Interval, F3, 800.71) = 10.89, p < .001, = 0.15, and a significant main effect for Time, Fs,
s78.66) = 2.45, p = .009, £=0.12. No interaction effects were significant: Workload and Interval, F(, s00.71)
=0.50, p = .61, Workload and Time, Fs,s90.71)= 0.04, p = 1.0, Interval and Time, F3,890.71) = 0.39, p = .67,
or Workload, Interval and Time, F, s50.71) = 0.41, p = .67. Post hoc comparisons revealed that frontal
theta was significantly greater during low workload, compared to high workload (p < .001).
Comparisons for Interval revealed that, during the task, theta was significantly greater than during
baseline (p < .001). During recovery, theta was significantly greater than baseline (p < .001). Time
effects revealed that theta was greater at minute ten when compared to minute one (p < .001) and

minute two (p = .004); and greater at minute nine when compared to minute one (p = .03).

A final linear mixed model was run to understand the impact of workload on parietal theta activity.
The model revealed a significant main effect for Workload, Fy, 917.07) = 32.88, p < .001, #=0.19, a
significant main effect for Interval, F(3,917.97 = 20.39, p < .001, 2= 0.21, and a significant main effect for
Time, Fo,016.81) = 3.82, p <.001, A= 0.17. No interaction effects were significant: Workload and Interval,
Fi2,917.97) = .43, p = .65, Workload and Time, F(s,917.97)= 0.16, p = 1.0, Interval and Time, F(2, 917.97) = 0.45,
p = .64, Workload, Interval and Time, F2, 917.97) = 0.32, p = .73. Post hoc comparisons revealed that
parietal theta was significantly greater during low workload compared to high workload (p < .001).
Comparisons for Interval revealed that during the task, theta was significantly greater than baseline
(p < .001). Theta was significantly greater during recovery when compared to baseline (p <.001). Time
effects revealed that theta was greater at minute nine when compared to minute one (p < .02) and
two (p < .03). Theta was also greater at minute ten when compared to minute one (p <.001) and two

(p <.001).

In summary, frontal and parietal theta revealed highest power values during low workload, regardless
of interval. During the task, frontal and parietal theta activity increased, and stayed at a similar level

following task cessation, during the recovery period.
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Table 2.3. Table summarising natural logarithm transformed means (SD) of alpha and theta activity averaged

during baseline, task, and recovery of low and high workload multitasking.

Frequency (Hz) Electrodes Workload Interval
Baseline Task Recovery
Theta (4 - 7) F3,F4,F7,F8, Fz Low 1.35(0.37) 1.52(0.33) 1.53(0.37)
High 1.24(0.37) 1.36(0.33) 1.36(0.37)
Alpha (8.5 -12.5) F3,F4,F7,F8,Fz Low 1.35(0.37) 1.52(0.35) 1.53(0.35)
High 1.24(0.37) 1.36(0.33) 1.36(0.37)
Theta (4 -7) P3,P4,P7,P8,Pz Low 1.33(0.49) 1.53(0.44) 1.61(0.49)
High 1.23(0.49) 1.37(0.44) 1.46(0.49)
Alpha (8.5 -12.5) P3,P4,P7,P8,Pz Low 1.18(0.42) 1.25(0.42) 1.48(0.42)
High 1.07 (0.42) 1.06(0.42) 1.34(0.42)
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Figure 2.7. Grand-averaged natural logarithm transformed power for theta (4 — 7 Hz) and alpha (8.5 — 12.5 Hz)

over baseline, task, and recovery periods at one-minute intervals. Shaded error bars represent the + standard

error of the mean difference. Low workload represented by the blue lines; high workload represented by the

dark grey lines. (A) Frontal alpha power. (B) Parietal alpha power. Topographical plots representing alpha power

averaged over baseline, during, and recovery task periods. (C) Frontal theta power. (D) Parietal theta power.

Topographical plots representing theta power averaged over baseline, during, and recovery task periods.
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2.4.13 Relationship between subjective ratings and cognitive performance

The linear mixed models above revealed that only subjective ratings were able to distinguish between
workload during the active task period. Therefore, a participant-by-participant correlation analysis
was performed on participants’ cumulated subjective rating and the cumulated total score for both
low workload and high workload. To ensure that the differences between low and high workload
sustained for cumulated verbal rating, a paired samples t-test was run. The t-test confirmed that
cumulated rating was greater during high workload (M = 54.90, SD = 18.07) than low workload (M =
40.39, SD = 16.15), ti0 = -9.31, p < .001, d, = 1.45. Shapiro-Wilk test of normality and visualisation of
QQ plots of the unstandardized residuals revealed that normality was not violated for cumulated
verbal ratings, however there was a clear outlier present in the data (cumulated score of zero for low
workload and ten for high workload). As such, a Spearman's rank-order correlation was carried out.
Two repetitions of the correlation analysis gave a Bonferroni corrected statistical threshold

of p <0.025.

The Spearman’srank correlationrevealed a significant negative association between cognitive
performance and verbal rating during low workload multitasking, indicating the higher the stress
rating the worse the performance, but this did not survive Bonferroni corrections, r,.=-.30, p = .05. The
association during high workload multitasking was not significant, r, = .15, p = .36. See Figure 2.8 for

scatter plots visualising the relationships.

A. B. _
Low load High load
. L]
. - .
~— &0 — 2 -
E = .
3 =1 . .
o o L] (1]
= 2
) 8 v, .
£ £ .
=1 =] .
B « g . .
@ -
= g L : * [
ke S . .
E‘ a [y .
o o .
= . . S
@ . (0]
. 2
-
.
0 L] L]
500 750 1000 1250 250 500 750 1000 1250
Task performance (cum) Task performance (cum)

Figure 2.8. Scatter plots representing the relationship between cumulated subjective rating and task
performance. Linear trendline depicted asared line with shaded area representing 95% confidence

interval. (A) Subjective ratings and task performance during low workload. This association did not survive
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Bonferroni corrections (p = .05). (B) Subjective ratings and task performance during high workload. This

association was not significant.

2.5 Discussion

This study investigated the effect of attentional load, manipulated by workload, on subjective,
psychophysiological, and neural measures during multitasking. The experiment compared the effects
of two workload conditions (low workload and high workload) at one-minute intervals over a two-
minute baseline, ten-minute multitasking, and two-minute recovery period. Participants performed
worse during high workload multitasking. Linear mixed-effects models revealed that subjective stress
ratings were greater during high workload multitasking when compared to a baseline period, a
recovery period, and low workload multitasking. However, subjective ratings were not associated with
task performance. Heart rate was greater at the end of the task (five to ten minutes) when compared
to start of the task (one to two minutes). Heart rate variability metrics (RMSSD, SDSD, pNN50) were
greater during high workload when compared to low, regardless of task period (i.e. baseline, task,
recovery). There were more skin conductance responses during low workload baseline, when
compared to the task period. Skin conductance response amplitude was greatest at minute one, when
compared to all other minutes, apart from the seventh. Skin conductance level was greatest during
the first and third minute, when compared to the end of the task (seven to ten minutes). In addition,
skin conductance was greater during the second minute, when compared to the rest of the task (four
to ten minutes). Trapezius muscle activity was greater during the task, when compared to baseline
and recovery. Muscle activity was greater during minutes three to ten, when compared to minutes
one to two. EEG measures demonstrated similar effects for frontal and parietal activity. Alpha and
theta activity were highest during low workload, regardless of interval. During the task, theta activity
increased, while alpha activity did not differ from baseline levels. Alpha activity increased during

recovery, while theta activity stayed at a similar level. These findings will be discussed below.

2.5.1 Subjective ratings were higher and task performance was lower during high workload

Subjective stress ratings were higher and behavioural performance was lower during high workload
multitasking. Therefore, behavioural and subjective measures demonstrated an increase in cognitive
demands imposed by the task across workload conditions. This is in accordance with previous research
that has demonstrated performance and subjective ratings match workload conditions. Wetherell &

Carter (2014) found that performance declined and perceived workload increased linearly with
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multitasking workload. Puma et al. (2018) also demonstrated a negative linear relationship between
task performance and workload during a computer-based multitasking task. In other manipulations of
workload, McKendrick & Harwood (2019) found that perceived mental demand increased when
working memory load increased. In more ecologically valid tasks, the relationship between perceived
workload and actual workload still stands; Liang & Pitts (2019) found that during simulated driving,
perceived workload increased, and performance was worse, under increased task load. These studies

support the validity of the current results.

In the above-mentioned studies, subjective measures of workload were collected via the NASA-Task
Load Index (NASA-TLX; Hart & Staveland, 1988). Other techniques such as the Subjective Workload
Assessment Technique are also commonly used (SWAT; Reid & Nygren, 1988). In the present Chapter,
subjective ratings were obtained by requesting a number between zero and ten that corresponded to

7 u

participants’ “stress” level. The NASA-TLX and SWAT require participants to respond to several
guestions and is therefore administered once the task has ended and is completed retrospectively. In
the present study, subjective ratings were collected every minute throughout the task, and therefore
administering the NASA-TLX or SWAT would have been impractical and disruptive, subsequently
impacting task performance. As workload is a complex multidimensional construct, only one element
could be selected for participants to immediately report on. Psychological stress load was chosen as
the Multitasking Framework has been shown to elicit acute psychobiological stress reactivity in
controlled settings (Wetherell et al., 2017; Wetherell & Carter, 2014). However, it is important to
understand the limitations of selecting one element. For example, workload elements such as
psychological stress and mental effort are impacted by factors such as motivation (Rubino et al., 2009),
and environment (Downey & Van Willigen, 2005), and high task demands are not directly related to
high psychological stress load. For example, Mandrick et al. (2016) found that during a working
memory task, unpredictable aversive loud sounds did not degrade task performance. They argued that
task performance was unaffected due to malleable cognitive strategies, but at a psychophysiological
cost, as indicated by measures such as increased heart rate. Therefore, participants’ workload can
only be inferred by current subjective ratings. In the case of the present study, it can only be inferred
that subjective ratings represent psychological stress load. The correlation analysis revealed that
subjective ratings were associated with task performance measures during the low workload
condition. Although the effect size was moderate (r.= -.3), the relationship did not survive Bonferroni
corrections. In this case, participants were not able to accurately reflect on their own cognitive
performance, and so other workload elements, rather than psychological stress, may have been

associated with task performance.
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2.5.2 Electromyographic activity was highest during high workload multitasking

This was the first study to utilise the Multitasking Framework to demonstrate the impact of workload
on upper trapezius muscle activity. Muscle activity increased throughout the task, and was highest at
minutes three to ten, when compared to minutes one and two during baseline, task, and recovery
intervals. Although electromyographic (EMG) activity was greater during high workload, a Workload
by Interval interaction was not found, suggesting that muscle activity was greatest during high
workload during baseline, task, and recovery. Visualisation of the results indicate that muscle activity
was greater during high workload multitasking, however this did not reach significance. Therefore,

trapezius muscle activity was only partly sensitive to workload.

An increase in EMG activity during high workload is supported by research studying occupational
stress. Prolonged work under high workload may lead to musculoskeletal conditions particularly in the
back and the shoulders as workload induces physiological changes such as increases in muscular
tension. For example, muscle activity has been found to increase during sustained attention tasks (e.g.
Wixted et al., 2018; Wixted & O’ Sullivan, 2018), time pressure tasks (e.g. Taib et al., 2016), and
psychosocial stress (e.g. Marker et al., 2017).

The present study demonstrates that workload increases trapezius muscle tension and is higher during
high workload multitasking. However, the present study was unable to fully disentangle workload
from baseline task measures. Yet, other research has demonstrated the sensitivity of muscle activity
of the trapezius to workload conditions. For example, Deeney & O’Sullivan (2017) found that trapezius
muscle activity was greater during high information processing, compared to medium and low
information processing. However, participants completed the computer task while abducting their
arm at a 90 degrees angle. The present study, however, measured muscle activity in general, rather
than muscle fatigue. Similar to this study, Wijsman et al. (2013) administered several tasks under time
pressure, but consecutively rather than simultaneously. EMG amplitude was higher during stress,
when compared to rest. However, EMG metrics did not differ between stress loads. Although these
results are similar to the present study, the author's tasks differed by inducing social stress via video
recording. In the present study, social evaluation was kept constant throughout, as the cumulative
score in the centre of the screen was consistent between low and high workload conditions. In
combination, the results provide evidence that social evaluative threat and task difficulty has similar

effects on trapezius muscle activity.
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2.5.3 Heart rate and heart rate variability did not differ with increasing cognitive demands

Cardiovascular data indicated that heart rate was greater during the first minute, when compared to
the second minute. However, this was regardless of whether the first minute was during the baseline,
task, or recovery period. These results suggest that participants were becoming familiar and
comfortable with the current environment (i.e. whether it was a resting baseline condition or the task
condition). A main effect of Time also revealed greater heart rate at minutes five, six, seven, eight,
nine, and ten, when compared to the second minute, suggesting that heart rate did increase, but only
halfway into the task. As there was no significant difference between the baseline, task, and recovery,
the Multitasking Framework did not elicit a significant increase in heart rate. Despite heart rate
variability (HRV) metrics often reporting differences when heart rate does not (e.g. Fuentes-Garcia et
al.,, 2019), HRV was also not modulated by multitasking as although HRV was greater during low

workload, this difference was regardless of interval (i.e. baseline, task, recovery).

These results are contradictory to other studies that have found an effect on cardiovascular activity
during the Multitasking Framework (e.g. Wetherell et al., 2017; Wetherell & Carter, 2014). The
disparities with these previous studies are two-fold. In previous studies utilising the Multitasking
Framework, peak measures of heart rate were analysed. In the present study, an average of
cardiovascular measures over one-minute periods were collected to understand how physiology
adapted over the period of a continuous cognitively demanding task, and how this adaption impacted
task performance. Therefore, it was not appropriate to measure peak reactivity. Secondly, the present
study administered the Multitasking Framework for two ten-minute periods. However, previous
research elicited the Framework for fifteen and twenty minutes. Therefore, task administration may
have been too short. This is supported by the current study’s findings that heart rate was significantly
greater during the fifth to tenth minute of the task, when compared to the second minute of the task.

Longer administration of the task may have demonstrated a further increase in heart rate activity.

2.5.4 Skin conductance responses did not differ, but skin conductance level was greater during the

first minute of multitasking

Non-specific skin conductance responses (NS-SCRs) were greater during low workload baseline task

period, compared to the task and recovery intervals. This is surprising, as a skin conductance response

reflects a fluctuation in skin conductance level (SCL) elicited by external stimuli. As the Multitasking
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Framework is a dynamic complex environment, it was expected that physiological reactivity would
occur at different time points during the task. For example, when a participant loses 10 points, or
when the auditory tone occurs. Therefore, it was hypothesised that skin conductance responses would
occur more frequently throughout the task period. This is supported by previous research that found
increases in peak physiological responses during multitasking (Wetherell & Carter, 2014). Although
NS-SCR amplitude was greater during the first minute, compared to the following minutes, this was
not specific to the task period. Therefore, this suggests that the task did not reliably elicit skin

conductance responses.

Yet, the present study revealed tonic changes in SCL during the first minute of the task. This may
therefore suggest that at immediate exposure, tonic changes in skin conductance responded to meet
the demands of the environment. Rapidly, the physiological response diminished once the demands
were met (Gunnar & Quevedo, 2007). SCL represents a continuous slow changing response, whereas
the skin conductance response reflects a fluctuation in SCL elicited by external stimuli. Therefore,
rather than the Multitasking Framework eliciting rapid phasic changes to the autonomic system, the
results suggest that it elicited a tonic impact on the autonomic nervous system. However, these
changes were relatively short-lasting. Performance measures suggest that the task did not become
less challenging, as participants performed worse during high workload. However, the complexity of
the task may have become more familiar over time, which diminished the SCL effect (Dawson et al.,

2007). In line with the other physiological measures, there was no difference between workloads.

2.5.5 Frontal and parietal theta activity increased during multitasking, whereas alpha increased

following multitasking

Findings revealed identical results between the frontal and parietal cortex in alpha and theta activity
in response to multitasking. Theta activity increased during multitasking and recovery, when
compared to the baseline period. In addition, theta was greater at the end of the task (ninth and tenth
minute) when compared to the first and second minute, though this was regardless of interval. Theta
was greater during high workload, although this was, again, regardless of interval. Alpha power was

lowest at baseline versus recovery. Similar to theta, alpha power was greater during low workload.

Theta increased during multitasking, and this persisted following task cessation. This in accordance

with the literature that associates theta activity with engagement and integration of task-relevant

areas (Sauseng et al., 2010). Frontal theta increases are commonly associated with working memory
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(e.g. Sammer et al., 2007), and the task required the engagement of working memory components for
successful execution. The results also reveal that theta power stayed high following task completion.
It is not common to measure theta power after task completion, and so these findings provide insight
into the neural after-effects of multitasking. As theta was greater during low workload, regardless of
interval, theta power was not sensitive to workload. This is similar to dual-tasking research which has
demonstrated increases in theta power, but no difference between task difficulty conditions (Kathner
et al., 2014). However, the present study differs from Puma et al’s. (2018) study that administered a
similar computerised multitasking platform and found frontal theta power increased with the number
of tasks, until tasks three and four, where it plateaued, noting that multitasking with four tasks was
used throughout the present study. Yet, Puma et al. (2018) paradigm increased workload by increasing
number of concurrent tasks, whereas this study manipulated workload by increasing task difficulty.
Puma et al. (2018) also found that these differences were only apparent in medium and high
performers. In sum, the most difficult variants of the task (three and four), and low performers, did
not demonstrate sensitivity towards workload via theta activity. This could potentially be due to
exhaustion of cognitive resource allocation. Potentially, participants may have found the low workload
task difficult, and so cognitive resource allocation was already reached. However, the task
performance data demonstrates a further decrement in performance during high workload, and so it

can be concluded that task performance was not reflected in the theta data.

When considering alpha activity, the results show a dissimilar pattern to the literature. Alpha activity
has been associated with attentional suppression across multiple sensory systems, particularly in
areas associated with processing distracting information (Foxe & Snyder, 2011). A negative
relationship between alpha and the blood-oxygen-level-dependent (BOLD) signal has also been
demonstrated: an increase in BOLD is coupled with a decrease in alpha power (Murta et al.,
2015). Therefore, during task engagement, alpha power often reduces (e.g. Foxe et al.,, 2014;
Proskovec et al., 2019). On the other hand, various studies have demonstrated an association between
an increase in alpha power and task engagement. The functional inhibition hypothesis of alpha
suggests that increases in alpha are associated with the inhibition of irrelevant information (Jensen &
Mazaheri, 2010). Therefore, during multitasking, an increase in alpha power might represent the
inhibition of additional task processing (Puma et al., 2018). Yet, despite the clear implications of alpha
power during task processing, alpha was not modulated during multitasking when compared to the
baseline period. Visualisation of the data reveals a reduction in alpha power at task commencement,
which steadily rises throughout the task. This may reflect the sudden recruitment of attentional

mechanisms which is then confounded by a decrease in general arousal processes (Oken et al., 2006).
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As this study utilised a continuous paradigm, general arousal and vigilance mechanisms may have

significantly impacted neural oscillatory power, represented as an increase in alpha power.

2.5.6 Limitations

This study has several limitations that should be considered when interpreting its findings. It is
important to understand that the Multitasking Framework task performance score is a cumulative
score of all four tasks and so it is unclear what score was associated with each task separately.
Therefore, participants could ignore specific tasks and only focus on the tasks they wanted to,
potentially reducing the impact of high arousal multitasking. However, the Multitasking Framework
does deduct points if tasks are not completed, and so ignoring specific tasks would incur a penalty and

be reflected in the participant’s score.

Fundamentally, an appropriate and accurate baseline is crucial. Resting physiology was measured
while participants sat quietly with their eyes open. Baseline and recovery measurements were
compared to task measurements, where participants were engaged with a computerised task, utilising
a range of cognitive functions such as memory abilities, motor function, perceptual, and attentional
mechanisms. The differences between task execution and baseline/recovery periods may have
influenced the results. For example, upper trapezius activity increased during task execution. During
baseline and recovery periods, participants sat still with limited movement. During multitasking,
muscle activity was activated when operating a computer mouse. Therefore, differences between
baseline and task may be due to task execution rather than workload. In addition, quiet, task-less
baseline periods may have encouraged disruptive thoughts and mind-wandering. As such, the findings
between baseline, low workload task, and high workload task, provide a greater insight into the impact
of multitasking. However, it can be argued that if participants performed any task during the baseline
period, workload would increase and invalidate the baseline. Therefore, in the present study,
participants were asked to sit down in the same body position as the task, to make it as similar to the
task period as possible. In addition, as stated by Laborde et al. (2017), following standardised baseline
measurements will make it possible to compare results across research. Therefore, the present study
followed their recommendations for baseline measurement in cardiovascular research (Laborde et al.,
2017). Regarding muscle activity, all participants utilised their right hand for mouse control. EMG
activity of the left trapezius muscle only was analysed, to ensure that movements of the right arm had
limited impact on measurements. This approach is similar to previous research (e.g. Wijsman et al.,

2010).
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Physiological responses may be affected by the anticipation of an upcoming task as excessive levels of
apprehension have been found during anxious anticipation (Grupe & Nitschke, 2013). Yet, it is
important to take baseline measures at a similar time as the task, as otherwise many factors may
influence the baseline measure, such as time of day, food, or sleep (e.g. van Eekelen et al.,,
2004). Utilising a recovery period provides insight into baseline measures which are not confounded
by anticipation effects. The impact of this can be seen with the skin conductance response frequency
data. There were a greater number of skin conductance responses at baseline, when compared to the
task, and recovery period. An anticipation effect may have instigated this increase (Dawson et al.,

2007).

2.5.7 Conclusion

Subjective ratings successfully disentangled low and high workload multitasking. Cardiovascular,
electrodermal activity, muscle activity, and neural activity were not sensitive to workload changes.
Cardiovascular data provided inconclusive results which emphasise the need for baseline and recovery
measures, to ensure differences between workload conditions are relative to baseline. Tonic increases
in skin conductance rapidly diminished after the first minute of the task, suggesting task demands
were met promptly. Non-specific skin conductance responses demonstrated an increase at baseline,
indicating an anticipatory effect. Frontal and parietal theta activity engaged task-relevant areas which
persisted following task cessation. Frontal and parietal alpha task-related activity did not differ to
baseline, yet alpha power increased following the task which might reflect a global decrease in arousal

and vigilance mechanisms.

The findings of this Chapter informed future studies described in subsequent Chapters in two ways.
Firstly, in this experimental design, the effects of workload might be too small to reliably impact
autonomic and central nervous system mechanisms. Yet, the study did reveal a lasting effect of
multitasking on neural mechanisms. Therefore, this finding inspired future work described in Chapter
3 which employed another manipulation of multitasking, namely an adaptive version of the task-
switching paradigm, to attempt to unravel the negative lasting impacts of multitasking. In addition,
Chapter 3 employs a different methodological design (event-related) to increase the signal-to-noise
ratio, and remove within-subject variation, to separate workload conditions. Secondly, this Chapter
also revealed insight into suitable measures of sustained attention during applied contexts, informing

future studies described in Chapters 5 and 6. As self-report ratings were sensitive to workload changes,
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Chapters 5 and 6 also included self-reports where possible. In addition, as tonic changes in skin
conductance were sensitive to the immediate onset of the task, skin conductance level was

subsequently measured to detect fluctuations in alerting and orienting during naturalistic studies.
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3.0 The Effect of Prior Attentional Load on Task Performance and

Neural Oscillations During a Continuous Tracking Task

3.1 Overview

Based on the findings in Chapter Two, event-related alpha and theta oscillatory activity were
measured during a continuous pursuit tracking task that was preceded by a visual search task of either
low or high perceptual load. This scenario is crucial in applied contexts, when sudden and critical alerts
require a user to switch tasks accurately and efficiently. For example, physicians responding to a major
incident alert, or drivers during takeovers in semi-autonomous driving. These sudden but vital task
switches have life-threatening consequences and are made more challenging when humans have the
potential to engage in non-related tasks, such as reading during periods of automated driving. Does
the complexity and demand of the previous task (i.e. how engaging the book is/attentional load) have

an impact on secondary (i.e. driving/tracking) task performance?
3.2 Introduction

Task-switching is an important aspect of multitasking. Rapidly reorienting attention to relevant
sensory stimuli involves the recruitment of attentional and goal-related systems engaging task-related
networks while disengaging task-irrelevant networks (Petersen & Posner, 2012). Adopting a task-set
selects the appropriate task-relevant processes which facilitates successful attention reorientation
(Rogers & Monsell, 1995). For example, when reading a book, the movement of eyes from left to right
and the act of reading adopts a task-set that successfully selects processes such as ocular motor
control, working memory, and semantic processing. The process of changing the existing task-set to
perform a different task is termed task-set reconfiguration (Rogers & Monsell, 1995). Behavioural
studies have consistently demonstrated that task-set reconfiguration results in increased reaction
times and/or reduced accuracy (for reviews, see Jamadar et al., 2015; Monsell, 2003). This switch cost
can be reduced if the upcoming task is predictable or if a cue indicates the upcoming task (Meiran,
1996; Rogers & Monsell, 1995). If the cue-stimulus interval is long, e.g. 1000ms, switch costs are
reduced further (Meiran, 1996; Rogers & Monsell, 1995). Not only are switch costs impacted by
temporal factors, the physical properties including the congruency of target items (e.g. Schneider,
2018), the affective salience of the stimuli (e.g. Reeck & Egner, 2014), and the level of arousal (e.g.
Solano Galvis et al., 2010) also modulate switch costs. Yet, switch costs are rarely eliminated. These

results suggest that exogenous processes related to the task stimulus are important for successful task
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switching and may impact a carryover effect from the previous task-set, termed task-set inertia

(Allport et al., 1994).

3.2.1 Neurophysiological correlates of task switching

Task switching is considered a distinct executive process that relies upon a top-down control system.
This system requires activation of working memory in accord with the shifting task-set, activation of
the upcoming task-set, while supressing previous task-set activity (Mayr et al., 2014). Behavioural
measures such as average reaction time and accuracy provide relatively crude information and are
unable to offer direct insight into the temporal evolution of the top-down processes involved. The
excellent temporal resolution of non-invasive electrophysiological data and spatial resolution of
functional magnetic resonance imaging (fMRI) techniques can therefore be used to study the task-
switching process at the neural level and uncover the networks involved in the preparation and

execution of the behaviour.

By comparing brain regions that are activated during a switch trial (i.e. two different tasks) and a
repeat trial (i.e. the same task), studies have found that the prefrontal cortex (e.g. Dove et al., 2000),
the anterior cingulate (e.g. Liston et al., 2006), and the posterior parietal cortex (e.g. Sohn et al., 2000)
are involved during task switching. These results implicating a distributed network of fronto-parietal
regions are supported by a meta-analysis which revealed that general task-switching processes
consistently activate areas in the inferior frontal junction and posterior parietal cortex (Kim et al.,
2012). This is in accord with the task-set reconfiguration model, which emphasises the importance of
top-down executive control functions. By investigating domain-specific brain regions of interest,
researchers have provided evidence for the interference of a previous task-set on switch costs. Yeung
et al. (2006) found fronto-parietal areas associated with the former task were still activated during the
secondary task. In addition, the blood-oxygen-level-dependent (BOLD) signal from task-irrelevant
brain areas positively correlated with behavioural switch costs, such as increased reaction times and
error rates. In line with task-set inertia accounts, these results revealed that interference from the

previous task-set was associated with poorer task performance.

Research focusing on oscillatory activity has demonstrated mechanisms related to suppression of the
previous task-set. Alpha activity has been associated with attentional suppression across multiple
sensory systems, particularly in areas associated with processing distracting information (e.g. Foxe &

Snyder, 2011). Recent research has demonstrated stronger and earlier alpha event-related
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desynchronisation (i.e. reduced alpha power; ERD) across fronto-central and parieto-occipital cortices
during a task switch, when compared to repeat trials (e.g. Foxe et al., 2014; Proskovec et al., 2019).
Proskovec et al. (2019) demonstrated that greater alpha desynchronisation positively correlated with
smaller behavioural switch costs. As alpha suppression has been shown to indicate task engagement
(see Chapter 1.2.4), this evidence suggests that decreases in alpha activity might lead to improved

readiness for a task switch.

As an executive process, mechanisms of task-set reconfiguration include the activation of task goals
to direct behaviour. Therefore, the relationship between goal directed oscillatory mechanisms and
switch costs have been investigated. Cooper et al. (2017) presented a cued task-switching paradigm
and found increased fronto-parietal theta activity during the cue period. In addition, mid-frontal theta
has been found after target onset (Cooper et al., 2017; Cunillera et al., 2012). Cunillera et al. (2012)
found a positive correlation between P3b amplitude and frontal midline theta power for switch cues.
As the P3b is related to stimulus context updating processes (Polich, 2007), together, these findings
suggest that frontal-parietal theta activity plays a significant role during goal updating processes. Mid-
frontal theta is also regularly found to correlate with working memory load and performance (e.g.
Brzezicka et al., 2018) which also supports theta having a significant role during successful task-

switching.

3.2.2 Relating neurophysiological processes during task switching in applied contexts

While the aforementioned studies have provided insight into the structural and functional networks
involved in task-switch performance, they are limited in several ways. Task switching is often cited as
a significant challenge in everyday life as scenarios requiring individuals to switch between different
activities can have a critical impact on safety, health, and wellbeing. Yet task-switching paradigms
employ short lasting trials (i.e. two seconds) and simple stimuli that share the same features across
conditions (i.e. letters). Although it is important to control basic features to unpick the processes
involved, it makes it difficult to transfer the findings to applied contexts where multiple processes
interact and communicate with one another (also discussed in Chapter 1.3.3). In addition, the impact
of task-set inertia is transient in typical task-switching paradigms, yet sustained effects have been
found depending on the task type (i.e. if task stimuli are similar between both tasks; Waszak et al.,
2003). Therefore, it is not clear how long task-set inertia effects may last in a real-world scenario that

is not limited by short trials and simple visual stimuli. Investigating task-switching processes over a
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longer time period during a sustained task requiring engagement of multiple processes including

motor action is needed.

An extensive network of regions have been implicated during a task switch, yet these areas overlap
with many cognitive processes and subprocesses. For example, many of the brain regions implicated
during a switch trial are part of the attention reorientation systems: the dorsal attention network
(DAN), and the ventral attention network (VAN; Petersen & Posner, 2012). Oscillatory dynamics are
also similar between attention-related and switch-cost related networks, including the inhibition of
parietal alpha activity and the increases in frontal theta activity (see Proskovec et al., 2018, 2019).
Therefore, the areas and mechanisms that are typically defined as ‘task-relevant’ or ‘attentional’ are
likely to include areas that are important for a multitude of higher-order processes such as vigilance
and response planning (Fortenbaugh et al., 2017). It is therefore important to appreciate that task
switching in applied contexts must be informed by many areas of literature including attention-

reorienting and working memory.

Although the brain regions involved in task-switching behaviour have been well characterised via fMRI
investigations, less is understood about the dynamics of oscillatory activity. The majority of previous
studies have focused on oscillatory dynamics during the preparatory period, rather than the secondary
task period (e.g. Cooper et al., 2016, 2017). Yet, it is important to understand the impact of a previous
task on consequent task performance. When the secondary task period has been investigated,
analogous simple stimuli have been employed (e.g. Barcelé & Cooper, 2018; McKewen et al., 2020).
Therefore, to understand the effects of a previous task on new task performance, research is needed

investigating performance and neural oscillatory dynamics during the secondary ‘main’ task.

3.2.3 Experiment rationale

The goal of the present study was to utilise EEG to investigate the oscillatory dynamics underlying a
visuomotor task when preceded by a visual search task differing in perceptual load (Lavie, 2005, 2010;
for a review, see Murphy et al., 2016). This was designed to understand how long activated task-sets
persist over time and interfere with the new task-set configuration, beyond simple reaction time and
accuracy effects in transient tasks, as previously described in the literature (for reviews, see Jamadar
etal., 2015; Monsell, 2003). This is particularly important in applied contexts, such as the task of taking
back control of the vehicle following a period of non-driving during semi-autonomous driving. As the

driver will have the potential to engage in non-driving related tasks such as reading, this is a critical
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task with life-threatening consequences. Does the context and demand of the previous task (i.e. how

engaging the book is) have an impact on secondary (i.e. driving) task performance?

A visual search task was chosen for several reasons. Firstly, visual search is not confined to the
laboratory. For example, we spend time looking for a friend in a crowded bar, looking for our keys at
home, or looking for milk in the refrigerator. These examples of visual search processes require the
interaction of cognitive processes including perception, attention, and working memory. Secondly, the
literature demonstrates that perceptual load has a performance effect over short timescales (i.e. one
second), yet it is not clear how long the short-term effects of perceptual load last. Finally, visual search
tasks have been used as important experimental manipulations of attentional demand. Therefore, the
neural and performance effects of visual search are well documented (e.g. Chelazzi et al., 1993; Eimer,
2014; Wolfe & Horowitz, 2004). For example, searching for a target item amongst distractor items
result in performance costs when the number of distractors increase (for a review, see Murphy et al.,
2016). Therefore, a task of higher perceptual load, i.e. a higher number of distractors, requires greater
task engagement reducing spare attentional capacity. This indicates that it may be more demanding
to switch to a distinct secondary task. If performance of the secondary task is not affected, then task-
switch neural processes may compensate and increase during the secondary task. If performance
deficits are found, then neural processes may not be strong enough to engage the required attentional
resources needed for optimal performance. This also provides the motivation for measuring neural
oscillatory activity; attentional and general cognitive demand associated with task switching indexed
by neural oscillations such as alpha and theta may be greater following high workload if behavioural

effects are not found.

The secondary task was a continuous pursuit tracking task. This task is a visuomotor task that requires
the participant to track a moving target with a cursor. A pursuit tracking task can be related to
everyday sustained visuomotor tasks such as driving. Broeker et al. (2020) recently found that
detriments to performance in both pursuit tracking and simulated driving were comparable,
suggesting similar cognitive costs to networks involved in attention, motor control, and eye—hand
coordination. However, it is important to recognise that driving includes both controlled and
automatic processes, whereas tracking in an experimental condition will only include controlled
processes. Experienced drivers on a familiar route will often find driving easy without any effort, yet
the controlled nature of the tracking task requires effortful control throughout. In addition, oscillatory
mechanisms have been shown to be similar across sustained attentional tasks, including a tracking

task and simulated driving (Huang et al., 2007). Thus, the tracking task is advantageous over other
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laboratory-based measures as it allows manipulation of multiple pathways and can therefore be
associated to everyday tasks such as driving. Secondly, although the tracking target moves in arandom
direction, it continues on the same trajectory. This is similar to activities such as driving (i.e. following
the lane ahead; Ramachandran & Anstis, 1983). Therefore, an important aspect of visual attention in
applied and tracking task contexts deals with the relationship between bottom-up and top-down
processes, including how goal directed behaviour can impact visual behaviour (Betz et al., 2010).
Finally, both transient and sustained changes in performance can be recorded. Therefore, pursuit
tracking can capture small lapses in accuracy and reaction time throughout a continuous task.
Sustained changes in performance are also important to evaluate because fluctuations in reaction
time and accuracy during everyday activities, such as not responding quickly enough to a hazard during

driving, can be fatal.

The hypotheses are related to neural mechanisms that vary with attentional load during a visuomotor
task. Therefore, the hypotheses are unable to identify neural mechanisms involved specifically in task
switching, as the activity involved will include other higher order processes such as response planning,
as discussed above. Nevertheless, the task switching and attentional load literature can provide insight
into expected behavioural and neural differences (e.g. Proskovec et al., 2018, 2019). In accordance
with the literature (Lavie, 2005, 2010), visual search high load will reduce task performance, as
demonstrated by reduced accuracy and increased reaction times. As the visual N1 event-related
potential (ERP) component is related to sensory processing, the N1 should increase during high load
as there will be a greater number of distractors in the visual field. During low load, participants should
be more likely to select the target, eliciting a greater P3b. Given that high load demands greater
attention and cognitive control processing, parieto-occipital alpha (increased alpha event-related
desynchronisation (ERD)) should be lower, and frontal theta (increased theta event-related

synchronisation (ERS)) should be greater, during the high load visual search task.

The pursuit tracking task over several seconds produces two measures of immediate measures of task-
switch readiness: time to first mouse movement, time to move the mouse inside the target, and two
continuous measures from throughout the tracking task: the number of deviations away from the
target, and the total duration of deviations. As reliable performance deficits have been found during
visual search high load, reaction times during the tracking task following high load should be negatively
impacted, as demonstrated by an increase in time to first mouse movement and time to the target. If
carryover effects are prolonged, then the number of deviations and the total duration of deviations

will be greater following a visual search task of high load. If there is less spare attentional capacity and
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more interference from the previous task-set following the visual search task of high load, then
demands on attention and cognitive control should be greater during, or at least at the start of, the
tracking task. If so, this might be reflected by lower parietal alpha (increased alpha ERD) and greater
frontal theta (increased theta ERS) during the tracking task. The time course of such oscillations will
be inspected to investigate the timing of task-switch effects. As lateralisation effects have been found
for attention-related alpha during continuous motor tasks (e.g. van der Meer & van der Weel, 2017),
alpha should be lower (increased alpha ERD) in the contralateral (relative to movement) parietal

hemisphere.

3.3 Method

3.3.1 Participants

Forty healthy right-handed adult participants (twenty-four females, sixteen males, mean age + SD =
21.54 £ 4.59 years, range 18-40 years) participated in this study. Data from one participant were
excluded due to EEG recording failures. Two participants demonstrated excessive artefacts in their
EEG trace and were subsequently removed. One participant withdrew during the experiment. Data
from the remaining thirty-six participants (twenty females, sixteen males, mean age + SD = 21.43 +
4.53 years, range 18-40 years) were included in all analyses. All participants considered themselves
healthy as reported in self-reports. Due to the nature of the experiment, individuals with
hypersensitive skin or skin allergies, a neurological condition, or with uncorrected vision or hearing
were excluded. The majority of participants were recruited through the University of the West of
England’s Psychology Participant Pool. Psychology students who participated were eligible to receive
three and a half course credits for completing the study, in keeping with standard practice for
psychology undergraduate course participation. All participants gave written informed consent and
were fully debriefed at the end of the study. Ethical approval was obtained by the Faculty of Health
and Applied Sciences University of the West of England Research Ethics Committee (HAS.18.10.050).

3.3.2 Stimuli

Visual stimuli were created and presented using Psychtoolbox-3 (http://psychtoolbox.org/; Brainard,
1997; Pelli, 1997), running in MATLAB (MathWorks, Natick, MA). The stimuli were shown on a Dell 17-
inch LCD monitor with a 60 Hz refresh rate, display resolution 1280x1024, and 57 cm viewing
distance. See Figure 3.1 for a graphical illustration of the experimental stimuli. A white fixation dot

was presented at the centre of a black screen for 1500 ms (+/- 250 ms) at the start of each trial. At the
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start of the visual search task, a white fixation dot was presented for 500 ms. A circular array of
six letters were presented for 150 ms. Each letter was equally spaced in a circle of 120° radius that
was centred at fixation. All letters were of the same size and were coloured off-white (RGB values:
204, 204, 204). Participants were instructed to discriminate between the target letters ‘M’ and ‘N’ as
quickly and accurately as possible. Each target letter to appear was random, but equally likely to
appear at one of the six locations. Responses were made using their dominant hand for both letters
(index finger for N, middle finger for M). All participants chose to use their right hand, regardless of
handedness. Participants were instructed to maintain central fixation during the stimulus
presentation to minimise eye movements and preserve visual stimulation consistency. The 150 ms
duration of the presented stimuli was sufficiently brief so as not to allow for a saccade to the target.
Participants had 1.5 s to respond by selecting the appropriate key. Once the participant had
responded, the fixation dot came off the screen for 100 ms to provide feedback to the participant. This
process (fixation dot: 500 ms, visual search: 150 ms, response: < 1.5 s) was repeated randomly

between four to seven times.

Once all visual search stimuli were presented, a 500 ms fixation dot was displayed, to ensure the
participant did not anticipate the task switch. Next, the screen changed to white and an auditory beep
was presented for 100 ms simultaneously (600 Hz, volume 0.5 normalised). This acted as a visual and
auditory cue, indicating the start of the secondary task. Auditory stimuli were generated using
the Psychtoolbox function Beeper. The secondary task was a pursuit tracking task that lasted for 5 s.
On a black background, a red target circle centred in the middle of the screen moved in a random
direction but followed a straight trajectory. When the target reached the edge of the screen, it would
bounce off at 180° before following a straight trajectory. The cursor was displayed as a white cross
and appeared at the centre of the screen. Participants were instructed to grab the mouse and keep
the cursor in the centre of the target. They were told to be as quick and accurate as possible. In
summary, a trial can be considered a ‘composite’ trial made up of an initial fixation cross, four to seven
visual search presentations (of the same perceptual load), a visual and auditory cue, followed by a5 s

tracking task.

Each participant performed low and high perceptual load trials, which were mixed between trials to
prevent fatigue effects between conditions. Only the visual search task (the primary task) differed in
load. In the low load condition, the distractor letter was 0. In the high load condition, the distractor
letters were H, K, Y, W, and Z. The tracking task (the secondary task) was consistent between the low

and high load conditions. The stimuli were presented in four blocks of 48 trials. Each trial lasted
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approximately 10 s. Each block lasted ~12mins. In total, 192 trials were presented: 96 trials low load,

and 96 trials high load.

Fixation dot
1500 +/-250ms

Fixation dot
500ms

Visual search
150ms

Fixation dot
500ms
Low load x 96 High load x 96
W
7 N Tracking task

5s

Figure 3.1. Schematic depiction of the experimental paradigm. (A) An example composite trial. An initial central
white fixation dot was presented for 1500+/-250 ms. A central white fixation dot was presented for 500 ms
followed by the visual search presentation for 150 ms. The fixation dot and visual presentation were repeated
randomly between four and seven times. A fixation dot was presented for 500 ms, followed by an auditory and
visual cue for 100 ms. A 5 s pursuit tracking task consisted of a red target circle and a white cross as the cursor.
192 trials were presented in total. (B) Each composite trial differed between visual search low load or high load.
The visual search presentation consisted of one target letter (M or N), with no distractor items (O) or five
distractor items (W, X, K, Z, Y), and was considered low and high perceptual load respectively. Each condition

was repeated 96 times.
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3.3.3 EEG recording

Continuous EEG was recorded using BrainVision actiCHamp 32-electrode EEG system with active
electrodes. The ground electrode was located at Fpz (10-5 electrode system: Oostenveld & Praamstra,
2001). The online sampling rate was set at 1000 Hz and were online referenced to Cz
position. Impedances of all channels were adjusted to below 25 kOhms. Continuous EOG was
recorded using the same system with passive electrodes connected to the actiChamp amplifier. Two
pairs of electrodes were placed at the outer canthi of both eyes, and above and below the right eye
to record horizontal and vertical eye movements, respectively. An additional ground electrode was

placed on the left side of the forehead.

3.3.4 Protocol

Participants received the information sheet via email immediately after signing up to the study. On
arrival to the laboratory, participants were reminded of the content of the information sheet,
introduced to the equipment, and asked whether they had any concerns or questions. Then they
signed printed copies of the consent form and filled in the demographic questionnaire. They were
provided with verbal instructions for the cognitive task and completed a practice run consisting of
eight randomised trials. The principal investigator observed their responses and made an informed
decision whether they showed an objective understanding of the task. All participants showed an

understanding of the task rules after the practice run.

Once the EEG set up was complete, all electrophysiological signals were checked visually before
commencement of the experiment. A within-subject protocol required participants to switch between
visual search presentations and a pursuit tracking task over four experimental blocks consisting of 48
trials. In each block, participants completed 24 low load trials and 24 high load trials, resulting in 96
low load and 96 high load trials collected. Rest breaks occurred between blocks to allow participants
to move freely and repose. At the start of the experiment, at the end of the experiment, and after
each rest break, resting-state potentials were recorded during a two-minute eyes open and two-
minute eyes closed procedure. This resulted in five two-minute eyes open and five two-minute eyes
closed recordings. Overall, the task lasted ~1 hour including eyes-open and eyes-closed recordings.

Figure 3.2 displays the experimental procedure timeline.

92



Prior Attentional Load on Tracking

Time (mins)
0 10 20 65 125 135 145

| | >

[ | | [
_y [ Practice | _, Equipment o Experimental session - Equipment >
and forms setup removal

l

0 21

Baseline Cognitive
Ey:sopc cycs — task . Rest _
Lowrhigh load

Figure 3.2. The experimental procedure. A within-subject protocol required participants to switch between
visual search presentations and a pursuit tracking task over four experimental blocks consisting of 48 trials. In
each block, participants completed 24 low load trials and 24 high load trials, resulting in 96 low load and 96 high

load trials collected. Rest breaks occurred between blocks to allow participants to move freely and repose.

3.3.5 Pre-processing

3.3.5.1 Behavioural data

Pre-processing of behavioural data was undertaken using custom written scripts in MATLAB
(MathWorks, Natick, MA). Behavioural responses were collected for the visual search task and the
tracking task. For the visual search task, responses were considered accurate if the participant
responded with the correct letter (M or N) of the target stimulus between 200 and 1500 ms after the
onset of the array. No participants responded before 200 ms. Mean accuracy was calculated (correct
trials divided by total number of trials). Response time was recorded as the time between the onset

of the array and the button press for each correctly reported trial.

Four measures were derived for the tracking task. Two instant measures of performance were
calculated via a reaction time and accuracy reaction time measure. Reaction time was recorded as the
time between the onset of the tracking target and the time the cursor moved (indicated by a change
of X and Y coordinates of the cursor). Accuracy reaction time was recorded as the time between the
cursor first moving and the cursor entering the target circle. Two continuous measures of performance

were recorded: the frequency of deviations from the target and the total time of deviations from the
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target. Frequency refers to the number of deviations made where the cursor went outside the circle.

Total time was recorded for each of the deviations. Means were derived for all measures.

3.3.5.2 EEG data

Pre-processing of EEG data was performed using EEGLAB (Delorme & Makeig, 2004) and custom-
written scripts in MATLAB. Firstly, the data were downsampled to 500 Hz using the resample function.
Next, the data were bandpass filtered using an FIR filter between 0.1 to 100 Hz. Data were then

epoched into two separate sets: visual search and tracking task.

For the visual search task, the data were epoched from -1.5 s to 2 s in relation to visual search onset
(0 s). The data were linearly baseline corrected from -200 ms to 0 ms. Only correctly responded to
trials were analysed, and so trials with an incorrect or no response were removed from subsequent
analyses. Only correctly responded to trials were analysed to ensure that the EEG activity was related
to low perceptual load or high perceptual load and was not contaminated by an incorrect response.
Manual trial rejection was undertaken to extract major sources of artefacts. Next, ICA was computed
for further artefact rejection. ICA was computed on each dataset and the topographies and waveforms
of the 30 leading components were visualised. One or two leading components that showed a clearly
non-cortical origin (eye blinks) were removed. The newly generated data were compared to the
previous data to ensure only eye movements were removed, and the signal was left. Once artefacts

were removed, the data were re-referenced to the average of all EEG channels.

For the tracking task, the data were epoched from -1.5 s to 6.1 s in relation to the cue onset (0 s),
resulting in the tracking task onset at 100 ms. The data were linearly baseline corrected from -200 ms
to 0 ms. Manual trial rejection and ICA was undertaken as described above to extract major sources
of artefacts. Once artefacts were removed, the data were re-referenced to the average of all EEG

channels.

3.3.5.2.1 Event-related potentials (ERPs)

To capture visual search event-related potentials (ERPs), a low-pass filter of 35 Hz was applied. The
data were then epoched from -200 ms to 1000 ms, and condition averaged to create subject specific

ERPs. This resulted in subject specific ERPs for the visual search low load and the visual search high

load. Electrodes and time windows for ERP analyses were selected based on visual inspection of the
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corresponding condition grand-averaged waveforms (also known as the grand-grand average
waveform; Kappenman & Luck, 2016). The grand-grand average collapses the waveforms from both
conditions and therefore minimises any bias towards the largest difference between groups, as this
should not be visible in the grand-grand averaged waveform (Kappenman & Luck, 2016). Time

windows were also advised by previous research (stated below).

P3b. To investigate the impact of perceptual load on attentional allocation, mean amplitude of the
P3b was extracted for each visual search presentation during low and high perceptual load. Maximum
amplitude of P3b has typically been reported at the mid-line channels of scalp surface, and
visualisation of grand-grand averaged ERP waveforms confirmed this. Therefore, channel Pz was used
to calculate the mean amplitude. To identify the appropriate time window of interest, a grand-grand
average was visualised. Similar to previous research, a latency window of 300 — 450 ms was used (e.g.

Barceld & Cooper, 2018).

N1. To investigate the impact of perceptual load on perceptual processing, mean amplitude of the N1
component for each participant was taken in a 50ms latency window around the peak of the N1 as
visualised in the grand-grand averaged ERP waveform (peak = 170 ms; range = 145 — 195 ms). Data

from electrodes 01, 02 and Oz were extracted and averaged together.

3.3.5.2.2 Spectral analyses

To capture spectral oscillatory data, the re-referenced data were epoched into two separate datasets:
the visual search task, and the tracking task. The epoched data were decomposed into a time-
frequency representation with linear scaling between 3 and 100 Hz from fast Fourier transform and
via Morlet complex wavelet convolution, followed by the inverse fast Fourier transform. Cycles were
increased with frequency, starting at 3 and going up in steps of 0.5. This ensured that frequency and
time resolution was constant, and that lower and higher frequencies were decomposed. The wavelet
transform was performed for each trial. Power (uV?) of oscillatory activity was computed. Therefore,
this measure of signal amplitude in single trials reflects the total amplitude for a certain frequency
range, irrespective of whether it is phase-locked to the stimulus or not. It includes both evoked as well
as induced activity. In order to remove scale differences between individuals, all power values in the
time-frequency representation were normalised by decibels (dB) to the baseline power. For the visual
search task, baseline power was computed as the average power from -400 to -200 ms pre-stimulus

at each frequency band (db power = 10logio [power/baseline]). Unlike ERP analyses, where the
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baseline period ends at time 0, an optimal baseline period for time-frequency analyses ends before
time 0. This is because decomposition of the signal to the frequency domain results in temporal
leakage of trial-related activity. Therefore, if activity of interest occurs 50 ms after stimulus onset,
during decomposition, when temporal smoothing happens, it might transpire before time 0 in the final
time-frequency spectrogram (Cohen, 2014). It is therefore common to have a baseline period ending
between -200 ms or -100 ms before stimulus onset (e.g. Cooper et al., 2017; Simonet et al., 2019;
Yordanova et al., 2001). For the tracking task, the baseline power was computed as the average power
from -500 to -100 ms pre-stimulus. A condition-specific baseline was used as differences were
expected in the baseline period per condition, due to interference from the primary task (Cohen,
2014). Lastly, the absolute values of the resulting transforms were trial averaged to provide a time-

frequency decomposition for each participant over every electrode.

A condition (low and high load) grand-averaged time-frequency decomposition was visualised over
every electrode for both the visual search and tracking task. Similarly to the ERP analyses, the
condition grand-averaged time-frequency decomposition collapses the time-frequency
decomposition from both conditions and therefore minimises any bias towards the largest difference
between groups, as this should not be visible in the collapsed-averaged time-frequency spectrogram.
Approximate time-frequency regions were defined based on a priori hypotheses and previous
research (see below). Then, visualisation of the collapsed-averaged spectrogram provided an exact
time window and exact frequency range to extract data from. The activity from all pixels in a region of
interest were averaged for each participant. This approach is designed for hypothesis testing and is
guided by previous research and the characteristics of the results (Cohen, 2014). See Appendix 3.1 and

Appendix 3.2 for condition grand-averaged time-frequency spectrograms.

Visual search. Regions of interest were defined foralpha (8.5 — 12.5 Hz)and theta(4 — 7
Hz) power. Frontal activity was averaged over electrodes Fz, FC1, FC2 between time 200 — 600 ms for
alpha, and 200 - 600 ms for theta. Parietal-occipital activity was averaged over electrodes 01, 02, P3,

P4, P7, P8 between time 200 — 600 ms for alpha, and 100 — 300 ms for theta.

Tracking task. Regions of interest were defined for theta (4 — 8 Hz), alpha (8.5 — 12. 5Hz) and beta (15
— 25 Hz). Frontal activity was averaged over electrodes Fz, FC1, FC2. For frontal theta, data were
averaged between time 100 — 400 ms. For frontal alpha, data were averaged between 350 — 5100 ms.
Parietal activity were averaged over contralateral electrodes (P3, P7) and ipsilateral electrodes (P4,

P8). For alpha, data were averaged between 250 — 5100 ms, whereas theta was averaged between
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150 — 450 ms. Motor-related activity was extracted from electrode C3 between 150 — 5100 ms for

beta activity, and between 250 — 5100 ms for alpha power.

3.3.6 Statistical analyses

All statistical analyses were performed using IBM SPSS Statistics for Windows, version 25 (IBM Corp.,
Armonk, N.Y., USA). All t-tests undertaken were two-tailed. For two-way ANOVAs, assumptions of
sphericity were not violated as indicated by Mauchly’s test. Effect size was reported as partial eta
squared (n,?) for two-way ANOVA significant results (Cohen, 1988). Cohen’s d, was reported for

paired-samples t-tests.

Behavioural analyses. Paired samples t-tests were used to compare accuracy and response time
measures between visual search low and high load conditions. For the tracking task, paired samples t-
tests were undertaken to compare reaction time, time to target, frequency of deviations, and total

time of deviations, between the preceding low load and high load conditions.

EEG analyses. For ERP components, amplitude was compared between low and high load with paired
samples t-tests. For visual search spectral analyses, normalised power (decibel) was compared

between low and high load with paired sampled t-tests.

For tracking task spectral analyses, paired-samples t-tests were undertaken to understand the effects
of load on evoked midline frontal theta activity, frontal alpha activity, and motor-related beta and
alpha activity. A two-way repeated measures ANOVA was performed to understand the impact of low
and high perceptual load on parietal alpha activity and parietal theta activity during the tracking task.
Within-subject factors were Load (low, high) and Hemisphere (contralateral parietal, ipsilateral
parietal). Further analyses were undertaken on frontal theta activity and contralateral parietal alpha
activity with a series of paired-samples t-tests on every time point (length between time points = 32
ms) between low and high load. Multiple comparisons were controlled for via the Benjamini &

Hochberg (1995) procedure.
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3.4 Results

3.4.1 Behavioural performance

To begin, behavioural performance values were analysed in both the visual search and tracking task
with paired-samples t-tests. For visual search, accuracy and reaction time values were analysed and
compared between visual search low load and visual search high load. For the pursuit tracking task
which lasted approximately five seconds, two measures of immediate measures of task-switch
readiness: time to first mouse movement, time to move the mouse inside the target, and two
continuous measures from throughout the tracking task: the number of deviations away from the
target, and the total duration of deviations were analysed. Each measure was calculated and
compared immediately following visual search low load, and immediately following visual search high

load.

3.4.1.1 Visual search performance

A paired-samples t-test revealed a significant difference in accuracy between the low load and high
load conditions, tzs)= 7.95, p < .001, d,=1.34. As expected, accuracy was greater during low load.
Similarly, there was a significant difference in reaction time between low load and high load, ts) = -
18.33, p < 0.001, d,=3.06. As expected, reaction time was greater, reflecting longer response times,
during visual search high load. Overall, reaction time and accuracy measures reveal worse
performance during visual search high load when compared to low load. See Figure 3.3 and Table 3.1

for means and SDs.
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Figure 3.3. Visual search task performance data over low and high perceptual load. (A) Mean accuracy score (%).
(B) Mean reaction time (ms). Violin plots represent the distribution of each data series, with a box plot and

whisker drawn over these data (notch centre = mean). Key: ** represents p <.001.

3.4.1.2 Tracking task performance

Paired-samples t-tests revealed no significant differences between low and high load for time to first
mouse movement, tzs)=-1.98, p = .06, time to target, tss = 1.14, p = .26, or frequency of deviations,
tss) = .61, p = .51. A significant difference was found between low and high load for duration of
deviations from the target, t3ss) = -2.68, p = .01, d;=-0.45. On average, participants spent longer outside
the target in the high load condition, compared to the low load condition. Overall, the results suggest
that reaction time measures were not impacted by the attentional load of the prior visual search task,
but participants continuous accuracy did suffer following high load compared to following low load.

See Figure 3.4 and Table 3.1 for means and SDs.
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Table 3.1. Mean (SD) of visual search and tracking task behavioural performance.

Task Measure Low load High load
Visual search Accuracy (%)** 94 (5) 84 (9)
Reaction time (ms)** 496 (46) 638 (80)
Tracking task Time to first mouse movement (ms) 696 (130) 708 (123)
Time to target (ms) 524 (797) 512 (744)
Frequency of deviations 5(1) 5(1)
Duration of deviations (ms)* 148 (25) 156 (27)
Key: * represents p <.01; ** represents p <.001
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Figure 3.4. Tracking task performance data preceded by low and high perceptual load. (A) Mean time to first

mouse grab (ms) (B) Mean time to target (ms) (C) Mean number of deviations from the target (D) Mean duration

of deviations (ms). Key: * represents p < .01.

100



Prior Attentional Load on Tracking

3.4.2 Visual search EEG

Next, EEG data from the visual search task was analysed. First, event-related potential (ERP)
components the N1 and P3b were compared with t-tests between low and high visual search load.
Then, spectral analyses were undertaken to explore alpha and theta dynamics between low and high
visual search load. A series of t-tests were undertaken to explore frontal alpha power, frontal theta

power, parieto-occipital alpha power, and parieto-occipital theta power.

3.4.2.1 Event-related potentials (ERPs)

A paired-samples t-test revealed that N1 amplitude did not statistically significantly differ between
low and high load, t(3ss5) =-0.73, p =.47. N1 amplitude was similar during low load (M =-5.97, SD = 3.74)
and high load (M = -5.85, SD = 3.77). A paired-samples t-test revealed P3b amplitude significantly
differed between low and high load, tzs)= 7.64, p < .001, d;=1.27. P3b amplitude was greater during
low load (M = 4.07, SD = 2.77) when compared to high load (M = 2.56, SD = 2.17). See Figure 3.5.
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Figure 3.5. Grand-averaged P3b and N1 ERPs time-locked to visual search presentation under low and high
perceptual load. Shaded areas represent the time course extracted for statistical analyses. Shaded error bars
represent the + standard error of the mean difference. (A) Grand-averaged P3b. Correct trials were averaged
across midline parietal electrode Pz. (B) P3b (300 — 450ms) mean amplitude scalp topography for low and high
perceptual load. (C) Grand-averaged N1. Correct trials were averaged across occipital sites: 01, 02, OZ. (D) N1

(145 — 195ms) mean amplitude scalp topography for low and high perceptual load.

3.4.2.2 Spectral analyses

A paired-samples t-test revealed frontal theta ERS was greater during low load, tzs)= 2.92, p = .006, d,
=0.49, however a separate paired-samples t-test revealed parieto-occipital theta ERS did not differ
between low and high load, t(z5=-0.08, p = .45. A paired-samples t-test revealed frontal alpha ERD
was significantly greater during high compared to low load, s = 3.35, p =.002, d,=0.56. Similarly, a
paired-samples t-test revealed parieto-occipital alpha ERD was significantly greater during high
compared to low load, t(3s5= 3.00, p = .005, d,=0.50. See Table 3.2 for means and SDs and Figure 3.6

for time-frequency spectrograms.
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Table 3.2. Mean (SD) of visual search time-frequency power (dB normalised).

Frequency (Hz) Averaged electrodes Low load High load
Theta (4 -7)* Fz, FC1, FC2 1.02(0.88) 0.76(0.74)
Theta (4-7) P3, P7, P4, P8, 01, 02 0.89(1.04) 0.97 (1.08)
Alpha (8.5 —12.5)* Fz, FC1, FC2 -1.00 (1.33) -1.31(1.45)
Alpha (8.5-12.5)* P3, P7, P4, P8, 01, 02 -2.19(1.66) -2.50(1.88)

Key: * represents p < .01
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Figure 3.6. Time-frequency results for visual search activity over low and high perceptual load. (A) Grand-
averaged time-frequency spectrograms for frontal (FC1, FC2, Fz) visual search activity. (B) Grand-averaged time-
frequency spectrograms for parieto-occipital (P4, P7, P8, P3, 01, 02) visual search activity. (C) Averaged

topographical plots over time points and frequencies of interest.
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3.4.3 Tracking task EEG

Finally, EEG activity was analysed over the continuous 5 s visuomotor tracking task, temporally distinct
from the visual search paradigm which consisted of a single button press. Analyses were interested in
the impact of the attentional load of the preceding visual search task, and so the data compared were:
tracking task following low load search, and tracking task following high load search. Similarly to visual
search analysis, frontal theta, parietal theta, frontal alpha, parietal alpha, were analysed. Theta activity
was a transient response apparent in the first second of the task and was therefore associated with
the task switch. Alpha was apparent over the task period, lasting approximately 5 s, representing the
temporal dynamics of attentional demand. As lateralisation effects were expected for attention-
related parietal activity, parietal theta and parietal alpha were analysed with a 2 (Load: low, high) x 2
(Hemisphere: contralateral, ipsilateral) repeated measures ANOVA, while frontal theta and frontal

alpha were analysed with paired samples t-tests.

3.4.3.1 Theta activity

A paired-samples t-test revealed frontal theta synchronisation did not statistically differ between low
and high load, tz5)= 1.66, p = .10. See Table 3.3 for an overview of the means and standard deviations.
Additional analyses of paired-samples t-tests on each time point revealed that frontal theta power
appeared later during high load. Theta power was significantly greater during low load at time points
110ms, 142ms, 172ms; whereas theta power was significantly greater during high load at time points
268ms, 300ms, 330ms, 362ms and 394ms. See Figure 3.7 for visualisation of results and Appendix 3.3

for t-test results.

A two-way repeated measures ANOVA was performed to understand the impact of low and high
perceptual load on parietal theta activity during the tracking task. The ANOVA revealed no significant
main effects for Load, F135 =0.93, p =.34, nor Hemisphere, F135 =1.10, p =.30. However, the
interaction effect between Load and Hemi was significant, F;, 35 = 5.70, p = .022, % = 0.14. However,
once multiple comparisons were accounted for, the difference between the low load and high load
condition in the contralateral hemisphere (P3, P7) were not significant (p = .061). See Table 3.3 for an

overview of the means and standard deviations.
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Table 3.3. Mean (SD) of tracking task theta (4 — 8 Hz) power (dB normalised).

Electrodes Time window (ms) Low load  High load
Fz, FC1, FC2 100 - 400 2.73 (1.34) 2.53(1.37)
P3, P7 150 - 450 1.47 (1.39) 1.21(1.35)
P4, P8 150 -450 1.57(1.29) 1.67(1.14)
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Figure 3.7. Grand-averaged dB normalised signal of frontal (FC1, FC2, Fz) theta (4 — 8 Hz) during the tracking task

preceded by low or high perceptual load. (A) Line graph depicting evoked frontal theta activity over 100 — 400

ms post cue. Significant time points are depicted by a grey line (p < .05 corrected). Shaded areas represent the

+ standard error of the mean difference. (B) Grand-averaged time-frequency spectrogram for frontal theta

activity during low and high load. (C) Topographical difference (high — low load) plots represent theta activity

averaged over three time series: 100 — 200 ms, 200 — 300 ms, 300 — 400 ms.
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3.4.3.2 Alpha activity

A paired-samples t-test revealed frontal alpha desynchronisation did not statistically differ between
low and high load, t3s=0.17, p =.97. A two-way repeated measures ANOVA was performed to
understand the impact of low and high perceptual load on parietal alpha activity during the tracking
task. The ANOVA revealed an interaction effect between Load and Hemi, Fu35 =6.72,p
=.01, ny? = 0.16. The main effect of Load was not significant, Fi13s5 = 0.42, p =.52, nor was the main
effect of Hemisphere, F1,35) = 0.06, p =.80. Post hoc comparisons revealed that for the contralateral
parietal hemisphere only (P3, P7), alpha desynchronisation was greater during high load compared to
low load (p = .05). See Table 3.4 for an overview of the means and SDs. Additional analyses of paired-
samples t-tests on each time point revealed contralateral parietal alpha desynchronisation was
greater during high load at time points 268ms, 552ms, 584ms, 646 — 710ms, 3868 — 4056ms, 4310 —
4436ms, 4594 — 4942ms, and 5004 — 5098ms after cue onset (see Figure 3.8 for a graphical

representation of the results and Appendix 3.4 for t-test results).

Table 3.4. Mean (SD) of tracking task alpha (8.5 — 12.5 Hz) power (dB normalised).

Electrodes Time window (ms) Low load High load
Fz, FC1, FC2 350-5100 -1.26 (1.49) -1.26 (1.27)
P3, P7* 250 — 5100 -1.91 (1.70) -2.16 (1.77)
P4, P8 250-5100 -2.13(1.92) -2.03 (1.91)

Key: * represents p < .05
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Figure 3.8. Grand-averaged dB normalised signal of parietal alpha (8.5 — 12.5 Hz) during the tracking task
preceded by low or high perceptual load. Significant time points are depicted by a grey line (p < .05 corrected).
Shaded areas represent the * standard error of the mean difference. (A) Contralateral parietal (averaged P3, P7)
alpha activity over low and high load. Topographical difference (high — low load) plots represent alpha activity
averaged over five time series: 250 — 1220 ms, 1220 — 2190 ms, 2190 — 3160 ms, 3160 — 4130 ms, 4130 — 5100

ms. (B) Ipsilateral parietal (averaged P4, P8) alpha activity over low and high load.
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3.4.3.3 Motor activity

Control analyses were run to ensure that hemispheric alpha differences were not related to motor
activity, as all participants used their right hand to respond to the tracking task. Paired samples t-test
revealed no significant differences in contralateral (C3) motor beta activity between low (M = -2.09,
SD = 1.55) and high load (M = -2.08, SD = 1.79), t;z5=-0.09, p =.93; nor was there a statistically
significant difference in alpha activity between low (M =-1.88, SD = 1.69) and high load (M =-1.9, SD
= 1.78), t35=0.23,p=.82. See Appendix 3.5 for condition grand-averaged time-

frequency spectrogram for C3 representing motor-related oscillatory activity.

3.4.4 Overview of results

An overview of visual search and tracking task results are presented in Table 3.5. In summary,
performance was worse during the high load visual search task when compared to the low load visual
search task, as represented by reduced accuracy and increased reaction time. The N1 component did
not differ between low or high perceptual load, however, the P3b, indicating target detection, was
greater during low load. Theta ERS was greater during low load, and frontal and parieto-occipital alpha
activity was lower (greater alpha ERD) during high load. The continuous tracking task revealed that
participants spent longer outside the tracking target following high load, however reaction time
measures (i.e. time to first mouse movement, time to target) and the number of deviations did not
differ. Transient frontal ERS was similar between conditions but was significantly delayed following
high load. Contralateral parietal theta ERS was lower following high load compared to low load, but
this did not survive Bonferroni corrections. Frontal alpha ERD did not differ following low and high
load. Contralateral, but not ipsilateral, parietal alpha activity was lower (greater alpha ERD) following

high load. Motor-related activity did not differ following low and high load.
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Table 3.5. Overview of results during visual search and pursuit tracking.

Measure Parameter Time window (ms) High compared
to low load

Visual search

Behavioural  Accuracy (%) - N2
Reaction time (ms) - T

EEG N1 (pv) 145 — 195 -
P3b (uV) 300 -450 J
Frontal theta ERS (dB) 200 - 600 N
Frontal alpha ERD (dB) 200 - 600 T
Parieto-occipital theta ERS (dB) 100 - 300 -
Parieto-occipital alpha ERD (dB) 200 — 600 ™

Tracking task

Behavioural  Time to first mouse movement (ms) - -
Time to target (ms) - -
Frequency of deviations - -
Duration of deviations (ms) - ™

EEG Frontal alpha ERD (dB) 350 -5100 -
Frontal theta ERS (dB) 100 - 400 Delayed
Contralateral parietal alpha ERD (dB) 250-5100 ™
Ipsilateral parietal alpha ERD (dB) 250-5100 -
Contralateral parietal theta ERS (dB) 150 - 450 N
Ipsilateral parietal theta ERS (dB) 150 - 450 -
Contralateral motor beta ERD (dB) 150 -5100 -
Contralateral motor alpha ERD (dB) 250 -5100 -

Key: ‘I represents the parameter was significantly greater during high load, ‘|’ was significantly lower during
high load, { * represents the parameter was significantly lower during high load, but the difference did not

’

survive Bonferroni corrections, and ‘' represents the parameter was similar between low and high load. Key:

event-related synchronisation: ERS; event-related desynchronisation: ERD; dB: decibel normalised
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3.5 Discussion

The aim of this study was to determine the temporal characteristics of neural oscillatory activity and
behavioural performance during a visuomotor task preceded by a visual search task differing in
attentional load. Behavioural, event-related potential (ERP), and spectral analyses of the visual search
supported previous research indicating that a task of high perceptual load reduces accuracy and
requires additional recruitment of target encoding and attentional mechanisms. Tracking task
analyses identified three main findings. The first finding was in the performance data. Participants
reaction time following cue presentation was similar between low and high load. However, continuous
performance measures revealed that participants spent longer outside the tracking target,
representing poorer accuracy. The second finding concerned frontal theta activity. Frontal theta
synchronisation (ERS) was approximately 100 ms delayed during the tracking task when following high
load, compared to low load. The final finding revealed sustained desynchronisation (ERD) during the
tracking task. Alpha ERD was greatest in the contralateral (to the moving hand) parietal area following
high load. Further analyses revealed that two time series represented the significant difference. The
first time series started at approximately 0.5 until 0.7 s after cue onset. The second time series

spanned the end of the 5 s tracking task, starting at 3.9 s.

3.5.1 Performance was worse, P3b amplitude was suppressed, alpha desynchronisation was

pronounced, and frontal theta synchronisation was lower, during high load visual search

Posterior P3b amplitude was greater in the low perceptual load condition, compared to high
perceptual load during visual search. This strong effect was expected and replicates earlier studies
demonstrating smaller P3bs elicited by visual stimuli in tasks of high working memory load (Gevins &
Cutillo, 1993), increased task difficulty (Polich, 1987), and high cognitive load (Giraudet et al., 2015).
The reduced amplitude during high load suggests a suppressed ability to attend to target stimuli and
fewer targets correctly identified. No differences in N1 amplitude between loads suggest that the
differences in P3b and behavioural results are the result from cognitive rather than perceptual

processes.

The P3b amplitude was paralleled by alpha power ERD in the parieto-occipital regions. During high
load, alpha ERD was greater between 200 and 600 ms. ERD was apparent beyond the P3b time
window, and therefore suggests that P3b and alpha differences reflect different mechanisms of the

same underlying cognitive process. Together, the P3b and alpha desynchronisation results suggest a
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greater recruitment of attentional mechanisms during high load. Frontal alpha ERD differences were
also found, supporting the notion that attention-related alpha is under control of a fronto-parietal
network (Foxe & Snyder, 2011). Frontal alpha preceded parietal alpha, representing distinct top-down

processes involved in a feed-forward mechanism during visual search.

Frontal theta event-related synchronisation (ERS) was stronger during visual search low load. These
results were unexpected, as theta power is often positively related to task demands and demonstrates
a linear relationship with task difficulty (e.g. Puma et al., 2018; Zakrzewska & Brzezicka, 2014).
However, the present study findings are in line with the view that frontal theta synchronisation is
related to movement selection during visuomotor processing (Rawle et al., 2012). As the behavioural
responses indicate, participants were slower at selecting the correct target (either M or N) during high
load, which may represent uncertainty of movement selection. Rawle et al. (2012) found that frontal
theta power was lower following a visual search task with four potential targets compared to two
targets. Therefore, movement uncertainty has previously been represented by lower frontal theta

power.

No differences between load were found in parietal theta. Rawle et al. (2012) argued that parietal
theta is associated with visuospatial representation (i.e. the spatial representation of visual objects),
but not to the complexity of those objects. This explanation fits the present study as the spatial
representation of the visual search objects were identical between conditions, as only complexity was

modulated.

3.5.2 Reaction times did not differ, but accuracy suffered, during the tracking task following high

load

Tracking time reaction time measures did not differ between prior perceptual low and high load
conditions. However, participants spent longer outside the target following high load, reflecting
poorer accuracy. There could be several reasons why reaction times did not differ between low and
high tracking task conditions. Firstly, it is well demonstrated that the smaller the cue-stimulus interval
(CSl), the greater the reaction time is to a task switch (Meiran, 1996). In this study, task cues were
presented with a small CSl of 100ms. Task-set reconfiguration theory suggests that prolonged reaction
time results from increased difficulty in preparing for the new task-set (Rogers & Monsell, 1995). The

small CSI may instigate poorer instantaneous performance regardless of prior perceptual load.
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Therefore, reaction times may have exhibited a floor effect. Comparing behavioural results with short

and long CSls (e.g. 600ms; Li et al., 2012) will be able to elucidate further.

Although participants were instructed to be as quick and as accurate as they could, individual
differences will emerge between how much emphasis they give to speed or accuracy, known as the
speed-accuracy trade off (Heitz, 2014). Therefore, participants who sacrificed accuracy for speed, will
look as if they performed better in reaction time measures. In addition, cognitive processes, such as
working memory, which are highly implicated in task switching, have been related to accuracy rather
than reaction time (Unsworth & Engle, 2008). Therefore, the present paradigm facilitated capture of
performance errors due to a cognitive cost throughout the task, which were not reflected via transient

reaction time measures.

The continuous measures of performance found that participants spent longer outside the target
during pursuit tracking, when following the visual search task of high perceptual load. The size of the
effect (0.45) was medium (> 0.35), and is an important finding, as many tasks in the real world involve
continuous efforts to maintain appropriate performance, instead of occasional impulsive behavioural
choices (i.e. selective button presses). Accuracy during a pursuit tracking task has been shown to
improve with feedback (Lang et al., 2011), visual enhancements (Park & Park, 2007), and predictability
(Broeker et al., 2020). Therefore, the behavioural results suggest that pursuit tracking when following
a task of high perceptual load may benefit from additional input that has been shown to improve
performance. In addition, given that reward processing has been shown to impact sustained attention
(see Chapter 1.1.2), future research manipulating feedback or reward during pursuit tracking following
an attentional task of low or high load may provide further insight performance fluctuations during
naturalistic sustained attention tasks. Would rewards associated with accurate tracking improve

tracking performance regardless of the attentional load of the previous task?

3.5.3 Evoked frontal theta was delayed during the tracking task following high load

In contrast to alpha, frontal theta activity increased rapidly at cue onset, and lasted for a few hundred
milliseconds. Although theta power was similar between load, additional analyses revealed that it was
delayed by approximately 100 ms during high load. Still in line with the movement selection literature,
frontal theta synchronisation has been associated with target encoding mechanisms (i.e. Herweg et
al., 2020; Proskovec et al., 2018). Yet, it is often cited to have an unspecific function, and is related to

cognitive control processes more generally (Cavanagh & Frank, 2014). As it was hypothesised that
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switching to a new task following high load would be more difficult than switching to a new task
following low load, frontal theta activity sharing similar power values between conditions was
unexpected. Yet, theta power is often related to instant measures of task performance. For example,
Cooper et al. (2019) recently found that post-target theta power increased with faster reaction times
during task switching. Therefore, the lack of differences between theta power values corresponds to

the lack of differences between response time behavioural measures.

Yet, further analyses revealed that theta power was approximately 100ms delayed when following
cue presentation after high load. As the cue represented an event that indicated a need for increased
control, the frontal theta lag represents delayed active cortical processing mechanisms. It is important
to note that this had no impact on instant measures of performance i.e. participants grabbed the
mouse at similar times between loads. However, accuracy was impacted, with greater time spent
outside the target following high load. Therefore, theta power may still be involved in the actual
computations needed for task performance, however the theta lag did not have any impact on instant

measures of performance.

3.5.4 Parietal alpha desynchronisation was greater during the tracking task following high load

The present study revealed a sustained alpha reduction, reflecting desynchronisation, in the
contralateral parietal hemisphere (relative to hand movement) during the tracking task following high
perceptual load. Although alpha lateralisation effects have been mainly attributed to visuospatial
tasks (i.e. spatial cueing paradigm: Doesburg et al.,, 2016; Worden et al., 2000), research has
demonstrated lateralisation effects in other systems such as somatosensory (Haegens et al., 2011).
Earlier studies of visuomotor tasks have demonstrated stronger alpha ERD effects over contralateral
parietal areas before and during movement execution (Babiloni et al., 1999). In addition, stronger
alpha ERD effects have been found in contralateral areas during more complex visuomotor tasks (van
der Meer & van der Weel, 2017). As alpha is important for functional engagement and disengagement
of specific regions, greater contralateral alpha ERD supports the view of increased recruitment of
visuomotor attentional mechanisms. Other studies have demonstrated a general effect for the left
parietal cortex on motor attention (Mutha et al., 2013). For example, lesion studies have
demonstrated deficits in movement selection (Castiello & Paine, 2002), and more recent work found
that transcranial magnetic stimulation of the left parietal cortex delayed movement execution
(Oliveira et al., 2010). Together, these results suggest a left hemisphere dominance for execution of

movements.
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Huang et al. (2007) found alpha increases over a contralateral left somatomotor cluster for high errors
in a continuous tracking task. The authors suggest that this might reflect impairments in somatomotor
attention (Bauer et al., 2006; Worden et al., 2000), supported by poorer performance and tonic
increases in occipital power most likely reflecting drowsiness. The present study findings add to this
research by demonstrating lower parietal alpha power and poorer accuracy during a task of high load.
Potentially, this could represent a greater recruitment of visuomotor attention processes. However,
considering the present study used right-handed participants only, it remains unclear whether this
increase in visuomotor attention reflects a genuine difference between left and right hemispheres, or

whether it is due to movement execution of the right hand linked to left hemisphere motor centres.

Alpha ERD started at approximately 250 ms after cue onset during the tracking task following both
low and high load visual search. The disengagement of attention from the location of the previous
task would be necessary before attention could be reoriented toward the new task location, and this
would plausibly cause a delay in the engagement of top—down mechanisms. This delay was similar
between conditions, which is supported by the behavioural data which found that response times
were also similar between loads. Two significant time regions were identified representing the
differences between low and high load. The first was at the beginning of the tracking task, up until 750
ms after cue onset, most likely reflecting evoked alpha activity relating to the task switch. Similar to
previous research, Proskovec et al. (2019) found parietal alpha ERD starting at approximately 350 ms
after stimulus onset. Using a classic cue paradigm, alpha desynchronisation persisted during the task
period, up until 1550 ms. Applying beamformer analysis, they found that alpha activity in the left
(contra) intraparietal sulcus and superior parietal lobule were sustained from 350 to 750 ms and 750
to 1150 ms (after movement). These areas which are part of the dorsal attention network have been
implemented in top-down allocation of attentional control (Behrmann et al., 2004), and therefore
implies that sustained alpha ERD may play a critical role in attentional processes. This may be in part
due to interference from the previous task. The second time region of interest was from 3.9 s until the
end of the task. This demonstrates a lasting attentional cost, supporting the notion that a task switch
is impacted by the difficulty of a previous task (i.e. the visual search task). Why was alpha ERD not
suppressed throughout the whole tracking task? This second time region of alpha modulation may
represent a pronounced requirement for neural activity modulating attentional mechanisms. The
tracking task required 5 seconds of continual effort. At the task switch, alpha ERD rapidly increased,
representing the initial selective enhancement of neural activity responsible for processing stimuli.

Following low load, attention-related alpha recovered at a quicker rate compared to high load. This is
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represented by the significant differences found between load during the end of the tracking task.
Therefore, at around 4 s, recruitment of attentional mechanisms was pronounced during high load
and likely due to the continual need for selective enhancement of neural responsiveness to modulate
the engagement of task-relevant neurons and the disengagement of neurons responsible for
processing irrelevant aspects related to the tracking task (Foxe & Snyder, 2011). The behavioural
results assist with this interpretation. Lower parietal alpha ERD (i.e. greater alpha power) is often
related to poorer performance (Clayton et al., 2015). During high load, alpha ERD may have increased
during the first 750 ms to support task performance, indicated by similar reaction time measures
during low and high load. Although accuracy measures indicated poorer performance; these measures
were averaged over the complete tracking task period (5 s). Therefore, it is possible that participants
were less accurate when alpha ERD reduced (i.e. alpha increased) during high load. During this period,
alpha power was similar to low load, suggesting that attentional mechanisms were impaired which
may have resulted in poorer performance. However, further research is needed to confirm this
interpretation. Measuring alpha ERD before and after tracking task errors (i.e. when the cursor drifts
away from the tracking target) would improve understanding of the relationship between task

performance and alpha ERD during continuous tasks.

3.5.5 Limitations

EEG signals are easily contaminated by artefacts of physiological and non-physiological origin. The
challenge of physiological artefacts is particularly relevant for visuomotor tasks, which not only induce
muscle-related artefacts, but also ocular artefacts due to eyelid movements and movements of the
retinal dipoles (Croft & Barry, 2000), and both muscle and ocular signals are relatively strong in
comparison to EEG. Muscular artefacts are characterised as high-frequency activity, and surface
electromyography has shown that its frequency characteristics range from 20 — 600 Hz (Criswell,
2011). Therefore, in motor tasks, interpretation of data over 20 Hz is limited due to the impact of
muscle activity increasing high-frequency power (Muthukumaraswamy, 2013). Therefore, the present
study focused on the temporal evolution of low-frequency oscillatory activity, namely theta ERS and
alpha ERD. Frequency bands such as gamma (30+ Hz) were not considered as broadband gamma was
contaminated by electromyographic activity. In addition, the tracking task did not differ between

conditions, minimising the impact of differential artefacts.

Unlike the majority of cognitive neuroscience experiments that aim to isolate processes, the current

EEG study utilised a tracking task which required smooth-pursuit eye-movements. Consequently, it
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becomes unclear whether the neural mechanisms are related to ocular control or cognitive
behaviours. There is a growing debate in the literature whether covert and overt shifts of attention
are independent (Posner & Petersen, 1990), interdependent (Corbetta, 1998), or dependent to one
another (Rizzolatti et al., 1987). However, many studies have found that neural activation is similar
between covert and overt shifts of attention, and argue that covert shifts are simply an unexecuted
movement, suggesting only ocular motor components differ (Beauchamp et al., 2001; de Haan et al.,
2008). Similarly, the theta and alpha patterns observed were similar to the patterns found in the task
switching and attention reorientation literature which manipulate overt shifts of attention (i.e.
Proskovec et al., 2018, 2019). However, this is not to say that ocular movements did not impact these
low-frequency mechanisms. The frontal eye fields play a critical role in the allocation of spatial
attention and have been shown to interact with parietal alpha (Capotosto et al., 2009). However, it is
important to adopt this approach to improve the transferability of the results to applied contexts,

which include interactions between ocular and cognitive behaviours under naturalistic conditions.

One of the main concerns of measuring attention-related alpha activity during a tracking task is
whether it can be separated from motor-related alpha activity, commonly known as mu. Like parietal
alpha activity, mu is suppressed during task engagement (Pfurtscheller et al., 1997). Therefore, during
a motor task, mu is suppressed over the sensorimotor cortices. Often, it is argued that it is not clear
whether differences in alpha reductions are related to motor or cognitive components of the task
(Anderson & Ding, 2011). However, alpha and mu are distinguishable via their topography. Mu arises
specifically from the sensorimotor area, and therefore is measurable via EEG electrodes over the
motor cortex. Because of this potential confound, control analyses for motor-related alpha activity
were undertaken by contrasting motor cortex activity between low and high load (see Chapter
3.4.3.3). Results found there were no significant differences in motor-related oscillatory activity,

suggesting parietal alpha activity was distinguishable to motor components.

3.5.6 Conclusion

Whereas previous studies have examined the specific effects of higher cognitive processes, this study
explored prior attentional load on the general mechanisms of visuomotor performance. To this end,
prior perceptual load (low versus high) was altered while keeping the physical properties of the
secondary task - visuomotor pursuit tracking - the same. As supported by the literature, behavioural
and EEG findings of the visual search task revealed perceptual load was successfully manipulated as

demonstrated by increased errors and reaction times, increased movement uncertainty (frontal theta
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ERS), and increased recruitment of attentional mechanisms (parieto-occipital alpha ERD) during high
load. During the tracking task, short-lasting bursts of theta ERS and sustained alpha ERD were most
pronounced at frontal and parietal scalp locations, respectively. This convergence supports the
recruitment of a fronto-parietal network similar to the task switching and attentional re-orientation
literature. Although theta power representing stimuli encoding neural mechanisms and behavioural
response times did not differ between load, attention-related alpha activity was more pronounced at
the beginning and end of the tracking task following high load. Participants’ accuracy also suffered

following high load, deviating from the target more so when compared to low load.

This study provides important implications for naturalistic, safety-critical, sustained attention
activities. It demonstrates that the attentional demands of a prior task have detrimental effects on a
sustained visuomotor task. If sudden intervention is required, such as switching out of autopilot during
flight, or taking over in a semi-autonomous vehicle, then the characteristics of a prior task may have
a significant impact on a safe and timely behavioural response. In addition, it provides insight into the
performance decrements related to attentional and cognitive dysfunction in attention-related clinical
disorders. Consequently, this study provides support for neurophysiological monitoring during
human-machine interactions and to improve and assist clinical interventions. However, this study
utilised a computer-based tracking task featuring elementary, two-dimensional, geometric shapes, as
a surrogate for a real-world visuomotor task. In addition, a computer-based tracking task engages
effortful controlled processes whereas real-world tasks such as driving will engage both effortful
controlled processes and effortless automatic processes in experienced drivers. Therefore, it is not
clear whether the same neural mechanisms will still be impacted during a more ecologically valid task.
The next study described in Chapter 4 will explore whether these results are similar for a semi-
naturalistic task, simulated driving, which will provide further insight into the possibility for utilising a
biofeedback system, such as a driver state monitoring system, to improve the safety and wellbeing

during semi-autonomous driving.
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4.0 The Effect of Prior Attentional Load on Task Performance and

Neural Oscillations During Simulated Driving

4.1 Overview

To improve the transferability of Chapters 3 findings towards semi-autonomous driving and to
investigate the potential effectiveness of a driver state monitoring system (DSM), this study
investigated whether event-related frontal and parieto-occipital alpha and theta oscillatory
mechanisms were implicated during simulated driving when preceded by a task of differing attentional
load. Participants partook in a study that required them to switch between an unrelated task and
simulated driving. Three unrelated tasks were administered: a visual search task of low perceptual
load, a visual search task of high perceptual load, and a passive viewing task involving monitoring the
driving environment which acted as a control task. Reaction time, lateral and longitudinal driving

control, as well as alpha and theta activity, were measured continuously throughout.

4.2 Introduction

One of the assumptions of Level 2 to 4 autonomous vehicle systems is that humans will take control
of the vehicle. This process is known as the takeover process, and transitions can occur in planned or
unplanned ways. For example, the vehicle always hands over control when at a roundabout, or during
a system failure. System failures can, and will occur, for example, if the vehicle does not detect
environmental changes due to changes in wind speed. Takeovers may therefore happen in emergency
situations, where the autonomous vehicle system has failed to notice a difficult precipitating event
and does not send a preceding takeover request. The driver must act quickly and safely to regain
control of the vehicle. Yet, to safely regain control of the vehicle, depends on the extent to which the
driver has remained engaged with the driving environment and their physical readiness (Zeeb et al.,

2015).
4.2.1 Takeover time and takeover quality

Temporal measures used to assess takeover performance fall under two categories: takeover time
and takeover quality. Takeover time is considered an instantaneous reaction time measure of
transition, whereas takeover quality is a continuous measure of driving performance. Takeover

time is generally considered the time elapsed from the takeover request and a driving behaviour from
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the human, such as a steering or pedal input. It is therefore an immediate measure of performance.
Motor behaviour is commonly measured, such as when the driver activates the indicator (e.g. Li et al.,
2018) or when the driver steers or brakes at certain thresholds (e.g. Feldhutter et al., 2018). For
example, Gold et al. (2013) considered a takeover successful once the driver turned the steering wheel
more than 2 degrees and altered the braking pedal position by 10%. In addition, gaze reaction time
metrics are commonly assessed, including gaze to the forward roadway (e.g. Zeeb et al., 2016), gaze

to the side mirror, and gaze to the speedometer (e.g. Vogelpohl et al., 2018).

It is acknowledged that a short takeover time does not necessarily indicate the passive driver has
increased situation awareness nor may they be engaged with the driving environment. For example,
Dogan et al. (2019) found that during takeover, a small number of drivers overtook on the inside which
was considered an aberrant driving behaviour. In addition, aggressive braking could hint that drivers
have reduced situation awareness. Therefore, measures of continuous performance are important to
infer accuracy. Takeover quality is considered the driving performance after the takeover has
successfully occurred. A number of takeover quality metrics have been used in the literature, including
lateral acceleration (Korber et al., 2018), longitudinal acceleration (Feldhutter et al., 2018), lane
position (Zeeb et al., 2017), and minimum distance headway to the lead vehicle (Madigan et al.,
2018). Variability, in terms of standard deviation, are also utilised, the most commonly being the
standard deviation of lateral position (SDLP; Merat et al., 2014). Behavioural studies have consistently
demonstrated the negative impact of periods of automated driving on takeover performance. Gold et
al. (2013) demonstrated that a cue five to seven seconds in advance was required for avoidance of a
stationary object. Zhang et al.'s (2019) meta-analysis revealed an average takeover time of 2.72
seconds, though often time budgets between five to seven seconds are applied. Yet, takeover quality
metrics provide evidence that the driving task is adversely affected for an extensive period of time.
For example, Merat et al. (2014) found that participants took 35 to 40 seconds to stabilise their lateral
control of a driving simulator following a period of automated driving. Several factors have been
shown to modulate driving performance during partially automated driving. A recent meta-analysis
revealed that takeover time was substantially impacted by factors such as lack of notifications, lack of

experience, criticality of the situation, and performing secondary tasks (Zhang et al., 2019).

4.2.2 Non-driving related tasks and driving performance

Automated driving systems will alter drivers’ behaviour and encourage involvement with non-driving

related tasks (Carsten et al., 2012). Research with partially automated systems has already
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demonstrated that participants are more likely to shift their attention towards a secondary task, which
in turn has a negative impact on driving performance (e.g. Rudin-Brown & Parker, 2004). Therefore, it
is important to understand the relationship between secondary tasks and driving performance, and
the mechanisms that drive this relationship. A growing body of literature has demonstrated the
negative impact of these tasks on takeover performance. Dogan et al. (2019) tested participants
undertaking two different secondary tasks: writing emails and watching videos. Participants had to
retake control of the vehicle under two different situations depending on complexity: either obstacle
avoidance or missing lane markings. Although they found that lateral and longitudinal control were
negatively impacted when compared to manual driving in the missing lane markings condition, there
was no effect of type of task on either critical situation. Moreover, participants did not subjectively
rate any differences in workload between secondary tasks. These results are in line with a number of
studies that have also found that the type of task does not differentially influence takeover
performance (e.g. Zeeb et al., 2017; Bueno et al., 2016). Conversely, there are a handful of studies
that have found an effect of type of task. Jarosch et al. (2019) investigated the effects of two tasks: a
simple visual search task and a complex quiz. After 50 minutes of automated driving, a takeover was
requested. Participants responded quicker in the quiz condition by braking faster and focusing on the
road centre earlier. The authors suggest that the visual search task induced fatigue effects resulting in
increased reaction times. The inconsistency between Jarosch et al.'s (2019) and Dogan et al.'s (2019)
findings may be attributed to journey time and the duration of automated driving. In Dogan et al.
(2019) the takeover request was requested after only 10-minutes of automated driving, unlikely to

induce fatigue.

It should also be noted that some studies have reported positive effects of tasks on takeover
performance. Naujoks et al. (2018) found visual and mental workload during engagement with a task
reduced reaction times to a critical event. Likewise, Neubauer et al. (2012) found that phone use
reduced reaction times, as measured via deacceleration to a critical event. Secondary tasks could

therefore stop fatigue effects and prevent cognitive underload.

4.2.3 Mechanisms underlying performance deficits following non-driving related tasks

Many studies have utilised everyday tasks such as reading the news (Zeeb et al., 2017), interacting
with an in-vehicle system (Toffetti et al., 2009), and watching a movie (Carsten et al., 2012). However,
the discrepancy in results makes it unclear what aspects of a task negatively impact driving
performance. Standardised tasks such as the working memory n-back task (Radlmayr et al., 2014) or

an auditory oddball task (Kérber et al., 2015) can provide insights into the mechanisms disrupted
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during engagement with secondary tasks. Radlmayr et al. (2014) found that the visual surrogate
reference task increased collision rate, whereas an n-back task did not. Their results imply that visual
tasks may recruit visual processing mechanisms that disrupt driving performance, whereas working

memory mechanisms remain largely unaffected.

Gaze behaviours can provide additional insight into attentional allocation mechanisms impacted by
secondary unrelated tasks. Ko & Ji (2018) found that time to watch the windshield and time to watch
the road was greater following an n-back task when compared to a task subjectively rated as too easy
or too difficult. However, Zeeb et al. (2017) found that time to watch the road did not differ between
naturalistic tasks of writing an email, reading a news text, and watching a video clip. Although first
gaze metrics can provide a measure of instant attentional allocation, it is important to understand
how attention is modulated throughout driving as manual driving requires sustained attention. Merat
et al. (2014) found that blink suppression was greatest (blink rate reduced) during a critical incident
when following a takeover request from engagement with a prior task. Visual processing mechanisms
may have been overcompensating to ensure successful takeover, and this effect lasted during the

takeover process.

Physiological measures can provide insight into arousal-related mechanisms associated with takeover
performance. Alrefaie et al. (2019) examined changes in heart rate during two different secondary
tasks: emailing and twenty questions game. Participants displayed increased heart rate during the
email task when compared to engaging in no task, and the twenty questions game when compared to
no task. Takeover quality measures, PerSpeed (mean percentage change of vehicle speed for a 30
second period before the takeover) and PerAngle (mean percentage change of vehicle heading angle),
were strongly correlated with heart rate, and linear mixed modelling revealed a 1% increase in heart
rate corresponded to a 9.1% decrease in PerSpeed and a 54% change in PerAngle. Alrefaie et al.’s
(2019) study provides the first support that heart rate is strongly associated with takeover

performance, and suggests increased arousal is associated with worse driving performance.

4.2.4 Neurophysiological mechanisms during automated driving

Neurophysiological measures can detect effects of attention decrements during automated and
manual driving. Solis-marcos et al. (2017) investigated attention-related event-related potentials
while participants partook in an auditory oddball task during manual and semi-autonomous simulated
driving. During semi-autonomous driving, P3b amplitude and subjective manual demand were lower,

when compared to manual driving. The reduction in P3b amplitude represents a reduced ability to
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attend to target stimuli, providing support that attention was impaired during autonomous driving.
EEG studies during manual driving have found that P3b amplitude reduces with increased fatigue
(Schmidt et al., 2009; Zhao et al., 2012) and distractions (Karthaus et al., 2018). Analyses of oscillatory
mechanisms of alpha have revealed parietal alpha event-related desynchronisation (ERD) during
active driving (Sakihara et al., 2014; Schier, 2000), and is less pronounced during reduced vigilance
(Correa et al., 2014; Huang et al., 2009). These studies provide some evidence for the recruitment of
a posterior attention network during simulated driving, which could possibly be impacted during
periods of automation. However, the mentioned studies focus on comparing EEG mechanisms during
either only manual driving, or partially automated driving with no specific takeover. Therefore, they
do not consider the impact of different secondary tasks on driving performance following a takeover
request. It is unclear how oscillatory mechanisms related to attention are implicated during driving

when following engagement of secondary tasks.

4.2.5 Experiment rationale

The discrepancy between results makes it unclear what aspects of a task negatively impact takeover
performance and limited research has attempted to uncover the mechanisms related to driving
performance following engagement with a task. Electrophysiological correlates of cognitive
functioning have the potential to uncover the temporal evolution of such processes impacted.
Therefore, the goal of the present study was to investigate how neural oscillatory mechanisms were
altered during simulated driving when following a task differing in attentional load. This study was
designed to understand how attention is modulated during takeovers in semi-autonomous driving.
Similarly to Chapter 3, the present study is interested in whether the attentional demand of an
unrelated task (i.e. how engaging a book is/perceptual load) has an impact on task (i.e. driving)
performance. These sudden but vital task switches have life-threatening consequences and are made

more challenging when humans have the potential to engage in non-related tasks.

A visual search task was administered as the unrelated task. Although several previous studies have
administered naturalistic tasks, such as reading a book or writing emails, there are a number of
limitations in doing so. Previous research has demonstrated a lack of consensus for the impact of type
of task on takeover quality. In such studies, the authors assume that cognitive load is altered during
different tasks. For example, in Dogan et al. (2019), the authors measured the effect of type of task by
asking participants to switch between watching videos and writing emails. The authors assumed that
watching videos would induce cognitive underload, whereas writing emails would increase load. The

authors found no difference in takeover quality between the type of task. This may be because
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workload was not successfully manipulated. Therefore, using a standardised controlled task that has
reliably been demonstrated to modulate certain mechanisms is beneficial to fully understand the
impact on takeover quality. In addition, findings from Chapter 3 revealed that the visual search task
modulated performance and oscillatory mechanisms successfully, further providing confidence that
the visual search task can be used as a successful manipulation of attentional load. In addition to the
visual search task, a passive viewing task, where participants were required to watch the roadway in
front, was administered. This acted as a control condition as no physical task was undertaken, yet

participants were still not in control of the vehicle.

The visual search task results should replicate the visual search task results in Chapter 3,
demonstrating worse performance (i.e. increased reaction time, reduced accuracy), reduced stimulus
processing (i.e. lower P3b amplitude), increased recruitment of attentional resources (i.e. frontal and
parieto-occipital alpha desynchronisation (ERD)), and movement uncertainty (i.e. reduced frontal
theta synchronisation (ERS)) during high load when compared to low load. Informed by the results
from Chapter 3, and the previous research on manual driving (e.g. Correa et al., 2014; R. S. Huang et
al., 2009; Sakihara et al., 2014; Schier, 2000), it was expected that engagement with search tasks would
reduce performance and increase recruitment of cortical mechanisms required for processing of the
simulated driving task. Behaviourally, driving performance indicated by longitudinal (speed) and
lateral control, including time to acceleration, would suffer when following a search task compared to
the passive viewing task, and more so following the high load search task when compared to the low
load search task. Parietal-occipital alpha ERD coupled with an increase in evoked frontal theta ERS
during simulated driving would be reduced significantly following the passive viewing task (control)
when compared to both search tasks. These oscillatory mechanisms would be strongest following high

perceptual load, representing a stronger recruitment of visuomotor attentional mechanisms.

4.3 Method

4.3.1 Participants

Thirty-eight healthy right-handed licensed drivers participated in this study (twenty-six females,
twelve males, mean age * SD = 23.22 + 5.13 years, range 18-42). All participants considered
themselves healthy as reported in self-reports. Due to the nature of the experiment, individuals with
any neurological condition, hypersensitive skin, or skin allergies were excluded. As this study required
visual and auditory processing, participants with uncorrected vision or hearing were excluded.

Participants were all undergraduate students at the University of the West of England and were
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required to hold a driver’s license so they had an understanding of general driving rules and vehicle
control competencies. All participants gave written informed consent and were fully debriefed at the
end of the study. Ethical approval was obtained by the Faculty of Health and Applied Sciences
University of the West of England Research Ethics Committee (HAS.19.08.003).

Four participants were removed from all analyses due to technical errors (three) and an incomplete
dataset (one). An additional participant was removed from all visual search analyses due to technical
errors (EEG markers did not send across correctly), whereas a different participant was removed from
all simulated driving analyses due to a technical error (EEG markers did not send across correctly). In
the visual search analyses, thirty-three participants were included (twenty-two females, eleven males,
mean age + SD = 22.76 £ 6.01 years, range 18-42); in the simulated driving analyses, thirty-three
participants were included (twenty-two females, eleven males, mean age +SD = 23.11 + 5.54 years,

range 18-42).

4.3.2 Stimuli

Participants were seated in a STISIM Drive® (version 3) fixed-base driving simulator (Systems
Technology Inc., Hawthorne, CA, USA). The driving environment was projected on to a 27-inch LCD
monitor. To the right of the driving simulator, a Dell 17-inch LCD monitor with a 60 Hz refresh rate was
presented at a viewing distance of 57 cm and was always closer to the participant than the driving
simulator monitor (see Figure 4.1). This is similar to naturalistic settings where users may use
technological devices, such as mobile phones and tablets, which are physically nearer to the user when
compared to the driving environment. The Dellmonitor presented the visual search stimuli,
considered here as the low load search task and high load search task. A keyboard was placed in front
of the LCD monitor for participants to respond to visual search stimuli. Throughout the experiment,
participants sat in the driving simulator seat. The simulator was set up comfortably so they were able
to reach the pedals and steering wheel to be able to take control of the vehicle, as well as reach the

keyboard and attend to the visual search stimuli on the 17-inch LCD monitor.

The experiment was carried out in six blocks of 30 trials. Each trial lasted approximately 19 seconds,
while each block lasted ~10 minutes, with rest breaks in between. 60 trials in each condition (low load
search task, high load search task, passive viewing task) were presented, resulting in 180 trials in total.
A composite trial consisted of an auditory cue, the secondary task (either: passive viewing task, low

load search task, high load search task), a second auditory cue, and simulated driving. An auditory cue
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presented at a comfortable listening level was presented to inform the participant which task to switch
to: ‘Drive’, ‘Task’, or ‘Watch’. At the beginning of ‘Task’, participants were required to press the
spacebar key to initiate the task. An initial fixation cross was presented on the screen for 1.5 s prior to
the visual search presentations. The order of trials was randomised within each block; each non-
driving related task was presented 10 times within a block and was not consecutively repeated more

than twice over all blocks. See Figure 4.1 and Figure 4.2 for experimental set up and stimuli procedure.

4.3.2.1 Drive’

The auditory cue ‘Drive’ instructed participants to take manual control of the driving simulator.
STISIM3 software was used to present the visual environment and measure driving performance. The
driving simulator included an adjustable car seat, gear stick, steering wheel, indicators, accelerator,
clutch and brake pedals, dashboard, speedometer, as well as the right, left, and rear-view
mirrors. The driving scenario consisted of a suburban three-lane environment, with cars on the road,
and pedestrians on the pavement, with road signs and left carriageway driving consistent with the UK.
Speed limit signs were included every 1000 ft in the environment. The STISIM driving simulator has
been previously validated and a high transferability of simulator performance and on-road driving
performance has been reported (e.g. Bédard et al., 2010; Lee, 2002). Participants were asked to
adhere to the speed limit (60 mph) and keep to the left-hand lane with a steady lane position, as they
normally would in real-world driving. The drive continued for 792 ft which lasted approximately nine

seconds. Participants switched to ‘Drive’ after either ‘Task’ or “Watch’.

4.3.2.2 ‘Task’

The auditory cue ‘Task’ informed participants to switch to the visual search task. The stimuli used in
the visual search task consisted of either low or high perceptual load and were the same stimuli used
in Chapter 3 (see Chapter 3.3.2). In this experiment, visual search presentations in each trial were
limited to seven. Participants did not have time to attend to all visual search presentations before the
next auditory cue was presented. Therefore, participants were told to adhere to the cue instruction
and move on. During ‘Task’, the driving simulator switched to automated driving and so the vehicle
was in control of lateral position and acceleration. The vehicle kept to the lane position and kept speed

constant at 60 mph.
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4.3.2.3 ‘Watch’

The auditory cue ‘Watch’ required participants to watch the roadway in front. The vehicle switched to
automated driving and so the vehicle was in control of lateral position and acceleration. The vehicle
kept to the lane position and kept speed constant at 60 mph. This condition was considered the control
condition, also described as the passive viewing task, as participants did not take part in a task before

completing ‘Drive’.

Figure 4.1. Experimental set up. Participants partook in simulated driving following a high load search task or a
low load search task presented on a monitor, or a passive viewing task, where participants watched the roadway

ahead.
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Figure 4.2. Schematic depiction of the experimental paradigm. (A) An example of an experimental trial.
Participants switched between an unrelated task and manual driving. An auditory cue instructed the participant
to either engage in a visual search task, ‘Task’, or a passive viewing task involving watching the roadway, ‘Watch’.
In this example, an auditory cue ‘Task’ was presented. During the task, visual search presentations were
presented seven times. A further auditory cue instructed the participant to take control of the vehicle and
participants drove for approximately nine seconds. 180 trials were presented in total. (B) Three conditions of
the unrelated task. The task was either a visual search task of low perceptual load, a visual search task of high
perceptual load, or a passive viewing task, where participants were instructed to watch the roadway. The two
visual search tasks were preceded by an auditory cue ‘Task’. The passive viewing task condition was preceded
by an auditory cue ‘Watch’. During this condition, the automated vehicle was in control for approximately nine

seconds. Each condition was presented 60 times, randomised between trials.

4.3.3 EEG recordings

Continuous EEG was recorded using BrainVision actiCHamp 32-electrode EEG system with active
electrodes. The ground electrode was located at Fpz (10-5 electrode system: Oostenveld & Praamstra,
2001). The online sampling rate was set at 1000 Hz and electrodes were referenced
to Cz position. Impedances of all channels were adjusted to below 25 kOhms as recommended by the
manufacturer. A StimTrak from BrainProducts was used to detect the onset of the auditory cue. An
acoustical stimulator adapter was connected to the StimTrak and driving simulator PC sound card, to

ensure that trigger generation marked the real onset of the auditory stimuli: ‘Drive’, ‘Task’, “Watch’.
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4.3.4 Protocol

Following on from prior screening and enrolment, participants were invited to attend the laboratory
and on arrival, were introduced to the equipment used in the study and filled in a demographic
guestionnaire before providing consent. They were provided with verbal instructions for the task
and completed a practice run consisting of six randomised trials, which always included two low load
search tasks, two high load search tasks, and two passive viewing tasks conditions. The author
observed their responses and made an informed decision whether they showed an objective
understanding of the task. All participants showed an understanding of the task rules after the practice
run and were happy to continue. Once the EEG set up was complete, all electrophysiological signals
were checked visually before commencement of the experiment. A within-subject protocol
required participants to switch between an unrelated task and simulated driving. The task was one of
three: low perceptual load visual search, high perceptual load visual search, or a passive viewing task
(control condition). The author stayed in the same room as the participant to ensure that they were
carrying out the correct tasks. Any incorrectly responded to trials were recorded and later removed
from subsequent analyses. Rest breaks occurred between blocksto allow participants to
repose. Overall, participants were in the laboratory for around 2.15 hours: ~1hr set up and ~1.15 hour

for the task.

4.3.5 Pre-processing

4.3.5.1 Behavioural data

Behavioural responses were collected for the visual search task and simulated driving. Pre-processing
of behavioural data were undertaken using custom written scripts in MATLAB (MathWorks, Natick,
MA). For the visual search task, accuracy and reaction time measures were calculated the same as
Chapter 3 (see Chapter 3.3.5.1). As some visual search presentations were not responded to as an
auditory cue had already been presented, any non-response after five sequential presentations were
not included in the accuracy analyses. Takeover time was derived from the time the auditory takeover
was announced, until the time it took the participant to engage with the accelerator pedal. This was
because the speed of the vehicle rapidly decreased once the takeover was initiated, and so
participants were required to engage with the accelerator pedal as quickly as possible during
simulated driving. Longitudinal acceleration with a corresponding time stamp was exported from

STISIM3. The time the participant engaged with the accelerator pedal was subtracted from the time
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the auditory cue was presented, for each trial. Takeover quality was captured by measures of standard
deviation of the lateral position (SDLP), standard deviation of vehicle speed (SDS), and vehicle speed,
to index lateral and longitudinal control, respectively. Lateral position and vehicle speed were
exported directly from STISIM3. Only correctly responded to trials were used. Driving performance

was averaged across trials.

4.3.5.2 EEG data

Pre-processing of EEG data was performed using EEGLAB (Delorme & Makeig, 2004) and custom-
written scripts in MATLAB (The MathWorks, Natick, MA, USA). To begin, the auditory markers were
edited to represent the task (low load search, high load search, passive viewing) to allow for
subsequent epoching. The data were pre-processed similarly to Chapter 3 (see Chapter 3.3.5.2).
Firstly, the data were downsampled to 500 Hz due to RAM requirements. Next, the data were

bandpass filtered using an FIR filter between 0.1 to 100 Hz.

Data were then epoched into three separate sets: visual search, simulated driving (including the
passive viewing condition), and baseline for simulated driving. For the visual search task, the data were
epoched from -1.5 to 2 s in relation to visual search onset (0s). The data were linearly baseline
corrected from -200 to 0 ms. Only correctly responded to trials were analysed. The time periods
analysed were the same as Chapter 3 and was explored to ensure that participants demonstrated the
expected EEG differences during low and high visual search load. For simulated driving, the 9 s driving
period was of interest. Therefore, the data were epoched from -3 to 13 s in relation to the auditory
cue onset ‘Drive’ (0 s). A final dataset was created for the baseline in relation to the simulated driving.
Data were epoched from -2.5 to 3.5 s in relation to the initial fixation cross at the start of each trial.
As participants had to initiate the fixation cross presentation, this data was importantly not
contaminated by significant movement or task activity. Therefore, this time period provided an
appropriate baseline. Any incorrectly answered responded to trials were removed at this point. For all
three epoched datasets, manual trial rejection was undertaken to extract major sources of artefacts.
Independent components analysis was computed for further artefact rejection. Once artefacts were

removed, the data were re-referenced to the average of all EEG channels.
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4.3.5.2.1 Event-related potentials (ERPs)

To capture visual search event-related potentials (ERPs), the data were further filtered between 0.3
to 35 Hz. The data were then epoched from -200 to 1000 ms, and condition-averaged to create subject
specific ERPs. To investigate the impact of perceptual load on attentional allocation, mean amplitude
of the P3b was extracted for each visual search presentation during low and high perceptual load. As
informed by Chapter 3, a latency window of 300 — 450 ms was used over electrode Pz (see Chapter
3.3.5.2.1). To investigate the impact of perceptual load on perceptual processing, mean amplitude of
the N1 component for each participant was taken in a 50 ms latency window around the peak of the
N1 (peak = 170 ms; range = 145 — 195 ms). Data from electrodes 01, 02 and OZ were extracted and

averaged together.

4.3.5.2.2 Spectral analyses

To capture spectral oscillatory data, the re-referenced visual search data were epoched into low and
high load search conditions. The epoched simulated driving data was epoched regarding which task
preceeded it: low load search task, high load search task, and passive viewing task. Another epoch was
created for ‘passive viewing’ and consisted of the data during ‘Watch’, where participants observed
the roadway in front. Additional exploratory analyses were carried out on this epoch to compare

attention-related alpha activity during passive viewing and manual driving (see results Chapter 4.4.2).

All epoched data was decomposed into a time-frequency representation with linear scaling for 150
frequencies between 3 and 80 Hz from fast Fourier transform and via Morlet complex wavelet
convolution, followed by the inverse fast Fourier transform. Cycles were increased with frequency,
starting at 3 and going up in steps of 0.5. The wavelet transform was performed for each trial. Power
(1V2) of oscillatory activity was computed. In order to remove scale differences between individuals,
all power values in the time-frequency representation were normalised by decibels to the baseline
power (dB). For the visual search task, baseline power was computed as the average power from -400
to -200 ms pre-stimulus at each frequency band. For simulated driving, the baseline power was
computed as the average power from 500 to 1500 ms post-stimulus in the baseline epoch. A condition-
average baseline was used for several reasons. Firstly, the signal-to-noise ratio of the baseline is
increased (compared to a condition-specific baseline) as both low and high load fixation cross periods
were included in the baseline (Cohen, 2014). This was important as only 60 trials in each condition

were administered due to extensive trial length resulting in prolonged data collection sessions (~19 s
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rather than 2 to 3 s in conventional EEG studies). Secondly, the passive viewing condition did not have
an appropriate baseline period, as participants focused on the roadway as soon the auditory cue was
presented. Therefore, the same baseline was applied to each condition’s time-frequency
representation. Ultimately, the absolute values of the resulting transforms were trial averaged to

provide a time-frequency decomposition for each participant over every electrode.

Time-frequency regions were defined based on a priori hypotheses from the previous experiment
described in Chapter 3. As no lateralisation effects were expected during simulated driving, parieto-
occipital, rather than parietal only, attention-related oscillatory data were averaged together.
Visualisation of the condition-averaged results provided an exact time window and exact frequency
range to extract data from (Cohen, 2014). The activity from all pixels in a region of interest was
averaged for each participant. See Appendix 4.1 and Appendix 4.2 for condition grand-averaged time-

frequency spectrograms.

Visual search: Regions of interest were defined for alpha (10.5 - 12.5 Hz) and theta (4 — 7 Hz) power.
Frontal activity was averaged over electrodes Fz, FC1, FC2 between time 200 — 600 ms for alpha, and
200 - 600 ms for theta. Parieto-occipital activity was averaged over electrodes 01, 02, P3, P4, P7, P8
between time 200 — 600 ms for alpha and 100 — 300 ms for theta.

Simulated driving: Regions of interest were defined for theta (4 — 7 Hz), alpha (10.5 — 12.5 Hz) and
beta (15 — 25 Hz). Frontal theta activity was averaged over electrodes Fz, FC1, FC2 between time 200
— 900 ms. Frontal alpha activity was averaged over electrodes Fz, FC1, FC2 between 900 — 9100 ms.
Parieto-occipital alpha activity was averaged over electrodes P3, P7, P4, P8, 01, 02 between time 900
— 9100 ms. Parieto-occipital theta activity was averaged over electrodes P3, P7, P4, P8, 01, 02
between time 200 — 800 ms. Motor-related activity was extracted and averaged over electrodes C3

and C4 between time 950 — 9100 ms for beta and alpha power.

4.3.7 Statistical analyses

All statistical analyses were performed using IBM SPSS Statistics for Windows, version 26 (IBM
Corp., Armonk, N.Y., USA). Assumptions of sphericity were tested using Mauchly’s test, and if violated,
Greenhouse-Geisser estimates were used in the repeated measures calculations. The statistical
threshold for significance was set to two-tailed p < .05. Effect size was reported as eta squared (n?) for

one-way ANOVA significant results, and Cohen’s d, was reported for paired-samples t-tests.
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Behavioural analyses. Paired-samples t-tests were used to compare accuracy and response time
measures between visual search low and high load conditions. For time to accelerator pedal and
vehicle speed, a one-way repeated measures ANOVA with repeated measures (Task: passive viewing,
low load search, high load search) was undertaken. Shapiro-Wilk test of normality and visualisation of
QQ plots of the unstandardized residuals indicated that SDS and SDLP were not normally distributed.
SDS data were normalised via the natural logarithm before the one-way repeated measures ANOVA
was undertaken. For SDLP, the non-parametric Friedman test was undertaken on task (Task: passive
viewing, low load search, high load search). This was due to the severe skewedness of the data which
could not be resolved by logarithmic transformations. Post hoc analysis with Wilcoxon signed-rank
tests was conducted with a Bonferroni correction applied, resulting in a significance level set at p <
.017 (i.e. minimum significance level / number of tests = .05 / 3). Effect size r was calculated by dividing
the test statistic by the square root of the number of observations (Field, 2013, p. 257; Pallant, 2007,

p. 225).

EEG analyses. Paired-samples t-tests were used to compare alpha and theta oscillations
between visual search low and high load conditions. For simulated driving spectral analyses, a one-
way repeated measures ANOVA was performed (Task: passive viewing, low load search, high load
search). Exploratory analyses on oscillatory activity between passive viewing and automated driving
compared to manual driving was conducted with a paired-samples t-test. Further analyses were
undertaken with a series of paired-samples t-tests on every time point (length between time points =

74 ms). Multiple comparisons were controlled for via the Benjamini & Hochberg (1995) procedure.

Correlation analyses. Participant by participant correlations were performed on significant continuous
driving performance measures (takeover quality) and parieto-occipital alpha activity. Six repetitions
(relating to two significant driving performance measures in three conditions: passive viewing, low
load search, high load search) of the correlation analysis gave a Bonferroni corrected statistical
threshold of p < .008. A Pearson’s correlation coefficient was calculated for vehicle speed, whereas

the non-parametric Spearman Rho was calculated for SDLP.
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4.4 Results

4.4.1 Behavioural performance

For visual search, accuracy and reaction time values were analysed and compared with paired-samples
t-tests between low load and high load. Simulated driving over 9 seconds produced four measures in
total. One instantaneous measure was derived to infer takeover time: time to accelerator pedal, and
three continuous measures were derived to infer takeover quality: standard deviation of lateral
position (SDLP), standard deviation of vehicle speed (SDS), and overall vehicle speed. Each measure
was calculated and analysed with a one-way ANOVA with the within-subject factor Task: simulated
driving following passive viewing, simulated driving following visual search low load, and simulated

driving following visual search high load.

4.4.1.1 Visual search task performance

A paired-samples t-test revealed a significant difference in accuracy between the low load and high
load conditions, t33 = 8.36, p < .001, d, = 1.43. As expected, accuracy was greater during low load.
Similarly, there was a significant difference in reaction time between low load and high load, t(3) = -
16.36, p < .001, d, = 2.81. As expected, reaction time was greater during visual search high load.
Overall, reaction time and accuracy measures reveal worse performance during visual search high load

when compared to low load. See Figure 4.3 and Table 4.1 for means and SDs.
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Figure 4.3. Violin plots for visual search task performance data during low and high perceptual load. (A) Mean
accuracy score (%) (B) Mean reaction time (ms). Violin plots represent the distribution of each data series, with

a box plot and whisker drawn over these data. Key: ** p <.001; notch centre = mean

4.4.1.2 Simulated driving performance

For takeover time, a one-way repeated measures ANOVA revealed that time to accelerator pedal was
statistically significant between Tasks, Fj, ¢ = 18.34,p <.001, n?=0.38. Pairwise comparisons
revealed that time to accelerator pedal was greater when driving was preceded by a search task of
low load compared to passive viewing task (p < .001), and when preceded by a task of high load

compared to passive viewing task (p < .001).

For takeover quality metrics, a one-way repeated measures ANOVA revealed that vehicle speed was
statistically significant between Tasks, F157,51.83 = 11.74, p <.001, n?=0.26. Pairwise comparisons
revealed that vehicle speed deviated from the limit (60 mph) more when driving was preceded by a
task of low load compared to passive viewing task (p < .001), and when preceded by a task of high
load compared to passive viewing task (p < .003). Speed was lower following both low load and high
load visual search when compared to passive viewing task. A one-way repeated measures ANOVA

revealed that standard deviation of speed was statistically significant between Tasks, F(1.54,49.3y=4.16, p
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=0.03, n?=0.12. However, pairwise comparisons did not survive Bonferroni corrections. A
statistically significant difference was also found between Tasks for standard deviation of lateral
position, X%z = 41.46, p< .001. Wilcoxon signed rank tests revealed there were no significant
differences between low load search and high load search, Z= 1.76, p = .08. However, there was a
statistically significant increase in SDLP following low load search task compared to passive viewing
task, Z=-4.66, p < .001, r = - .81, and following a high load search compared to passive viewing, Z = -

4.19, p <.001, r =-.72. See Figure 4.4 and Table 4.1 for an overview of results.
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Figure 4.4. Violin plots of driving performance following engagement in tasks: passive viewing, low load visual
search, high load visual search. (A) Average time to accelerator pedal (s). (B) Average standard deviation of

lateral position (In) (C) Average vehicle speed (mph). Key: * p <.05; ** p <.001; notch centre = mean.
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Table 4.1. Visual search and simulated driving task performance. Mean (SD) are presented for all excluding

standard deviation of the lateral position (SDLP), where median (IQR) is presented.

Task Measure Task
Passive Low load High load
viewing search search
Visual Accuracy (%) - 93.04 (4.56) 81.54(8.55)
h
seare Reaction time (ms) . 468 (47) 630 (83)
Simulated Time to accelerator pedal (s) 2.06 (0.52) 2.28 (0.56) 2.38 (0.68)
driving \ hicle speed (mph) 58.94 (0.52) 58.62(0.71) 58.62(0.52)
Standard deviation of lateral position 1.32(0.74) 1.71 (2.04) 1.84 (1.21)
(SDLP; ft)
Standard deviation of vehicle speed 3.37(0.01) 3.37(0.02) 3.38 (0.01)

(SDS; In)

4.4.2 Passive viewing versus manual driving

Next, EEG data was analysed to explore the fluctuations in attention-related parieto-occipital alpha
during the 9 s simulated driving period, when compared to passive viewing where participants
monitored the roadway ahead. Two additional participants were removed from the analyses due to
technical errors (‘Watch’ event marker failed to send across) and therefore 31 participants were run

in total.

A paired-samples t-test revealed that parieto-occipital alpha desynchronisation (ERD) did statistically
differ between passive viewing and manual driving, tz1) =-2.52, p =.02, d, = -0.45. Alpha ERD was
greater during manual driving (M = -2.84, SD = 2.92), compared to passive viewing (M = -1.87, SD =
2.19). Additional analyses of paired-samplest-tests oneach time point revealed alpha
desynchronisation was greater at the beginning of the trial from the onset at alpha 998 until 4138 ms,
and significant at time point 4512 ms, and between 5036 to 5186 ms. These results demonstrate
greater alpha ERD during driving task engagement, compared to viewing the driving environment only.

See Appendix 4.3 for t-test results and Figure 4.5 for visualisation of results.
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Figure 4.5. Grand-averaged dB normalised signal of parietal alpha (10.5 — 12.5 Hz) during passive viewing of the
driving environment and manual driving. Significant time points are depicted by a grey line. Shaded areas
represent the + standard error of the mean difference. Topographical difference (active — passive) plots
represent alpha activity averaged over five time series: 900 — 2540 ms, 2540 — 4180 ms, 4180 — 5820 ms, 5820
— 7460 ms, 7460 — 9100 ms.

4.4.3 Visual search EEG

Next, EEG data from the visual search task was analysed. Analyses were replicated from Chapter 3, to
ensure that the visual search task modulated attentional load. First, event-related potential (ERP)
components the N1 and P3b were compared with paired-samples t-tests between low and high visual
search load. Next, spectral analyses were undertaken to explore alpha and theta dynamics between
low and high visual search load. A series of t-tests were undertaken to explore frontal alpha power,
frontal theta power, parieto-occipital alpha power, and parieto-occipital theta power, between low

and high load visual search tasks.

4.4.3.1 Event-related potentials (ERPs)

A paired-samples t-test revealed that N1 amplitude did not statistically significantly differ between

low and high load, t(s3) = -.45, p = .84. N1 amplitude was similar during low load (M =-2.17, SD = 2.90)
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and high load (M = -2.21, SD = 3.19). A paired-samples t-test revealed P3b amplitude significantly
differed between low and high perceptual load, ts3) = 3.72, p < .001, d, = 0.64. P3b amplitude was

greater during low load (M = 3.84, SD = 4.72) when compared to high load (M = 1.75, SD = 3.19). See
Figure 4.6.
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Figure 4.6. Grand-averaged P3b and N1 ERPs time-locked to visual search presentation under low and high
perceptual load. Shaded areas represent the time course extracted for statistical analyses. Shaded error bars
represent the * standard error of the mean difference. (A) Grand-averaged P300. Correct trials were averaged
across midline parietal electrode Pz. (B) P3b (300 — 450ms) mean amplitude scalp topography for low and high
perceptual load. (C) Grand-averaged N1. Correct trials were averaged across occipital sites: 01, 02, OZ. (D) N1

(145 — 195ms) mean amplitude scalp topography for low and high perceptual load.
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4.4.3.2 Spectral analyses

A paired-samples t-test revealed frontal alpha desynchronisation was significantly greater during high
compared to low load, t33=2.83,p=.008, d. = 0.49. Similarly, parieto-occipital alpha
desynchronisation was significantly greater during high compared to low load, t33 = 3.67, p <.001, d,
= 0.63. A paired-samples t-test revealed frontal theta synchronisation was greater during low load
compared to high load, t33=2.57, p = .02, d, = 0.44. However, parieto-occipital theta synchronisation
did not differ between low or high load, t33=-0.73, p = .47. See Table 4.2 for an overview of the means

and standard deviations and Figure 4.7 for a graphical representation of results.

Altogether, the visual search EEG results replicate Chapter 3. High perceptual load reduced P3b

amplitude while reducing frontal theta ERS, increasing frontal alpha ERD, and increasing parieto-

occipital alpha ERD. See Table 4.3 for an overview of behavioural and EEG visual search results.

Table 4.2. Mean (SD) of visual search time-frequency power (dB normalised).

Frequency (Hz) Averaged electrodes Perceptual load

Low load High load

Alpha (10.5—-12.5)*  Fz, FC1, FC2 -1.27(1.39)  -1.6(1.32)
Alpha (10.5—12.5) ** P3, P7, P4, P8, 01, 02 2.31(1.47) -2.81(1.47)
Theta (4 — 7)* Fz, FC1, FC2 1.21(0.72)  0.90 (0.84)
Theta (4 - 7) P3, P7, P4, P8, 01, 02 1.30 (1.13)  1.42(1.43)

Key: * p <.05; ** p <.001
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Figure 4.7. Time-frequency results for visual search activity over low and high perceptual load. (A) Grand-
averaged time-frequency spectrograms for frontal (FC1, FC2, Fz) visual search activity. (B) Grand-averaged time-
frequency spectrograms for parieto-occipital (P4, P7, P8, P3, 01, 02) visual search activity. (C) Averaged

topographical plots over alpha 200 — 600 ms and theta 200 — 600 ms.

Table 4.3. Overview of visual search results.

Measure Parameter Time window (ms) High compared to low load
Behavioural Accuracy (%) - N
Reaction time (ms) - ™
EEG N1 (uv) 145 -195 -
P3b (uV) 300 -450 N%
Frontal alpha ERD (dB) 200 - 600 T
Parietal-occipital alpha ERD (dB) 200 — 600 ™
Parietal-occipital theta ERS (dB) 100 - 300 -
Frontal theta ERS (dB) 200 - 600 J

Key: ‘I represents the parameter was significantly greater during high load, ‘J,’ was significantly lower during
high load, and ~’ represents the parameter was similar between low and high load. Key: event-related

synchronisation: ERS; event-related desynchronisation: ERD; dB: decibel normalised
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4.4.4 Simulated driving EEG

Finally, EEG activity was analysed over the 9 second simulated driving task. Analyses were interested
in the impact of the attentional load of the preceding visual search task, and so the data compared
were simulated driving following passive viewing, simulated driving following low load search, and
simulated driving following high load search. Frontal theta, parieto-occipital theta, frontal alpha, and
parieto-occipital alpha were analysed. Similar to Chapter 5’s tracking task, theta activity was a
transient response apparent in the first second of the task and was therefore associated with the task
switch. Alpha was apparent over the task period, lasting approximately 9 seconds, representing the
temporal dynamics of attentional demand. One-way (Task: passive viewing, low load search, high load

search) repeated measures ANOVAs were undertaken on oscillatory activity.

4.4.4.1 Theta activity

A one-way repeated measures ANOVA revealed that frontal theta synchronisation was statistically
significant between Tasks, F5, 65) = 11.38, p <.001, n? = 0.23. Theta synchronisation was lowest after
the passive viewing task, compared to the low load search task (p = .003) and a high load search task
(p < .001). Similarly, a one-way repeated measures ANOVA revealed that parieto-occipital theta
synchronisation was statistically significant between Tasks, F143, 47.25) = 13.32, p <.001, n? =0.29.
Theta synchronisation was lowest after a passive viewing task, compared to a low load search task (p

=.003) and a high load search task (p < .001). See Figure 4.8 and Table 4.4.
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Figure 4.8. Theta (4 - 7Hz) activity during simulated driving following a passive viewing task, low load search task,
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and high load search task. (A) Grand-averaged time-frequency spectrogram of frontal theta activity. (B) Grand-
averaged time-frequency spectrogram of parieto-occipital theta activity. (C) Topographical plots representing

theta averaged between 200 — 900 ms post cue onset.

4.4.4.2 Alpha activity

A one-way repeated measures ANOVA revealed that frontal alpha desynchronisation was not
statistically significant between Tasks, F(2, 65) = 1.14, p = .33. A further one-way repeated measures
ANOVA was performed on parieto-occipital activity during simulated driving. The ANOVA revealed a
main effect of Task, Fp2, 65) = 4.58, p = .01, n? = 0.12. Post hoc comparisons revealed that a high load

search task significantly differed from a passive viewing task. Alpha desynchronisation was greater
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following passive viewing search task compared to the high load search task (p = .03). See Figure 4.9

for a graphical representation and Table 4.4 for means and standard deviations.

A

-)'Drive'
Alpha (10.5 - 12.5 Hz) 0.5 :
VAN

O .

-0.5 H — Passive viewing
& -1 L\ b8 — Low load search
E /'FA\"\ X ¥
a J N — High load search
& 15
o
1N

Figure 4.9. dB normalised signal for parieto-occipital alpha (10.5 — 12.5 Hz) during simulated driving. (A) Grand-
averaged dB normalised signal for parieto-occipital alpha (10.5 — 12.5 Hz) during simulated driving following low
load search task, high load search task, and passive viewing task. Time point O s depicts the auditory cue ‘Drive’.
Shaded error bars represent the + standard error of the mean difference. (B) Close-up of passive viewing task
and high load search task during simulated driving. Alpha ERD was significantly greater following the passive

viewing task.

4.4.4.3 Motor activity
Control analyses were run to ensure that motor activity (C3 and C4) did not differ between tasks. A
one-way repeated measures ANOVA on beta activity found no significant differences between Tasks,

F134, 4272) =1.49, p =.23. A further one-way repeated measures ANOVA revealed there was no
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significant effect of motor-related alpha on Task, F1.42, 4554y = .29, p =.76. Table 4.4 provides means

and standard deviations for motor-related oscillatory activity.

Table 4.4. Mean (SD) of simulated driving time-frequency power (dB normalised).

Frequency (Hz) Averaged electrodes Task

Passive Low load High load

viewing search search
Theta (4 -7) FC1, FC2, Fz 0.76 (3.22) 1.83(3.89) 2.11(3.75)
Theta (4 -7) P4, P8, P3, P7,01, 02 1.04(3.39) 2.55(3.65) 2.78(3.80)
Alpha (10.5-12.5) FC1, FC2, Fz -1.73(2.81) -1.68(2.90) -1.65(2.86)
Alpha (10.5-12.5) P4, P8, P3,P7,01, 02 -2.67(2.92) -2.60(2.96) -2.54(2.91)
Beta (15-25) C3,C4 -1.43(1.80) -1.23(2.07) -1.23(2.18)
Alpha (10.5-12.5) C3,C4 -1.36 (2.40) -1.31(2.50) -1.31(2.50)

4.4.3.4 Correlations between parieto-occipital alpha and driving performance

In regards to takeover quality metrics, representing continuous measures of performance, significant
differences between vehicle speed and the standard deviation of lateral position (SDLP) were found
between conditions, and therefore a participant by participant correlation was undertaken on vehicle
speed with parieto-occipital alpha activity, and SDLP and parieto-occipital alpha activity, for each
condition (p <.008 corrected). A Pearson’s correlation revealed that parieto-occipital alpha negatively
correlated with vehicle speed following the low load search task, r = -.46, p = .008, and following high
load search task, r=.51, p = .002. The correlation between alpha and a passive viewing task did not
reach statistical significance, r=-.3 p =.09. Overall, following a low load or high load search task,
greater alpha ERD represented better performance (closer to the speed limit: 60 mph). See Figure
4.10. The non-parametric Spearman’s rank correlation revealed no significant association between
SDLP and alpha during simulated driving following a low load search task, r;=-.01, p = .95, a high load

search task, r; = .01, p = .95, or a passive viewing task, rs = .04, p = .83.
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Figure 4.10. Significant correlations between parieto-occipital alpha and vehicle speed. Linear trendline depicted
as a red line with shaded area representing 95% confidence interval. (A) Parieto-occipital alpha negatively
correlated with vehicle speed following a low load search task. (B) Parieto-occipital alpha negatively correlated

with vehicle speed following a high load search task.

4.4.3.5 Overview of simulated driving results

Table 4.5 provides an overview of all simulated driving results. Performance measures revealed that
both takeover time and takeover quality were impacted by the engagement of a previous unrelated
search task. Time to accelerator pedal was greater (i.e. increased reaction time) following a low visual
search task when compared to a passive viewing task, and following a high visual search task when
compared to a passive viewing task. Longitudinal (speed) control was also negatively impacted, and
standard deviation of lateral position was greater, following both the visual search low and high task
when compared to the passive viewing task. Similarly, transient frontal ERS and parieto-occipital theta
ERS was greater following both low and high search task when compared to the passive viewing task.
Parieto-occipital alpha ERD was lower following a high load search task when compared to a passive

viewing task.
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Table 4.5. Overview of simulated driving results.

Measure Parameter Time Low Passive Passive
window —High viewing viewing
(ms) — Low — High
Behavioural Time to accelerator pedal (s) - Low High T
Vehicle speed (mph) - Low High {
Standard deviation of the lateral position (In) - Low High T

Standard deviation of vehicle speed (mph) - - -
EEG Frontal theta ERS (dB) 200 -900 - Low High T
Parieto-occipital theta ERS (dB) 200 - 800 - Low High T

Frontal alpha ERD (dB) 900 —-9100 - - -
Parieto-occipital alpha ERD (dB) 900 —-9100 - - High ¢

Motor beta ERD (dB) 950 -5100 - - -

Motor alpha ERD (dB) 950 -5100 - - -

Key: ‘N represents the parameter was statistically significantly greater during the specified condition, ‘{,’ was
significantly lower during the specified condition, and ‘' represents the parameter was similar between both
conditions. Key: event-related synchronisation: ERS; event-related desynchronisation: ERD; dB: decibel

normalised

4.5 Discussion

The aim of this study was to investigate the modulation of task-related and attentional-related
oscillatory mechanisms, namely theta synchronisation (ERS) and alpha desynchronisation (ERD),
during simulated driving when preceded by a visual search task differing in perceptual load (low versus
high) and a passive viewing task. The present study also investigated whether driving performance
varied following engagement with the visual search task of low or high load or the passive viewing
task. Initial analyses revealed the visual search task successfully manipulated attentional load, as
represented by poorer performance, decreased theta synchronisation, and increased alpha
desynchronisation during high load search task when compared to low load search task. This replicates
the findings from Chapter 3, providing confidence that attentional load was manipulated during visual
search. Five main findings related to simulated driving were identified. First, greater parieto-occipital
alpha desynchronisation was identified during manual driving when compared to passive viewing.
Second, reaction time, lateral control, and longitudinal (speed) control during driving was negatively
impacted by the search task, regardless of attentional load. Third, EEG data revealed that frontal and
parieto-occipital theta synchronisation during simulated driving was lowest following the passive

viewing task when compared to both search tasks. Fourth, parieto-occipital alpha desynchronisation
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was greatest following the passive viewing task when compared to the high load visual search task.
Finally, neurobehavioural correlations revealed a significant negative relationship between parieto-
occipital alpha desynchronisation and speed, demonstrating that lower alpha power was associated

with better driving performance (closer to the speed limit: 60 mph).

4.5.1 Reaction time and standard deviation of lateral position were greater, and speed was lower,

following a visual search task of both low and high load

Time to accelerator pedal was greater following a visual search task of both low and high load, when
compared to passive viewing, suggesting participants took longer to immediately engage with the
driving controls. Takeover quality metrics of lateral and longitudinal control were also negatively
impacted by the visual search task. Standard deviation of lateral position (SDLP) was greater following
engagement with a search task, when compared to the passive viewing task. This suggests that
participants demonstrated less control of the vehicle ‘weaving’ in and out of the lane. In addition,
participants speed was lower following a search task. For the vehicle to keep constant speed,
participants were required to accelerate. Therefore, time to accelerator pedal and the lower speed
value following a search task represents participants keeping their foot off the pedal and not
accelerating when required to. This could be due to allocation of cognitive attentional resources to
taking over, and therefore the delayed ability to regain awareness of the vehicle controls such as
accelerating. The findings support previous studies that have demonstrated that engagement with
prior tasks impact takeover time and takeover quality metrics such as longitudinal acceleration (Gold
et al., 2016), speed reduction (Larsson et al., 2014) and lane deviations (Merat et al., 2014). However,
there are a number of studies that have contradictory results. Like the present study, Zeeb et al. (2017)
found lateral control was impacted by a secondary task. However, braking was not impacted. At first
glance, these results seem to differ from the present study, however, Zeeb et al. (2017) measured
time to first braking rather than speed deviation from the limit. Therefore, the vehicle speed metric
involves the continual control of speed, whereas first braking represents a transient reaction time
measure representing an intuitive response to a takeover. Yet, the present study did demonstrate
deficits in time to first acceleration, suggesting a transient reaction time measure was negatively
impacted by the engagement in an unrelated task, contradicting Zeeb et al's. (2017) findings.
Nevertheless, as studies concentrate on distinct tasks and metrics to characterise takeover

performance, it is difficult to directly compare experiments.

148



Prior Attentional Load on Simulated Driving

Although takeover time and quality differed between a passive viewing task and both search tasks, a
significant effect was not found between low load and high load search tasks. This is in accordance
with previous studies that have similarly found that engagement with tasks impacts takeover
performance, regardless of the task performed (e.g. Dogan et al., 2019; Zeeb et al., 2017). However,
the results differ from studies that have found differences between type of task. Gold et al. (2015)
compared four types of task on takeover performance, each separately involved in different aspects
of visual processing, motor processing, and/or cognitive processing. They found that visual processing
as measured by the surrogate reference task had an impact on takeover times, yet the cognitive n-
back task did not have an impact on easy takeover situations. The authors explain this discrepancy
citing the multiple resources model (Wickens, 2002), which is rooted in bottleneck theories of
information processing (Broadbent, 1958). The surrogate reference task and manual driving share
similar cognitive processes which cannot be carried out concurrently. Therefore, performance deficits
are due to the overlap of similar visual processes engaged. On the other hand, in less-cognitively
demanding takeovers, engaging in cognitive tasks beforehand has little interference on the takeover.
This could explain the present findings. Takeover situations were non-critical nor complex. In addition,
participants undertook the same type of takeover 180 times during the one-hour experiment.
Therefore, the complexity of the takeover could have been insufficient to evoke a differential effect

between low and high load search tasks.

It is challenging inferring takeover quality from limited metrics. Radlmayr et al. (2019) recently
introduced a framework for measuring takeover performance including vehicle behaviours such as
lateral and longitudinal acceleration, cognitive processing parameters such as gaze reaction times, and
subjective ratings such as complexity. While this allows for a more comprehensive way to fully
understand takeover performance, the main goal of the present study was to characterise attentional
and target encoding neural mechanisms during driving following a secondary task. Nevertheless, the
results suggest that lateral and longitudinal control of the vehicle were impacted following

engagement with a prior unrelated task.

4.5.2 Parieto-occipital alpha desynchronisation was greater during manual driving compared to

passive viewing
Additional analyses revealed that parieto-occipital alpha desynchronisation was greater during active

driving versus passive viewing, where the participant merely monitored the roadway ahead. Crucially,

the visual environment was the same between both conditions, yet the task demands were distinct.
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Active driving required recruitment of cognitive and motor processes to enable effective vehicle
control, suggesting the increase in alpha ERD represents this increased recruitment and engagement
of multiple networks related to successful takeover. Additional analyses revealed that the significant
differences were apparent in the first five seconds. During the following 5 seconds, alpha ERD
increased during passive viewing, and values were similar to manual driving (Figure 4.10). The
experimental design may have encouraged the increase in alpha ERD. During the task, participants
were aware that they were required to grab the steering wheel and take control of the vehicle in a
few seconds time. An increase in alpha desynchronisation may therefore present this anticipation;
participants may have learnt when to start engaging attentional mechanisms for successful takeover.
Indeed, the literature reports anticipatory alpha power desynchronisation, particularly when stimulus
intervals are predictable (e.g. Foxe et al., 2014; Rohenkohl & Nobre, 2011). Unfortunately, trials of the
same length had to be administered for increasing the signal-to-noise ratio of the EEG data. Therefore,
it was not possible to have trials of different lengths, with longer intervals and more inter-stimulus
variability in time, resulting in less takeovers. Intriguingly, it took approximately 2 seconds for alpha
ERD levels to reach similar levels to manual driving, just before the expected takeover was about to
happen. Meta-analysis behavioural research has shown that the average takeover time is 2.72 seconds
(Zhang et al., 2019), yet participants in the present study were, on average, quicker, as time to
accelerator pedal was just over 2 seconds. Did the increase in alpha desynchronisation support a
quicker takeover? Although this is speculative, future research should explore this link by comparing

alpha levels and takeover times between unexpected and expected takeovers.

4.5.3 Frontal and parieto-occipital theta synchronisation was suppressed following a passive viewing

task

An increase in theta power occurred at cue onset following both search tasks, yet theta ERS was
suppressed following the passive viewing task. This was expected, as phasic theta activity has been
suggested to relate positively to task demands (Klimesch, 1999). As participants performed better
during simulated driving following the passive viewing task, this suggests that task demands were
lower. Moreover, frontal theta has been associated with attentional allocation processes. Missonnier
et al. (2006) found that frontal theta ERS was greater during an oddball detection task compared to
an n-back task. The detection task required participants to press a button as soon as a target was
detected, representing attentional allocation rather than working memory processes. The authors
therefore argue that a directed attention network is reflected in the theta response. This is supported

by recent research that found increased theta power during externally directed attention (e.g. Kam et
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al., 2018), as well as research that shows increases in theta ERS during externally directed tasks such
as conflict detection (e.g. Tollner et al., 2017). In the present study, switching from passive viewing to
manual driving required a lower level of external attention to be initially engaged, due to the same
visual environment. Switching from a task to driving required more attention recruiting larger

neuronal populations. This could be reflected by increased theta.

4.5.4 Parieto-occipital alpha desynchronisation was lowest following the passive viewing task

compared to the high load search task

Alpha desynchronisation was greater, measured as lower alpha power, during simulated driving
following the passive viewing task, compared to a task of high load. Given that reduced alpha power
reflects engagement of the respective region (Klimesch et al., 2007), the results suggest a reduction
in task engagement following a high load search task. Although it was hypothesised that lower alpha
power following high load (i.e. greater alpha ERD with the change to simulated driving following a
search task) due to an increase in attention resource allocation, the results in combination with the
behavioural data suggest that deficits in attentional allocation transpired following the high load

search task.

Previous research has found that during driving alpha power is greater during self-reported mind
wandering (Baldwin et al., 2017) and fatigue (Chuang et al., 2018). Moreover, increased alpha power
has been associated with increased driving errors (Campagne et al.,, 2004). Chuang et al. (2018)
investigated oscillatory patterns during one-hour of manual driving. During the study, the vehicle
would drift out of the lane, and participants were required to manoeuvre the vehicle back to the
central lane position. Alpha ERD was present in the parieto-occipital areas, yet, as reaction times
increased, so did alpha power, reflecting reduced ERD. These results are in accordance with the
present study, as EEG and behavioural analyses revealed reduced alpha ERD and worse performance
following a visual search task. Although following passive viewing task the EEG results show a
strengthening of alpha suppression in the parieto-occipital region indicating that participants had to
exert more effort to maintain attention as they took over manual driving, task performance was
better. Moreover, neurobehavioural correlation analyses revealed that greater alpha ERD was
associated with better longitudinal control of the vehicle. This therefore suggests deficit attentional

allocation strategies following a high load search task, supported by poorer performance.

151



Prior Attentional Load on Simulated Driving

Yet, this study did not reveal a significant difference between levels of task load, in that a low load
search task and a high load search task had the same effects on parieto-occipital alpha during
simulated driving. This is similar to the task performance measures as there was also not a significant
difference between search tasks. Potentially, both takeovers were cognitively demanding, although
the between task effect size was small. Although the difference between a low load task and the
passive viewing task was not significant, the difference between a high load task and a passive viewing
task was significant. This therefore suggests that the attentional load of a prior task does modulate
takeover neural mechanisms. While a task of low load is no different to watching the roadway (passive
viewing task), a task of high load results in reduced alpha ERD. Potentially, the search task may have
reduced the immediate re-allocation of attentional resources, as reflected by poorer driving
performance and reduced parieto-occipital alpha ERD. The task of high load effectively ‘switched off’

the relevant ERD response.

The correlation between vehicle speed and parieto-occipital alpha was not significant in the passive
viewing task condition, yet was significant in both low and high load search task conditions. These
results could represent a ceiling effect. As there was little task demand, optimal task performance may
have been achieved, or alpha ERD reached maximum resource capacity. As a consequence, the
relationship between vehicle speed and parieto-occipital alpha may have been masked. In addition,
there was no significant correlation between lateral control of the vehicle and parieto-occipital alpha
in any of the conditions. One possible explanation for this is that alpha ERD is involved in specific
computations required for longitudinal control. Conversely, alpha ERD is less involved in the

computations required for lateral position and more the driving task in general.

In combination, the results suggest that alpha ERD was greatest following the passive viewing task
representing successful attentional resource allocation linked to the initiation of manual driving
following a takeover. Attention allocation was impaired following a visual search task of high

attentional load, represented by lower alpha ERD and poorer performance.

4.5.5 Limitations

While the present study offers insight into the oscillatory mechanisms impacted by non-driving related

tasks, it is not without limitations. As the aim of this study was to measure event-related

synchronisation and desynchronisation, takeovers were repeated approximately every nine

seconds. Understanding driving performance over short trials is limiting. In the real world, it is likely
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that a Level 3-4 autonomous vehicle takeover will occur infrequently. As a result, takeover quality and
time may be substantially hindered and therefore unrelatable to a driving simulator study. In addition,
repeating specific movements in controlled environments may encourage recalibration, and learning
effects have been reported in the handover process (Larsson et al., 2014; Mole et al., 2019). Despite

this, a significant difference was detected in behavioural and EEG measures during takeover.

Despite approximately 10% of the population being adextral (e.g. left-handed or showing no
preference; Peters et al., 2006), this study, including the studies described in Chapters 2 and 3,
included only right-handed participants. This is common practice in cognitive neuroscience research
when group averaging approaches are undertaken. If the sample population includes participants with
varying cortical lateralisation, then statistical sensitivity will reduce (e.g. motor-related activity over
the left and right hemisphere will differ between left- and right-handed participants, adding variance
and cancelling out significant differences). Despite this reasoning, it has been argued that ignoring
adextral populations hinders our understanding of the diverse human brain and there have been
recent calls to include adextral populations in cognitive neuroscience research (Bailey et al., 2019).
Although left-handed participants were not strictly excluded from the present study, nor the studies
described in Chapters 2 and 3, all participants indicated that they were right-handed for computer

mouse use. Therefore, for the case of these studies, they were considered right-handed.

4.5.6 Conclusion

In general, previous studies have found that engaging in non-driving related tasks during periods of
automation has a significant impact on takeover driving performance, often attributed to deficits in
attention and arousal-related mechanisms. Yet, it was not clear how different levels of task demand
impacted performance. This study aimed to add to the literature by being the first study to provide
neurobehavioural evidence for this deficit. The present study successfully took an established task
(visual search) that was used successfully in Chapter 3, to a more applied setting to enable a controlled
evaluation of prior task load on simulated driving. Participants switched between non-driving related
tasks and simulated driving. Three unrelated tasks were administered: a passive viewing task which
involved watching the roadway ahead, a visual search task of low perceptual load, and a visual search
task of high perceptual load. Following search tasks, participants performed worse as reflected by
increased time to the accelerator pedal, greater speed deviation from the speed limit, and increased
standard deviation of the lateral position, reflecting poorer vehicle control. A transient burst of theta

synchronisation was absent following the passive viewing task, reflecting fewer encoding mechanisms
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potentially due to the similar visual environment. Parieto-occipital alpha ERD activity was less
pronounced following the search task of high load when compared to the passive viewing task,
representing deficits in attentional resource allocation. Furthermore, alpha power negatively
correlated with speed, implying a direct link between performance and neural attention-related
activity. Overall, the study provides the first behavioural and neural evidence that engagement with
non-driving related tasks of high attentional load reduces the extent of processing of a simulated
driving task. These results have significant implications for future research and the implementation of
semi-autonomous driving. If a driver is engaged with a task of high attentional load, and a takeover
occurs in an emergency situation, the driver may not be able to recruit the appropriate attentional
mechanisms quickly enough to safely regain control of the vehicle, potentially having life-threatening
consequences. In addition, the results highlight important neural mechanisms for successful takeover
performance, particularly parieto-occipital alpha activity. This provides potential insight into the
possibility for user training in monitoring of automated systems, such as drivers in semi-autonomous
vehicles, or pilots in airplanes. Using neurofeedback, introduced in Section 1.3.2, users can learn when
to increase/reduce neural activity to improve human performance. In the case of this Chapter, drivers
might be able to learn how to reduce alpha power to improve driving performance following a

takeover.

Although this study provides neural evidence for attention deficits following unrelated tasks, it is
difficult to undertake accurate and reliable EEG measurements in the real world. Therefore, the
following study in the next Chapter explores the feasibility of measuring attentional deficits as
indicated by physiological signals unobtrusively, and how they are represented during real-world
autonomous driving. This should provide further insight into the possibility for utilising a biofeedback

system to engage attention in naturalistic environments.
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5.0 The Impact of an Unexpected Event on Autonomic Arousal and
Eye Fixations during Autonomous Driving

5.1 Overview

The previous Chapters revealed specific attention-related neural oscillatory patterns and performance
deficits during a visuomotor task following unrelated visual search tasks differing in attentional load.
The findings from these Chapters have a wide range of implications indicating that changes in
attention are likely when switching between tasks. During semi-autonomous driving, for example,
passive drivers will have the opportunity to engage in non-driving related tasks, and completely
disengage with the vehicle and driving environment, although should continue to monitor the
automation for any faults. Similarly, safety drivers responsible for an automated vehicle under
development can disengage from monitoring the automation, despite the catastrophic consequences
following from overlooking automation errors and potential hazards in the driving environment.
However, applied research is needed to explore the feasibility of measuring fluctuations in attention
and how fluctuations of attention are represented, during real-world autonomous driving. In addition,
given that human-vehicle collaboration and physiological state depends on an array of factors
including age, a comprehensive understanding of specific populations of participants are needed to
better inform a driver state monitoring system. Considering the potential autonomous vehicle
benefits for older adults, such as maintaining mobility and independence, the present study focused
on older adults’ physiological state during periods of automated driving. During this study, multi-
modal attention measures including subjective ratings, autonomic arousal, and eye gaze, were
collected. To fluctuate arousal levels during autonomous driving, participants experienced two types
of stops during different journeys. During an unexpected hazardous stop, a pedestrian walked in front
of the vehicle causing the vehicle to brake. During an expected stop, the vehicle stopped due to

journey route set up.
5.2 Introduction

Road traffic accidents are amongst the top 10 causes of mortality worldwide and are the leading killer
of people aged 5 to 29 years (World Health Organisation, 2018). As vehicles move from manual to
semi-autonomous to autonomous technology, accident rates and fatalities should reduce as human
errors and judgement are likely to be removed from autonomous driving situations (Fagnant &

Kockelman, 2015). Yet, research on automation has demonstrated that rather than the human being
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eliminated, the role of the human changes: humans must adapt to the role of monitoring automation,
which often leads to negative consequences associated with the misuse and disuse of automated
systems (Parasuraman & Riley, 1997). Misuse refers to when the user relies on automation when it
performs poorly; whereas disuse refers to when the users fail to engage automation when it will

improve performance.

5.2.1 Allocation of attention during automated driving

Misuse may play a significant role in the safe development of highly automated vehicles as periods of
automated driving will have a strong impact on the allocation of drivers’ attentional resources. Typical
performance indicators of attentional allocation are not appropriate during autonomous driving, as
the passive driver is not required to carry out manual driving behaviours. Therefore, measures of
speed or lateral position changes will not provide any insight into human performance, as the
automation is in control. Other methods able to detect attentional allocation must be
used. Attentional deployment depends on time-varying factors, and therefore retrospective ratings
cannot truly capture attention levels during complex perceptual and cognitive experiences. Capturing
the human response in real-time can provide light on the human experience during dynamic driving
scenarios. Continual measures of eye gaze and physiology can provide a deeper understanding of

transient and sustained attention during sudden events and long-lasting driving conditions.

Gaze has been shown to play an important role in the driving task with 80% of driving information
obtained by eye movements (Kowler, 2011). Visual strategy and the distribution of fixation points can
provide information about where and when participants are shifting their attention, measured via
fixation count and fixation duration, respectively. Therefore, most studies have investigated visual
gaze behaviour during periods of partially or fully automated driving. Several studies have attempted
to understand the associations between constructs related to automation monitoring and attention
itself. For example, participants with a high level of trust tend to monitor the road less (Helldin et al.,
2013; Hergeth et al., 2016; Korber et al., 2018; Walker et al., 2019). Situation awareness has also been
associated with gaze behaviour. Shinohara et al. (2017) found that recall of features in the driving
environment increased with fixation count and duration, suggesting that participants’ situation
awareness was greater with efficient visual gaze behaviours. Research has also indicated that
psychological constructs such as trust and situation awareness are intermixed. Petersen et al. (2019)
found that enhancing situation awareness by providing direct information regarding driving execution

increased levels of trust.
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The aforementioned studies were undertaken in simulators, yet real autonomous driving is likely to
place a greater demand upon the sensory and cognitive systems. For example, research has found
that drivers tend to steer in the direction of their gaze (Robertshaw & Wilkie, 2008), and as attentional
demands increase during real-world driving, visual scanning behaviours reduce (Recarte & Nunes,
2003; Savage et al., 2013). One study attempted to understand attentional state in passive drivers by
investigating the impact of real-world driving on passengers. Takeda et al.'s (2016) study assumed that
a passive driver is similar to a passenger. Their results revealed that large saccades were greater in
passengers when compared to drivers, suggesting that passengers were more likely to scan irrelevant
stimuli. Eye-blink duration was also greater in passengers, indicating lower arousal. In combination,
these results indicate that attentional load was lower in passengers. However, the study fails to
capture the true role of a passive driver in an autonomous vehicle, whom will have access to a type of
human-machine interface for active monitoring of the automated system, and may be able to override

the automated vehicle controls by activating an emergency stop button.

Suboptimal levels of cognitive functioning can also be assessed via psychophysiological measures of
autonomic arousal (Lohani et al., 2019). Carsten et al. (2012) found that heart rate was lower during
autonomous driving when compared to semi-automated and manual driving, providing support for
cognitive underload during periods of automation. These results are supported by studies that have
found that autonomous driving reduces self-reported workload (De Winter et al., 2014). The serious
implications of cognitive underload during autonomous driving have been emphasised by studies
investigating sleepiness and fatigue. Vogelpohl et al. (2019) found that passive drivers in automated
driving situations reported greater fatigue levels and displayed prolonged eyelid closures, reflecting

lower arousal or sleepiness when compared to manual drivers.

Neurophysiological evidence provides additional support that attentional mechanisms are modulated
during periods of automated driving. Van Der Heiden et al. (2018) found the P3a event-related
potential component, related to novel stimuli, was reduced in amplitude during automated driving
when compared to stationary. These results indicate that during periods of automation, the
processing of task-irrelevant auditory stimuli is reduced. Despite Takeda et al.’s (2016) study indicating
that passengers scan task-irrelevant stimuli more than manual drivers, the results from Van Der
Heiden et al. (2018) suggest that cortical processing of irrelevant stimuli is lower in passive drivers.
These conclusions are partially supported by Hidalgo-Mufioz et al.'s (2019) work measuring

oxyhaemoglobin with functional near-infrared spectroscopy. Oxyhaemoglobin was lower, reflecting
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increased neural metabolism and activity, in right frontal areas during autonomous driving, compared
to manual, when listening to auditory stimuli. These results suggest that during automated driving,
attentional resources were allocated to processing irrelevant stimuli more so than when manual
driving. In line with perceptual load theory (Lavie, 2005, 2010), the more difficult the task (i.e. driving
versus non-driving), the more difficult it is to process background stimuli. Therefore, during periods of

automated driving, attentional mechanisms are more susceptible to distractors.

5.2.2 Allocation of attention during unexpected events while driving

Overall, the current research suggests that information processing load is lower during autonomous
driving. However, attentional allocation evolves over time with changing task demands. Therefore,
understanding how attention is modulated during context-specific scenarios can provide insight into
the mechanisms responsible for insufficient responses when automation fails. Measures of visual
behaviour have demonstrated distinct oculomotor actions during unexpected events. During normal
driving, fixation duration increases and visual scanning decreases during hazardous moments
(Mackenzie & Harris, 2015). Strauch et al. (2019) found that participants fixated in safety-critical areas
(i.e. the steering wheel and forward roadway) more so during automated versus manual driving. This
suggests that critical events during autonomous driving are more demanding on attentional systems,

thus emphasising the need for a sufficient amount of available attentional resources.

Increases in arousal have been linked to attention narrowing to the central focus of stimuli (e.g.
Laumann et al., 2003). Therefore, the breadth of attentional focus can also be demonstrated by
physiological indicators of arousal during unexpected events in automated driving (Meinlschmidt et
al., 2018). For example, Zheng et al. (2015) found that masseter electromyography increased and self-
reported comfort decreased, as the headway between the lead vehicle decreased. During unexpected
takeover requests and misleading notifications, Ruscio et al. (2017) demonstrated an increase in
sympathetic arousal as measured by skin conductance response amplitude. In contrast,
parasympathetic activity, as measured by respiratory sinus arrhythmia, did not change. However,
parasympathetic inhibition did increase during expected takeover requests. Analogous to the
malleable attentional resources theory (Young & Stanton, 2002), the authors argue that attentional
capacity was hindered during periods of automation. An unexpected takeover generated an overload
of central processing resources (i.e. no parasympathetic inhibition), whereas an expected takeover
did not. Therefore, during the unexpected takeover, attentional resource allocation was reduced,

leading to delayed reaction times.
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Overall, the research demonstrates that during an unexpected critical event, attentional demands are
disproportionate to the allocated resources. Autonomous driving encourages attentional demands to
become even more inadequate due to factors such as fatigue, loss of situation awareness, overtrust
and overreliance (e.g. Choi & Ji, 2015; Vogelpohl et al., 2019). In turn, this could lead to unsafe human-

vehicle interaction and subsequently critical accidents.

5.2.3 Older adults and autonomous driving

Attentional allocation and automation issues discussed in the previous sections are potentially
amplified in an older adult population with ageing-related impairments, as they are more likely to rely
on automated systems (McBride et al., 2011), find it more difficult to perform two or more tasks
simultaneously (Kramer & Madden, 2008), and are more prone to lack understanding of advanced
technology (Mann et al., 2007). Moreover, research has indicated that older adults have concerns
using autonomous vehicles due to issues related to trust and confidence, such as not having an
operator nearby during autonomous vehicle failures (Faber & van Lierop, 2020). Yet, autonomous
driving has the potential to enhance older adults’ wellbeing and health. Age-related declines in
cognitive, visual capacities, physical disability, and illness, subsequently impact driving ability as it
becomes more physically and cognitively demanding. The possibility of becoming a non-driver rises
with age (Anstey et al., 2006), and some drivers choose to restrict their driving (Dellinger et al., 2001).
Driving cessation can have a negative impact on mobility and wellbeing, and feelings of isolation can
be amplified (Qin et al., 2019). As different cognitive and physical demands of the task are replaced
by automation elements, autonomous vehicles may offer an alternative transport solution for the
older population. By enabling a viable transportation option, mobility is likely to be restored enabling
older adults to lead more independent lives. In turn, this should promote participation in local and

social events, encouraging feelings of social inclusion and satisfaction.

Considering the potential autonomous vehicle benefits for older adults, such as maintaining mobility
and independence, and the age-related individual differences related to human-automation
collaboration, a comprehensive understanding of older adults’ psychophysiological state during
periods of automated driving, particularly during unexpected situations, is needed. Understanding an
older adults’ functional state will better inform a driver state monitoring (DSM) system including
cognitive and affective indices, to improve health and wellbeing for older adults travelling in
autonomous vehicles. This is particularly important as autonomous vehicles have the potential to

enrich older adults’ lives, but only if they are implemented successfully.
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5.2.4 Experiment rationale

The goal of the present study was to understand how visual attention and arousal fluctuated in older
adults during an unexpected event during autonomous driving. An experiment was designed which
instigated an unexpected stop due to a hazard during real-world autonomous journeys. Subjective
measures of trust, reliability, workload, and situation awareness were taken retrospectively, before
and after all autonomous journeys. Trust and reliability were also rated after the unexpected stop.
Physiological measures of electrodermal activity and heart rate, and gaze fixation metrics were
collected continuously throughout the experiment, to provide further insight into arousal
mechanisms, and transient and sustained attention. The unexpected stop was compared to an

expected stop.

This experiment was an applied field study using a real-world autonomous ‘Pod’. Although a number
of studies have suggested that simulators can provide a valid tool for assessing driving behaviour
(Mullen et al., 2011), it is not clear whether simulators can assess drivers’ attentional allocation during
autonomous driving. Therefore, studies utilising real vehicles are necessary to understand the impact
of unexpected events on drivers’ attention. In addition, several subjective, physiological, and cognitive
indices were collected to try and accurately capture human-vehicle interaction during the unexpected
stop. Chapter 2 revealed an increase in skin conductance level during the first minute of a task,
indicating a transient autonomic response to a demanding situation. In addition, heart rate increased
halfway through the task, indicating a slower autonomic response to a demanding task. Therefore,
electrodermal activity in combination with heart rate was collected for the present study. Ocular
behaviour provided real-time measures of transient and sustained attention, indicating which areas
of the visual environment captured eye gaze, and how visually and cognitively demanding the visual
environment was. EEG indices were not collected for several reasons. Firstly, set up of the EEG, which
normally takes up to an hour, would have increased the duration of the study drastically, resulting in
fatigue and boredom confounding potential findings. Secondly, it would have been difficult to set up
an EEG in the small pod-like vehicle that moved around freely, as the equipment is not portable. A
wireless dry sensor EEG system could alleviate some concerns, but would still require some
preparation, and advanced technical expertise to send event markers (i.e. the onset of an unexpected
event), as well as restricted functionality due to low sampling rate and susceptibility to artefacts such
as facial muscles. In addition, an event-related design could not be carried out and the signal-to-noise

ratio of the EEG would have been reduced. Ultimately, given the applied nature of the study and the
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sample population, less obtrusive and portable devices were preferable for participant comfort and

acceptability.

The hypotheses were informed by previous research suggesting attentional demands are
disproportionate to the allocated resources during unexpected events while driving (e.g. Ruscio et al.,
2017; Strauch et al., 2019; Zheng et al., 2015). Therefore, it was predicted that the unexpected event
would narrow the focus of overt visual attention coupled with an increase in heart rate and skin
conductance and a reduction in heart rate variability. As autonomous driving has been shown to
induce fatigue, reduce situation awareness, and promote overtrust and overreliance in older adults
(e.g. Choi & Ji, 2015; Vogelpohl et al., 2019), it was expected that self-report ratings of trust and
reliability would be greater following an unexpected event compared to an expected event, and

situation awareness and workload ratings would be reduced following autonomous driving.

5.3 Method

5.3.1 Participants

Thirty-nine adults originally participated in this study. Two participants were excluded from all
subsequent analyses due to the Pod experiencing technical errors during the journeys, leaving 37
participants (sixteen females, twenty-one males, mean age + SD = 68.35 * 8.49 years, range 48 — 89
years, two participants under 60 years). Due to recording errors during data collection, only 30
participants’ physiological data were subsequently analysed (twelve females, eighteen males, mean
age +SD =69 + 8.75 years, range 48 — 89 years). Due to eye-movement abnormalities such as lazy eye
(three), technical errors including unsuccessful calibration of the eye tracker (five), and low gaze
samples (three), only 26 participants’ eye tracking data were subsequently analysed (twelve females,

sixteen males, mean age + SD = 67.19 + 7.32 years, range 52 — 89 years).

All participants had normal or corrected-to-normal vision. Five participants had corrected hearing. All
but three participants held a valid driving license. No participants had any previous experience with
highly automated driving. Those with significant health conditions (e.g. epilepsy, neurological
impairments, coronary issues) were not permitted to take part. Participants received a £20 voucher
as compensation for their participation to cover expenses. All participants gave written informed

consent and were fully debriefed at the end of the study. Ethical approval was obtained by the Faculty
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of Health and Applied Sciences University of the West of England Research Ethics Committee
(HAS.18.09.024).

5.3.2 Apparatus

5.3.2.1 Autonomous vehicle

A Pod Zero autonomous pod provided by Aurrigo (RDM Group) was used as the autonomous vehicle
(see Figure 5.1). The Pod is a compact research and development vehicle designed to be used in
pedestrian areas and shared pedestrian/vehicle routes. It is electrically driven and can be used
continuously for 10+ hours of normal operation. It is a four-seater vehicle, with two benches facing
each other designed similarly to a four-seater in a train. Due to safety regulations, a safety person was
always present in the vehicle observing the environment and had access to an emergency stop button.
The participant sat facing forward, viewing the external environment out of a front and two small side
windows (see Figure 5.3 for an example of a participants’ field of view). Four marshals supervised the
front and back of the vehicle, and the route was supervised by additional marshals at each intersection

to ensure no vehicles or pedestrians caused an obstruction.

The autonomous behaviour of the Pod was achieved using the Wizard of Oz approach (Kelley, 1985),
whereby the Pod was remotely teleoperated in manual mode using a hand-held wireless control unit
by an operator positioned behind the vehicle not in view of the participant. Driving the Pod in the
teleoperated mode ensured that its actions were replicable between participants; the Pod could be
made to respond similarly to different obstacles and follow the route as planned. At the beginning of
the study, participants were told the vehicle was run fully autonomously. During debriefing,
participants were told the Pod was operated manually by a teleoperator walking behind and remotely
controlling it during the study. As the driving route involved a pedestrian area, the vehicle was

controlled at walking speed, approximately 3-5 mph.

5.3.2.2 Human-machine interface (HMI)

The human-machine interface (HMI) was presented on a HannsG HT161HNB 15.6" Multi Touch Screen

connected to a Kodlix GN41 Mini PC (Windows 10, Intel Celeron processor, 8GB RAM, 64GB). The

design of the HMI was informed by HMI design principles, public engagement workshops with older

adults, and feedback from previous iterations of the HMI (Eimontaite et al., 2020; Morgan et al., 2018).
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The HMI graphical touch screen displayed the vehicle speed, time remaining until destination, a safe
stop button, a journey map, vehicle ‘health’, and journey set up/change options (see Figure 5.1). The
functionality of the safe stop button was described to the participant at the beginning of the study,
emphasising that pressing this icon would initiate the vehicle to stop. The vehicle ‘health’ icon
provided information about the current working order of the automated system including the tyres,
brakes, network, and battery level. During the study, the vehicle health was always shown as being in
good working order. The HMI presented visual and audio notifications to describe the vehicle’s

behaviour and journey course, such as “Turning left” and “You have arrived at your destination”.

Figure 5.1. Autonomous vehicle and human-machine interface. (A) Autonomous Pod utilised during the study.

(B) Human-machine interface display during the journey.

5.3.3 Journeys

Participants in the study went on six journeys consecutively in a random order. Before each journey,
participants were provided with a scenario that specified the journey they were required to set up on
the HMI. There were six possible destinations/stops in total: Home, Health Centre, Recycling Centre,
Sports Centre, Sports Field, Post Office. Among the six journeys there was always a journey including
an expected stop and another journey including an unexpected stop due to the hazard. Both journeys
were of an equivalent length and lasted for approximately six minutes. Some of the other journeys
also included other variables such as picking up a friend. As the main focus of the Chapter is to
investigate the impact of an unexpected event, other journeys will not be described in detail. All
journeys were randomised between participants so that the unexpected stop happened either during

journey two or journey five, and the expected stop happened during journey one, journey three, or
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journey four. Overall, participants experienced approximately 60 minutes of the automated driving

system.

The expected stop was initiated during journey set-up and was therefore expected by the participants.
A few seconds before the vehicle stopped, an HMI notification “You are arriving at [Stop]” was
presented. Once the vehicle stopped, a notification “You have arrived at [Stop]” was presented. The
HMI then displayed an option to either resume or stop the journey. All participants resumed the
journey. The unexpected stop was executed as an emergency stop appearing to the participants as
happening suddenly, and as such, was not anticipated by the participants. A marshal was instructed
to answer their mobile phone and walk in front of the Pod. The teleoperator of the Pod then initiated
the vehicle to stop. The HMI notification “The vehicle detected a hazard in the road and has stopped.
Your journey will resume shortly” was presented on the HMI. Once the marshal had moved safely out
the way, the Pod would restart and continue the journey. The participant was not required to do

anything.

5.3.4 Protocol

Participants arrived and met the author and other researchers near the student accommodation area
on the university campus, where the trial took place. Participants were reminded of the content of
the information sheet, asked about their wellbeing and whether they had any concerns or questions.
Then they signed printed copies of the consent form and filled in the pre-trial questionnaires. Once
the physiological and eye tracking equipment were set up, participants were taken outside and
introduced to the Pod. Participants sat inside the vehicle wearing a seatbelt and facing forwards. At
the beginning of each journey, the participant received the journey scenario that specified the journey
destination and stop if there was one. Once the journey was set up, the participant experienced the
journey. Participants were told they could interact with the HMI as little or as much as they wished to.
After each journey, participants provided verbal trust and reliability ratings to the author or another
researcher. This process was repeated six times and all participants completed six journeys.
Afterwards, participants left the vehicle and filled in several post-trial questionnaires. The full testing
session, including the induction and filling out questionnaires, lasted for approximately 150 minutes,
depending on inter-individual variability. See Figure 5.2 for a schematic of the experimental
procedure. A significant amount of time was required to be scheduled when conducting studies with
the sample of older participants. It was important to ensure a pace that did not increase fatigue, and

enough time to reflect and discuss issues and questions raised.
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Figure 5.2. Experimental procedure. (A) During an unexpected event, a marshal walked in front of the vehicle.
This caused the vehicle to stop and display a message, “The vehicle has detected a hazard in the road. The vehicle
will resume shortly”. The vehicle resumed once the roadway was clear. (B) During an expected event, the vehicle
came to a stop when it reached a destination. The HMI displayed a message, for example, “You have arrived at
Sports Centre”. The participant was required to press “Resume” on the HMI for the vehicle to resume the

journey.

5.3.5 Measures

5.3.5.1 Self-report measures

The trial involved a combination of questionnaires to fill in before and after all (six) autonomous

vehicle journeys. The below subjective rating questionnaires were analysed for this Chapter.

The NASA Task Load Index (NASA-TLX; Hart & Staveland, 1988): The NASA-TLX is a subjective,
multidimensional questionnaire that assesses mental, physical, and temporal demand, effort,
performance, and frustration constructs. The NASA-TLX has been used widely in the manual driving

and automated driving literature (e.g. Chen et al., 2019; Saffarian et al., 2012). A description for each
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of the subscales was provided to the participant before rating. Participants rated each factor within
10-points with .5-point steps. The greater the score, the more demanding was the factor. See

Appendix 5.1 for an example of the questionnaire.

The Situation Awareness Rating Technique (SART; Selcon & Taylor, 1990): The SART is a
multidimensional scaling technique of perceived situation awareness. Situation awareness is a
construct that refers to the perception of environmental cues, with a focus on the near past, current,
and future situations (Flach, 1995). For example, when a passive driver perceives and detects objects
in the driving environment and understands the vehicle’s state and behaviour, their situation
awareness is considered to be high. Yet, when they are unaware of objects in the visual environment
and unaware of the vehicle’s state or behaviour, their situation awareness is low. Transportation
incidents have indicated that poor situation awareness during automation monitoring can lead to
catastrophic accidents (Endsley, 1996), and the SART has previously been utilised in autonomous
vehicle research (e.g. Petersen et al., 2019; Schewe et al., 2019). Ten items were presented with
bipolar responses e.g. How changeable is the situation? Is the situation highly unstable and likely to
change suddenly (High) or is it very stable and straightforward (Low)?. Participants responded on a

scale from 1 “High” to 7 “Low”. See Appendix 5.2 for an example of the questionnaire.

Trust in Automation (TiA; Gold et al., 2015): The TiA questionnaire has been used in automated vehicle
research to understand the confidence participants’ hold in the automated system and the factors
that modulate this relationship (Gold et al., 2015). The scale contains 19 items on a Likert-type rating
scale from 1 “Strongly disagree” to 5 “Strongly agree” that measure participants’ trust in automation
e.g. The system state was always clear to me. The questionnaire is structured into five subscales:
reliability/competence, familiarity, trust, understanding, and intention of developers. See Appendix

5.3 for an example of the questionnaire.

Trust and reliability ratings: Trust and reliability were measured with a single-item scale to limit
interruptions to the autonomous vehicle journeys. Participants were asked to rate how much they
trusted the autonomous vehicle on a scale from 0 “Did not trust” to 10 “Completely trust”. They were
also asked how reliable the vehicle was on a scale from 0 “Not reliable” to 10 “Completely reliable”.
In addition to pre-journey and post-journey ratings, trust and reliability scores were collected verbally

from participants at the end of every journey.
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5.3.5.2 Physiological arousal

Continuous physiological acquisition of heart rate (beats per minute; BPM) and electrodermal activity
(skin conductance level; uS) were collected using an Empatica E4 wristband (Empatica Inc., Cambridge,
MA, USA and Milan, ltaly) to measure levels of autonomic arousal. The sampling frequency for the
electrodermal activity sensor was 4 Hz and the photoplethysmography sensor on the Empatica
measured blood volume pulse at 64 Hz. The internal Empatica software derived the BPM. The
Empatica E4 wristband was placed on participants’ non-dominant wrist to reduce the possibility of
motion artefacts. The Empatica was fastened tightly as comfortable for the participant, so the
wristband did not move around. The E4 also collected acceleration data from a 3-axis accelerometer,
which enabled monitoring of wrist movements. The sampling frequency of the accelerometer was 32

Hz.

An event marking button on the Empatica E4 was pressed in front of a camera, which triggered a LED
light to be illuminated on the Empatica, and simultaneously logged a timestamp in the data. This mode
of creating a marker was done to aid the later analysis of when events of interest (i.e. the unexpected
event) occurred in the physiological data. The process for deriving the times of interest is described in

Section 5.3.6.2.

5.3.5.3 Eye tracking

Tobii Pro Glasses 2, an eye tracking device, was used to collect fixation metrics (Tobii Glasses Eye
Tracker, Tobii Technology, Stockholm, Sweden). The Tobii Glasses are a wearable eye tracker worn
like a pair of glasses. The design is lightweight and has no side or bottom frame, preventing any
distraction in the participant’s visual field. The head unit is comprised of several cameras; a high-
definition camera captured participants’ field of view (82° horizontal and 52° vertical), and two eye
tracking sensors below each eye captured participants’ pupil diameter and movements. To improve
the accuracy of the eye tracking sensors, near infrared lights illuminated the pupil. The sensors have
a sampling rate of 100 Hz. A microphone recorded the audio of the environment. The Tobi Pro Glasses
do not work with standard eyeglasses as glasses can create additional glint that can lead to data
corruption. Individuals wearing glasses were asked to remove them, and a suitable prescription lens
was attached to the glasses (ranging from —5.0 dpt to +3.0 dpt). Once the participant was wearing the
head unit, the manufacturer’s calibration procedure was followed which typically took less than 30

seconds and consisted of participants fixating on a central target.
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5.3.6 Pre-processing

5.3.6.1 Self-report measures

All questionnaire data were entered into Microsoft Excel 2016 for pre-processing. The NASA-TLX
constructs were mapped to a 100-point scale by counting the number of lines the participant marked,
subtracting one, then multiplying by five. The constructs were then averaged independently to provide
a raw-TLX score for each factor (mental, physical, temporal, effort, performance, frustration). This
approach has been widely used in the literature and was undertaken to better understand what
aspects of workload were affected (Hart, 2006). An overall SART score was derived using the following
formula as provided by the authors (Taylor & Selcon, 1990): summed understanding divided by
(summed attentional demand — summed attentional supply). An overall score for TiA was derived from

the average of all items.

5.3.6.2 Physiological arousal

Data were opened and pre-processed in Microsoft Excel 2016 using Excel’s in-built functions.
Electrodermal activity and heart rate values, with corresponding timestamps, were pre-processed
separately and followed the same procedure. For the EDA data (4 Hz sampling rate), every four
samples were averaged to produce one value for every second, and similarly, one second averages
were used to analyse heart rate data. The averaged data were aligned to the appropriate time point,
to allow for averaging across time points of interest. To do this, the timings of the conditions were
extracted from the eye tracking recordings. The wearable eye tracking device had a wide angled
camera that captured the experiment from the participant's view, and each video sample specified
the 24-hr time. The time stamp of the start of the recording was extracted (e.g. 13:07:13). At each
time of interest, the 24-hr time was calculated (e.g. Journey 1 started at 05:46 into the recording, and
therefore started at 13:12:59). The time the marker was pressed in the recording was subtracted from
the 24-hr time of interest, which provided a difference time between the marker and start of the time
interest (e.g. 15 seconds). The Empatica marker on the Empatica recording was then converted from
UNIX to the corresponding 24-hr time. The Empatica marker time was then added to the difference
time. This provided an initial start time stamp for the time of interest in the Empatica data. Next, the
appropriate data values were extracted for each time of interest. During pre-processing, it became

clear that there were many missing interbeat interval samples from the Empatica. Unlike the blood
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volume pulse signal which has a sampling frequency of 64 Hz, the interbeat interval signal is only
calculated when a beat is detected. Missing values impact the reliability and accuracy of the
calculation of the differences between successive samples (Gruden et al., 2019), and therefore, heart
rate variability measures of RMSSD, SDSD, and pNN50 were not further analysed. For data relating to
the unexpected and expected stop, data were averaged within two times of interest: 30 seconds

before the stop and 30 seconds after the stop.

5.3.6.3 Eye tracking

Eye tracking analysis was undertaken using Tobii Pro Lab software version 1.138 (Tobii Technology,
Stockholm, Sweden). The gaze sample percentage across the entire recording was first
assessed. Eye tracking glasses captured a mean of 80% (SD =18%) of gaze samples. Events were
then logged to indicate the start and end of events in the recording. Times of Interests (TOlIs) were
defined by selecting the appropriate start and end event markers. This allowed for segmentation of
the data into intervals of time relevant to subsequent data analysis. The ‘Pre-stop’ TOl was considered
the 30 seconds before the presentation of the notification when the vehicle stopped; the ‘During’ TOI
consisted of the time the notification was displayed visually; the ‘Post-stop’ TOl was considered the
30 seconds after the presentation of the notification. Gaze data from the recording were then
manually mapped onto an image best depicting the overall visual view of the participant. Next, Areas
of Interests (AOls) were defined on each mapped image for each TOI (see Figure 5.3). Three AOIs
were created representing the HMI, the central view of the driving environment, and the peripheral
view of the driving environment. To finish, the I-VT Filter (Fixation) was applied to the data, which set
the velocity threshold parameter at 30 degrees/second. If the sample was below this threshold, it was

classified as a fixation.

Total fixation duration and total fixation count metrics were exported. Because the time of the critical
event varied across participants, and to standardise to account for variability within patterns of
fixations, it was necessary to calculate fixation count and fixation duration proportions based on the
total numbers of fixations and fixation durations. Fixation duration was defined as the amount of time
spent looking at each AOI divided by the total duration of fixations. Fixation count was defined as the
number of fixations towards each AOI divided by the total number of fixations. Averages were

calculated for subsequent analyses.
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Figure 5.3. Areas of Interest (AOI) for eye tracking analysis. (A) Central environment. (B) Peripheral

environment. (C) Human-machine interface.

5.3.7 Statistical analyses

All statistical analyses were performed using IBM SPSS Statistics for Windows version 26 (IBM
Corp., Armonk, N.Y., USA). Descriptive statistics were performed, and normality was verified using the
Shapiro-Wilk test and visualization of QQ plots of the unstandardized residuals. Give the applied
nature of the research, no data were collected during true baseline or recovery periods, and so z-
scores were calculated to standardise the heart rate and electrodermal activity data due to the
individual variability of physiological responses (Braithwaite et al., 2012). Assumptions of sphericity
were tested using Mauchly’s test and, if violated, Greenhouse-Geisser estimates were used in the
repeated measures calculations. The statistical threshold for significance was set to two-tailed p < .05.
Effect size was reported as eta squared (n?) for one-way ANOVA significant results and partial eta
squared (np?) for two-way ANOVA significant results (Cohen, 1988). Cohen’s d, was reported for

paired-samples t-tests. Post hoc analyses were run with Bonferroni correction.

Self-report ratings of workload, situation awareness, trust in automation, trust and reliability: For
workload (NASA-TLX), a 6 (Factor: mental, physical, temporal, effort, performance, frustration) x 2
(Time: pre-, post-) repeated measures ANOVA model was run. Paired-samples t-tests were used to

compare pre-journey and post-journey measures: situation awareness (SART) and trust (TiA). For
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single-item trust and reliability ratings, a one-way repeated measures ANOVA (Journey: pre-,

unexpected, expected, post-) was undertaken.

Physiological arousal: A 2 (Stop: unexpected, expected) x 2 (TOI: 30 s before, 30 s after) repeated
measures ANOVA was performed to understand the impact of an expected and unexpected stop on

physiological arousal. The model was run for both heart rate and skin conductance level z-scores.

Eye tracking: Two two-way repeated measures ANOVA were undertaken on both fixation count and
fixation duration measures. The first was a 2 (Stop: unexpected, expected) x 3 (AOIl: central, peripheral,
HMI) repeated measures ANOVA to understand the impact of journey type on AOI. The second ANOVA
was a 2 (Stop: unexpected, expected) x 3 (TOI: pre-stop, during, post-stop) repeated measures ANOVA

to understand the impact of journey type on time.

5.4 Results

5.4.1 Self-report measures

Workload (NASA-TLX): The repeated measures ANOVA model showed the main effect of Time was not
significant, F(1,36) = 1.36, p =.25. The main effect of Factor was significant, Fs.67,131.96) = 35.53, p <0.001,
ne> = 0.50, as was the interaction Time by Factor, F3es, 14324y = 6.06, p < .001, np? = 0.14. Post-hoc
comparisons revealed that Physical (p < .001), Effort (p = .039), and Frustration (p < .001) workload
factors differed between pre- and post- measures. While Physical and Effort factors reduced after the
autonomous journeys, frustration increased following autonomous journeys. See Table 5.1 for

descriptive statistics.

Situation awareness (SART): A paired-samples t-test revealed that situation awareness was similar

between pre- and post- journeys, tze = 0.39, p = .675. See Table 5.1 for descriptive statistics.
Trust in automation (TiA): A paired-samples t-test revealed that trust in automation increased after

the autonomous journeys, when compared to before the autonomous journeys, tze) = -2.95, p = .006,

d,=-0.48. See Table 5.1 for descriptive statistics.
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Table 5.1. Mean (SD) of subjective ratings for situation awareness, workload, and trust in automation before and

after autonomous vehicle journeys.

Subjective rating Journeys
Pre- Post-
SART
Situation awareness 22.15(11.72) 21.41(7.02)
TiA [0-5]
Trust in automation* 3.39(0.33) 3.57(0.33)

NASA-TLX [0-100]

Mental
Physical**
Temporal
Effort*
Performance
Frustration**

23.65 (13.43)
14.60 (11.23)
16.48 (12.10)
17.16 (12.75)
21.62 (12.71)

5.41 (4.95)

22.70 (11.79)

8.85 (9.06)
16.35 (12.13)
11.82 (11.56)
18.89 (11.31)
10.51 (10.38)

Key: *p < 0.05; ** p <.001

Single-item trust and reliability ratings: For trust ratings, a one-way repeated measures ANOVA model
revealed a significant main effect for Journey, Fp.os, 7386y = 15.05, p < .001, n® = 0.42. Pairwise
comparisons revealed that trust ratings significantly improved from before all autonomous journeys
to after all autonomous journeys (p < .001), as well as from before all autonomous journeys to the
unexpected stop (p < .001), and from before all autonomous journeys to the expected stop (p < .001).
There was no significant difference in trust ratings between the unexpected and expected stop (p =

.10).

For reliability ratings, a one-way repeated measures ANOVA model revealed a significant main effect
for Journey, F1.44,51.79)= 25.55, p < .001, n? = 0.42. Similarly to the trust ratings, pairwise comparisons
revealed that reliability ratings significantly improved from before all autonomous journeys to after
all autonomous journeys (p < .001), before all autonomous journeys to the unexpected stop (p < .001),
and from before all autonomous journeys to the expected stop (p < .001). Again, there was no
significant difference in reliability ratings between the unexpected and expected stop (p = .10). See

Figure 5.4 and Table 5.2.
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Figure 5.4. Violin plots representing trust and reliability ratings. (A) Trust ratings before all journeys, after the
unexpected stop journey, after the expected stop journey, post-all journeys. (B) Reliability ratings before all

journeys, after the unexpected stop journey, after the expected stop journey, post-all journeys. Key: ** p <.001.

Table 5.2. Mean (SD) of subjective ratings for trust and reliability before and after autonomous vehicle journeys.

Subjective rating Journeys
Pre- Post- After unexpected After expected
stop stop
Trust [0-10] 7.12(2.50) 9.22(1.13) 9.16 (1.42) 9.00(1.78)
Reliability [0-10] 7.19(2.39) 9.30(0.88) 9.35(1.18) 9.46 (1.02)

5.4.2 Physiological arousal

Heart rate: The two-way repeated measures ANOVA was performed to understand the impact of an
expected and unexpected stop on heart rate (z) activity during autonomous driving. The ANOVA
revealed no significant main effects for Stop, F(1, 290 = 0.04, p = .85, or TOI, F(1,29) = 0.56, p = .46. The
interaction effect was also not significant, F1, 29)= 0.06, p = .80. Heart rate was similar between the

period before an expected stop (M =-.15, SD = 1.01), and after an expected stop (M =-.12, SD = .93);
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and between the period before an unexpected stop (M =-.13, SD = .95), and after an unexpected stop
(M =-.06,SD =.92). As illustrated in Figure 5.5, heart rate rose during an unexpected stop, though this

did not reach significance.

Skin conductance level: The two-way repeated measures ANOVA revealed no significant main effects
for Stop, F,29 = 0.17, p = .68, or TOI, F1,29) = 0.37, p = .55. However, the interaction effect between
Stop and Time was significant, F(1, 29 = 0.98, p = 0.019, n,? = 0.18. Pairwise comparisons revealed that
during the unexpected stop, skin conductance level (z) was greater during the 30 s after the stop (M
= 0.16, SD = 0.83), compared to the previous 30 s (M = -0.05, SD = 0.72; p = .04). There was no
difference in skin conductance level (z) between the time before (M = 0.06, SD = 0.96) and after (M =
-0.09, SD = 0.89) the expected stop. Figure 5.5 demonstrates that skin conductance increased after
the vehicle stopped due to a hazardous event. This increase in arousal persisted for the 30 s following

the stop.
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Figure 5.5. Heart rate and skin conductance level during an unexpected (red) and expected (blue) stop. Shaded
areas represent the * standard error of the mean difference. Grey dashed line represents the time point the

vehicle stopped. (A) Heart rate (z). (B) Skin conductance level (z).

5.4.3 Eye tracking

Fixation count: To begin, a 2 (Stop) x 3 (AOI) repeated measures ANOVA was run to understand the
impact of an unexpected stop on scanning behaviour of the visual environment. A significant main
effect was found for AOI, F1.42, 3555 = 27.74, p < .001, n,? = 0.53; and the two-way interaction, Fis,,
38.10) = 28.47, p < .001, n,p? = 0.53. The main effect of Stop was not significant F1, »5) = 0.44, p = .51. Post

hoc comparisons of the two-way interaction revealed a higher number of fixations in the central
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environment during an unexpected stop compared to an expected stop (p < .001); whereas fixation
count was greater on the HMI during the expected stop compared to the unexpected stop (p < .001).
Overall, in the unexpected stop, the number of fixations were higher on the HMI compared to the
peripheral environment (p < .001), and the central environment compared to the peripheral
environment (p < .001). Overall, during the expected stop, the number of fixations were higher on the
HMI compared to the central environment (p < .001); and the HMI compared to the peripheral
environment (p < .001). In combination, these results reveal that the number of fixations within the
central environment were higher during an unexpected stop, whereas the number of fixations within

the HMI were higher during an expected stop. See Table 5.3 for descriptive statistics.

Next, a 2 (Stop) x 3 (TOI) repeated measures ANOVA was run to understand whether visual scanning
behaviour changed over time between stops. The main effects of Time, F(1.s6,39.03 = 0.88, p = .40; and
Stop, F1,25 = 0.44, p = .51 were not significant, nor was the interaction effect, F1.21,3021) = 1.45, p = .24.
See Table 5.4 for descriptive statistics, and Figure 5.6 and Figure 5.7 for an overview of the fixation

count results.
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Figure 5.6. Fixation count (%) during unexpected and expected journeys. (A) Fixation count during unexpected
and expected journeys over areas of interest (AOI). (B) Fixation count during unexpected and expected journeys
over times of interest. Key: Bolded line represents the median value. Box represents the interquartile range.

Vertical lines represent the lower/upper adjacent values. ¢ represents the mean value. ** p <.001; * p < .05.
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Expected

Unexpected

Figure 5.7. Total fixation count during an expected and unexpected journey. The heat map represents the
summary of all gaze points in the visual environment over three time points of interest. Colours indicate the

total gaze fixations (fixation count increases from green — yellow — orange — red).

Fixation duration: A 2 (Stop) x 3 (AOI) repeated measures ANOVA was run. The model revealed a
significant main effect of AOI, F(1.59,30.72) = 29.23, p < .001, n,? = 0.54; and a significant interaction effect,
Fi158,39.37) = 23.27, p < .001, n,2 = 0.48. The main effect of Stop was not significant, F1 25)= 0.44, p = .52.
Post hoc comparisons revealed that fixation duration on the HMI was longer during the expected stop
compared to the unexpected stop (p = .003), but longer on the central environment during the
unexpected stop compared to the expected stop (p < .001). Fixation duration on the peripheral
environment was marginally greater during the expected compared to the unexpected stop (p = .055).
Additionally, for the unexpected stop, fixation duration was shorter for the peripheral environment
when compared to the HMI (p <. 001) and the central environment (p < .001). For the expected stop,
fixation duration was longer on the HMI compared the peripheral environment (p < .001) and the
central environment (p < .001). See Table 5.3 for descriptive statistics. Altogether, these results
indicate that attentional demands were allocated towards the central environment during the
unexpected stop, whereas attentional demands were allocated towards the automated systems

interface during an expected stop.

Next, a 2 (Stop) x 3 (TOI) repeated measures ANOVA was run. The ANOVA yielded a significant main
effect of Time, Fi1.63, 2082 = 6.52, p =.006, n,? = .207. The main effect of Stop, F(1,25)= 0.44, p =.52; and
the interaction effect were not significant, Fz,s0) = 0.21, p = .813. Fixation duration was greater during

the stop (M = 19.96, SD = 8.42) compared to after the stop (M = 16.48, SD = 7.72), regardless of
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whether it was an expected or unexpected stop (p = .01). See Table 5.4 for descriptive statistics, and

Figure 5.8 and 5.9 for an overview of the fixation duration results.

In combination, the eye tracking results suggest that similar visual attention demands were expended
but distinctly allocated during the unexpected and expected journey. Fixation duration was longer on
the central environment during an unexpected stop, whereas fixation duration was longer on the

interface during an expected stop, indicating distinct attentional resource allocation between the

expected and unexpected stops.
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Figure 5.8. Fixation duration (%) during unexpected and expected journeys. (A) Fixation duration during
unexpected and expected journeys over areas of interest (AOI). (B) Fixation duration during unexpected and
expected journeys over times of interest (TOI). Key: Bolded line represents the median value. Box represents

the interquartile range. Vertical lines represent the lower/upper adjacent values. ® represents the mean value.

** p<.001; * p<.05.
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Figure 5.9. Total fixation duration during an expected and unexpected journey. The heat map represents the
summary of all fixations in the visual environment over three time points of interest. Colours indicate the total

gaze fixation duration (fixation duration increases from green — yellow — orange —red).

Table 5.3. Mean (SD) of fixation metrics count (%) and duration (%) across areas of interest the human-machine

interface (HMI), central environment, and peripheral environment, during expected and unexpected stops.

Fixation HMI Central environment Peripheral environment
metric
Expected Unexpected Expected Unexpected Expected Unexpected
Fixation 52.57 30.32 20.70 46.50 17.81 12.52
count (%) (30.07) (28.23) (20.02) (26.35) (20.85) (14.76)
Fixation 32.36 18.86 11.99 30.03 8.44 5.07
duration (%) (27.75) (23.06) (13.86) (22.55) (11.54) (5.97)

Table 5.4. Mean (SD) of fixation metrics count (%) and duration (%) across pre-, during, and post- expected and

unexpected stops.

Fixation Pre- During Post-
metric
Expected Unexpected Expected Unexpected Expected  Unexpected
Fixation 31.94 28.87 30.17 30.43 28.97 30.04
count (%) (25.91) (25.68) (42.32) (31.74) (20.38) (25.03)
Fixation 17.36 17.58 19.34 19.51 16.08 16.88
duration (%) (16.87) (17.79) (31.02) (25.3) (13.95) (19.27)
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5.5 Discussion

This study sought to understand the impact of an unexpected event during Level 5 autonomous driving
on older adults’ gaze behaviour, autonomic arousal, and self-report ratings of workload, perceived
situation awareness and associated trust levels. To accomplish this, an experiment was designed
where participants experienced what they thought were autonomous journeys that included two
stops on separate journeys: one unexpected stop initiated by a ‘hazard’, and one expected stop
initiated as part of the planned journey set up. Pre-journey versus post-journey ratings revealed that
perceived situation awareness did not differ after periods of autonomous driving. Conversely, physical
demand and effort factors decreased, while frustration increased. Trust and reliability ratings also
increased from pre-journey values and remained high after each type of journey. Elevated
electrodermal activity persisted after the unexpected stop. Gaze fixation metrics revealed several
visual behaviour differences. Overall, participants searched the central environment, inclusive of the
‘hazard’, for longer during the unexpected stop, whereas during the expected stop, the human-
machine interface (HMI) captured visual attention, as measured by greater fixation counts and longer

fixation durations.

5.5.1 Autonomous driving impacted physical demand, effort, and frustration levels, but did not

affect situation awareness

Subjective ratings of perceived situation awareness did not differ between pre- and post- journeys.
This was unexpected as previous research has demonstrated modulated situation awareness during
autonomous driving compared to manual driving and partially automated driving (De Winter et al.,
2014). De Winter et al.'s (2014) meta-analysis revealed that situation awareness decreased if
participants engaged with non-driving related tasks but improved if participants were notified or
instructed through an HMI. However, in the present study, participants had no opportunity to engage
in non-driving related tasks. In addition, due to time and cognitive demand constraints, the present
study did not measure perceived situation awareness between conditions. Unlike the studies
reviewed by De Winter et al. (2014), the rating technique was administered in a building separate to
the autonomous vehicle environment. In addition, the studies reviewed also tended to measure
situation awareness during tasks such as object detection. As De Winter et al. (2014) demonstrated
that situation awareness is modulated by context-specific events, the present study unlikely captured

participants’ true situation awareness during autonomous journeys.
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The physical demand factor of the NASA-TLX was lower after the autonomous journeys. This was
expected, as autonomous driving does not recruit motor skills, such as moving the steering wheels or
pedals. Findings also revealed lower effort values following autonomous journeys. The concept of
effort can be considered as the amount of resources invested in the task. Although the driver did
interact with the HMI to set up journeys, effort was not relevant for maintaining successful journeys.
As mental workload did not differ between conditions, this provides further evidence that workload
is a multidimensional construct. Whereas mental workload can be considered the amount of cognitive
demand required; effort represents how much one must work to achieve something. Being in a
dynamic visual environment may have engaged participants’ cognitive mechanisms, however, did not

experience significant demand on their cognitive processes.

Interestingly, frustration significantly increased following autonomous journeys. Although not greatly
researched, this is similar to previous studies that have found that warnings during automation
increase frustration (Kassner et al., 2011), and when automated systems cannot be overridden
increase frustration (Comte, 2000). Similar to situation awareness, the present study only measured
workload factors before and after all journeys, so it is not clear what aspects of the autonomous

journeys may have caused an increase in frustration levels.

5.5.2 Trust and reliability ratings were high after each journey, regardless of the stop

Subjective ratings of trust and reliability remained high between the unexpected stop with a
hazardous event and the expected stop without a hazardous event. Although participants had no
previous experience with an autonomous vehicle, trust ratings averaged 9 out of 10 throughout the
journeys. Trust has shown to be an important concept that plays a leading role in the willingness of
humans to rely on automated systems during critical events (Hoff & Bashir, 2015). Overreliance on an
automated system can be subsequently harmful to a user if they accept the automated system’s
recommendations and actions inappropriately, when system errors do occur (Parasuraman & Riley,
1997). In the present study, several reasons may have encouraged high trust levels despite contextual
differences between journeys. Choi & Ji (2015) suggest that technical competence is an important
factor that encourages high levels of trust in autonomous vehicles. Technical competence refers to
user perception on the performance of the vehicle. Potentially, the vehicle behaving appropriately to
the hazardous event (e.g. braking and notifying the participant) may have encouraged users to
overtrust the vehicle’s behaviour once the journey had successfully completed. In addition, a lack of

system information, including a lack of direction from the HMI, may have encouraged users to
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overtrust the vehicle’s behaviour once the journey successfully completed with no system errors. As
older adults are more likely to rely on automated systems (McBride et al., 2011) and are more likely
to lack understanding of advanced technology (Mann et al., 2007), the limited system transparency
could have increased trust while the vehicle performed as expected. Studies have found that the right
amount of system information is paramount to achieve the optimum level of trust between human
and machine (Choi & Ji, 2015). Overall, these results indicate that facilitating appropriate trust levels

in older adults for autonomous vehicles is important to improve safe human-vehicle interaction.

5.5.3 Skin conductance levels increased after an unexpected stop

The results revealed that skin conductance levels increased when the vehicle was presented with an
unexpected event — the vehicle coming to a stop due to a hazard on the road. This increase persisted
when the vehicle restarted. However, skin conductance levels did not differ between the unexpected
and expected stop. Driving studies have indicated that high EDA levels are modulated by workload
(e.g. Mehler et al., 2012), stress (e.g. Affanni et al., 2018), lower trust in automation (e.g. Morris et al.,
2017), and anxiety (e.g. Barnard & Chapman, 2018; see Lohani et al., 2019 for a review). For example,
Mehler et al. (2012) found that skin conductance levels were higher during dual-task driving compared
to single-task driving, demonstrating an increase in cognitive load associated with elevated skin
conductance levels. The authors also found that during autonomous driving, skin conductance levels
increased when compared to conventional manual driving. This work emphasises that EDA is sensitive
to a variety of psychological phenomena, and therefore caution should be exercised when interpreting
changes in EDA in less controlled settings (Dawson et al., 2007). It is therefore difficult to infer
specifically why skin conductance levels rose, other than reflecting an overall increase in sympathetic
arousal. Trust ratings were high after all journeys, implying trust levels did not modulate sympathetic
arousal. However, whether the increase in sympathetic arousal was associated with time-varying trust

factors, workload, or anxiety, cannot be indicated with physiological measures alone.

There was not a statistically significant difference in heart rate, although Figure 5.5 shows elevated
heart rate, for the unexpected stop compared to the expected stop. As skin conductance is regulated
by the sympathetic nervous system, and heart rate is modulated by both the activation and
suppression of sympathetic and parasympathetic branches of the autonomic nervous system
respectively (Thayer et al.,, 2010), the results suggest that the vehicle stopping in response to a
hazardous event reflects a mild sympathetic dominance. Ruscio et al. (2017) measured physiological

responses to takeover requests following various warnings. Heart rate decreased relative to manual
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driving following reliable warnings, misleading warnings, and no warnings. Skin conductance response
amplitude increased during a misleading warning and no warning. They also found that respiratory
sinus arrhythmia, an index of parasympathetic activity, increased from manual driving to an
unexpected takeover with no warning. Their results reveal an imbalance between the
parasympathetic and sympathetic branches during takeovers preceded by a misleading warning or no
warning. The authors suggest that this discrepancy may reduce attentional capacity, resulting in
cognitive overload. Although the present study did not measure specific or nonspecific response
amplitude changes, but rather changes in skin conductance level, the results are somewhat
compatible as the present study found a similar effect of increased skin conductance level following
vehicle cessation without any warning (unexpected stop). In addition, the effect size was similar albeit
slightly smaller than Ruscio et al. (2017) indicating a moderate effect (n,? = .176 versus ny,> = .196).
However, the results are difficult to directly compare to Ruscio et al.’s (2017) findings directly as the
present study did not measure physiological responses during manual driving or initiate a takeover
request, nor did it separate parasympathetic activity from sympathetic activity; therefore, it is not
clear whether a reduction in attentional capacity was associated with a marked increase in

sympathetic activation as measured by an increase in skin conductance level.

5.5.4 During an unexpected stop, visual attention was directed towards the hazard compared to the

peripheral environment and human-machine interface during an expected stop

The distribution and duration of fixations measured with eye tracking outline the differences between
the two types of journeys: while in the unexpected stop journey participants’ fixation duration was
longer and fixation count was higher towards the central environment (containing the ‘hazard’), in the
expected stop visual attention was directed toward the HMI. In addition, the results revealed that
participants’ visual allocation was more diverse before the expected stop, as indicated by the greater
distribution of fixations across the scene, when compared to the unexpected stop. Visual behaviours
between stops were similar over time, indicating similar demands on visual attention. The effects were

highly significant and associated with strong effect sizes.

General visual scanning behaviour can be understood by fixation counts, as more shifts within a scene
are associated with a greater frequency of fixations. Fixation duration can provide further insight by
indicating visual attention demands. Basic visual processing research has demonstrated that fixation
duration increases with visual scene complexity (e.g. Pomplun et al., 2013) and cognitive load (e.g.

Rayner, 1998), and is linked to uncertainty (e.g. Brunyé & Gardony, 2017). As such, the patterns of
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results imply that during an unexpected stop, visual attention was directed toward the central
environment containing the ‘hazard,” with the participants searching for information, rather than
focusing on other aspects of the scene. This may be due to increased demand placed upon the vision
and attention systems by the visual scene complexity and uncertainty. The results are similar to
research studying ocular behaviour during manual driving and hazardous situations. The variance of
fixations decreased when presented with a critical situation (Chapman & Underwood, 1998). In
contrast, fixation duration increased coming up to, and during, a critical situation (e.g. Chapman &
Underwood, 1998; Underwood et al.,, 2005). In addition, a negative relationship between task
demands during driving and visual scanning behaviour has been demonstrated, i.e., higher task
demands reduced the dispersion of visual scanning (e.g. Recarte & Nunes, 2003; Savage et al., 2013).
Moreover, Guo et al. (2019) found that fixation frequency and duration increased during accident
scenes reflecting increased anxiety. Searching for information related to the unexpected event might
be explained by increased anxiety (Guo et al., 2019): the narrowing of visual attention, such as focusing
on a hazard, is a common feature of increased arousal and stress (Chajut & Algom, 2003; Gable &
Harmon-Jones, 2010). Moreover, the physiological results show increased sympathetic arousal

following the unexpected stop.

Although the results are supported by the above-mentioned driving studies, the present study differs
significantly as the participant was not an active manual driver in control of the vehicle. As ocular
behaviour and motor execution are intrinsically linked both spatially and temporally, active drivers
successfully fixate directly at the objects being interacted with or ones that precede the action.
Despite these differences, the results are in agreeance with Strauch et al. (2019) who investigated eye
gaze of passengers during real-world autonomous driving. They found a greater frequency of fixations
on safety-relevant areas of interest when joining a highway during an autonomous journey when
compared to manual driving and the rest of the route. In accordance with these studies, visual
scanning behaviour was affected by safety-critical situations regardless of active involvement in the
driving task. In addition, Strauch et al. (2019) participants’ mean age was 23 years, and so the present
results extend this earlier research suggesting that older adults display similar ocular behaviours to
younger adults during safety-critical situations. The present study does differ as passengers interacted
with an HMI throughout the journeys. Despite this, the results found that attentional focus narrowed
toward the ‘hazard’ before, during, and after the unexpected event, which was also accompanied by
an increase in skin conductance reflecting increased sympathetic nervous system arousal following

the vehicle response. It should be noted that the narrowing of visual attention is most likely associated
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with object-based attention, as participants focused on an object defined in a spatial frame, i.e. the

hazardous person, rather than exclusively spatial or feature-based attention.

5.5.5 Limitations

Although the current study attempts to produce increased ecological validity compared to the
laboratory studies, safety restrictions were put in place including the speed of the vehicle, the safety
driver, and the marshals surrounding the vehicle. On average, the vehicle speed was approximately 3
to 5 mph. The speed of a vehicle has been known to correlate with self-report workload measures i.e.
the greater the speed, the greater the self-reported workload (Fuller, 2005). However, research has
found that this depends on the situation complexity. Low complexity environments including
motorways at faster speeds, or high complexity situations including town centres at lower speeds,
may modulate load in a similar manner (Paxion et al., 2014). In this study, the vehicle drove around a
pedestrianised area, where the maximum speed limit was 10 mph. The vehicle shared the lane with
many pedestrians, cyclists, and obstacles such as bollards. Therefore, driving at a greater speed would

not have been possible nor realistic, even during manual driving.

A potential limitation was the use of the Empatica E4 for assessing autonomic arousal. Gruden et al.
(2019) recently found that manual driving-related movement artefacts impacted heart rate variability
and skin conductance level measurements taken by the E4. Reasonable accuracy and reliability have
been reported for this device providing wrist movements are low (Ragot et al., 2017), which was the
case during the present study, as Level 5 driving does not require behaviours such as changing gears.
Nevertheless, Appendix 5.4 demonstrates additional analyses that confirm accelerometer values did
not differ between conditions. Therefore, the differences in skin conductance level cannot be
attributed to differences in motor activity. The issue of movement artefacts is discussed further in

Chapter 7.3.3.

Finally, the results imply that the unexpected event placed significant demands on attentional
resources. However, eye tracking is an indirect measure of attention, and as the study mimicked Level
5 autonomous journeys, no direct performance measure could be derived to support this view. Yet,
all participants were introduced to a “Safe stop” button on the HMI, which could be pressed at any
time if they wanted the vehicle to stop. None of the participants activated the safe stop. They could
also have accessed the “Vehicle health” icon, which would have presented them with information

about the overall health of the vehicle. None of the participants accessed this icon during the times of
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interest. Taken together, these findings suggest that the unexpected stop was not perceived as
particularly dangerous as either subjective ratings, or all physiological indices reflected an extreme
response that may be associated with more imminent or extreme danger. Further investigations using
different types of unexpected events are needed to be able to characterise functional states to specific

safety-critical scenarios.

5.5.6 Conclusion

Taken together, these results have several critical implications for the safe implementation of Level 5
autonomous vehicles for older adults. The results reveal possible narrowing of visual attention and
heightened arousal during an unexpected event as demonstrated by increased sympathetic arousal
and a smaller distribution of fixations, coupled with an increase in fixations toward the unexpected
event. In combination with consistently high trust ratings, these results suggest that the passive
process of automated driving may restrict the focus of visual attention and heighten adverse
responses. This study also demonstrates that the physiological indices examined can be useful and
practical measures for evaluating passive drivers’ functional state during real-world semi-autonomous
and fully autonomous driving. As such, a driver state monitoring (DSM) system that includes
physiological indices might be able to detect these behaviours and make an informed decision on
vehicle behaviour and adapt HMI notifications accordingly. For example, when attention is negatively
impacted in a safety driver responsible for monitoring of automation errors and hazards during the
development of a fully autonomous vehicle, or passive drivers required to takeover in semi-
autonomous vehicles. In addition, the potential for negative experiences during autonomous driving,
coupled with human limitations in sustained monitoring during low and high arousal situations,
suggests that a DSM system may be a necessary adjunct to fully autonomous vehicles in supporting
the health and wellbeing of potentially vulnerable people in unexpected situations. Therefore, the
final study described in Chapter 6 aimed to investigate the impact of a DSM notification on visual
attention and autonomic arousal during autonomous driving, as well as exploring potential barriers

towards acce ptance.
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6.0 The Impact of a Driver State Monitoring Notification on

Functional State During Simulated Autonomous Driving

6.1 Overview

Chapter 5 revealed potential negative experiences during autonomous driving coupled with human
limitations in sustained monitoring during high arousal situations, suggesting a driver state monitoring
system may be a necessary adjunct to fully autonomous vehicles to improve safety and wellbeing.
Therefore, Chapter 6 employed a study designed to understand the impact of a biological driver state
monitoring notification on visual attention and autonomic arousal during autonomous driving, as well
as exploring potential barriers towards acceptance. Participants undertook several simulated
autonomous journeys. Autonomic arousal and visual attention via eye tracking fixation metrics were
compared during two distinct notifications that preceded the vehicle slowing down. The first
notification displayed biofeedback changes in physiological state; the second notification provided
speed limit changes. Self-report changes in workload, situation awareness, trust, and reliability were

also collected, as well as acceptability ratings.
6.2 Introduction

Chapters 2, 3 and 4 demonstrated possible attentional deficits as indicated by neurophysiological
indices, autonomic arousal, and task performance during multitasking and task switching, while
Chapter 5 revealed modulations in sympathetic arousal and ocular behaviour during an unexpected
event during automated driving. As a result, allocating the appropriate cognitive resources to process
information relevant towards automated driving could be impacted by the current driving
environment (e.g. an unexpected event), previous attentional load (e.g. engaging in an unrelated
task), and task switching (i.e. responding to an automated vehicle’s unexpected takeover request or
vehicle notifications), resulting in significant implications for the safe development of autonomous
vehicles and the health and wellbeing of passengers in autonomous vehicles. As such, it is argued that
an advanced driver assistance system could determine the extent to which the safety driver in a fully
autonomous vehicle or a passive driver in a semi-autonomous vehicle is suitable for the current driving
scenario by monitoring the driver’s functional state as indexed by physiological indices (e.g. Rauch et

al., 2009).
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6.2.1 Potential positive effects of driver state monitoring

Driver state monitoring (DSM) is not a new or unique topic. Manual driving has benefited from DSM
systems to detect fatigue and inattention to improve vehicle safety (Melnicuk et al., 2016). Situations
such as night-time driving (Phipps-Nelson et al., 2011), prolonged driving (Finkelman, 1994), and
extreme temperatures (Xianglong et al., 2018) can induce fatigue; whereas mobile phones (Strayer &
Drews, 2007), in-vehicle systems (Arexis et al., 2017), and eating (Tay & Knowles, 2004) can induce
inattention. Researchers have combined a hybrid of measures to attempt to accurately detect deficits
in functional state. Subjective report measures (e.g. self-rating of current fatigue level), driver
biological measures (e.g. muscle activity), driver physical measures (e.g. blink frequency), and driver
performance measures (e.g. lateral position) have been used to measure deficits (Dong et al., 2011).
For example, Liang et al. (2007) detected driver distraction with 81% accuracy utilising a combination
of eye metrics and vehicle behaviours such as eye fixation, smooth pursuit, steering-wheel angle, and
lane position. Jacobé et al. (2019) recently combined several physiological, behavioural, and vehicle
measurements, and found that a trained artificial neural network detected fatigue performance
decrements within an accuracy of five minutes. Including more information, such as context (e.g.

traffic, type of road), improved accuracy further.

The implementation of a DSM system has many potential benefits for improving vehicle safety and
passenger wellbeing during semi-autonomous and fully autonomous driving. Although the overall aim
of the system is the same as manual driving, to improve vehicle safety it will need to detect additional
adverse behaviours due to the passive role of the driver. During the development of Level 4 and 5
vehicles, the information about a safety driver’s state could be used to modify in-vehicle information.
For example, the system could present the optimum amount of feedback or information in regard to
their current cognitive load (i.e. underload or overload). For example, it could choose between
auditory or visual feedback depending on what the driver is doing or how they are feeling. Over time,
it could predict lapses in attention and prevent them from occurring. This can be also considered an
important role for a DSM system in semi-autonomous driving, when at times a passive driver must
takeover from the automated driving system. In addition, the system could improve the wellbeing of
a passenger in an autonomous vehicle. The system could track the influence of a driving situation on
a passenger’s state and estimate the severity on their wellbeing. In turn, the vehicle could adapt its
behaviour to improve a passenger’s wellbeing e.g. leaving a greater headway between the vehicle in

front.
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6.2.2 Potential negative effects of driver state monitoring

Despite the benefits and willingness of the research community to adopt DSM systems, an effective
system must have the desired outcome on functional state. The system must be appropriately
designed and adequately implemented for users to accept it. In addition, a DSM system may have the
reverse anticipated effect on driver state. Driving research has demonstrated that non-driving related
notifications have a negative impact on driving performance. For example, Giang et al. (2015) found
that notifications received on a smartwatch resulted in a delayed braking response during a critical
event. Even the mere presence of receiving a notification has been shown to negatively impact driver
performance (Stothart et al.,, 2015). As such, notificationsthat demand users' attention at
inconvenient moments are likely to have adverse effects and divide attention, resulting in disruption

rather than proving beneficial.

However, a DSM system will evoke a notification related to the task, rather than non-driving related.
Occupational research investigating human-machine interaction can therefore provide further insight
into the effects of task-related notifications. Giraudet et al. (2015) monitored P3b response to an
auditory oddball task during an air traffic control task. Two types of visual notifications were displayed:
one salient notification which highlighted the text, and one non-salient notification which did not
highlight the text. Participants were more accurate to detect the salient notification, and
demonstrated a greater P3b when compared to the less salient notification. Therefore, a salient visual
notification resulted in a lower depletion of attentional resources required for auditory processing. As
auditory alarms are sometimes not perceived, particularly if visual processing load is high (also known
as inattentional deafness, Macdonald & Lavie, 2011), this has important implications for DSM systems.
If visual load is high, users may not attend to an auditory notification therefore any feedback must be
designed appropriately to ensure it catches the passive driver’s attention under different demands of

visual load.

The literature has recently provided further insight into the impact of notifications during periods of
automated driving. Ulahannan et al.’s (2020) study investigated ocular attention towards a human-
machine interface during partially automated driving. Over five days, participants were more likely to
monitor the roadway rather than direct their gaze towards an in-vehicle display. An important aspect
of monitoring the automation was to engage with the system, as crucial information such as the
technical competence of the vehicle and features such as hazard detection were displayed on the

vehicle’s system. Therefore, the authors suggest that is it vital that the system can engage attention
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appropriately and encourage automation monitoring behaviours. However, Ulahannan et al. (2020)
only investigated steady-state driving and did not vary notifications over time. Therefore, it is not clear
whether specific notifications designed to engage attention could influence eye gaze. Yet, a recent
study can provide some insight as the authors did vary notifications over simulated autonomous
journeys. Eimontaite et al. (2020) demonstrated reduced heart rate and skin conductance levels
during a journey containing audio and visual notifications when compared to a journey without audio
notifications. In addition, subjective workload was lower during audio and visual notifications
compared to visual only notifications. The authors suggest that multimodal notifications reduced
arousal and workload mechanisms as participants may have felt they were kept ‘in-the-loop’ with
audio notifications, diminishing any negative feelings of stress or anxiety. Despite lower arousal, it is
unclear whether these effects negatively impacted attentional resources, as previous studies have
demonstrated worse performance during presentation of multimodal notifications (e.g. Stothart et

al., 2015).

Feedback of physiological signals could induce feelings of negative affect and evoke state anxiety in
drivers. Not only may this have a negative effect on a person’s wellbeing, but anxiety may also have a
negative impact on attentional networks the DSM system is attempting to engage. Pacheco-Unguetti
et al. (2010) found that state anxiety impacted bottom-up processing of alerting and orienting,
increasing reaction times. In addition, anxiety has been found to increase activity in the superior
temporal sulcus (Bishop et al., 2007), an area also critical for attention modulation (Bogadhi et al.,
2019). Together, these results suggest that it is important a DSM system conveys the right amount of

information to successfully modulate attentional resources without negatively impact wellbeing.

6.2.3 Experiment rationale

It is important to understand how notification of changes in driver biological state might impact
attention and wellbeing during autonomous driving. In addition, for DSM to be successful, the system
must be well-accepted by the intended users. Therefore, the aim of the study was to investigate
whether a DSM message could have detrimental effects on ocular attention and autonomic arousal,
as well as user acceptability, during simulated Level 5 driving. To investigate this, participants
experienced two types of journeys that presented a distinct notification. The first notification
displayed biofeedback changes in physiological state; the second notification provided speed limit
changes. Real-time signals of physiological arousal and eye gaze, as well as retrospective trust,

reliability, and situation awareness ratings were compared. Users’ self-reported perception of the
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DSM system were also collected. Understanding user perception was exploratory in nature and was

carried out as an initial step to inform further research.

Previous research has indicated that salient task-related notifications increase attentional resource
allocation (Giraudet et al., 2015). Therefore, it was expected that the DSM notification would direct
visual attention towards the roadway, resulting in longer fixation duration and a greater frequency of
fixation, when compared to a speed limit change notification. At notification onset, first fixation
metrics towards the notification should be greater for the DSM notification compared to the speed
limit change notification. It was expected that physiological arousal would increase following
notification onset, reflecting an alerting mechanism, which would recover quickly. As salient
notifications increase the feeling of being in control and reduce autonomic arousal (e.g. Eimontaite et
al., 2020), it was expected that electrodermal activity and heart rate would be lower, and heart rate
variability would be greater, following a DSM notification when compared to a speed limit change
notification. Subjective measures of trust, reliability, situation awareness and workload were collected
to further investigate the relationship between DSM notifications and autonomic arousal and

attention.

6.3 Method

6.3.1 Participants

Thirty-three young adults originally participated in this study. Two participants were excluded from all
subsequent analyses due to the simulator experiencing technical errors, leaving 31
participants (nineteen females, twelve males, mean age + SD = 20.39 * 2.25 years, range 18-25 years).
28 participants physiological and eye tracking data were subsequently analysed (eighteen females,
ten males, mean age + SD = 20.07 + 1.53 years, range 18 — 25 years). This was due to recording errors
with the eye tracker (two participants), and the event marker not accurately capturing the onset of

conditions (one participant).

Individuals with severe motion sickness, severe health conditions (i.e. epilepsy, neurological
impairments) and uncorrected vision or hearing were excluded. Similarly, those who did not have a
high level of spoken and written English competency were not included, as the notifications were
presented in English. Due to eye tracking measurements, individuals with eye movement

abnormalities or who had undergone eye surgery could not be included in the study. Ethical approval
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was obtained by the Faculty of Health and Applied Sciences University of the West of England
Research Ethics Committee (HAS.16.10.026). All participants gave written informed consent and were

fully debriefed at the end of the study.

6.3.2 Apparatus

6.3.2.1 Driving simulator

The semi-autonomous simulation environment consisted of a Lutz Pathfinder Pod and three large
forward projector screens with a display resolution of 1280 x 1024 providing a 210° horizontal forward
field of view. The driving simulation was generated by the SCANeR 11® software (OKTAL Sydac, France)
and consisted of a two-lane road passing through a neighbourhood with limited traffic passing in the
opposite direction. The scenarios included avatars walking along the pavements, pedestrian crossings,
other vehicles, and buildings such as houses and cafes. Audio of simulated engine, road, and traffic

sounds were presented. See Figure 6.1 for a depiction of the driving environment.

The static simulator consisted of a Lutz Pathfinder pod which has two forward facing seats with two
rear-hinged doors. The vehicle does not include a steering wheel, pedals, or a gear stick. The
participant was told to interact with the vehicle using the in-vehicle human-machine interface (see

Figure 6.2).

i e i o e e S

Figure 6.1. The simulated driving environment. The driving simulation was a rural environment consisting of a

two-lane road passing through a neighbourhood with limited traffic passing in the opposite direction.
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6.3.2.2 Human-machine interface (HMlI)

The human-machine interface (HMI) was presented on a HannsG HT161HNB 15.6" Multi Touch Screen
connected to a Kodlix GN41 Mini PC (Windows 10, Intel Celeron processor, 8/4GB RAM, 64GB). The
design of the HMI was similar to Chapter 5 (see Chapter 5.3.2.2), however the design had been
updated to include additional user options such as ability to turn on and off voice notifications and

visual display settings (i.e. font size, colour, and layout). See Figure 6.2 for an example of the HMI

layout.

Figure 6.2. The driving simulator and human-machine interface (HMI). (A) The exterior of the Lutz Pod in front
of three large forward projector screens. (B) The HMI screen during journey set up. (C) The HMI default screen

during the journeys.

6.3.3 Journeys

Participants partook in a total of eight randomised journeys. Before each journey, participants were
provided with a scenario that specified where they were, where their destination was, and if they
were required to stop anywhere in between. The eight journeys always consisted of a journey with a
speed limit change message, and a journey with a driver state monitoring (DSM) message. These
notifications were pre-programmed and occurred at the same time during each journey. Once the
messages appeared, the vehicle reduced its speed from 30 mph to 10 mph. The participant was not
provided with any opportunity to turn the notifications off, nor could they increase the speed of the
vehicle. After approximately 20 seconds (depending on traffic and traffic lights), the notification
disappeared, and the vehicle returned to the normal speed limit. The notifications always occurred in
the final four journeys and were randomised between participants to prevent order effects. Each
journey was of approximately 10 minutes duration, and so participants experienced 80 minutes of the

driving simulator in total.
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Participants experienced two journeys that manipulated notification type. During one journey, a
speed limit change message was presented on the HMI, “Approaching the town centre. Speed limit
change”. During another journey, a driver state monitoring (DSM) message was presented, “Your
physiology suggests that your reaction times are slowed. The vehicle will slow down”. Before the DSM
journey, participants were told that their physiological state was being monitored to assist
vehicle safety, via the Empatica E4 wristband, and reminded that they could press the ‘Safe stop’
button at any time. In actuality, participants’ real-time physiological state was not being monitored

and the DSM message was presented at the same location during the journey for each participant.

6.3.4 Protocol

On arrival, participants were provided an information sheet, filled in a consent form and a
demographic questionnaire. Participants received a journey familiarisation instruction sheet that
contained an overview of the journey tasks. After filling in pre-journey questionnaires, participants
were seated in the simulator and experienced virtual journeys while interacting with the HMI. To
begin, participants were told to keep a look out for any obstacles and press the ‘Safe stop’ button on
the HMI if they needed to. Participants were required to set up each journey, entering a destination
and a proposed stop. After each journey, participants completed after-journey measures and were
provided with a scenario description for the next journey. After all journeys were completed,
participants completed post-journey questionnaires. The testing session lasted for approximately 170
minutes depending on inter-subject individual differences. See Figure 6.3 for a schematic of the

experimental procedure.
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Figure 6.3. Experimental procedure. Journeys always consisted of a speed limit change journey and a driver state
monitoring (DSM) journey. (A) During the speed limit change notification, a notification was presented on the
HMI, “Approaching the town centre. Speed limit change”. The vehicle then slowed down for approximately 20
seconds before returning to the normal speed. (B) During the DSM journey, a notification was presented, “Your
physiology suggests that your reaction times are slowed. The vehicle will slow down”. The vehicle slowed down

for approximately 20 seconds before returning to the normal speed limit.

6.3.5 Measures and pre-processing

This study involved a similar combination of measures which were administered during the applied
Pod study described in Chapter 5 (see Section 5.3.5.1 for an overview of self-report measures). Pre-

processing steps which differ to Section 5.3.6.1 are described below.

6.3.5.1 Self-report measures

The NASA Task Load Index (NASA-TLX; Hart & Staveland, 1988): The NASA-TLX was administered to
measure workload factors: mental demand, physical demand, temporal demand, effort, performance,
and frustration. Participants filled in the questionnaire before and after all simulator journeys. Similar
to Chapter 5, the NASA-TLX factors were averaged independently to derive the raw-TLX score for each

subscale (mental, physical, temporal, effort, performance, frustration).
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Situation Awareness Rating Technique (SART; Taylor & Selcon, 1990): The SART was administered to
measure perceived situation awareness. In addition to participants filling in the questionnaire before
and after all simulator journeys, they were asked to fill in the questionnaire after each journey. Similar
to Chapter 5, an overall SART score was derived using the following formula: summed understanding

divided by (summed attentional demand — summed attentional supply).

Trust and reliability ratings: Single-item trust and reliability ratings were collected. Similar to Chapter
5, participants completed these ratings before and after all simulator journeys, as well as after each

journey. In this study, participants provided a written, rather than verbal, response.

6.3.5.2 Physiological arousal

Physiological measures of heart rate (beats per minute; BPM) and electrodermal activity (skin
conductance level; uS) were collected using an Empatica E4 wristband (Empatica Inc., Cambridge, MA,
USA and Milan, Italy) to measure levels of autonomic arousal. Please see Chapter 5 subsection 5.3.6.2
for further details about this measure, and 5.3.7.2 for the pre-processing steps. Similar to Chapter 5,
missing interbeat interval samples from the Empatica meant it was not possible to calculate accurate
heart rate variability measures RMSSD, SDSD, and pNN50, and so these metrics were not further
analysed. Data were averaged within two times of interest: 30 seconds before the notification and 30

seconds after the notification.

6.3.5.3 Eye tracking

Tobii Pro Glasses 2, an eye tracking device, was used to collect fixation metrics (Tobii Glasses Eye
Tracker, Tobii Technology, Stockholm, Sweden). Please see Section 5.3.5.3 for further details about
this measure. Similarly to Chapter 5, individuals wearing glasses were asked to remove them, and a
suitable prescription lens was attached to the glasses (ranging from —5.0 dpt to +3.0 dpt). Once the
participant was wearing the head unit, the manufacturer’s calibration procedure was followed which
typically took less than 30 seconds and consisted of participants fixating on a central target.
Eye tracking glasses captured a mean of 78% (SD = 11%) of gaze samples overall. Times of interest
(TOI) were defined as 30 seconds before the notification, during the notification, and 30 seconds after
the notification. Areas of Interests (AOls) were defined on each mapped image for each
TOI (see Figure 6.4). Two AOIs were created representing the HMI and the driving environment.

Section 5.3.6.3 provides specific details about the pre-processing steps.

195



Driver State Monitoring

Time to first fixation, duration of first fixation, total fixation duration, and total fixation count metrics
were exported. Because the notification period varied across participants, it was necessary to
calculate fixation count and fixation duration proportions based on the total numbers of fixations and
fixation durations. Fixation duration was defined as the amount of time spent looking at each AOI
divided by the total duration of fixations. Fixation count was defined as the number of fixations

towards each AOI divided by the total number of fixations.

Figure 6.4. Areas of Interest (AOI) for eye tracking analysis. (A) Driving environment. (B) Human-machine

interface.

6.3.5.4 Subjective experience of the driver state monitoring system

During the post-trial questionnaire phase, participants filled in several questions regarding the DSM
system. Perceived usefulness of the system was measured using the usefulness dimension of the
Usefulness, Satisfaction, and Ease of Use Questionnaire (USE) developed by Lund (2001). To measure
anxiety, anxiety metrics were taken fromthe Unified Theory of Acceptance and Use of
Technology (UTAUT) questionnaire (Venkatesh et al., 2003). In addition, six specific questions were
asked about different aspects of the DSM system, to further explore the features participants did and
did not like. The scoring of the USE and UTAUT were conducted by averaging the item scores in the
dimension (e.g. Gao et al., 2018). All questions were administered as a Likert scale with five levels

consisting of: completely disagree, disagree, neither agree nor disagree, disagree, completely
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disagree. See Appendix 6.1 for an overview of the questions. Finally, there was an open-ended

guestion: do you have any other comments on the biological interactive feedback system?

6.3.6 Statistical analyses

All statistical analyses were performed using IBM SPSS Statistics for Windows, version 26 (IBM
Corp., Armonk, N.Y., USA). Descriptive statistics were performed, and normality was verified using the
Shapiro-Wilk test and visualisation of QQ plots of the unstandardized residuals. Similar to Chapter
5.3.7, z-scores were calculated for heart rate and skin conductance data for standardisation as no data
were collected during true baseline or recovery periods (Braithwaite et al., 2012). All t-tests
undertaken were two-tailed. Assumptions of sphericity were tested using Mauchly’s test and, if
significant, Greenhouse-Geisser estimates were used in the repeated measures calculations. The
statistical threshold for significance was set to p < 0.05. Effect size was reported as partial eta squared
(np?) for significant results, or eta squared (n?) for one-way ANOVAs. Post hoc analyses were run with

Bonferroni correction.

Self-report ratings: For workload (NASA-TLX), a 6 (Factor: mental, physical, temporal, effort,
performance, frustration) x 2 (Time: pre-, post-) repeated measures ANOVA model was run. For
situation awareness, trust ratings, and reliability ratings, separate one-way repeated measures

ANOVA (Journey: pre-, DSM, speed limit, post-) were undertaken.

Physiological arousal: A 2 (Notification: DSM, speed limit) x 2 (Time: 30 s before, 30 s after) repeated
measures ANOVA was performed to understand the impact of a DSM notification on physiological

arousal. The model was run for both heart rate and skin conductance level z-scores.

Eye tracking: Shapiro-Wilk test of normality and visualisation of QQ plots of the unstandardized
residuals indicated that time to first fixation and duration of first fixation were not normally
distributed. Data were normalised via the natural logarithm and as the response could involve a zero
response, a constant (one) was added. First fixation metrics (time to first fixation and duration of first
fixation) were calculated at the onset of the notification. A 2 (Notification: DSM, speed limit) x 2 (AOI:
driving environment, HMI) repeated measures ANOVA was undertaken to understand whether type
of notification impacted transient visual attention. For both fixation count and fixation duration, a 2

(Notification: DSM, speed limit) x 3 (Time: before, during, after) repeated measures ANOVA was
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calculated on the outside driving environment AOI to understand the impact of the notification on

engaging visual attention.

6.4 Results

6.4.1 Self-report ratings

Workload (NASA-TLX): The repeated measures ANOVA model yielded a significant main effect of Time,
Fu,30) = 5.13, p = .031, n,? = .146; a significant main effect of Factor, Fs, 1s0) = 34.83, p < 0.001, n,% =
.537; and a significant interaction of Time by Factor, Fs, 150 = 10.83, p < .001, n,? = .265. Post hoc

comparisons revealed that Mental demand (p = .003), Physical demand (p = .01), and Effort (p < .001)

decreased following simulated journeys. See Table 6.1 for descriptive statistics.

Table 6.1. Mean (SD) of subjective ratings for workload before and after simulated journeys.

Subjective rating Journey
Pre- Post-

NASA TLX [0-10]

Mental* 22.92 (10.64) 16.35(10.34)
Physical* 16.47 (12.24) 9.74 (9.86)
Temporal 15.89 (13.00) 17.73(12.26)
Effort** 24.27 (11.92) 12.08 (10.27)
Performance 23.32(13.10) 19.08 (12.55)
Frustration 2.58(3.91) 5.76(10.71)

Key: * p <.05; ** p <.001

Situation awareness (SART): A one-way repeated measures ANOVA model showed that the main
effect of Journey was not significant, F2.s3,75.3) = 1.82, p = .15. Perceived situation awareness did not

differ between journeys (see Table 6.2).

Trust and reliability ratings: A one-way repeated measures ANOVA model showed that trust ratings
significantly differed between type of Journey, Fi32 e061) = 25.68, p < .001, n? = .461. Pairwise
comparisons revealed that trust ratings significantly improved from before all journeys to after all
journeys (p < .001), before all journeys to the DSM journey (p < .001), and from before all journeys to

the speed limit change journey (p < .001). There was no significant difference in trust ratings between
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the DSM and speed limit change journey (p = .98). See Figure 6.5 for visualisation of results and Table

6.2 for descriptive statistics.

A one-way repeated-measures ANOVA model showed that reliability ratings significantly differed
between type of Journey, F, s0.11) = 15.82, p < .001, n? = .345. Pairwise comparisons revealed that
reliability ratings significantly were greater following the DSM journey compared to pre-journeys (p <
.001), the speed limit change journey (p = .03), and post-journeys (p = .02). In addition, reliability
ratings improved between pre- and post-journeys (p < .001); and pre-journeys to the DSM journey (p
= .01). Overall, reliability ratings were highest following the DSM journey. See Figure 6.5 for

visualisation of results and Table 6.2 for descriptive statistics.

Table 6.2. Mean (SD) of subjective ratings for situation awareness, trust, and reliability. Ratings provided before
all journeys, after the driver state monitoring (DSM) journey, after the speed limit change journey, and following

all journeys.

Subjective rating Journey

Pre- Post- DSM Speed limit
change

Situation awareness [SART]  19.55 (5.58) 22.35(6.76) 21.81(8.28) 20.94 (6.55)
Trust [0-10] 5.06(1.71) 7.77(1.71) 8.06(1.86) 7.55(2.63)
Reliability [0-10] 5.45(2.05) 7.23(1.69) 8.16(1.55) 7.26(2.60)
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Figure 6.5. Violin plots representing trust and reliability ratings. (A) Trust ratings before all journeys, following
the driver state monitoring (DSM) journey, following the speed limit change journey, post-all journeys. (B)
Reliability ratings before all journeys, following the DSM journey, following the speed limit change journey, post-

all journeys. Key: * p <.05; ** p <.001.

6.4.2 Physiological arousal

Heart rate: A two-way repeated measures ANOVA was performed to understand the impact of a DSM
notification on heart rate (z-transformed) activity during simulated autonomous driving. The ANOVA
revealed no significant main effect of Notification, F(,27) = 1.34, p = .26; or Time, F1,27)= 1.99, p = .17.

The interaction effect was not significant, F1,27y= 0.20, p = .66.

Skin conductance level: A two-way repeated measures ANOVA was performed to understand the
impact of a DSM notification on skin conductance level (z-transformed) activity during simulated
autonomous driving. The ANOVA model revealed no significant main effect of Notification, F1, 27) =
2.27,p =.14; or Time, F1,27) = 0.79, p = .38. The interaction effect was also not significant, F1,27) =

0.73, p = .40.
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Overall, the results reveal that physiological arousal did not differ over a DSM notification or a speed
limit change notification. See Table 6.3 for descriptive statistics and Figure 6.6 for a visualisation of

results.

Table 6.3. Mean (SD) of heart rate (z-transformed) and skin conductance level (z-transformed) over notifications.
Results provided for before and after a driver state monitoring (DSM) and speed limit change notification during

different simulated autonomous journeys.

Physiological indices Notification
(z-transformed)
Pre- Post-
DSM Speed limit DSM Speed limit
change change
Heart rate -0.06 (0.98) -0.72(2.12)  -0.22(0.80) -0.81 (2.49)
Skin conductance level -0.81 (3.07) 1.04 (4.27) -0.50(2.14) 0.95(3.70)
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Figure 6.6. Heart rate and skin conductance level during a driver state monitoring (blue) and speed limit change
(green) notification. Shaded areas represent the + standard error of the mean difference. Grey dashed line
represents the time point the notification appeared. (A) Skin conductance level (z-transformed). (B) Heart rate

(z- transformed).
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6.4.3 Eye tracking

Time to first fixation: The two-way repeated measures ANOVA revealed no significant main effects of
Notification, F1,27=0.12, p = .74, and AOI, F(1,27) = 3.11, p =.09, nor a significant interaction effect, F,

27)=0.31, p =.58. See Table 6.4 for descriptive statistics.

Duration of first fixation: Similarly, the two-way repeated measures ANOVA on duration of first
fixation was not significant for Notification, F(, 27) = 0.44, p = .51, AOI, F(1,27= 0.26, p = .61, nor the
interaction, Fp, 27) = 1.87, p =.18. See Table 6.4 for descriptive statistics representing first fixation

metrics.

Fixation count: The two-way repeated measures ANOVA model yielded a significant main effect of
Time, Fp, s = 37.62, p < .001, ny®> = 0.58, Notification, Fj1, 27 = 23.36, p < .001, np> = .51, and an
interaction effect, F5, 54 = 5.22, p =.008, ny* = 0.16. Pairwise comparisons revealed that fixation count
was always greater during the DSM message when compared to the speed limit change message,
before (p = .016), during (p < .001) and after (p = .03) the notification. During the DSM message,
fixation count was greater before compared to during (p < .001), and after compared to during (p <
.001). Similarly, for the speed limit change message, fixation count was greater before compared to

during (p <. 001) and after compared to during (p < .001). See Table 6.5 for descriptive statistics.

Fixation duration: The two-way repeated measures ANOVA model revealed a significant main effect
of Time, Fpz, 54y = 12.14, p < .001, n,? = .31, and Notification, F, »7) = 7.028, p < .013, n,% = .21. The
interaction was not significant, Fy, sa) = .36, p =.70. Pairwise comparisons revealed that fixation
duration was greater during the DSM message (M = 57.16, SD = 15.56) when compared to the speed
limit change message (M = 48.61, SD = 11.79), regardless of time (p = .013). In addition, fixation
duration was lower during the message (M =43.51, SD = 12.76) when compared to before the message
(M =56.95, SD = 16.65; p = .002), and after the message (M = 58.19, SD = 14.78, p < .001). See Table

6.5 for descriptive statistics.

Overall, the eye tracking results suggest that neither message impacted first fixation more so than the
other, and fixation count and duration were greater during the DSM notification, regardless of time.
During the notification period, fixation duration and count were lower. See Figure 6.7 for a

visualisation of results.
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Figure 6.7. Fixation metrics during a driver state monitoring notification journey and a speed limit change
notification journey. (A) Time to first fixation (In) during the notification on different areas of interest
(AOI). (B) Duration of first fixation (In) during the notification on different AOIs. (C) Fixation count (%) on the
driving environment before, during, and after the notification. (D) Fixation duration (%) on the driving

environment before, during, and after the notification. Key: ** p <.001; * p <.05; «= mean value.
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Table 6.4. Mean (SD) of natural logarithm transformed fixation metrics during a driver state monitoring (DSM)

and speed limit change notification in Areas of Interest (AOIl): HMI and driving environment.

Fixation metric AOI x MESSAGE
(In+1)
HMI Driving environment
DSM Speed limit DSM Speed limit
change change
Time to first fixation 1.58(1.40) 1.41(0.84) 1.13(1.26) 1.14(0.71)

First fixation duration -0.73 (0.47) -0.79(0.68) -0.82(0.86) -0.57(0.90)

Table 6.5. Mean (SD) of fixation metrics (%) pre-, during, and post- a driver state monitoring (DSM) and speed

limit change notification.

Fixation metric TIME x MESSAGE
(%)
Pre- During Post-
DSM  Speedlimit DSM  Speedlimit DSM  Speed limit

change change change

Fixation duration  59.70 54.21 48.46 38.56 63.33 53.06
(19.83) (23.29) (18.24) (17.23) (16.88) (19.26)

Fixation count 91.68 81.65 72.84 49.06 87.46 79.02

(7.03) (18.21)  (16.41)  (20.85)  (8.95)  (15.31)

6.4.4 Subjective experience of the driver state monitoring system

The DSM system received an average usefulness rating of 3.78 (SD = 1.04). Overall, the system was
rated positively, with 65% of responses being either agree or strongly agree. Only 3% of responses
were disagree, and no responses were rated as strongly disagree. In regard to anxiety, the system
received an average rating of 2.60 (SD = 1.22) suggesting that the system was neither anxiety-
provoking nor not anxiety-provoking. 20% responses were rated as strongly agree or agree, suggesting
some anxiety. 39% responses were strongly disagree or disagree. See Figure 6.8 for visualisation of

results.
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Figure 6.8. Likert-style response to usefulness and anxious dimensions regarding the driver state monitoring

system.

Next, the six Likert-style questions regarding specific aspects of the driver state monitoring system
were individually analysed. See Figure 6.9 for a visualisation of the results. Participants expressed that
they would want to be able to turn the system on and off, with an average rating of 3.94 (SD = 1.01).
71% of responses were either strongly agree or agree, with only 13% of responses being disagree and
no responses rated as strongly disagree. Participants averaged rating was 2.48 (SD = 1.04) to the
question “I liked that the system took control and changed the speed of the vehicle”. Most participants
disagreed or strongly disagreed with this comment (61%) whereas only 25.81% of participants agreed,
and no participants strongly agreed. On the other hand, 55% of participants either strongly agreed or
agreed to the question “l would like to control and change the speed of the vehicle myself”. 23%
disagreed or strongly disagreed, and the average rating was 3.45 (SD = 1.07). Participants wanted to
have options if the driving style was going to change. 93% of participants either agreed or strongly
agreed to this question, while no one disagreed or strongly disagreed. The average rating was 4.53 (SD
= 0.62). Participants also expressed that they wanted to know how the system worked. This question
received an average rating of 4.06 (SD = 1.11), with 81% of participants agreeing or strongly agreeing,
compared to 10% disagreeing or strongly disagreeing. Finally, participants liked that the system
alerted them via the HMI dashboard. The average rating was 4.58 (SD = 0.55),
suggesting explainability and HMI interaction is paramount. 97% of participants strongly agreed or

agreed with this question, with no participants disagreeing or strongly disagreeing.
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Figure 6.9. Likert-style responses regarding the driver state monitoring system.

15 participants (48%) responded to the open-ended question asking if they had any further views on
the driver state monitoring system. Overall, the majority of responses fell into two categories: the
system improved safety and driver attention (five responses), and the system needed more user
control (five responses). The other five responses consisted of different aspects of the experience that
could be improved. Two responses suggested that the vehicle changed speed for too long which could
be dangerous. Another response indicated that if the vehicle changed behaviour automatically it could
cause frustration. One response was concerned with the potential anxious feelings it could provoke
(e.g. why has my heart rate increased?). The final response suggested the system was limited as it

only considered physiological response.
Overall, the Likert-style question and the open-ended question demonstrate that an element of user

control and clear notifications from the driver state monitoring system is paramount for user

acceptance.

206



Driver State Monitoring

6.5 Discussion

This study aimed to understand the impact of a driver state monitoring (DSM) notification on ocular
attention, arousal, and user acceptability. Eye gaze and physiological data between different
simulated autonomous journeys consisting of a DSM notification and a speed limit change notification
were compared. The results revealed several findings. Perceived situation awareness did not differ,
but mental demand, physical demand, and effort factors decreased following the simulated
autonomous journeys compared to pre-values. Trust ratings improved following the journeys but did
not differ following the DSM or speed limit change journey. Yet, reliability ratings did significantly
improve following the DSM journey, when compared to the speed limit change journey. Physiological
arousal was not impacted by either notification. Eye gaze metrics revealed that fixation duration and
count was significantly greater before, during, and after a DSM notification, when compared to a
speed limit change notification. Moreover, participants found the DSM system useful, although

expressed a need for more input to improve the safety and usability of the system.

6.5.1 Following all autonomous journeys, physical and mental demand and effort decreased, yet

situation awareness did not change

Comparable to Chapter 5, physical demand and effort workload factors decreased after all simulated
journeys. This provides support that these workload factors are not recruited during automated
driving regardless of the environment (simulated versus real world). In addition, mental demand
decreased following autonomous journeys. This is distinct from Chapter 5, as mental demand did not
decrease during real-world autonomous journeys, suggesting a simulated environment requires less
demand on cognitive processes, which may reflect the higher risk in real-world driving, or the more
complex visual environment. This contradicts previous research that has found that the mental
demand factor is greater during simulated driving when compared to real-world driving (Galante et
al., 2018). However, Galante et al.’s (2018) findings may be due to a lack of familiarity with a driving
simulator. Steering and acceleration manoeuvres can at times feel unrealistic (Kharrazi et al., 2020)
and often extended periods of time (e.g. 20 minutes) are required to adapt. During autonomous
driving, perceptuo-motor calibration is less important, which might be why in the present study

mental demand ratings decreased.

Simulated autonomous journeys and type of notification had no impact on perceived situation
awareness. De Winter et al. (2014) meta-analysis and review concluded that situation awareness

increased if the participant is notified or instructed through a human-machine interface (HMI). During
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the present study, the notifications were presented on an HMI, yet participants did not report greater
situation awareness in either journey. In addition, the eye tracking results revealed that participants
were more likely to gaze at the roadway during the DSM journey, which is often coupled with an
increase in subjective situation awareness (De Winter et al.,, 2014). However, there are clear
discrepancies between this study and the ones reported by De Winter et al. (2014). Firstly, the studies
reviewed compared either automated driving with manual driving, or automated driving with adaptive
cruise control. Therefore, differences between the notifications may not have been detected due to
the similar operational, tactile, and strategic tasks employed during both autonomous journeys.
Secondly, the authors did not include studies that utilised self-report measures of perceived situation
awareness, including the SART. As such, it is not accurate to compare the present study results with
De Winter et al.’s (2014) findings. Previous research has also criticised the face and construct validity
of the SART. Salmon et al. (2009) found that the scale did not correlate with performance or other
measures of situation awareness. They also highlighted that the scale focuses on attention,
complexity, and variability of the situation, which are related to workload rather than situation
awareness. As automated driving arguably decreases workload factors (as evidenced by the NASA-TLX

results), this may have inhibited any variations in perceived situation awareness.

6.5.2 Trust increased following all journeys, but reliability was highest following the driver state

monitoring journey

Self-report trust ratings increased following all autonomous journeys, which likely reflects
participants’ positive evaluation of the autonomous vehicle over journey experiences (i.e. learned
trust, Hoff & Bashir, 2015). Interestingly, reliability ratings were greater following the DSM journey,
when compared to the speed limit change journey. Although trust and reliability are arguably
intermixed (e.g. Akash et al., 2018), these results suggest that the vehicle was most dependable during
DSM. Both notifications informed participants the reason for its behaviour (i.e. vehicle slowing down
due to driver state/speed limit change), yet the DSM notification offered another level of technical
competence by monitoring driver state, a likely novel concept for the participants. Thus, the system
transparency and/or the uniqueness of the DSM message may have encouraged higher reliability

ratings.

These results have important implications for DSM. Reliability, like trust, endures a complex
relationship with automation misuse. Too much dependability may lead to accepting automation
errors, whereas too little dependability may lead to disregarding the system when it might provide a

benefit (McBride et al., 2011). The results therefore suggest that reliable DSM systems may encourage
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sub-optimal monitoring of the automated vehicle or reluctance to counteract the system, due to over-
complacency. Varying reliability during automation monitoring has been found to increase detection

of automation errors (Prinzel et al., 2005) and may therefore be able to disrupt over-complacency.

6.5.3  Physiological arousal was not modulated by notifications

Heart rate and skin conductance level were similar before and after both types of notifications,
indicating that a DSM notification had no impact on physiological arousal indices. The results
demonstrate that simply telling participants that their arousal indices indicate performance

decrements does not instigate modulation of autonomic arousal.

Visualisation of the results demonstrate increased skin conductance level approximately five seconds
following a DSM notification (see Figure 6.6). This response is similar to the skin conductance response
in Chapter 5, indicating increased sympathetic arousal following a DSM notification. Despite this
increase, skin conductance was relatively low when compared to a speed limit change notification,
including before the message appeared. This pre-period acted as a condition-specific baseline period
and therefore it is not clear why autonomic arousal was lower during DSM. To investigate whether
wrist movements may have confounded the measurement period, including the baseline, movement
index was calculated between the times of interest (see Appendix 6.2). The results revealed that wrist
movement was significantly greater during the speed limit change notification, compared to the DSM
notification. Therefore, it is possible that wrist movements, potentially from using the HMI, may have

confounded physiological data, resulting in enlarged values during the speed limit change notification.

Despite indices such as heart rate and skin conductance to stimuli being extensively studied, the
relation between HMI notifications and physiological signals remain largely unexplored. A recent study
demonstrated reduced heart rate and skin conductance levels during a simulated autonomous
journey containing visual and audio notifications when compared to notifications without audio
(Eimontaite et al., 2020). The authors suggest that increased system transparency reduced
physiological arousal. However, the authors focused on physiological signals during the whole journey,
which would have consisted of different driving scenarios and other human-vehicle interactions. In
this study, real-time physiological response to the notification were analysed, and so only focused on
two 30 second periods throughout the journey. Research investigating other types of notifications can
provide further insight. For example, Fortin et al. (2019) found that smartphone notifications

increased skin conductance responses. Yet, smartphone notifications have a social element, which is
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largely known to modulate arousal mechanisms. For example, social evaluative threat increases
sympathetic and parasympathetic activity (Dickerson & Kemeny, 2004). In the present study,
notifications were related to the driving task, and did not include a social aspect. This might partly be

why arousal did not increase at the onset of either notification.

Overall, the physiological results are inconclusive. The statistics indicate that a DSM message did not
result in adverse effects as characterised by over-activation or inhibition of autonomic arousal indexed

by heart rate and skin conductance, yet wrist movements may have confounded the comparisons.

6.5.4 Eye gaze was not modulated by notifications

The eye fixation results revealed that the DSM notification was no more attentionally demanding
compared to a speed limit notification. This is evidenced by the similar time to first fixation and first
fixation duration metrics between messages. Secondly, fixation count and duration were greater on
the driving environment during a DSM journey, compared to a speed limit notification journey.

However, this was apparent before, during, and after the notification.

The similar first fixation metrics between notifications and areas of interest suggest that auditory and
verbal notifications do not distract the passive driver away from the driving environment. Despite the
uniqueness of a DSM notification, the lack of significant effects for duration of first fixation suggests
that the notifications had no distinct impact on focused attentional processing mechanisms. First
fixation metrics provide a reflection of early object identification processing (Henderson et al., 1987)
however others argue that they reflect perceptuo-motor factors such as foveal landing position rather
than cognitive processes (e.g. Arizpe et al., 2012). Despite this, first fixation metrics can provide insight
into when participants decided to direct their gaze towards the notification. Research has indicated
that eye gaze is more likely to be directed towards novel (e.g. Horstmann & Herwig, 2016) and salient
stimuli (e.g. Giraudet et al., 2015). Despite this, participants did not fixate for longer on the DSM
notification. The present study controlled for differences between the physical properties of the
notifications so that any potential difference between fixation metrics could not be associated with
bottom-up processes only (e.g. same contrast, font size, colour etc). This may partly explain why there
was no significant difference between notifications. Appearance properties such as location (Ozimek
etal., 2019), opacity (Imbert et al., 2014), size and motion dynamics (Athénes et al., 2000) impact how

distracting a notification is (Klauck et al., 2017).
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However, interpreting first fixation metrics in this manner assumes that cognitive processing of the
message finishes once gaze is directed away from the HMI. But information processing can still be
ongoing once fixations ends (Anderson et al., 2004). Therefore, to try and understand whether visual
attention was encouraged towards the roadway, gaze duration and count metrics on the driving
environment was compared before, during, and after the notification. Overall, these results were
inconclusive. Although fixation count and duration were greater during DSM, this effect was apparent
before the message appeared, during what could be considered a baseline period. It is difficult to
ascertain why these differences before the notification appeared, however it may be attributed to the
journey instructions or the simulated scenario. Before the DSM journey, participants were reminded
to look out for obstacles and press the ‘safe stop’ icon on the HMI if they wanted to stop the vehicle.
Although this was also mentioned at the beginning of the testing session, participants were reminded
to ensure that they were clear about why monitoring of physiological state was important: in case
their performance (i.e. ability to press the safe stop button) was delayed during autonomous driving.
However, during the journey, participants were not required to press the safe stop button, nor did
they experience any type of obstacle. Alternatively, fixation metrics before the notification may have
been impacted by the simulated environment. Although journeys were randomised, the DSM message
and speed limit change message were displayed at the same location during the route. Before the
DSM message, the participants experienced a ‘Town centre’ environment. The visual scene complexity
may have engaged visual gaze (Pomplun et al., 2013) in comparison to the less built up environment
which appeared before the speed limit change message. Yet this is only speculation, and so it is not
clear whether visual attention was unaffected by DSM, whether it was covered by a ceiling effect, or

whether it was impacted by task instructions.

6.5.5 The driver state monitoring system was perceived as useful, but users wanted more input and

control

At first glance, the questionnaire results indicate that DSM is a valuable contribution to an advanced
driver assist system. Participants expressed alerting the driver was useful and could increase self-
reported attention. In line with Melnicuk et al. (2019), the overall acceptance of a DSM system was
impacted by usefulness metrics, particularly whether it was safe and easy to use. In addition, in line
with the increased reliability ratings following DSM, Melnicuk et al. (2019) found that reliability was
an important factor concerning the overall usability of a DSM system. However, there was an emphasis
for more user input, such as the ability to turn the system off, or to ask the driver how they wanted

the vehicle to respond. Participants also expressed that this could lead to frustration, and even
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anxiety. In some cases, the vehicle’s behaviour could be dangerous - reducing vehicle speed would not
be appropriate for all road conditions. Therefore, a DSM system could have a negative impact on driver
wellbeing and comfort. These results echo similar studies on technology and user acceptance,
particularly autonomous features of a vehicle. For example, Choi & Ji (2015) suggest system
transparency and technical competence are important factors that enable trust. Yet, the results are
distinct to those found by Melnicuk et al. (2019). Overall, the authors found that anxiety did not have
an impact on participants’ intention of using a DSM system. However, their participants did not
experience a DSM system, and only answered questions relating to their willingness to use it. The
present findings therefore add to their findings: acceptance behaviour may be impacted by anxious
feelings. Overall, these results provide additional insight for future research studies. Participants who
experienced a DSM system found it useful, however an on-going challenge concerns how information
is best delivered, and what human input is appropriate for a DSM system to improve safety and

wellbeing.

6.5.6 Limitations

The present study did not instigate an unexpected event and so did not measure the impact of a
notification on deficit attentional strategies during an unexpected event. Chapter 5 demonstrated the
relationship between a vehicle hazard and visual attention deficits, and so it would be logical to next
assess whether a DSM system could promote suitable attentional strategies in response to a critical
event. This might also explain why the present study did not uncover any differences between
notifications in autonomic arousal and visual attention. However, due to the limited research in the
area, this study was conducted to understand the positive or negative impact of a DSM message on
driver state. The aim of the study was to understand how the message itself was perceived and the
behaviours associated with it. This is important, as inappropriate implementation of DSM systems
could have damaging consequences to the acceptability of such systems, as well as promote unsafe

human-vehicle behaviours (e.g. overreliance).

To ensure participants were not confused when presented with the DSM notification, participants
were told that their physiological signals were being monitored by a real-time system during the
journeys. Although the Empatica E4 did collect participants’ heart rate and skin conductance level, this
was not being fed into a real-time system, and so all participants received the pre-programmed DSM
notification at the same location during the journey, no matter what their physiological signals read.

Yet, participants may have had interoceptive awareness: the ability to sense internal state, including
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heart rate or skin conductance. As such, participants may have felt that their heart rate or skin
conductance had not changed and so dismissed the notification. Despite this, all participants provided
their subjective experience of the DSM system and no one indicated any concerns with the
physiological measures or mentioned that the notification was not in alignment with their own

perceptions at the time.

6.5.7 Conclusion

Monitoring of driver state has the potential to improve safe human-vehicle interaction during semi-
autonomous driving and the development of fully autonomous vehicles, as well as wellbeing of
passengers during autonomous driving. Although there is a surge of engineering research examining
new remote and wireless systems, there is a lack of understanding of the impact on DSM on cognitive
demand and general wellbeing. Therefore, it is not clear if DSM notifications will have the reverse
anticipated effect and exacerbate attentional deficits. In addition, it is not clear what the potential
barriers are for user acceptance. This simulated autonomous driving study investigated ocular
attention and physiological arousal during two types of notifications which preceded the vehicle
slowing down: a DSM message of changes in physiological state, and a conventional message of a
speed limit change. Participants rated the reliability of the vehicle the highest after a DSM journey.
There were no differences in the real-time autonomic response between notifications. First fixation
metrics revealed that both notifications involved similar visual processing demands. Participants made
more fixations during a DSM notification when compared to a speed limit change notification, yet this
difference was also apparent before the notification, indicating that driving context may have been
responsible for this difference. Moreover, participants found the DSM system useful, although
expressed a need for more input to improve the safety and usability of the system. Overall, the
Chapter found that a DSM notification reporting on physiological indices was not visually distracting
and did not modulate physiological arousal compared to other driving-related notifications. Therefore,
a DSM system could be a useful adjunct to autonomous vehicles. As Chapter 5 revealed potential
negative experiences during Level 5 driving, coupled with human limitations in sustained monitoring
during high arousal situations, further research is needed to determine whether a DSM notification
successfully engages attention mechanisms during periods of low or high arousal, such as unexpected

situations.
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7.0 General Discussion

7.1 Summary of thesis

Sustained attention is a multifaceted concept that operates on a series of timescales, impacted by
global mechanisms of both vigilance and arousal, as well as being a key element to many higher order
cognitive functions (Langner & Eickhoff, 2013). Decrements in attention can be disastrous in
occupational and everyday settings that require sustained monitoring, which is becoming more and
more prevalent with the rapid evolution of robotic and autonomous systems. Although these systems
have the potential to enrich environments, safe and efficient human-machine interaction is challenged
by the negative effects on cognition when monitoring automation and intervening when automation
fails (Parasuraman & Riley, 1997). Previous research has indicated that autonomous systems
encourage cognitive underload (e.g. Carsten et al.,, 2012; Louw & Merat, 2017), reduce spare
attentional capacity (e.g. Stapel et al., 2019), as well as modulate social cognitive factors such as trust
(e.g. Korber et al., 2018; Walker et al., 2019). However, with new autonomous systems developing,
what still eludes researchers is a complete understanding of attentional lapses during continuous
tasks, and how the engagement of a previous unrelated task can impact current task processes and
performance. In addition, it is not clear whether attention fluctuations can be captured reliably during
naturalistic settings including autonomous driving. Considering that interactions within the real world
are endlessly evolving, the temporal dynamics of brain oscillations, as well as more slower moving
autonomic processes, may provide complementary evidence into how cognitive processes such as

attention are affected by these continuous interactions.

This thesis aimed to investigate variations in arousal and attention, as well as performance
fluctuations, during continuous tasks. Specifically, this thesis focused on an autonomous vehicle
environment. Across the studies, physiological measures of skin conductance, heart rate, heart rate
variability, muscle activity, fronto-parietal alpha and theta neural oscillations were explored.
Behavioural measures of task performance and eye tracking, as well as subjective ratings, were
collected when appropriate. In five empirical studies | aimed to understand the lasting effects of
previous tasks and how attentional demand impacted autonomic arousal and neural mechanisms
related to sustained attention (Chapters 2, 3, and 4). | then investigated how attention fluctuations
manifested, and the feasibility of capturing these fluctuations during real-world monitoring of
automation during an unexpected (i.e. high arousal) event (Chapter 5). Finally, | attempted to

understand whether continual psychophysiological monitoring is a feasible and acceptable approach
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to modulate behaviour and wellbeing (Chapter 6). | used both controlled laboratory-based and applied
experiments to unpick the research questions in an attempt to improve the translation of research

findings to human state monitoring in naturalistic settings.

This final chapter is arranged in the following manner. The first section will focus on the findings from
the laboratory-based experiments on autonomic and neurobehavioural evidence for attentional
deficits during continuous multitasking (Chapter 2), and the impact of a previous task differing in
attentional demand on visuomotor performance (Chapter 3) and simulated driving (Chapter 4). The
second section focuses on the findings from the applied autonomous vehicle ‘Pod’ study (Chapter 5)
which was undertaken to reveal how ocular behaviours and autonomic arousal was impacted by an
unexpected situation during Level 5 autonomous driving; and the virtual driving simulator study
(Chapter 6) to explore the attentional demand and user acceptability of driver state monitoring
notifications, during Level 5 autonomous driving. Given the applied aspect of this research, and the
argued potential benefits for psychophysiological human monitoring, the present Chapter will
conclude by discussing challenges associated with the findings of the thesis, before discussing future

directions.

7.2  Summary of findings

7.2.1 Neurobehavioural evidence for performance deficits during multitasking: the impact of

previous task demands (Chapter 2, 3 and 4)

7.2.1.1 Overview

The first experiment described in Chapter 2 aimed to investigate whether various subjective,
physiological, and neurophysiological measures were sensitive to the influence of attentional load on
multitasking. Attentional load was indexed by workload intensity (low versus high) and induced via
the Multitasking Framework, a demanding computer task that required the participant to attend and
respond to four tasks simultaneously. Although physiological and neurophysiological measures
revealed some variation in response to workload conditions, only subjective ratings were able to
successfully disentangle workload, and therefore indicated a high sensitivity of subjective ratings to
workload changes during multitasking. Neural oscillatory activity revealed increased fronto-parietal
theta power during multitasking, reflecting task engagement, and this persisted following task

cessation. Alpha power increased only following task cessation, potentially indicating a decrease in
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general arousal processes. The findings therefore revealed a lasting neural effect, specifically fronto-
parietal theta power, on multitasking. As the results were limited, Chapter 3 and 4 attempted to
unravel the negative lasting impacts of multitasking by employing an event-related design to increase

the signal-to-noise ratio and remove within-subject variation, to separate workload conditions.

In Chapter 3, an event-related design was employed to explore whether the attentional load of a
previous task impacted the general mechanisms of visuomotor performance. To this end, prior
attentional load (low versus high visual search) was manipulated, while keeping the physical
properties of the secondary task - visuomotor pursuit tracking - the same. Although reaction time
measures were similar following both tasks of varying attentional load, participants spent longer
outside of the target (total duration of deviations) following high load, reflecting impaired
performance. Short-lasting  bursts of theta synchronisation (ERS) and continuous
alpha desynchronisation (ERD) were most pronounced at frontal and parietal scalp locations,
respectively. Following a visual search task of high load, frontal theta power was delayed
approximately 100ms, possibly reflecting delayed target encoding mechanisms. In addition,
contralateral alpha desynchronisation was greater (i.e. lower alpha power), during the first and last
second (approximately) of the continuous tracking task. These results suggest that demands on

attention were greater following engagement in a high load visual search task.

These initial results suggest a lasting effect of attentional demand when switching to a new task.
Therefore, a similar method was employed in Chapter 4 to explore whether engagement with a
previous task (passive viewing, low load visual search, high load visual search) had an impact on
takeover during simulated semi-autonomous driving. The passive viewing condition was considered a
control condition, where participants were required to watch the roadway instead of engaging in an
unrelated task. Both takeover time and takeover quality measures were negatively impacted by
engagement of a visual search task, regardless of attentional load. Firstly, time to accelerator pedal
was greater following a visual search task of low load, and a task of high load, when compared to the
passive viewing task, indicating an initial delayed ability to regain awareness of the vehicle controls.
Standard deviation of lateral position was greater following a visual search task of low load, and a task
of high load, when compared to the passive viewing task. This suggests that participants demonstrated
less control of the vehicle, ‘weaving’ in and out of the lane. Similarly, mean vehicle speed was lower
(deviated further from the 60 mph speed limit) following a task of low load and following a task of
high load, when compared to passive viewing. This could be due to allocation of cognitive attentional

resources to taking over, and therefore the delayed ability to regain general situation awareness
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including monitoring speed. Neural evidence supports this hypothesis, as frontal theta
synchronisation was seemingly absent following the passive viewing task, representing the
effortlessness of re-allocating external attention processes. Attention-related parieto-occipital alpha
power was less pronounced (lower desynchronisation) following the task of high load when compared
to the passive viewing task, suggesting deficits in attention allocation. Furthermore, alpha power
negatively correlated with vehicle speed, demonstrating that higher alpha power (lower
desynchronisation) was associated with better performance. Altogether, the results suggest that
engaging in unrelated tasks of high attentional load before a takeover request may result in deficits in
attentional processes, as indexed by parieto-occipital alpha, while negatively impacting driving

performance. See Table 7.1 for an overview of behavioural and EEG results of interest.
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Table 7.1. Overview of behavioural and EEG results of interest in Chapter 3 and 4.

Measure

Tasks employed

Chapter 3
Visual search low load,
visual search high load

Chapter 4
Passive viewing, visual
search low load, visual

search high load

Behavioural

No differences following
a task of low or high load

Instant measures of performance
(i.e. reaction times)

Duration of deviations
(time outside the target)
was greater following
high load compared to
low load

Continuous measures of performance
(i.e. accuracy)

EEG

Frontal theta ERS
(dB normalised)

Delayed following a task
of high load when
compared to low load

Parieto-occipital alpha ERD -
(dB normalised)

Greater following high
load when compared to
low load

Contralateral parietal alpha ERD
(dB normalised)

Time to accelerator pedal
was greater following low
and high load task
compared to passive
viewing

Speed deviation and
standard deviation of
lateral position was
greater following low and
high load task compared
to passive viewing

Greater following a task
of low and high load
when compared to
passive viewing

Greater following passive
viewing when compared
to high load

Key: ERD = event related desynchronisation; ERS = event related synchronisation; - = not measured

7.2.1.2 Discussion

Chapter 2 revealed a lasting effect of increased frontal theta following multitasking (regardless of

load), while Chapters 3 and 4 revealed somewhat distinct results. In Chapter 3, a transient burst of

frontal theta activity was delayed approximately 100 ms when following a task of high attentional

load, while Chapter 4 revealed no significant differences when following a task of low or high load,

however, theta was absent following the control passive viewing task. Overall, these results are in

accordance with the literature. The selection of new information reliably elicits a strong event-related
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increase in fronto-midline theta (Klimesch, 2012). For example, a stronger increase in theta is seen
during the retention of six items, when compared to two items (Jensen et al., 2002). As such, theta
was absent when no new information was provided (e.g. passive viewing condition in Chapter 4).
However, the onset of theta differed between Chapters 3 and 4. Theta commenced at approximately
a similar time (200 ms post-cue) following a task of high load in Chapter 3 and following a task of low
and high load in Chapter 4. However, following a task of low load in Chapter 3, theta commenced at
100 ms, suggesting rapid processing of new information. As the visual search task was the same
between Chapter 3 and 4, the results suggest that the difficulty of the continuous task (i.e. tracking
versus simulated driving), as well as the attentional load of the previous task, impacted the time
course of frontal midline theta. Theta appeared earlier following visual search low load during the

tracking task and appeared later following visual search low load during simulated driving.

An important distinction between Chapter 3 and 4 is the spatial distribution of attention-related alpha
during both visuomotor tasks. Although alpha desynchronisation was bilateral in both Chapters,
variations in alpha desynchronisation dominated the left hemisphere during the tracking task,
whereas alpha changes were bilateral during simulated driving. The varying demands between the
two tasks may explain these differences. During the simplistic tracking task, the increase in left parietal
alpha desynchronisation during high load may represent a stronger recruitment of motor attention
processes (Rushworth et al., 2001). Mechanisms were recruited to redirect the intended (right hand
and arm) movements, as potentially, there were not enough resources available for accurate
movement selection. By contrast, driving is a complex visuomotor task and changes in alpha are
reliably elicited at bilateral parieto-occipital electrodes during simulated driving (e.g. Chuang et al.,
2018; Ma et al., 2018; Wang et al., 2018). Brooks et al. (2016) found that alpha in the right parietal
area was related to driving metrics associated with orienting the vehicle on the road, measured via
lane deviation; whereas left parietal alpha activity was related to corrective steering responses and
heading error. The authors argue that alpha in the right parietal cortex was related to processes which
monitor vehicle kinematics, whereas alpha in the left parietal cortex reflected feedback control
processes such as corrective steering responses. Although alpha was only examined during a pre-
perturbation period (when the vehicle would veer left or right somewhat mimicking a gust of wind),
these results provide insight into the fluctuations in alpha likely reflecting dynamic attention allocation
during driving, which could have been impacted by a previous task of varying attentional load. In sum,
varying attentional demands of the previous task potentially only interfered with motor attention
during the simplistic tracking task, whereas disruptions to further processes such as orienting may

have arisen during simulated driving.
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A further distinction in attention-related alpha can be found between Chapters 3 and 4. At first glance,
the alpha results seems contradictory. Chapter 3 revealed greater alpha desynchronisation following
high load reflecting increased demands on attention processes. This finding was expected, as
accentuated alpha desynchronisation during a demanding task driven by sensory inputs is most
commonly described in the literature (e.g. Magosso et al., 2019; Proskovec et al., 2019; Sauseng et al.,
2006; see Borghini et al.,, 2014 for a review). However, Chapter 4 revealed reduced alpha
desynchronisation following high load. If attentional demand was increased following a task of high
load in both Chapters 3 and 4, why did alpha power changes manifest in opposite directions during
the tracking task and the simulated driving task? Chapter 4 can provide some insight as the passive
viewing task acted as a control condition, as participants did not take part in a visual search task but
monitored the roadway ahead. Following passive viewing, alpha desynchronisation was greater, when
compared to following the visual search task of high load. In addition, a negative correlation between
vehicle speed and parieto-occipital alpha revealed that increased alpha desynchronisation (i.e. lower
alpha power) was associated with better performance. In combination, the results from Chapter 3 and
4 suggest that reduced alpha desynchronisation (i.e. higher alpha power) was associated with
attentional deficits. Therefore, it is likely that the prior task of high load increased demands on
resources for the following continuous task. However, as the driving task was more demanding than
the tracking task, not enough resources were available for successful task performance. As such, alpha
desynchronisation was lower during high load driving. Although somewhat speculative, this
interpretation is also supported by the literature, which has demonstrated that attenuated alpha
desynchronisation is related to poorer performance (e.g. Dimitrijevic et al., 2017; Proskovec et al.,
2019; Puma et al., 2018). However, the results are somewhat inconclusive, as although Chapter 4
revealed a significant difference between low and high load, Chapter 4 did not. This may have been
due to the differences in the ‘task switch’ between the visual search task and the continuous
performance task (i.e. tracking/simulated driving). For Chapter 3, participants engaged with one
computer screen. In Chapter 4, participants were required to shift their visual gaze and body position
from a computer screen displaying the visual search, towards the simulated driving environment. This
move to a new location would have required additional perceptual and motor processes, resulting in
a more complex task switch than in Chapter 3. Potentially the between task effect size was small in
both the behavioural and EEG data, as the low and high load task switch were equally demanding on

available resources.
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In combination, the results provide two important aspects of attention that impact the interpretation
of the effect of a previous task demands on a continuous task requiring sustained attention. 1)
Attention-related alpha activity and frontal theta activity in combination with performance metrics,
during a continuous task, are modulated by a previous task of differing attentional demand, and 2)
attention-related alpha manifests distinctly depending on the nature of the continuous task. In this
thesis, | suggest that if the sustained visuomotor task is complex and demanding, then decrements in
attention-related mechanisms manifest during the task. This is represented by reduced alpha ERD (i.e.
not enough attentional resources). In addition, this should be coupled with reduced performance
measures. However, if the secondary task is less demanding, then the attention resources required
for successful task completion do not reach full attentional capacity, and therefore manifest as a
greater increase in alpha ERD (i.e. enough attentional resources). This may not be paired with reduced

performance.

Overall, these results provide insight into the attentional limitations at a neurobehavioural level during
sustained tasks. The evidence suggests a neurophysiological response and cognitive limitations during
multitasking scenarios, in particular task switching, which manifests differently depending on the
nature of the primary and secondary task. As these studies emphasise that the direction of results are
associated with the nature of the tasks, this provides motivation for future research measuring
cognitive limitations in applied situations, which are more complex, demanding, and impacted by

factors such as the internal state of a participant (e.g. motivation) and the environment.

7.2.2 Capturing and modulating lapses in sustained attention during semi-naturalistic and

naturalistic studies of autonomous driving (Chapter 5 and 6)

7.2.2.1 Overview

Chapter 5 aimed to investigate the impact of an unexpected event during Level 5 autonomous driving
on visual attention and autonomic arousal. Participants undertook several autonomous journeys that
consisted of a stop: one unexpected stop initiated by a hazardous event, and one expected stop
initiated by the journey setup. The results suggested that similar visual attention demands were
expended but distinctly allocated during the unexpected and expected journeys. During an
unexpected event, participants demonstrated increased sympathetic nervous activity and a smaller
distribution of ocular fixations, coupled with longer fixation duration towards the hazard. These

results imply a narrowing of focused attention during an adverse situation, which lasted once the
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critical event had ended. The study also demonstrated that the physiological indices examined can be
considered useful and practical measures for evaluating functional state during real-world
autonomous driving. A driver state monitoring (DSM) system, introduced in Chapter 1.3.1, could
include such measures to detect these behaviours and make an informed decision on vehicle

behaviour and adapt vehicle notifications accordingly.

The final study described in Chapter 6 aimed to investigate the attentional demands and user
acceptability of a DSM notification during autonomous driving. The study was undertaken in a virtual
autonomous driving simulator, which investigated ocular attention, physiological arousal, and user
acceptability, during two types of notifications which preceded the vehicle slowing down: a DSM
notification indicating changes in physiological state, and a conventional message of a speed limit
change. Participants rated the reliability of the vehicle the highest after the DSM journey. Qualitative
results suggested that participants found the notification useful and appropriate but sought control
of the DSM system. There were no differences in the real-time physiological response between
notifications, and eye fixation results revealed that the DSM notification was no more visually
attentionally demanding compared to a speed limit notification. Although fixation duration and count
were greater on the driving environment during and after a DSM notification compared to a speed
limit change notification, this result was also significant before the notification. This suggests that it
was not the notification that increased fixation duration. In combination, these results suggest that
participants were not adversely affected nor visually distracted by the DSM notification, and generally
accepted the systems capabilities. However, it was not clear whether the notification improved visual

monitoring of the driving environment.

7.2.2.2 Discussion

There are two distinct differences between Chapter 5 and Chapter 6. While Chapter 5 explored older
adults during real-world autonomous journeys, Chapter 6 explored younger adults during simulated
autonomous journeys. Considering the potential autonomous vehicle benefits for older adults, such
as maintaining mobility and independence, and the age-related individual differences related to
human-automation collaboration, a comprehensive understanding of older adults’
psychophysiological state during periods of automated driving, particularly during safety-critical
situations, is needed. Previous research has indicated that during periods of automated driving,
younger adults fixated on safety-critical areas, despite having no control of the vehicle (Strauch et al.,

2019). Chapter 5 expands on this research by demonstrating that older adults also fixate on a safety-
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critical event, and this narrowed focus of attention lasts once the event had ended. This result is similar
to Chapter 2, 3 and 4 that suggest that the demand of a previous task, e.g. an unexpected event in

Chapter 5, impacts attention-related mechanisms during a continuous task.

Despite these disparities, similar self-reports for perceived situation awareness, trust, reliability, and
workload before and after all journeys between both populations were found (see Table 7.2). For
example, situation awareness ratings did not differ between pre- and post- journey ratings, in both
younger adults in a simulator environment (pre: 19.55; post: 22.35), and older adults in a real-world
environment (pre: 22.15; post: 21.41). These results contradict the literature that suggest older adults
have lower situation awareness when compared to younger adults (e.g. Bolstad, 2001; Caserta &
Abrams, 2007), and high levels of automation encourage driver complacency resulting in a decline in
situation awareness (McCall et al., 2019). However, the non-significant results may have been driven
by the situation awareness measurement technique — the self-report post-trial ‘SART’. Salmon et al.
(2009) suggests that if the task is dynamic and changeable, and the situation awareness content is not
known, then the SART may not be the best method to study situation awareness. This is because the
SART produces a score of how aware participants felt during the task. Therefore, accurate memory
recall can impact the results. In addition, the situation awareness content is not known and so it is not
clear what an ideal SART score is during autonomous driving. Therefore, it is difficult to compare a
‘pre-’ period, when no task had been undertaken, to a ‘post-' period, when a task had been undertaken..
Trust and reliability both increased from pre- to post- journeys in both Chapters. Interestingly, trust
and reliability ratings were generally lower in the younger adults (Trust: pre = 5, post = 8; Reliability:
pre =5, post = 7) when compared to the older adults (Trust and reliability: pre = 7, post = 9). Although
some have suggested that the acceptance of using new technologies decreases with age (Kantowitz
et al., 1993), a number of studies now suggest that older adults trust and over-rely on automation
more than younger adults. For example, McBride et al. (2010) compared younger and older adults
undertaking dual tasks with automation support. The automation support was incorrect 70% of the
time, and participants were required to correct the automation. During automation errors, older
adults were less likely to check the automation and self-report trust was greater, indicating potentially
lower perceived situation awareness and higher dependence on the automation. The literature
suggests that several factors may be involved. Because of age-related cognitive changes such as
deficits in basic attention, memory, and learning (Zanto & Gazzaley, 2014), and differences in
experiences with technology (Barnard et al., 2013), older adults may be less likely to detect errors and

failures in the system, leading to a better perceived experience.
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Table 7.2. Self-reports of situation awareness, trust, reliability, and workload factors, pre-journeys to post-

journeys in Chapter 5 and Chapter 6.

Parameter Chapter 5 Chapter 6
Field study with Simulator study with
older adults younger adults

Situation awareness - -

Trust ™ ™

Reliability

9
9

NASA-TLX
Mental -
Physical N
Temporal - -
Effort N
Performance - -
Frustration ™ -

Key: 1 represents the parameter increased from pre- to post- journeys; {, represents the parameter decreased

e

from pre- to post- journeys; - represents no change from pre- to post- journeys.

Although the findings from Chapter 5 and Chapter 6 indicate some age-related differences, it is
important to recognise the potential influence of the different testing environments. In Chapter 5, a
naturalistic study was undertaken, which employed a real autonomous vehicle in a pedestrianised
environment. In Chapter 6, a virtual-based environment was employed. Strauch et al. (2019) recently
explored passengers’ trust and gaze behaviour during a highway drive in a manual and autonomous
vehicle in the field, and in a manual and autonomous driving simulator. Trust ratings were similar
between manual and autonomous driving in both the simulator and field experiment. Although trust
ratings corresponded between the simulator and field experiment, ocular behaviours differed. While
no effect on gaze behaviour was found in the simulator experiment, the field experiment revealed a
greater number of fixations on safety-relevant features more so during autonomous compared to
manual driving. The authors suggest that an underlying factor affected by the driving environment,
such as interest or perceived risk, may play a role in manipulating gaze behaviour. Therefore, the
different environments employed in Chapter 5 and 6 may have impacted the results. Despite the clear
benefits of undertaking field studies, the naturalistic study undertaken in Chapter 5 was time-
consuming, resource-heavy, and relatively inflexible. The study was limited as it had to adhere to strict
safety protocols such as a safety driver, low speed (3 — 5 mph), and marshals surrounding the vehicle

(further discussed in Chapter 5.5.5). The vehicle was continually under the risk of sensors/systems
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failing, as well as being adversely impacted by factors such as bad weather and heavily trafficked areas.
Issues like these have also been well documented in the literature (e.g. Nascimento et al., 2019;
Stadler et al., 2019). Consequently, virtual environments can be considered a practical tool for

exploring behaviours and attitudes to Level 5 autonomous systems.

Overall, Chapter 5 and 6 were successful in the overall objectives of ascertaining feasibility of
physiological measurements for development into a driver state monitoring system in applied
contexts. In addition, the results from Chapter 5 and Chapter 6 provide insight into how visual
attention and autonomic arousal manifest during unexpected situations, and whether a driver state
monitoring system may have the potential to improve safety and wellbeing during Level 5 driving. The
evidence suggests a narrowing of visual attention and increases in autonomic arousal during
unexpected events during vehicle automation, and monitoring real-time continuous physiological
signals may be an acceptable way of modulating visual attention and arousal, subsequently improving

driver safety and wellbeing.

7.3 Challenges and future directions

7.3.1 Individual differences

Neurophysiological and physiological measures utilised within this thesis are all susceptible to
individual differences. For example, 10% of people are considered EDA non-responders, meaning they
do not respond electrodermally (Braithwaite et al., 2012). If any type of physiological monitoring
system, including a DSM system, is unable to measure skin conductance from all individuals, then this
will impact the accuracy and safety of the monitoring method. Other physiological inter-individual
differences have also been well documented. Quer et al. (2020) studied the variation in heart rate
over the course of two years and found that although mean heart rate was 65 bpm, inter-individual
differences ranged between 40 — 109 BPM. Similarly, alpha oscillatory activity is typically defined
between 8.5 — 12.5 Hz, with a mean frequency of 10 Hz (Klimesch, 2012); however, alpha frequency
varies between individuals. Haegens et al. (2014) study of 51 participants undertaking a resting state
recording, visual grating, and an n-back task, demonstrated that individual alpha peak frequency
ranged between 7 — 14 Hz, with a standard deviation of 2.8 Hz. They also noted that some participants
did not display an alpha peak. So, although within-subject designs help to control for inter-individual
variation, using a narrow range of frequencies for analysis may not truly capture ‘alpha’ activity as

manifested in the population.
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Research traditionally focuses on inter-individual differences; however, it is recognised that intra-
individual variability (i.e. a transient, within-participant change) will also impact physiological
measurements. Quer et al. (2020) two-year study found that 20% of participants experienced at least
1 week in which their resting heart rate was modulated by 10 bpm or more. In addition, they found
that intra-variability was more common in women and particularly those of a childbearing age. Other
factors, such as experience, can result in intra-individual differences. For example, greater experience
in driving tends to lead to a reduction in the duration of certain types of fixations (Chapman &
Underwood, 1998). Therefore, any human state monitoring system would need to take into
consideration the changes of ocular behaviour with experience and time as well as being flexible with
regards to intra-individual variability with other measures including heart rate. Further research
analysing the physiological and neural correlates of intra-individual differences in behaviour (i.e. a
trial-by-trial analysis in Chapter 3 and 4) would reveal a more detailed and dynamic picture of

attentional fluctuations associated with variables such as time-on-task and arousal.

As recommended by Laborde et al. (2017), the thesis attempted to control for confounding variables
that could impact autonomic function. In Chapters 2, 3, 4 and 6, participants filled in a demographic
questionnaire asking information on their smoking status (Ashare et al., 2012), previous night’s sleep
duration (Stein & Pu, 2012), recent physical activity (Stanley et al., 2013), caffeine consumption,
including coffee, chocolate, tea, energy drinks, and headache medication (Zimmermann-Viehoff et al.,
2016), alcohol consumption (Quintana et al., 2013), and age and gender (Umetani et al., 1998).
Chapters 3 and 4 also baseline corrected the EEG data to remove any within-subject variation, while
Chapters 5 and 6 standardised autonomic arousal data. However, there are countless variables that
are difficult to measure that can influence physiological signals. For example, neural oscillatory
measurements are influenced by genetic factors and EEG power shows moderate to high heritability
(Smit et al., 2005). Therefore, group data will not pick up on details within the individual data, and the
large inter-individual variability of responses hinders the direct comparability between individuals.
Consequently, any human physiological measuring system must not apply the same parameters for all

users; the system must be tailored towards a specific user.

Inter- and intra- subject variation has a significant impact on the interpretation of physiological signals.
A human state monitoring system will be susceptible to false alarms and missed positives if it does not
consider these differences. Multivariate methods, rather than group averaging approaches, may be

more appropriate. However, differences still introduce biases in the data, most prominently
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heterogeneity, and research has already indicated that individual differences in physiological signals
already poses challenges for machine learning algorithms (Biagetti et al., 2018). Consequently, any
human physiological measuring system must be tailored towards a specific user. Further research is
needed integrating multimodal measures and multivariate methods to classify functional state during
applied studies, to understand which indicators can be reliably collected and analysed during applied

contexts innate with possible artefacts.

7.3.2 Ethical considerations

Automated methods of real-time, unobtrusive monitoring are not without potential challenges and
concerns for users and society. Monitoring physiological state during interactions with automation
leads to new ethical issues. To begin to understand the ethical acceptability of these systems, it is
important to consider the research on the ethics involved in physiological monitoring, automated
systems, and vulnerable populations. This section will focus on several ethical concerns for public
acceptance of human monitoring, which could hinder the successful implementation of human

physiological monitoring in many applied contexts.

Research has indicated users are concerned about privacy invasion during personal health monitoring
(Mihailidis et al., 2008). As discussed above in Chapter 7.3.1, a monitoring system must take into
consideration the user’s individual response, rather than utilising a one fits all framework. If the
system exposes sensitive information, this could potentially heighten negative feelings of shame or
embarrassment. For example, a high resting heart rate has been associated with a negative stigma of
weight (Vartanian et al., 2018). Therefore, if a DSM system responds to a user’s resting heart rate, the
user may not want to share their vehicle with others. If a measure can only provide limited evidence
of human state, then accessing this data is ethically unjustifiable. Consequently, it is important to
consider the correct balance between a user’s privacy and the effectiveness of the measurements, as

well as how alerts will be managed and generated.

Physiological monitoring may encourage a threat to autonomy. Monitoring may intrude on the user’s
free choice and decision making (Kang et al., 2010). In addition, it may heighten other ethical anxieties
such as feelings of deception, objectification and infantilisation (Cahill et al., 2018). For example, a
user may feel as though they are being treated like a child if a DSM system advises them that they are
fatigued and should pull over. The results from Chapter 6 provide some insight into these concerns.

Participants expressed that they wanted more control over the DSM system. Some participants stated
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that they wanted the choice to increase or decrease the vehicle speed or turn the system off
altogether. Therefore, having an override setting that allows users to change vehicle behaviour may

minimise this ethical concern.

It is important that design considers the specific needs to mitigate enhanced ethical risks to older
adults and vulnerable populations. Obtaining informed consent may be difficult in vulnerable
populations or in populations with reduced decision-making capacity (Kang et al., 2010) and it may be
appropriate to involve users and their families directly in the decision-making process. If monitoring
of physiological parameters, such as in-home systems, are available to older adults rather than other
populations, the issue of stigmatisation and infantisation may be greatly amplified (Cahill et al., 2018).
For example, research has indicated that the use of a hearing aid or a walker may enhance physical
autonomy but also emphasises decreased independence, and promotes stigmatisation (Parette &
Scherer, 2004; Ruusuvuori et al., 2019). A human state monitoring system, only available to older
adults, may encourage similar adverse feelings. Another aspect to consider is the user’s ability to
utilise complex autonomous systems. Users may blame themselves for any difficulty they experience
using the technology. These issues are potentially amplified in an older adult population with ageing-
related impairments, as they are more likely to rely on automated systems (McBride et al., 2011),
and are more prone to lack understanding of advanced technology (Mann et al., 2007). Developing
technology with a better understanding of the needs and user preferences of older adults and other

populations may resolve some ethical concerns.

The propensity for technology to rapidly advance and overtake ethical solutions is well recognised.
Many ethical concerns including privacy, autonomy, and stigmatisation are associated with
physiological monitoring and the use of complex systems. Although the majority of research aims to
understand whether it is possible to monitor physiology in applied contexts, it is equally vital to
understand how, when, and under which conditions human physiological monitoring should be used.
Not considering such ethical concerns regarding how, when, and under which conditions, could hinder
the implementation and public acceptance of human physiological monitoring in many applied

contexts, including driver state monitoring.

7.3.3 The state of the technology

The wearable Empatica E4, previously used in the literature (e.g. Bitkina et al., 2019; Menghini et al.,

2019; Walker et al., 2019), was used to collect signals of heart rate and electrodermal activity (EDA) in
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the applied studies described in Chapter 5 and Chapter 6. Despite the E4s success in detecting EDA
differences between the unexpected stop in Chapter 5, the device does not come without its
limitations. Conventional physiological research uses the distal or intermediate phalanges of the ring
and index fingers (Boucsein et al., 2012). The E4, like many wearables, measures skin conductance via
wrist sensors, and the issues with this are two-fold. Firstly, the wrist has fewer sweat glands than the
fingers (Boucsein et al., 2012). In addition, sweating at the wrist is more likely during an affective
response (Wilke et al., 2007). Therefore, the results of applied research may differ compared to
laboratory-based work, and the signal will not have a high cross-correlation due to placement
differences. As the wrist is less responsive to EDA, an underestimation of EDA parameters is expected
(Payne et al., 2016; van Dooren et al.,, 2012). This may have led to the non-significant findings in
Chapter 6. As the signal is smaller at the wrist, it is difficult to detect skin conductance responses
following conventional parameters (e.g. 0.03 us changes from the background signal; Braithwaite et
al., 2013). Therefore, only skin conductance level was analysed during Chapters 5 and 6, but this would

have also included the skin conductance response signal.

In addition, heart rate measures were collected by photoplethysmography (PPG) at the wrist, whereas
conventional heart rate measures are collected via electrocardiography (ECG) via the chest. While ECG
sensors measures the bio-potential generated by electrical signals that control the expansion and
contraction of heart chambers; PPG use a light-based technology to sense the rate of blood flow as
controlled by the heart’s pumping action. Although heart rate is similar between the wrist and chest,
the PPG signal is less accurate than ECG (Laborde et al., 2017). Shaffer et al. (2014) demonstrated that
changes in pulse transit time from changes in the elasticity of the arteries cannot be captured by
interbeat intervals. As such, a PPG signal will not reflect elasticity changes in the arteries, which have
been associated with high arousal situations such as stress. In addition, interbeat interval data often
suffers from missing samples, particularly during movement (Baek & Shin, 2017; Gambi et al., 2017).
When samples are missing, successive differences cannot be calculated, which unfortunately was a
challenge faced during Chapters 5 and 6. Moreover, Gruden et al. (2019) found a relative lack of
sensitivity with the E4 which was affected by manual driving related movement artefacts, and it was
unable to distinguish an easy driving scenario from a demanding driving scenario compared to a 3-
channel ECG monitor based on standard HRV parameters. In Chapters 5 and 6, movement artefacts
inherent to wearable devices were limited by asking participants to wear it on their non-dominant
wrist while in a seated setting. As testing was in an autonomous driving environment, participants did
not need to move their hands like in manual driving. Motion artefacts between conditions were

analysed to ensure that there was not a significant difference between movement (see Appendix 5.4
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and Appendix 6.2). Accelerometer values did differ between journeys during Chapter 6 potentially
enlarging skin conductance and heart rate values. There was not a significant difference in physiology
between journeys, and so it is possible that movement artefacts obstructed any differences. Despite
this, the significant difference in movement demonstrates the importance of analysing accelerometer
values when interpreting physiological data from wearable devices. Lastly, the Empatica E4 has a low
sampling rate of 64 Hz. As poor sampling rates can distort waveform characteristics by inducing
artificial oscillatory characteristics not part of the true signal, it is often cited that a sampling rate of
at least 250 Hz is required for heart rate variability analysis (see Shaffer & Ginsberg, 2017; Task Force
of The European Society of Cardiology and The North American Society of Pacing and
Electrophysiology, 1996), although recent research has indicated that 100 Hz is appropriate for time-
domain heart rate variability features (Kwon et al., 2018). Nevertheless, a sampling rate of 64 Hz can

be considered too low for accurate heart rate variability capture.

Overall, this thesis in combination with recent research, suggests that the Empatica E4 is not usable
for sudden and short-lived stressors (van Lier et al., 2020). This is problematic for a physiological
monitoring system which would need to detect small effects to sudden events. Further research is
required to ensure non-contact, unobtrusive, and acceptable physiological recording devices can
collect accurate and reliable devices in dynamic scenarios which are inherently full of sudden events,

motion artefacts, and poor lighting conditions.

7.3.4 Big data analytics

A human state monitoring system must collect and integrate a set of behavioural and physiological
indices simultaneously recorded in real time. Adding signals from multimodal sources, with potentially
millisecond temporal resolution, will result in petabytes of data needing to be efficiently generated,
processed, and interpreted. The fusion of data studying complex human activities provides big
challenges for big data analytics. As discussed in Chapter 7.3.2, physiological monitoring comes with
ethical issues related to confidentiality, security, and over-collection, which need to be considered for
all streams of data. In addition, the variety of data formats, e.g. video data to infer facial expression,
sensor data to infer human electrophysiological signals, comes with significant challenges related to
their dissimilar form (Sivarajah et al., 2017). The issues surrounding individual differences are
associated to all forms of human monitoring, and the combination of many different signals will result
in a high rate of non-homogeneous data. In addition, Sivarajah et al. (2017) demonstrated that data

in which meaning rapidly changes also proves a challenge for big data analytics. For example, data
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should be interpreted differently when heart rate increases during traffic, and when heart rate
increases coming over a brow of a hill. In these instances, it would not be appropriate for a DSM system
to change vehicle behaviour on the physiological signals alone. The challenges facing big data analytics
in human physiological monitoring may negate any benefits of a monitoring system. Therefore, further
research is needed to uncover how to manage and interpret large, varied, complex, non-homogenous

datasets, before successful monitoring approaches can be implemented.

7.3.5 Other future directions

While the above challenges suggest important research avenues for future research, the overall
findings from this thesis also offers suggestions for further research. While the initial three
experimental Chapters provoke questions regarding the mechanisms involved in performance deficits
during sustained attention, the last two Chapters provoke questions regarding the implementation of
monitoring performance deficits during applied sustained attention tasks. Some further research

guestions and future directions are discussed below.

The General Introduction Chapter revealed the potential for real-time neurofeedback to influence
underlying neural networks to improve attentional deficits in clinical populations (Chapter 1.3.2).
Chapters 2, 3, and 4 findings revealed a vital role of a fronto-parietal network involved in sustained
attention, and in particular, a vital role of parieto-occipital alpha activity in task performance,
demonstrating lower alpha values (increased alpha ERD) with better performance (Chapter 4). As
lasting sustained attention deficits are pervasive in a broad range of clinical populations, further
research should determine whether combined EEG-fMRI neurofeedback could be used to self-regulate
alpha activity in the parieto-occipital cortices in patient populations. Using a combined approach will
improve the specificity, so self-regulation can focus on relevant oscillatory activity in the relevant
structures to improve performance deficits during sustained attention. In addition, as Chapter 4
revealed a continuous impact on parieto-occipital alpha activity following a task switch, it would be
interesting to see whether neurofeedback in a healthy cohort could increase alpha ERD following a

task switch, and whether this has any impact on task performance.

Furthermore, transcranial magnetic stimulation studies are needed to infer the regions and
connections that are essential to the maintenance of sustained attention. Changes in task
performance that result from stimulation of brain activity can provide insight into the causal role of

that activity, whereas other imaging techniques, such as EEG, can only provide correlational
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information about the relationship between behaviour and brain activity. Short trains of repetitive
transcranial magnetic stimulation in the alpha frequency band has been shown to improve task
performance and task-related alpha desynchronisation (Klimesch et al., 2003). Further research could
determine whether repetitive transcranial magnetic stimulation in the alpha frequency band impacts
continuous performance measures during more naturalistic tasks such as simulated driving, providing

causal evidence for a role of alpha oscillations during naturalistic tasks.

The last two experimental Chapters focused of the feasibility of a biological-based driver state
monitoring system during autonomous driving. Yet, the literature indicates that the driver’s state also
depends on various interrelated factors such as the external driving environment and the level of
automation, for example, traffic density and weather have been shown to impact takeover
performance (Gold et al., 2016; Li et al., 2018). Further research is needed to explore the relation
between these factors and driver state. For example, if a driver demonstrates fatigued behaviours (i.e.
an increase in eye blinks) during adverse weather conditions, would driving performance be impaired
when compared to clear weather conditions? This is an important avenue of research to further

inform a driver assist system adapting vehicle behaviour and notifications.

7.4 Conclusion

This thesis set out to explore the potential role of physiological indices as adjunctive measures of
continuous performance and sustained attention. This was with a view for future developments of
driver monitoring systems to improve transport safety and wellbeing. In addition, this thesis aimed to
explore how the engagement of a previous task could impact sustained attention and task
performance and processes, and whether fluctuations could be captured reliably during naturalistic
settings. As decrements in sustained attention are multifaceted and operate on a series of timescales,
physiological and neurophysiological indices were used to capture fluctuations in attention during
naturalistic settings. Despite the promises of a real-time continuous measurement system, Chapter 2
revealed that subjective ratings were the only sensitive measure of attentional load during
multitasking. However, the experiment also revealed a carry-over neural effect of multitasking, in the
form of increased frontal theta power, likely reflecting ongoing cognitive processes following task
cessation. Moreover, Chapter 3 demonstrated a greater suppression of parietal alpha activity during
a continuous tracking task following a task of high attentional load, likely reflecting a stronger
recruitment of visuomotor attentional processes. In addition, accuracy was negatively impacted

following a task of high load. On the contrary, Chapter 4 demonstrated reduced suppression of
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parieto-occipital alpha activity following a task of high load when compared to a passive viewing
task, likely reflecting deficits in attentional resource allocation. Furthermore, this was supported by
neurobehavioral correlations associating lower alpha power with increased accuracy. In conclusion,
Chapters 3 and 4 suggest that performance decrements during a complex visuomotor task such as
driving, following an unrelated task of varying attentional load, manifest as reduced parieto-occipital
alpha desynchronisation (i.e. greater alpha power). As such, these studies were successful in providing
evidence for the impact of prior attentional load on sustained attention and continuous performance.
Narrowed attention during a naturalistic sustained attention task, autonomous driving, was revealed
in Chapter 5, demonstrated by an increased number and duration of fixations, and sympathetic
dominance, during an unexpected event. Furthermore, the findings from Chapter 6 suggests continual
monitoring of autonomic arousal may be an acceptable and unobtrusive approach to modulate
behaviour and wellbeing, and notifications of driver state are no more visually demanding than
driving-related notifications. However, it is not clear whether feedback of driver state can successfully
modulate visual attention, and so further research is needed. Overall, the findings of this thesis are of
interest to inform future research to facilitate improved understanding of attentional deficits in
healthy and clinical populations. In addition, this thesis supports future research to facilitate
development of technologies such as brain-computer interfaces to modulate time-varying
physiological processes to improve safety and wellbeing during sustained attention tasks in everyday

and occupational settings.
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Appendix 2.1. Table summarising raw means (SD) of subjective and physiological data at one-minute intervals at baseline, during task, and at recovery for low and

high workload multitasking

Measure Workload Minute periods over task
Baseline Task Recovery
1 2 1 2 3 4 5 6 7 8 9 10 1 2
Subjective (1-10) Low 1.51 1.49 291 3.37 3.83 4.00 4.07 4.16 4.46 4.44 4.44 4.60 2.40 1.74
(1.34) (1.26) { (1.44) (1.64) (1.68) (1.67) (1.9) (1.75) (1.76) (1.93) (1.96) (1.93){ (1.64) (1.03)
High 1.84 1.77 4.09 4.74 5.30 5.56 5.72 5.86 5.93 5.95 5.95 6.00 3.07 2.02
(1.58) (1.63){ (1.58) (1.82) (1.72) (1.97) (1.99) (2.01) (1.99) (2.01) (2.07) (1.98) (1.7) (1.53)
Heart rate (bpm) Low 74.40 73.20 74.42 72.74 73.72 74.04 74.19 74.47 74.67 75.13 75.48 75.25 75.24 73.18
(9.83) (9.65) { (9.50) (9.64) (9.54) (9.58) (9.72) (9.63) (9.77) (9.23) (9.43) (9.74) | (10.04) (9.74)
High 73.78 73.16 74.81 73.46 73.93 74.09 74.23 74.58 74.47 74.91 74.44 74.63 74.77 72.51
(10.28) (10.10) i (9.39) (9.59) (9.57) (9.63) (8.89) (8.54) (8.76) (9.22) (9.35) (9.12) i (10.12) (9.21)
RMSSD (msecs) Low 64.41 7437 54.04 57.79 5558 51.82 69.45 5149 70.48 53.93 62.02 59.00{ 69.89 54.39
(45.79) (110.28) i (34.62) (38.22) (37.7) (34.48) (100.21) (37.7) (103.67) (35.42) (56.85) (55.9) i (68.85) (34.68)
High 9245 83.52{ 7996 78.79 80.53 8464 73.92 73.47 7469 73.26 77.41 7451 91.08 86.36

(129.24) (138.36)

(146.07) (141.27) (136.79) (145.55) (130.68) (126.85) (126.26) (128.36)

(128.7) (128.00)

(128.15) (130.75)
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SDSD (msecs)

pNN50 (%)

NS-SCR freq

NS-SCR amp (uS)

Low

High

Low

High

Low

High

Low

High

64.38 7436
(46.21) (111.68)
92.44  83.51
(130.81) (140.07)

28.55  28.01
(21.54) (21.05)
3323  32.73
(25.47) (26.43)
274  2.15
(1.64)  (1.51)
223  1.85
(1.67)  (1.59)
8.07  7.49
(4.02) (3.97)
7.80  7.07
(4.53)  (4.62)

54.00 57.78 5557 51.81 69.44 5148 7047 5391 62.00 58.99
(35.03) (38.67) (38.11) (34.78) (101.48) (38.13) (104.90) (35.85) (57.57) (56.61)
79.93 7877 80.52 84.63 7391 7345 7468 73.24 7739 7449

(147.93) (143.05) (138.51) (147.39) (132.34) (128.46) (127.87) (129.98) (130.33) (129.63)

27.11 3035 28.67 2673 27.80 27.10 27.10 26.82 26.58 26.76
(20.23) (23.58) (23.94) (22.71) (23.63) (20.89) (23.01) (21.11) (23.24) (23.51)
2843 29.77 30.66 28.81 2836 2836 29.89 28.17 28.44 29.70
(22.78) (25.76) (27.15) (26.60) (24.84) (24.66) 2(4.35) (24.14) (24.20) (25.07)
341 262 1.82 192 190 192 172 167 187  1.85
(2.03) (2.27) (2.24) (2.03) (1.96)  (2.3) (1.45) (1.76) (1.99) (1.94)
400 282 241 223 205 182 192 187 177  1.77
(2.20) (2.04) (1.71) (1.91) (1.74) (1.32) (1.25) (1.56) (1.37) (1.42)
941 728 577 594 625 627 644 535 562 556
(3.93) (4.61) (4.95) (4.47) (4.52) (4.71) (4.44) (4.66) (4.58) (4.79)
941 792 722 654 679 671 704 638 649  6.25
(4.30) (4.38) (3.93) (4.24) (4.07) (3.84) (3.58) (4.12) (4.01) (4.13)

69.86  54.38
(69.73) (34.77)
91.02 87.76

(129.77) (133.71)

26.43  27.05
(19.80) (20.81)
30.83  31.19
20.68) (24.98)
244  1.85
(1.34)  (1.44)
231 1.90
(1.57)  (1.48)
816  7.00
(3.66)  (4.47)
822 722
(4.19)  (4.6)
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Appendix 2.2. Table summarising raw means (SD) of alpha and theta activity at baseline, during task,

and at recovery for low and high workload multitasking

Frequency (Hz) Electrodes Workload Interval
Baseline Task Recovery
Theta (4-7) F3,F4,F7,F8,Fz Low 1.35 1.52 1.53
(0.37) (0.33) (0.37)
High 1.24 1.36 1.36
(0.37) (0.33) (0.37)
Alpha (8.5-12.5)  F3,F4,F7,F8 Fz Low 1.35 1.52 1.53
(0.37) (0.35) (0.35)
High 1.24 1.36 1.36
(0.37) (0.33) (0.37)
Theta (4 -7) P3,P4,P7,P8,Pz Low 1.33 1.53 1.61
(0.49) (0.44) (0.49)
High 1.23 1.37 1.46
(0.49) (0.44) (0.49)
Alpha (8.5-12.5) P3,P4,P7,P8,Pz Low 1.18 1.25 1.48
(0.42) (0.42) (0.42)
High 1.07 1.06 1.34
(0.42) (0.42) (0.42)
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Appendix 2.3. Table summarising natural logarithm transformed means (SD) of alpha and theta activity at one-minute intervals at baseline, during task, and

at recovery for low and high workload multitasking

Frequency Electrodes Workload Minute periods over task
(Hz)
Baseline Task Recovery
1 2 1 2 3 4 5 6 7 8 9 10 1 2
Theta F3, F4, F7, Low 1.34 1.36 1.44 1.45 1.47 1.49 1.53 1.52 1.54 1.55 1.58 1.60 1.54 1.53
(4-7) F8, Fz (0.37) (0.37): (0.39) (0.38) (0.40) (0.43) (0.45) (0.49) (0.49) (0.50) (0.53) (0.56) i (0.58) (0.57)
High 1.26 1.21 1.26 1.32 1.35 1.34 1.36 1.36 1.38 1.40 1.40 1.44 1.36 1.37
(0.29) (0.27) i (0.30) (0.29) (0.30) (0.31) (0.32) (0.33) (0.35) (0.35) (0.36) (0.38) (0.42) (0.41)
Alpha Low 1.11 1.13 1.07 1.09 1.11 1.13 1.17 1.16 1.19 1.19 1.22 1.25 1.36 1.35
(8.5-12.5) (0.36) (0.37) | (0.35) (0.35) (0.37) (0.39) (0.41) (0.43) (0.44) (0.44) (0.47) (0.49) | (0.54) (0.52)
High 1.05 1.02 0.92 0.97 1.00 1.00 1.02 1.02 1.04 1.05 1.07 1.10 1.21 1.23
(0.31) (0.3) { (0.28) (0.27) (0.28) (0.30) (0.29) (0.30) (0.31) (0.34) (0.34) (0.38) ! (0.43) (0.42)
Theta P3, P4, P7, Low 1.32 1.33 1.4 1.43 1.46 1.49 1.53 1.54 1.58 1.60 1.65 1.67 1.6 1.61
(4-7) P8, Pz (0.44) (0.48) ! (0.55) (0.55) (0.57) (0.61) (0.62) (0.67) (0.69) (0.71) (0.74) (0.77){ (0.73) (0.75)
High 1.27 1.18 1.25 1.30 1.34 1.33 1.36 1.36 1.40 1.41 1.43 1.48 1.43 1.44
(0.4) (0.34){ (0.38) (0.38) (0.39) (0.38) (0.41) (0.38) (0.43) (0.44) (0.45) (0.49) (0.48) (0.47)
Alpha Low 1.18 1.19 1.1 1.14 1.17 1.20 1.25 1.26 1.29 1.31 1.35 1.38 1.47 1.49
(8.5-12.5) (0.45) (0.47) ! (0.54) (0.54) (0.57) (0.59) (0.61) (0.64) (0.66) (0.68) (0.71) (0.73)i{ (0.67) (0.68)
High 1.1 1.05 0.94 0.99 1.03 1.04 1.06 1.05 1.10 1.12 1.13 1.18 1.33 1.35
(0.36) (0.34) { (0.31) (0.31) (0.31) (0.32) (0.33) (0.33) (0.35) (0.37) (0.38) (0.42){ (0.45) (0.44)
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Appendix 2.4. Table summarising raw means (SD) of alpha and theta activity at baseline, during task, and at recovery for low and high workload multitasking

Frequency Electrodes  Workload Minute periods over task
(Hz)
Baseline Task Recovery
1 2 1 2 3 4 5 6 7 8 9 10 1 2

Theta F3, F4, F7, F8, Low 3.82 3.90 4.22 4.26 4.35 4.44 4.62 4.57 4.66 4.71 4.85 4.95 4.66 4.62
(4-7) Fz (1.45) (1.45) | (1.48) (1.46) (1.49) (1.49) (1.57) (1.60) (1.63) (1.65) (1.70) (1.75) | (1.79) (1.77)
High 353 335; 353 374 38 382 390 390 397 4.06 4.06 422 390 3.94
(1.34) (1.31) | (2.46) (1.34) (1.35) (1.36) (1.38) (1.39) (1.42) (1.42) (1.43) (1.46) | (1.52) (1.51)
Alpha Low 3.03 310 292 297 303 310 322 319 329 329 339 349 390 3.6
(8.5—12.5) (1.43) (1.45) | (1.42) (1.42) (1.45) (1.48) (1.51) (1.54) (1.55) (1.55) (1.60) (1.63) | (1.72) (1.68)
High 286 277 251 264 360 367 277 277 283 286 292 3.00{ 335 3.42
(1.36) (1.35) { (1.32) (1.31) (1.32) (1.35) (1.34) (1.35) (1.36) (1.40) (1.40) (1.46) i (1.54) (1.52)
Theta P3, P4, P7,P8, Low 3.74 3.78 4.06 4.18 431 4.44 4.62 4.66 4.85 4.95 5.21 531 4.95 5.00
(4-7) Pz (1.55) (1.62) | (1.73) (1.73) (1.77) (1.84) (1.86) (1.95) (1.99) (2.03) (2.10) (2.16) i (2.08) (2.12)
High 356 325 349 367 382 378 390 390 4.06 410 4.18 439 4.18 4.22
(1.49) (1.40) | (1.46) (1.46) (1.48) (1.46) (1.51) (1.46) (1.54) (1.55) (1.57) (1.63) i (1.62) (1.60)
Alpha Low 325 329 300 313 322 332 349 353 363 371 386 397 435 4.44
(8.5—-12.5) (1.57) (1.60) | (1.72) (1.72) (1.77) (1.80) (1.84) (1.90) (1.93) (1.97) (2.03) (2.08) i (1.95) (1.97)
High 300 286 256 269 280 283 289 286 3.00 3.06 310 325 378 3.86
(1.48) (1.40) | (1.36) (1.36) (1.36) (1.38) (1.39) (1.39) (1.42) (1.45) (1.46) (1.52)1i (1.57) (1.55)
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Appendix 3.1 Condition grand-averaged time-frequency spectrograms for visual search. Regions of
interest were defined for alpha (8.5 - 12.5Hz) and theta (4 - 7Hz) power. (A) Frontal activity was
averaged at electrodes Fz, FC1, FC2 between time 200 - 600ms for alpha, and 200 - 600ms for theta.
(B) Parietal-occipital activity was averaged at electrodes 01, 02, P3, P4, P7, P8 between time 200 -
600ms for alpha, and 100 - 300ms for theta.
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Appendix 3.2. Condition grand-averaged time-frequency spectrograms for 5 second tracking task.
(A) Frontal activity was averaged at electrodes Fz, FC1, FC2 between 100 - 400ms for theta (4-8Hz)
activity and (B) 350 - 5100ms for alpha activity (8.5 — 12.5 Hz). (C) Parietal activity was averaged over
contralateral electrodes (P3, P7) and ipsilateral electrodes (P4, P8) between 150 — 450ms for theta
activity (4 — 8 Hz) and (D) 250 — 5100ms for alpha (8.5 — 12.5 Hz) activity.
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Appendix 3.3 Table representing significant results for paired-samples t-test contrasting low and high
load over evoked frontal theta power (dB normalised) during the 5 second tracking task. Higher scores

represent greater theta synchronisation.

Time point Time period (ms) Low load High load t-statistic  p-value

1 110 3.21 1.57 10.54 <.001
2 142 3.49 2.23 7.47 <.001
3 172 3.55 2.82 4.04 <.001
6 268 2.94 3.46 -2.54 .02
7 300 2.64 3.31 3.40 <.001
8 330 2.35 3.07 -3.89 <.001
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Appendix 3.4. Table representing significant results for paired-samples t-test contrasting low and high
load over contralateral alpha desynchronisation (dB normalised) during the 5 second tracking task.

Lower scores represent greater alpha desynchronisation.

Time point Time period (ms) Low load High load t-statistic p-value
2 268 0.99 0.56 -3.62 .004
11 552 -1.81 -2.27 2.82 .008
12 584 -1.77 -2.31 3.31 .002
14 646 -1.67 -2.24 3.57 .001
15 678 -1.63 -2.16 3.29 .002
16 710 -1.62 -2.08 2.84 .008
116 3868 -1.69 -2.09 2.68 .01
117 3898 -1.69 -2.08 2.79 .008
118 3930 -1.65 -2.06 2.94 .006
119 3962 -1.62 -2.04 3.13 .004
120 3994 -1.62 -2.04 3.30 .002
121 4026 -1.62 -2.04 3.33 .002
22 4056 -1.64 -2.03 3.08 .004
130 4310 -1.61 -2.04 2.76 .009
131 4342 -1.62 -2.10 3.31 .002
132 4372 -1.64 -2.15 3.50 .001
133 4404 -1.68 -2.16 3.29 .002
134 4436 -1.71 -2.14 2.92 .006
139 4594 -1.81 -2.17 2.74 .01
140 4626 -1.80 -2.19 2.83 .008
141 4656 -1.79 -2.20 2.88 .007
142 4688 -1.77 -2.21 2.95 .006
143 4720 -1.76 -2.22 3.04 .005
144 4752 -1.77 -2.23 3.10 .004
145 4784 -1.80 -2.24 3.11 .004
146 4814 -1.82 -2.26 3.08 .004
147 4846 -1.83 -2.27 3.09 .004
148 4878 -1.81 -2.28 3.23 .003
149 4910 -1.78 -2.28 3.42 .002
150 4942 -1.75 -2.27 3.56 .001
152 5004 -1.71 -2.21 3.53 .001
153 5036 -1.70 -2.18 3.45 .002
154 5068 -1.69 -2.16 3.43 .002
155 5098 -1.68 -2.16 3.41 .002
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Appendix 3.5. Motor-related oscillations during the tracking task. (A) Condition (low and high load)
grand-averaged time-frequency spectrogram for tracking task. Motor activity was extracted from
electrode C3 between time 150 - 5100ms for beta (15- 25 Hz) activity; and between time points 250 —
5100 ms for alpha activity (8.5 —12.5 Hz). (B) Grand-averaged time-frequency spectrograms for motor
(C3) tracking task activity. Averaged topographical plots (150 — 1500 ms) over broadband beta (15 —
25 Hz) activity.
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Appendix 4.1. Condition grand-averaged time-frequency spectrograms for visual search. Regions of
interest were defined for alpha (10.5 - 12.5Hz) and theta (4 - 7Hz) power. (A) Frontal activity was
averaged at electrodes Fz, FC1, FC2 between time 200 - 600ms for alpha, and 200 - 600ms for
theta. (B) Parieto-occipital activity was averaged at electrodes 01, 02, P3, P4, P7, P8 between time
200 - 600ms for alpha and 100 — 300 ms for theta.
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Appendix 4.2. Condition grand-averaged time-frequency spectrograms for simulated driving. (A)
Frontal activity was averaged at electrodes Fz, FC1, FC2 between time 200 — 900 ms for theta (4 — 7
Hz) activity. (B) Frontal activity was averaged at electrodes Fz, FC1, FC2 between time 900 — 9100 ms
for alpha (10.5 — 12.5 Hz) activity. (C) Parietal theta (4 — 7 Hz) activity was averaged at over parieto-
occipital electrodes (P3, P7, P4, P8, 01, O2) between time 200 — 800 ms. (D) Parietal upper alpha (10.5
- 12.5 Hz) activity was averaged at over parietal-occipital electrodes (P3, P7, P4, P8, O1, 02) between

time 900 — 9100 ms. (E) Motor-related activity was averaged over motor cortex (C3, C4) between 950
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Appendix 4.3. Table representing significant results for paired-samples t-test over parieto-occipital
alpha desynchronisation between passive viewing and manual driving.

Time point Time period (ms) Task t-statistic  p-value

Manual driving Passive viewing

1 998 -2.72 -1.20 -4.53 <.001
2 1072 -2.76 -1.27 -4.30 <.001
3 1148 -2.72 -1.31 -3.80 <.001
4 1222 -2.69 -1.35 -3.59 <.001
5 1296 -2.61 -1.46 -3.45 .002
6 1372 -2.65 -1.48 -3.46 .002
7 1446 -2.71 -1.40 -3.45 .002
8 1522 -2.79 -1.29 -3.51 <.001
9 1596 -2.90 -1.18 -3.98 <.001
10 1670 -2.88 -1.18 -4.53 <.001
11 1746 -2.82 -1.22 -4.66 <.001
12 1820 -2.79 -1.32 -4.27 <.001
13 1896 -2.81 1.46 -3.78 <.001
14 1970 -2.85 -1.52 -3.66 <.001
15 2044 -2.82 -1.47 -3.96 <.001
16 2120 -2.80 -1.36 -4.10 <.001
17 2194 -2.80 -1.28 -3.92 <.001
18 2270 -2.89 -1.32 -3.93 <.001
19 2344 -2.93 -1.48 -3.52 <.001
20 2418 -2.94 -1.59 -2.99 .005
21 2494 -2.96 -1.61 -2.93 .006
22 2568 -2.95 -1.63 -3.02 .005
23 2642 -2.87 -1.70 -2.98 .006
24 2718 -2.85 -1.76 -2.98 .003
25 2792 -2.91 -1.70 -3.19 <.001
26 2868 -2.93 -1.67 -3.54 <.001
27 2942 -2.95 -1.74 -3.80 <.001
28 3016 -2.92 -1.78 -3.35 .002
29 3092 -2.85 -1.82 -3.09 .004
30 3166 -2.80 -1.82 -3.11 .004
31 3242 -2.72 -1.69 -2.93 .006
32 3316 -2.67 -1.64 -2.67 .01
33 3390 -2.74 -1.72 -2.91 .006
34 3466 -2.80 -1.78 -3.41 .002
35 3540 -2.83 -1.73 -3.44 .002
36 3616 -2.88 -1.68 -3.04 .005
37 3690 -2.90 -1.70 -2.81 .009
38 3764 -2.90 -1.75 -2.81 .009
39 3840 -2.89 -1.86 -2.94 .006
40 3914 -2.86 -1.88 -3.00 .005
41 3990 -2.82 -1.84 -2.85 .008
42 4064 -2.85 -1.80 -2.83 .008
43 4138 -2.87 -1.75 2.90 .007
48 4512 -2.84 -1.34 -2.64 .01
55 5036 -2.88 -1.45 -2.55 .01
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Appendix 5.1. The NASA Task Load Index (NASA-TLX)

Mental Demand How mentally demanding was the task?
I I I | N I I I
Very Low Very High
Physical Demand How physically demanding was the task?
HEEEEEEEE NN
Very Low Very High
Temporal Demand How hurried or rushed was the pace of the task?
I N I | N I I I
Very Low Very High
Performance How successful were you in accomplishing what

you were asked to do?

EEEEEEEEE NN

Perfect Failure

Effort How hard did you have to work to accomplish
your level of performance?

Very Low Very High

Frustration How insecure, discouraged, irritated, stressed,
and annoyed wereyou?

Lty

Very Low Very High
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Appendix 5.2. Situation Awareness Rating Technique (SART)

1. How changeable is the situation? [lnstablllty]

stable and | I l l l J
straightforward 1 2 3 4 5 6 7 Changing suddenly

2. How many variables are changing within the situation? [Variability]

Very few variables L l J l l l I A large number of
changing 1 2 3 - - 6 7 factors varying

3. How complicated is the situation? [Complexity]

| ] | I | | Complex with many
Simple and interrelated
straightforward 1 2 3 4 5 e 7 components

4. How aroused are you in the situation? [Arousal]

A low degree of L l l l l l I Alert and ready for
alertness 1 2 3 - 5 6 7 activity

5. How much mental capacuty do you have to spare in the situation? [Spare capacity]

Nothing to spare L I l I | ] Sufficient to attend
atall 1 2 3 4 5 6 7 to many variables

6. How much are you concentrating on the situation? [Concentration]

I I ] | I I I Concentrating on
Focusing on only many aspects of
one 1 2 3 - 5 6 7 the situation

7. How low much is your attention divided in the situation? [Attention division]

1 I ] | I | I Concentrating on
Focusing on only many aspects of
one 1 2 3 4 ) 6 7 the situation

8. How much mformatioln have you gameld about the sntuatlon? [Quantity]

A great deal of
Very little 1 2 3 - 5 6 7 knowledge

9.How good information have you been accessible and usable? [Quality]

Difficult to get Required operating
required operating I | ] | I | | parameters /
parameters / symptoms are
symptoms 1 2 3 4 5 & 7 adequately supplied
10. How familiar are you with the situation? [Familiarity]
L 1 1 1 1 1 ] A great deal of
New situation 1 2 3 4 S 6 7 relevant experience

293



Appendices

Appendix 5.3. Trust in Automation (TiA) questionnaire

Stromsly Rather ;_T:"b" Rather Stromgly Mo
diza diza
ETee Eree Bor agres AgTee agTee respomse
The system is capable of interpreting situations . .y T p
1 } pa Tpretng @ @ Q@ @ & O
correctly.
2 | The system state was always clear to me. D )] 3 @ )] O
3 |1 already know similar systems. @ 2 3 @ E O
4 | The developers are mustworthy. ) 2 3 @ @ O
One should be careful with unfamiliar antomated = = p p
5 @ 2 €Y @ ® 0O
Systems.
& | The system works reliably. D | 3 @ E O
7 | The system reacts unpredictably. @ @ 3 @ & O
& |The developers take my well-being seriously. )] )] 3 ey 6] 0
5 |I trust the system. @ 2 3 @ & O

10 | A system malfunction is likely. O @ 3 @ ® O
11 |1 was able to understand why things happened. @ 2 3 @ ® O
12 |1 rather trust a system than [ mistrust it @ 2) 3 @ @ O
13 ;[i:hs;;ystem is capable of taking owver complicated 9 @ 5 @ ® 0
14 |1 can rely on the system. @ @ 3 @ E O
13 | The system might make sporadic erors. @ @ 3 o) E O
16 injifﬁm]t to identify what the system will do D 5 ® @ ® e
17 | I have already used similar systems. @ ] 3 @ ® O
18 | Automated systems generally work well. (T @ 3 ey ] O
15 |1 am confident about the system’s capabilities. D 3 3 T & O
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Appendix 5.4. Movement index. Movement index was calculated to determine whether there was a
difference in wrist movement between the expected and unexpected stop. The times of interest were
the same as the physiological analyses: 30 seconds before the stop and 30 seconds after the stop.
Movement index was calculated by subtracting the x, y, and z coordinates from the previous
coordinates and then deriving the Euclidian distance between them. To compare the movement
between stops, a 2 (Stop: unexpected, expected) x 2 (Time: pre-stop, post-stop) repeated measures
ANOVA was conducted. The results revealed no significant differences between the main effects of
stop and time, or the interaction effect (F1, 29) < 2.10, p 2 .159). Movement was similar before the
expected stop (M = 0.03, SD = 0.01), after the expected stop (M = 0.02, SD = 0.02), before the
unexpected stop (M = 0.03, SD = 0.01), and after the unexpected stop (M = 0.03, SD = 0.01).
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Appendix 6.1. Likert-style questions administered.

Dimension Measure

Question

Usefulness  Usefulness, Satisfaction, and Ease
of use (USE)

Anxiety Unified Theory of Acceptance and
Use of Technology (UTAUT)

- In-house

It helps me be more effective

It helps me be more productive

It is useful

It gives me more control over the activities in my life
It makes the things | want to accomplish easier to get
done

It saves me time when | use it

It meets my needs

It does everything | would expect it to do

| feel apprehensive about using the system
The system is somewhat intimidating to me

| would have liked to control and changed the speed
of the vehicle myself

| liked that the system took control and changed the
speed of the vehicle

| would want to decide when the system was turned
on and off

| would want options if the driving style was going to
change

| liked that the system alerted me via the dashboard
on screen and with a voice notification

| would want to know how it works before using the
system
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Appendix 6.2. Movement index. Movement index was calculated to determine whether there was a
difference in wrist movement between the driver state monitoring and speed limit change
notification. The times of interest were the same as the physiological analyses: 30 seconds before the
notification and 30 seconds after the notification. Movement index was calculated by deriving the
Euclidean distance between the previous x, y, and z coordinates. To compare the movement between
notifications, a 2 (Notification: driver state monitoring, speed limit change) x 2 (Time: pre-, post-)
repeated measures ANOVA was conducted. The results revealed a significant difference between the
main effect of Journey, F1,27 = 19.51, p < .001, n,% = .415. The main effect for Time and the Interaction
effect were not significant (F(1, 27y < 0.15, p 2 .357). Movement was greater during the speed limit
change notification (M = 2.24, SD = 1.35) compared to the driver state monitoring notification (M =

1.14, SD = 0.76).
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