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ABSTRACT

High cognitive workload in multitasking, safety-critical environments can lead to
performance degradation, resulting in increased safety risks or errors. The problem arises
when the person reaches the redline of cognitive workload, which occurs when the task
demands exceed the available cognitive resources necessary to continue performing the
tasks at an adequate performance level. While the redline is different for every person,
an ability to understand how to detect the threshold can provide input for strategies in
mental resource allocation to prevent performance degradation.

Historically, the redline of cognitive workload has been measured using
subjective and performance measures. Subjective measures provide insight into the
human’s perceived mental workload level, and may be collected concurrently with the
task, but this may require additional cognitive resources. When subjective measures are
collected after the task, memory decay may occur. Performance is usually observed after
the task, and when workload reaches a certain level, any additional increases in cognitive
workload can lead to degraded performance. Physiological measures have also been
used to measure cognitive workload, but physiological patterns have yet to be
investigated as indicators of the redline of cognitive workload.

Physiological measures, such as heart rate, heart rate variability, and skin
conductance reflect changes occurring in both branches of the autonomic nervous
system: the sympathetic and parasympathetic. They can be collected in real-time through

unobtrusive, wearable devices. The current research aims to gather a better



understanding of how high levels of cognitive workload are reflected in physiological
measures, and can be used to infer when the person is approaching their redline of
cognitive workload.

This research contributes to the body of knowledge by providing a better
understanding of the redline of cognitive workload, which can be detected based
physiological patterns. The complex relationship between both branches of the
autonomic nervous system (sympathetic and parasympathetic) were explored, and used

to investigate when the person may be approaching their redline of cognitive workload.
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CHAPTER |

INTRODUCTION

Safety-critical work environments require certain performance levels to maintain
safety standards. However, in volatile, uncertain, complex, and ambiguous (VUCA)
environments (Bennett & Lemoine, 2014; Rouvrais et al., 2018), unexpected events can
increase cognitive workload, leading to increased safety risks (Carayon & Alvarado,
2007; Endacott, 2012; Milczarek et al., 2007). Additionally, constantly high workload
experienced in the workplace can lead to feeling overload, which can lead to burnout
(Portoghese et al., 2014; Sweeney & Summers, 2002; Van Bogaert et al., 2013), costing
an average of $125 billion to $190 billion dollars annually (Blanding, 2015; Garton,
2017).

When experiencing elevated cognitive workload, the real problem arises when
the task demands overwhelm the cognitive resources of the person, which can lead to an
increased safety risk and degraded overall performance. While some systems have some
flexibility, most data-rich and complex environments need to maintain adequate
performance levels to ensure safety. For example, physicians that work under high
workload and stressful conditions also have an increased risk for occupational health
hazards (van den Hombergh et al., 2005). Job stress in the oil and gas industry has been
linked the personnel’s ability to avoid dangerous situations, and may increase accidents
(Rundmo et al., 1998). In aviation, high workload and aircraft go-around may lead to

losing state awareness, which has led to aviation accident (Schmidt et al., 2021). High



cognitive workload can be experienced in most work domains, which can increase the
risk of errors and lead to possible accidents.

Historically, cognitive workload has been measured through subjective and
performance-based measures. However, these measures are usually collected after the
task is completed. Otherwise, if collected simultaneously, there is a risk that the task will
be interrupted. More recently, physiological measures have also been implemented as a
way to monitor cognitive overload, which can be collected in real-time with wearable
sensors and minimal task disruption. Monitoring physiological patterns associated with
high levels of cognitive workload can provide information about the person’s current
workload to help to minimize performance decrements, thus maintaining safety.

The research described in this dissertation investigates physiological patterns
indicative of autonomic activity related to when the person is approaching their
cognitive redline threshold. The collective findings from this research contribute to a
new definition of the redline of cognitive workload based on physiological data collected
through experiments.

Additional contributions provide evidence to support the effectiveness of
physiological measures to detect changes in workload when the person is approaching
the limit of their cognitive resources based on analysis and comparison of the three types
of data collected and investigated (i.e. physiological measures, subjective ratings, and
performance). The findings providing evidence of physiological patterns could minimize
performance loss associated with high levels of cognitive workload, especially when

monitored through wearable devices, thus improving safety and operations.



Cognitive Workload

Several definitions exist for cognitive workload. For example, cognitive
workload has been defined in terms of stress and strain, where stress is the is related to
the mental load of the task demands or the peak load, and the strain is the impact of the
demands on the person (Moray, 1979). More recently, cognitive workload has been
defined in terms of the mental resources necessary to complete a task or a set of tasks
(Wickens, 2002). More recently, workload has been described based on the task
characteristics of the operator, and the task context (Young et al., 2015). These
definitions imply a limit to mental capacity.

Several models have been proposed to frame the limitations of human mental
resources, including bottleneck models and resource models of attention. Bottleneck
models present a constriction in the way the information is processed (Pashler, 1984,
1990). For example, Broadbent’s (1958) model explains humans process information
with a selective filter. Treisman’s (1964) model, a revised version of Broadbent’s model,
adds that unattended stimuli can be attenuated. More recently, other research has
continued to add to bottleneck models (Driver, 2001; Lachter et al., 2004), but all
models are consistent in having a bottleneck or constricting factor in how the
information is processed.

Contrary to bottleneck models, resource models assume the constraint in
information-processing is related to the amount of available mental resources. For
example, Kahneman’s (1973) unitary model consists of a single mental resources, and

several tasks can be performed simultaneously as long as the total capacity is not
3



exceeded. Wickens’ (2008) multiple resource theory (MRT) consists of different
resource pools that allocate resources. In this model, multitasking is possible when the
task demands are allocated to different resource pools.

For the purpose of this research, workload is defined as the extent to which a
limited set of mental resources are engaged to process information, strategize, and
complete the tasks. A major objective of this research was to investigate the

physiological patterns associated with cognitive overload.

Multitasking

Multitasking occurs when the person performs concurrent tasks, but oftentimes
the tasks require sequential operations (Gutzwiller et al., 2014). Sequential operations
have been described based on interruption management and task management, while
concurrent task operations have been described based on multiple resources and threaded
cognition.

Multitasking in sequential operations requires managing the interruptions or the
tasks. Interruptions are defined as the introduction of new tasks on top of the main task
(Alkahtani et al., 2020). Similarly, task management requires prioritizing one task on
top of the others (Freed, 2000).

Concurrent multitasking requires that operations be performed simultaneously,
usually explained based on the cognitive resources utilized. For example, the multiple
resource theory model posits that people have different pools of attentional resources

(Wickens, 2008). Under this model, multitasking can be effectively performed as long as

4



the tasks requires resources from different pools. Similarly, threaded cognition explains
that each task can be represented as a processing thread, which is then coordinated by a
procedural resource (Salvucci & Taatgen, 2008). Thus, there is no need for executive
processes for executing the tasks concurrently (Salvucci & Taatgen, 2008). The research
presented in this dissertation investigates concurrent multitasking, particularly related to
the multiple resource theory model (see Chapters 2, 3, and 4).

In multitasking environments, cognitive workload needs to be balanced, as
cognitive underload and overload can possibly lead to performance degradation. The
Yerkes-Dodson arousal curve, an inverted U-shape, describes the relationship between
cognitive arousal and performance, where low and high arousal lead to low performance
(Yerkes & Dodson, 1908). Previous studies have investigated underload (e.g.)(Yeh &
Wickens, 1988; Young et al., 2011; Young & Stanton, 2002a, 2002b) and overload
(e.g)(Fox et al., 2007; Jaeggi et al., 2007; Kirsh, 2000; Mackay, 2000). This research
will focus on the overload problem, particularly when a person approaches the limit of

their mental resources.

The Redline of Cognitive Workload Model
The problem arises when the person gets overloaded, either performing a single
task or multitasking. With overload, the cognitive resources are near their limit, and the
person has no other resources to maintain multitasking, reaching a performance redline.
The redline of cognitive workload has been described in terms of available

mental resources to perform a task or set of tasks. Essentially, residual capacity is

5



depleted as the cognitive resources approach their limit. Thus, at the redline,
performance will decrease (Grier et al., 2008; Wickens, 2008; Young et al., 2015), see
Figure 1. Performance loss can be minimized by ensuring proper workload levels

(neither too high nor too low).

Residual capacity Redline Overload

Performance

Maximum capacity R
esources

used

esidua Da A}

Available Resources
-

Resources demanded

Figure 1: The redline of cognitive workload model (adapted from Wickens et al., 2015).

Previous studies have found performance redlines based on subjective, self-
reported measures of cognitive workload. For example, a score in the range of 40 +/- 10
in the Subjective Workload Assessment Technique (SWAT) was correlated with
performance decrements (Reid & Colle, 1988). Multitasking performance remained
stable under the lower range, but performance was negatively impacted when the range
score was exceeded. A similar study validated this range, the same score range,
suggesting the limit may vary depending on the different tasks (Colle & Reid, 2005).
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Another example of work done to determine the upper range of acceptable
workload utilized the Improved Performance Research Integration Tool (IMPRINT).
The workload of combat missions was modeled in IMPRINT, and a value score of 60 or
more was categorized as critically-high mental workload (Mitchell et al., 2003).

While previous research has focused on performance and subjective self-reported
measures to determine the redline of cognitive workload, few studies have investigated
the redline based on physiological measures. These studies, in particular, tend to suggest
an asymptotic pattern, but do not explicitly relate the pattern to the redline threshold. For
example, event-related potentials presented an asymptote pattern when participants were
presented with the visual working memory capacity (Vogel & Machizawa, 2004).
Results from this study suggest physiological measures will eventually reach a “plateau”
and stop changing, creating an asymptotic pattern.

Based on the Yerkes-Dodson curve (Yerkes & Dodson, 1908), and the cognitive
redline model (Wickens et al., 2015), a new model was developed to explain how the
relationship between cognitive workload and performance will impact most
physiological measures (for example, heart rate variability would show the opposite
curve, as it decreases with increased cognitive workload), as shown in Figure 2. The
model only considers medium to high workload, as underload was not studied in this
research. Increased cognitive workload has been associated with decreased performance
(Fox et al., 2007; Jaeggi et al., 2007; Kirsh, 2000; Mackay, 2000), and will increase

some physiological measures, such as HR, and EDA. Performance will continue to



degrade, and when the person reaches their redline, the physiological measures will

reach an asymptote.

Redline

High L Physiological changes

Pra
R
-

Workload

Medium

High Performance Low

Figure 2: Cognitive workload and performance affect physiological measures.

The work presented in this dissertation will further expand the current redline
definition by investigating physiological patterns and how they reflect workload when
the person is approaching their redline. Thus, the proposed redline is defined as the
threshold of available mental resources necessary to perform a task or set of tasks. The
studies presented in this dissertation will further add to this definition by investigating
the physiological patterns and autonomic arousal related to performance degradation
when the person is approaching the redline threshold. Three different methods to

measures workload will be used.



Methods to Detect Changes in Cognitive Workload

Cognitive workload can be measured through two main methods: subjective and
objective. Subjective methods are introspective, as they depend on the person’s thoughts
and feelings. Objective methods are impartial, as they can be observed directly from the
subject (Orlandi & Brooks, 2018). Objective methods include physiological measures,
which are modulated by the autonomic nervous system, and performance-based
measures, while subjective measures are based on perceived workload ratings.

While it is possible to measure workload using one of the methods for data
collection, most studies use at least 2 for data comparison (Brookhuis & de Waard,
2001; Callan, 1998; Shakouri et al., 2018; Tsang & Velazquez, 1996). Using all three
methods can provide a more comprehensive look at cognitive workload. To investigate
physiological patterns associated with high levels of cognitive workload, data will be
collected using all three methods. Table 1 contains a summary of the workload
measurement technique, and examples of the measures collected.

Table 1: Workload Measurement Techniques

Workload Measurement Technique | Measures Collected

Physiological measures e Heart rate (HR)

Heart rate variability (HRV)
Electrodermal activity (EDA)
Electroencephalography (EEG)
Pupillometry

Subjective ratings NASA-Task Load Index (NASA-TLX)
Short Stress State Questionnaire (SSSQ)

Workload Profile Index (WPI)

Performance measures Primary task
Secondary task

Reaction time

©



Autonomic Indices of Cognitive Workload

The autonomic nervous system (ANS) is one of the components of the peripheral
nervous system (PNS), which consists of the ganglia and nerves excluding the brain and
spinal cord (Hubbard, 2012; Mai & Paxinos, 2011). The PNS connects the central
nervous system with the organs and limbs. Thus, the autonomic nervous system connects
with glands and smooth muscle, influencing the unconscious functions of the internal
organs (Mai & Paxinos, 2011). For example, autonomic functions include cardiac
regulation, vasomotor activity, and some reflexes. In fact, the ANS is the most important
regulator of cardiac function (Catterall, 2015). Autonomic functions are modulated by
both branches of the ANS, the sympathetic (SNS) and parasympathetic nervous systems
(PSNS) (Jansen et al., 1995; Waterhouse & Campbell, 2008).

The sympathetic (SNS) nervous system is responsible for the “fight or flight”
response. This response is activated when the person experiences duress in the form of
stress, fear, or intense exercise (Bers & Despa, 2009; Curtis & O’Keefe Jr, 2002; Fuller
et al., 2010). Catecholamines (epinephrine, norepinephrine) stimulate the betta-
adrenergic receptors located in the cardiac myocytes (Tsien et al., 1986), which increases
the chronotropic, inotropic, and lusitropic heart states (Catterall, 2015). The chronotropic
state is related to the increase in heart rate, inotropic is the strength of the cardiac muscle
contraction during the systole, and the lusitropic is the relaxation rate during the diastole
(Catterall, 2015). The parasympathetic nervous system (PSNS) is responsible for the
“rest and digest” response, which slows heart rate in the absence of external threats

(Porges, 1992). The PSNS maintains homeostasis (Janig & Habler, 2000; Pichon &
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Chapelot, 2010; Recordati, 2003) Both the SNS and PSNS tend to act in opposite ways
(i.e. one is inhibited while the other is activated), but there are exceptions where both
systems may be active simultaneously.

The ANS modulates several body systems, including cardiovascular and
respiratory. When the person experiences change in cognitive workload, the body reacts
to the stressful situation by affecting physiological measures. Usually, the PSNS tends to
withdraw so the body can enter into the “fight or flight” mode and prepare for the
stressful situation (Ruscio et al., 2017). Thus, cognitive workload is reflected through
changes in physiological measures (Cinaz et al., 2013; Luque-Casado et al., 2016;

Mehler et al., 2011).

Physiological Measures

Data from physiological measures can be analyzed to infer changes in autonomic
activity, which is related to changes in cognitive workload (Miyake et al., 2009; Ohsuga
et al., 1995, 2001). The main advantage of using physiological measures is that the data
can be collected in real-time, and with the advent of wearable devices, data can be
collected in a wide-range of environments.

Cardiovascular measures, such as heart rate and heart rate variability are
modulated by both branches of the autonomic nervous system, the sympathetic and
parasympathetic nervous system. Thus, cardiovascular measures are sensitive to
neurobehavioral processes (Berntson et al., 2017). Cardiovascular measures can be

collected through optical or electrical sensors. Optical sensors use
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photoplethysmography (PPG), where a low-intensity infrared light is emitted from the
sensor. The IR light is absorbed by biological tissue, but is more readily absorbed by
blood. The sensor then detects changes in the light intensity, being able to detect blood
volume changes in the blood vessels (Temko, 2017). While PPG sensors are not as
accurate as the electrical sensors, they are wearable and inobtrusive, and they offer the
opportunity of measuring heart rate while the person is moving. The electrocardiogram
(ECG) collects the electrical signals of the heart, denoted with letters P, Q, R, S, and T to
represent each of the segments of the heart rate cycle (Yeh & Wang, 2008).

Cardiovascular measures are perhaps the most commonly used physiological
measures to assess changes in cognitive workload (Tao et al., 2019). Some studies have
found heart rate to be insensitive to workload changes (e.g. Heine et al., 2017; Shakouri
et al., 2018), but a few systematic reviews have found both heart rate and heart rate
variability as sensitive measures to detect changes in cognitive workload (Charles &
Nixon, 2019; Jorna, 1992; Tao et al., 2019).

The heart rhythm depends on the sinus node depolarization (Peltola, 2012).
Decreased parasympathetic activity or increased sympathetic activity results in cardiac
acceleration, and the opposite results in cardiac deceleration (Hutter & Trautwein, 1956).
Heart rate has been shown to increase with high cognitive workload (Backs, 1995; Backs
& Seljos, 1994; Brookhuis & de Waard, 2001; Veltman & Gaillard, 1996).

Heart rate variability (HRV) measures the natural beat to beat variations
occurring within subsequent heart beats (Acharya et al., 2006; Malik, 1998) caused due

to the dynamic balance that occurs between both branches of the ANS (Levy & Martin,
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1984), that is, the polarization and depolarization of the sinoatrial node (Rocchetti et al.,
2000). Usually, the R-R peaks in the QRS complex are analyzed, as these peaks are the
most easily identifiable (Laguna et al., 1990). Heart period is the mean between the
successive R-R peaks (Backs, 1995), which is different from heart rate, which is
represented as the number of beats per minute. Heart period has been used to detect
changes in cognitive workload (Backs, 1995; Veltman & Gaillard, 1996).

HRV can be analyzed based on different methods, which depend on the length of
the time interval (short or long), and the type of analysis (time or frequency domain,
geometric methods) (Task Force of the European Society of Cardiology, 1996). A short
time window is considered to be 5 minutes, though some analysis have used 30-second
interval (Huikuri et al., 1993).

The time domain uses statistical analysis, such as mean, standard deviation
(SDNN), and the root mean square deviation (RMSSD) that occurs between the
normalized (N-N) R-R intervals (Acharya et al., 2006). Other time-based analyses may
look at percentages, for example, pNN50 is the percentage of NN intervals greater than
50ms (Acharya et al., 2006). The frequency domain analysis transforms the data to
reflect changes in the autonomic nervous system, where the low frequency (LF),
corresponding to 0.04 to 0.15 Hz reflects sympathetic activity, and the high frequency
(HF), corresponding to 0.15 to 0.4 Hz reflects parasympathetic activity (Acharya et al.,
2006; Bilchick & Berger, 2006). HRV has also been used to detect differences between
the sleep-wake cycle (Malik, 1998). For shorter time periods, RMSSD and pNN50 are

usually preferred, as they do not show differences due to the circadian rhythm (Sztajzel,
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2004). However, some of the time-based and frequency-based measures are correlated.
RMSSD and pNN50 show correlations with the HF analysis (Sztajzel, 2004). Studying
both methods of HRV analysis is important, as time domain measures explain the
amount of variability, while the frequency domain measures provide an explanation
behind that variability (Stein et al., 1994). Several studies have linked decreased HRV
with increasing cognitive workload (Hidalgo-Mufioz et al., 2018; Luque-Casado et al.,
2016; Mehler et al., 2011).

Geometric methods present geometric patterns associated with the R-R interval,
such as the triangular index, which plots the R-R interval on the X-axis, and the R-R
length intervals on the y-axis (Acharya et al., 2006).

Electrodermal activity (EDA), also referred to as galvanic skin response (GSR),
measures the electrical conductance and resistance of the skin. Skin conductance is only
modulated by the SNS, which controls the eccrine sweat glands, thus affecting the
electrical resistance and conductance of the skin (Solovey et al., 2014). The general skin
potential can be broken down into two main components: tonic and phasic. Tonic
changes correspond to skin conductance level (SCL), which represents slow changes,
while the phasic corresponds to the skin conductance response (SCR), associated with
the rapid peaks that usually occur after a stimulus (Boucsein, 2012). If skin conductance
is collected using gelled electrodes, the solution needs to be isotonic as it has a similar
composition to sweat (Schmidt & Walach, 2000). Several locations have been discussed
as possible electrode placement, including the distal phalanxes of several fingers, the

thenar and hypothenar eminences of the palm, the wrist, and the medial inner side of the
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foot (Ranogajec & Gersak, 2014). Previous studies have investigated how skin
conductance can be used to measure cognitive workload (Ghaderyan & Abbasi, 2016;
Kosch et al., 2019; Reimer et al., 2009). Of particular interest is the study that
investigated event-related potentials reach an asymptotic pattern when visual working
memory resources are depleted (Vogel & Machizawa, 2004), which may be related to
the redline of cognitive workload.

Electroencephalography (EEG) records the electrical activity that originates in
the brain cortex by using electrodes that go around the scalp and forehead. A reference
electrode to filter data noise is usually placed on the ear. EEG analysis has identified
several frequency bands: 0.5-3 Hz (delta), 4-8 Hz (theta), 8-13 Hz (alpha), 13-30 (Beta)
and 40 to 50 Hz (gamma) (Mehta & Parasuraman, 2013). Some of these bands have been
studied as indicators of cognitive workload. For example, the alpha frequency band
shows attenuated activity as a response to increased cognitive workload (Berka et al.,
2007; Galy et al., 2012), while the theta and beta frequency bands increase their activity
(Fairclough et al., 2005). Additionally, the alpha frequency band has been found to be
negatively correlated with task engagement (Lubar et al., 1995; Offenloch & Zahner,
1990), for which it has been suggested as an engagement index (Kamzanova et al., 2011;
Pope et al., 1995).

Pupillometry studies pupil dilation. The pupil dilates as a response to changes in
arousal and mental effort, and constricts as a response to brightness and to near fixation
(Math6t, 2018). The pupil tends to dilate quickly as a response to mental effort, and

more complicated tasks are associated with larger pupil dilation mean values (lgbal et
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al., 2004). The pupil dilation magnitude is usually on the order of 0.5 mm, and the pupil
quickly returns to normal after completing the mental task that triggered the dilation
(Klingner et al., 2008). Pupil dilation has been studied as an effective way to measure
workload (Beatty, 1982). Pupillometry can also be collected with minimally-intrusive or
non-intrusive devices, which makes it easier to implement (Palinko et al., 2010; Recarte
& Nunes, 2003). However, several factors affect the results, such as changes in
brightness (Pomplun & Sunkara, 2003). Additionally, the angle of the gaze can also
impact the results (Pomplun & Sunkara, 2003). When collecting pupillometry, it is
important to properly calibrate the device before each study to ensure proper data

collection.

Baselining Procedure for Physiological Analysis

It is important to consider collecting a physiological baseline, which can be used
in the analysis. For this research, the physiological baseline was collected while
participants followed a paced-breathing app, using a ratio of 1:2 inhalation to exhalation.
This breathing ratio has been found to decrease heart rate and blood pressure (Modesti et
al., 2010). Using this ratio decreased the normal breathing rate, which is around 12
breaths per minute (Roscoe, 1992) to 6 breaths per minute, which have been recorded as
producing higher amplitudes of heart rate variability (Song & Lehrer, 2003).
Additionally, participants listened to nature sounds, as these have been found to decrease
heart rate (Alvarsson et al., 2010; Ghezeljeh et al., 2017). Thus, the data is collected

when the person is relaxed and experiencing minimal cognitive workload.
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Previous studies that have investigated changes in physiological measures have
also collected data a physiological baseline of varying lengths. Five minutes have been
used (Wilhelm et al., 2004), as well as 10 to 15 minutes to allow the different body
pressures to stabilize (Kergoat & Faucher, 1999). Pilot testing was done in the laboratory
to determine the best time length to collect the baseline. Physiological measures (EDA,
HR, HRV) were collected, and participants provided subjective feedback. Most pilot
subjects agreed that they felt restless by the end of the 15 minutes, but reported that 10
minutes was a good, relaxing period. The physiological data was compared for the 10
and 15-minute periods, with very similar results. The shorter, 10-minute baseline was

selected to ensure participants were relaxed before the study.

Subjective Measures

Subjective methods depend on personal workload perception, so direct input
from the person is required (Rubio et al., 2004). Thus, the data collection can occur
simultaneously while performing the task, or after the task is complete. If the data
collection occurs while the task is ongoing, then the task needs to be interrupted.
Otherwise, waiting to collect the data after the task is over may lead to memory decay,
as the person may forget some of the details. Retrospective data collection may be used
to avoid memory decay. For example in guided reconstruction, the person watches the
video of themselves performing the task (Cacioppo et al., 1988). Subjective measures are

cost-effective to administer, and provide insight into the person’s workload perception,
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which may differ from data collected from objective methods. However, there are
several shortcomings, which is why they are sometimes correlated with objective
methods (McKendrick et al., 2019).

The Short Stress State Questionnaire (SSSQ) is a shorter version of the Dundee
Stress State Questionnaire (DSSQ), and measures stress through 3 main factors: 1) task
engagement, 2) distress, and 3) worry (Helton, 2004; Helton et al., 2005). Questions
used to assess task engagement are based on participant’s motivation to complete the
task, as well as the concentration and energy levels required to complete the task.
Distress encompasses any negative effects that arise from the task, or from lacking
control over the task. Worry refers to participant’s negative thinking styles (Matthews et
al., 2013). The test is composed of a pre-, and post-test portion to compare how stress
changed depending on the task. The SSSQ has been used in previous studies along with
NASA-Task Load Index (Matthews & Campbell, 2010).

NASA-Task Load Index (TLX) classifies workload according to 6 different
categories: mental demand, physical demand, temporal demand, performance, effort, and
frustration (Hart & Staveland, 1988). Participants rate each of the different 6 categories
on a scale of 1 to 100. Then, participants rate the pairwise comparisons, consisting of a
pair of categories, comparing all categories against each other for a total of 15 pairs.
Participants then rate the highest category they thought provided the most workload
during the task. Then, the score for each category is multiplied by the weight assigned to
that category, and all are added together and divided by 15 to obtain the aggregate score

(Hart & Staveland, 1988).
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The Workload Profile Index (WPI) is based on Wickens’ Multiple Resource
Theory (MRT) model (Wickens, 2008), as users rate the tasks based on each individual
resource used. For example, the task loads are rated according to the MRT dimensions in
the processing state (perception/cognition, and response), sensory modality (vision,
audition, and haptic), and the processing code (verbal/symbolic, and spatial/analog)
(Rizzo et al., 2016; Rizzo & Longo, 2017; Rubio et al., 2004). To complete the
questionnaire, users rate each of the MRT categories on a scale of 0 to 1, O if the
resource was not used, and 1 if it was used. At the end, all the scores for each category
are added together to obtain the aggregate score (Rubio et al., 2004). WPI has been
investigated as a subjective tool to determine if there is any interference between

different tasks (Phillips & Boles, 2004).

Performance-Based Measures

Performance data is usually collected while the person is performing the task, but
the analysis is performed after the data collection is complete. In studies with high
natural validity, or in real-life situations, collecting performance metrics may pose a
challenge, especially as certain performance metrics may not be as easily observed
unless an accident occurs. There are several ways to measure performance, including
primary task performance, and secondary task performance.

Primary task performance depends mainly in observing how the person performs
the task. Several metrics can be used, for example, reaction time, completion time, and

number of errors.
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When performing the secondary tasks, participants are usually instructed to
perform the primary task as well as possible. Measuring performance on the secondary
task can provide insight into how many attentional resources are required to perform the
primary task. A common secondary task includes the n-back task, which consists of a
presentation of words or shapes the subject has to keep in their working memory while
performing the primary task (Brouwer et al., 2012; Herff et al., 2014; Pergher et al.,

2019; Wang et al., 2015).

Autonomic Indices of the Redline of Cognitive Workload

Previous attempts to define the redline of cognitive workload have used
subjective measures and performance. For example, the SWAT score of 40+/-10 (Colle
& Reid, 2005; Reid & Colle, 1988) and the IMPRINT score of 60 (Mitchell et al., 2003).
However, some studies have detected an asymptotic pattern in physiology. For example,
event-related potential data followed an asymptotic pattern when the visual working
memory was overwhelmed by a visual working memory task (Vogel & Machizawa,
2004). This recognizable pattern may be helpful in finding the redline. Similarly, heart
rate, respiration rate, and galvanic skin response were found to follow a “plateau” pattern
as the individual tasks in the study became increasingly more challenging (Mehler et al.,
2009). A previous study done by author in a controlled multitasking environment found
a similar pattern for heart rate variability (HRV) (Rodriguez Paras et al., 2015). The

HRYV pattern was consistent with the NASA-TLX subjective assessments, further
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explaining that physiological measures may stop fluctuating and stabilize into an
asymptote pattern.

Physiological measures are modulated by the ANS, but not all measures are
modulated by both branches. Cardiovascular measures (e.g. heart rate, heart rate
variability), and breathing rate are modulated by the SNS and PSNS (Berntson et al.,
2017; Stein et al., 1994). However, EDA is only modulated by the SNS (Boucsein, 2012;
Dawson et al., 2017). The following research questions are based on the interaction
between the SNS and PSNS activation and withdrawal. It is theorized that with
increasing cognitive workload, the SNS activity increases, and PSNS withdraws.
However, as the threshold of mental capacity approaches, the SNS activity will stabilize,

thus reaching the asymptotic pattern.

Research Questions

The research addresses three research questions based on improving the detection
of the redline of cognitive workload based on physiological measures.

The first research question investigates the sensitivity of physiological measures
when the person is close to reaching their cognitive redline limit. Previous studies have
analyzed physiological measures as workload indicators, but few to date have
investigated the sensitivity of these measures at increasing and high workload levels.
Heart rate tends to be the measure most commonly analyzed to detect cognitive
workload changes (Charles & Nixon, 2019). Other measures include heart rate

variability, electrodermal activity, and electroencephalography. All of these measures,
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except for EDA, are modulated by both branches of the autonomic nervous system.
There is a debate based on the sensitivity of these measures, for example, the
interpretation of heart rate data in relation to cognitive workload (Heine et al., 2017,
Hidalgo-Mufoz et al., 2018; Shakouri et al., 2018). Which physiological measures are
more sensitive to changes in workload at very high levels that are near or exceeding
the redline? Chapter 2 provides information on the study that was conducted to answer
this question.

The second research question expands on the results of the first questions, as now
the physiological data is correlated with other workload measures, including
performance and subjective measures. To what extent do changes in these sensitive
physiological variables compare with other standard measures of task performance
and subjective measures? The study that collected three types of data is explained in
Chapter 3.

The last question combines information from the results of the previous two
questions. Understanding the association among all three workload measures, as well as
which physiological measures are more sensitive, this last question will investigate
sympathetic and parasympathetic patterns associated with workload changes. To what
extent do physiological measures indicate the redline of cognitive workload based
on patterns of the different branches of the autonomic nervous system? The last

study is presented in Chapter 4.
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Proposed Cognitive Redline Risk Matrix and Analysis

Based on the current research results, a diagram can be helpful to understand
when someone may be approaching their redline. The cognitive redline risk matrix
(Figure 3) is based on all three types of workload measurement techniques, where each
is assigned a value from 1 to 3. When performing the task, physiology is analyzed and
compared to the baseline. If the measures are fluctuating, but still significantly close to
baseline, then a 1 is assigned (some natural variation is expected when measuring
physiological measures). A rating of 2 is provided if the measures increase, but are not
significantly different from baseline, and if the measures have stopped changing and are
significantly different from the baseline, then a 3 is assigned. Subjective ratings depend
on how the person subjectively feels about the task, and depending on the data
collection, these could be collected based on existing questionnaires, such as NASA-
TLX, or another survey or questionnaire specific to the task could be developed. The
rating of 1 is assigned if the person feels the workload is manageable. A rating of 2 is
assigned if the workload is perceived as high, but statistically, is not significantly
different from the baseline (level 1), and the rating of 3 is provided when the task
demands overwhelm the person, and the subjective score is significantly different from
level 1. Performance measures can be observed from the task. If performance is
acceptable, a rating of 1 is provided. A rating of 2 observes some performance
degradation, but not significantly different from the baseline observed at level 1. The
third rating is awarded to severe performance degradation, which is significantly

different from the baseline observed at level 1.
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The risk levels would be observed for each of the classifications and plotted in
the cognitive redline risk matrix, which uses a color-coded gradient to indicate how
close the person is to their redline. The green color indicates the person may be far from
reaching their redline, while the red color indicates the person may be closer to their

redline.

Level 2 Level 3

Subjective classification

Level 1

Level1l Level2 Level 3
<

Physiological classification

»

Figure 3: Redline of cognitive workload risk matrix proposed diagram.

Organization
This dissertation is organized in 5 chapters, the first of which is a literature

review discussing cognitive workload and its measuring methods. An overview is
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provided on previous work related to the redline of cognitive workload, and the novel
approach this research is taking by documenting the redline limit using autonomic
indicators. Thus, the literature review also includes information on how autonomic
indicators can be used as workload indices.

The research questions, based on the literature review, are also detailed in the
introductory chapter. The subsequent chapters (chapters 2, 3, and 4) focus on covering a
specific study to address each of the research questions. Finally, chapter 5 provides a

discussion based on the findings and provides an overview for future work.
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CHAPTER II

PHYSIOLOGICAL INDICES OF WORKLOAD

Introduction

Humans must maintain adequate performance levels, particularly in safety-
critical domains (e.g. healthcare, aviation, oil and gas), where even a small mistake can
be costly and have adverse consequences. Such environments usually involve
multitasking, which can influence the level of cognitive workload experienced by the
workers. Identifying when someone is approaching the threshold of their available
mental resources could prevent performance degradation, thus having a positive outcome
in safety. This creates a need to study and understand how cognitive resources (e.g.
attention, memory) provide indications of when people are approaching their threshold
and their performance degrades. Additionally, it is important to understand the
relationship between utilization of cognitive resources and performance.

When a person approaches the threshold of their cognitive resources, their
performance tends to degrade, as described by the redline of cognitive workload model
(Grier et al., 2008; Wickens, 2008). As defined in Chapter 1, previous studies have
found a correlation between elevated workload levels and performance degradation,
suggesting at an ideal cognitive workload level to sustain adequate performance. For
example, a Subjective Workload Assessment Technique (SWAT) score of 40 +/- 10
predicts possible performance difficulties, providing a redline range (Colle & Reid,

2005; Reid & Colle, 1988), suggesting the person has exceeded their workload capacity.

26



Similarly, several studies have provided workload scores for the Improved Performance
Research Integration Tool (IMPRINT). In the visual, auditory, cognitive, and
psychomotor (VACP) option of IMPRINT, workload is calculated on a 7-point scale
according to each of these mental resources. Receiving a score of 7 is indication that the
person has exceeded the available resource capacity (McCracken & Aldrich, 1984). The
IMPRINT advanced model has the additional workload option of speech, and the five
resources are rated based on a 7-point rating scale. The individual scores are then added
to obtain the overall workload value. According to subject matter experts (SMES)
familiar with the mounted combat system (MSC), a score of 60 or more was considered
as high workload for the MSC task, and thus associated with performance degradation
(Mitchell et al., 2003).

While these studies have clearly established the relationship between subjective
workload ratings and performance degradation, the studies only explain when the person
experiences high levels of workload, and don’t detect when the risk for reaching the
threshold is growing. Future investigations in this dissertation take a more practical
approach by using physiological measures to identify the redline threshold, particularly
investigating the detection of workload dynamics that may impact performance, as
workload is only a problem if it is related to a risk of performance degradation.

While physiological changes have been linked with changes in cognitive
workload (see Chapter 1), to date, to the author’s knowledge, this hasn’t been done. As
described in Chapter 1, physiological measures reflect changes in the autonomic nervous

system. Under extreme workload conditions, the person experiences the fight or flight
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response, associated with sympathetic activation. Thus, physiological data can be used to
infer changes in cognitive workload. The theory presented in this dissertation explains
that, near the redline threshold, physiological measures can show less responsiveness to
cognitive workload changes, similar to an asymptotic pattern. The first study presented
in this dissertation is designed to explore the possible relationship between common
physiological measures and how they reflect changes in workload when the person is
approaching their potential redline threshold. Subjective measures and performance will
also be analyzed.

This first study aims to answer the first research question postulated in the larger
body of research: Which physiological measures are more sensitive to changes in
workload at very high levels that are near or exceeding the redline? Several
physiological measures (i.e. breathing rate, heart rate, heart rate variability,
encephalography, and electrodermal activity) were selected based on findings from
previous studies. For example, heart rate and heart rate variability (Luque-Casado et al.,
2016; Mehler et al., 2011; Nickel & Nachreiner, 2003; Yang et al., 2013), breathing rate
(Roscoe, 1992), and electrodermal activity (Boucsein, 2012) reliably indicate changes in
sympathetic arousal which can be associated with changes in workload. The alpha wave
from electroencephalogram has also been demonstrated as relating to cognitive workload
changes (Knoll et al., 2011).

Two other measures (subjective methods and performance) will be used in
addition to physiological measures to infer the redline of cognitive workload. Several

subjective questionnaire-style methods were used, as each questionnaire provides a
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different perspective on participants’ cognitive workload. Participants completed tasks
set in the MATB-I1I environment with 5 different levels of imposed workload, while their
physiological data were collected. MATB-II has been used in previous studies to impose
cognitive workload, while physiological measures are collected to measure such
changes. For example, electrophysiological measures (heart rate and respiration rate)
showed significant differences in response to different taskloads associated with higher
levels of mental workload (Nixon & Charles, 2017). Another study found decreasing NN
intervals with increased cognitive workload (Dell’ Agnola et al., 2018). Similarly,
RMSSD and pNN50 measures of HRV were lower for the higher stress level induced by
MATB-1I (Kennedy & Parker, 2017). Overall, MATB-II has been used to induce
varying levels of workload while physiological measures were collected to distinguish
across different workload levels.

Findings from this research can expand the definition of the redline threshold to
include physiological indices. Additionally, the study explored which physiological
measures are more sensitive to changes in cognitive workload when the person is

approaching their redline threshold.

Methods
Thirty participants completed the IRB-approved study (IRB approval: IRB2014-
0499D), see Appendix A for IRB materials. Participants were at least 18 years old, had
normal, or corrected-to-normal vision, and no impairments of the hands that prevented

them from using a mouse, keyboard, and joystick.
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Participants completed a series of tasks in a multitasking context with controlled
levels of difficulty. Physiological data were collected to infer patterns in workload
assessment data.

Procedure

Participants were given a brief overview of the study when they arrived at the
laboratory. After consenting to participate in the study, participants completed a
background questionnaire, which sought information about demographics, videogame
and flight simulator experiences, and caffeine consumption. Then, participants
proceeded to complete the questions in the pre-experiment section of the Short Stress
State Questionnaire (SSSQ) (Helton, 2004).

Participants then put on the physiological devices (see Figure 4) , which included
the Zephyr BioHarness3 (Zephyr Corporation, 2012), Shimmer GSR (Realtime
Technologies Ltd, 2017), and NeuroSky MindWave (NeuroSky, Inc., 2015),with help
from the experimenter. Each of the devices was calibrated to ensure proper streaming

and storage of data before proceeding with the study.

Figure 4: Physiological devices used in the study. From left to right: Shimmer GSR,
NeuroSky MindWave, and Zephyr BioHarness.
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The physiological baseline data (explained in Chapter 1) were then collected,
which were used in the statistical analysis as a covariate. The baselining process
consisted of following the instructions to perform paced breathing while listening to
nature sounds (johnnielawson, 2013) through noise-cancelling earphones for 10 minutes
(Kergoat & Faucher, 1999). The paced breathing instructions were presented using the
Paced Breathing app (TrexLLC, 2014), as shown in Figure 5, and consisted of a ratio of
1:2 inhalation to exhalation, as previous studies have found this ratio to decrease heart
rate and blood pressure (Modesti et al., 2010). Thus, the data collected during this time
period are related to when the person is in a relaxed state, the most basic level of ANS
activity, and experiencing minimal cognitive workload. All physiological variables (HR,
HRV, EDA, EEG, BR) investigated in this study were collected during the baselining

procedure.
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Figure 5: Paced Breathing app (TrexLLC., 2014).

Participants then proceeded to complete a training on how to operate the Multi-
Attribute Task Battery-11 (MATB-II, see section “Software to Manipulate Mental
Workload” in this chapter), in order to reduce the likelihood of learning effects (Prinzel
et al., 2000). The training consisted of a PowerPoint presentation with instructions for
each of the tasks, explained by the experimenter. Participants were encouraged to ask
questions during the presentation. Then, participants completed 2 training scenarios in
the MATB-II software, each with a 3-minute duration. The training difficulty was
similar to the medium and hard scenarios (see Table 2 in section “Software to

Manipulate Mental Workload”).
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The experimenter coached the participant during the training scenarios to ensure
the participants understood the correct functioning of the MATB-II software. At the end
of each MATB-II training scenario, participants had the chance to ask any questions
before proceeding with the study.

After completing the training, participants took a 3-minute resting break, where,
similar to the baselining process, they were instructed to follow the paced breathing app
(TrexLLC, 2014) while listening to nature sounds (johnnielawson, 2013). This break
was used to minimize the risk of a carryover between different scenarios, allowing
physiological measures to return to a relaxed state with minimal cognitive workload
before participants completed the next MATB-I1 scenario.

Then, participants completed a 2-minute MATB-I11 scenario. The difficulty of the
scenario ranged from very easy to very difficult (see Table 2 for scenario difficulty). At
the end of each MATB-II scenario, participants completed the NASA-TLX
questionnaire, and the Workload Profile Index (WPI). Two different subjective
workload assessments were collected, as the NASA-TLX provides diagnostic
information about the sources of workload (Hart & Staveland, 1988), and the WPI
provides information based on the cognitive resources used for the task (Rubio et al.,
2004)see Chapterl). The 3-minute break and MATB-I1I scenario cycle of trials was
iterated a total of 5 times.

After participants completed the fifth and final MATB-II scenario, they
proceeded to complete the NASA-TLX pairwise comparison survey(Hart & Staveland,

1988). The NASA-TLX pairwise comparison is a weighting procedure, which compares
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each of the 6 different NASA-TLX categories, presented in pairs, and the assigned
weight is then used to obtain a global score (Hart & Staveland, 1988). The SSSQ post-
test questionnaire (Helton, 2004) was the final questionnaire completed by the
participants. Then, participants removed the physiological devices to conclude the study.

A summary of the study procedure is given in Figure 6.
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Figure 6: Experimental procedure.

Apparatus
This section discusses the different physiological devices, subjective
questionnaire-style methods, and the software used to manipulate mental workload
utilized during data collection. A summary of the dependent measures collected

throughout the study is provided in Table 4.
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Physiological Devices

Three types of devices were used to collect physiological data in real-time while
the participants conducted the study activities, including the pre-experiment
questionnaires, pre-experiment physiological baselining procedure (see “Physiological
Baseline” in Chapter 1), experimental trials, and post-study questionnaires. The devices
were calibrated using a standard calibration procedure for each device after participants
put them on, and then the data collection started.

Cardiovascular measures (HR and the R-R interval) and breathing rate were
collected with the Zephyr BioHarness3 (Zephyr Corporation, 2012), as shown in Figure
7. BioHarness3 consists of an adjustable chest strap, which provided skin contact at key
electrode locations, and a "biomodule” with embedded ECG, breathing, and other
sensing capabilities to collect ECG, breathing rate, and other data (Zephyr Corporation,
2012). The chest strap was moistened by the experimenter before use to ensure proper
skin contact, and thus minimize data loss. Several studies have investigated the use of
the BioHarness3 as a tool to collect HR, HRV, and BR (Hailstone & Kilding, 2011;
Johnstone, Ford, Hughes, Watson, & Garrett, 2012a, 2012b; Johnstone, Ford, Hughes,

Watson, Mitchell, et al., 2012).
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BioModule

Figure 7: Zephyr BioHarness3.

The collected cardiovascular data were recorded as heart rate, in beats per
minute, and heart rate variability, recorded as the R-R interval in seconds (Zephyr
Technology, 2016). The R-R intervals were extracted, and then analyzed based on time-
domain features, such as pNN50, before the statistical analysis. Breathing rate is
provided in breaths per minute (bpm), which includes the whole breathing cycle (one
inhalation and one exhalation), measured by a pressure sensor in the strap (Zephyr
Technology, 2016). A summary of all physiological measures collected in the study and
their units is provided in Table 4.

The NeuroSky MindWave (NeuroSky, Inc., 2015) recorded EEG data via a
single dry electrode (Figure 8) placed in the FP1 position, according to the international
10-20 system (Herwig et al., 2003; Homan et al., 1987, p. 10). The reference electrode is

clipped on the ear to reduce data noise.

36



Figure 8: NeuroSky Mindwave. The figure on the left presents the front of the device;
the single electrode is placed in the FP1 position is visible in the figure on the right. The
clip attaches to the ear as the reference electrode.

The EEG data are reported by the software in the form of frequency bands,
including Alpha and Beta (de Munck et al., 2009; Zheng & Lu, 2015). The power units
represent the relative amplitude of each individual EEG band (NeuroSky, Inc., 2014).
The alpha wave data were analyzed, as this power band has been previously studied to
measure changes in cognitive workload (Brouwer et al., 2012; Matthews et al., 2017).

The ShimmerGSR system (Realtime Technologies Ltd, 2017) collected EDA

data. The device consisted of an amplifier worn around the wrist, and 2leads attached to
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isotonic gel electrodes were placed on the thenar and hypothenar eminences (see Figure

9 (Dawson et al., 2017) in the palm of the non-dominant hand.

Figure 9: Shimmer GSR. Figure on the left shows the correct lead placement on the
thenar and hypothenar eminences. The right figure shows the amplifier with the leads.

Even though EDA is traditionally collected from the non-dominant hand to avoid
movement and motion artifacts, in this study the data were collected from the dominant
hand, as the nondominant hand was used to control the keyboard and mouse and would
have created more motion artifacts in the data. Extensive pilot testing was done by the

experimenters, which consisted of collecting EDA data from both wrists while
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interacting with the MATB-II software. Results from the pilot test determined that using

the nondominant hand on the joystick minimized motion and thus the motion artifact.
The raw ShimmerGSR data were analyzed using Ledalab, a Matlab plug-in, to

extract skin conductance response (Bach, 2014; Karenbach, 2005). The extracted data

were then statistically analyzed.

Software to Manipulate Mental Workload

The Multi-Attribute Task Battery-11 (MATB-I1I) (Santiago-Espada et al., 2011), a
software developed by NASA, was used to manipulate the workload conditions (see
Figure 10). The software consisted of four different tasks, modeled after those found in
an aircraft cockpit, including system monitoring (SYSMON), tracking (TRACK),
communications (COMM), and resource management (RESMAN) (Comstock Jr &

Arnegard, 1992), as shown in Figure 10. A summary of the tasks is provided in Table 3.
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Figure 10: The Multi-Attribute Task Battery-11 (MATB-I11) (Santiago-Espada et al.,
2011).

The software was operated through a mouse, keyboard, and a joystick. The
joystick was used with the dominant hand to control the pointer in the tracking task. The
mouse was used with the non-dominant hand to provide the reply in the communications
task. Both the mouse and keyboard could be used to interact with the resource
management and system monitoring tasks. The study setup (Figure 11) was reconfigured

based on the handedness so that participants’ dominant hand controlled the joystick.
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Figure 11: MATB-II study configuration, with the mouse on the left and the joystick on
the right.

The compensatory tracking task (TRACK) (Lee et al., 2017) consisted of
controlling a pointer and centering it as close as possible within the center square (see
Figure 12). The software-defined “response” variable describes the amount of
randomized error that is combined with operator input for each update cycle, while the
“update” variable is similar to control gain, referring to the magnitude of effect that
joystick inputs have on the moving target for every update cycle (Santiago-Espada et al.,
2011), similar to control gain. Both the “response” and “update” can be specified in 3

99 ¢

levels: “low,” “medium,” and “high.”
b bl
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Figure 12: MATB-II tracking task (TRACK). The response and update settings (red
rectangles) can be set to low, medium or high. The green square highlights the pointer,
which must be centered as close as possible within the center square.

The other three MATB-11 tasks had to be completed at the same time as the
tracking task. The system monitoring (SYSMON) and resource management
(RESMAN) (see Table 3) tasks were conducted using a combination of mouse and
keyboard inputs, and the communications (COMM) task was conducted with the mouse.

The system monitoring (SYSMON) task consisted of a system of dynamic lights
and scales (see Figure 13). The light system consisted of 2 lights, labeled “F5” and “F6.”
Each light displayed 2 states, a “light off” and “light on.” For F5, the “light on” state was
green, and required pressing F5 when the light was turned off. For F6, the “light off”

state required pressing F6 when the red light turned on.
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The scale system consisted of 4 fluctuating weights in the scales, labeled F1
through F4 (see Figure 13). When the weights in the scale touched either end, the system
required pressing either on the scale using the mouse, or on the keyboard key (F1
through F4) corresponding to the malfunctioning scale. In the SYSMON task, the

number of malfunction incidences can be modified according to the task.

SYSTEM MONITORING

- Lights

Scales

Figure 13: System monitoring task. The upper rectangle shows the light system. The
lower rectangle highlights the scales.

The communications task (COMM) provided different auditory call signs that
were modeled after identifiers used in air traffic control radio conversations. Only
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responses to the aircraft call sign, “NASA 504,” were considered correct. All other all
signs had to be ignored. To reply, the mouse was used to change the radio and frequency

(see Figure 14).

COMMUNICATIONS

Call Sign NASALDY

Radio Frequency
NAVI 112 500

' NAVZ 112 500
COM1 126 500
COM2 126 500

Figure 14: Communications task (COMM). Participants were instructed to listen to their
callsign, and change the radio and frequency.

The resource management (RESMAN) task consisted of two fuel tanks, “A” and
“B,” as shown in Figure 15. The fuel levels in tanks A and B would slowly deplete, and
the fuel had to be kept as close as possible to 2,500. Additional fuel could be passed to

these tanks via the other fuel tanks (“C”, “D”, “E” and “F”) by activating the different
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fuel pumps (labeled 1 through 8); the arrows next to the number indicated the direction

of the fuel flow.
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Figure 15: Resource management (RESMAN) task. Participants were instructed to keel
tanks A and B as close as possible to 2,500 by operating the fuel pumps.

Cognitive workload was manipulated based on the number of “events” for each
of the four MATB-II tasks. A summary of the number of events for each task and
scenario is provided in Table 2. The TRACK task depended on the settings for the
“update” and the “response” (see Figure 12). The cognitive workload induced by the
SYSMON task was modulated by increasing the number of incidences (i.e., malfunction
of the dynamic light and scale systems) that required interaction. The cognitive workload
imposed by the COMM task was determined based on the number of “OWN” and

“OTHER? call signs (see Table 2). Lastly, the cognitive workload from the RESMAN
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task was manipulated by increasing the number of failing pumps, as well as the total

amount of time the fuel pumps failed.

Table 2: MATB-II Difficulty Levels

Difficulty 1 2 3 4 5
Level

TRACK

Response Low Medium High High High
Update Low Low High High High
SYSMON

Green light 1 4 6 10 11
Red light 1 4 6 10 11
Scales 1 6 15 20 22
COMM

Own 1 2 5 5 5
Other 1 2 3 3 5
RESMAN

Failing pumps | 2 5 5 5 10
Total time (s) | 10 45 43 112 108

The MATB-II scenarios were developed based on iterative pilot testing

performed by experienced MATB-II users, including the experimenter and 3 test
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subjects. The experimenter developed the first level with the easiest difficulty and
number of events for each of the 4 tasks. Then, the other 4 scenarios were coded by
increasing the difficulty and number of events for each task. The pilot subjects would
then complete each of the scenarios presented in a counterbalanced order and rate them
using NASA-TLX. Additionally, the pilot subjects also provided verbal feedback to
understand which tasks required additional modifications. The experimenter would then
take the NASA-TLX scores and verbal feedback into consideration to adjust the
difficulty levels. The scenarios were iteratively refined based on users’ feedback and
NASA-TLX scores to have an equivalent magnitude of change between difficulty levels.

The training duration for the MATB-II scenarios was based on a previous study
that used MATB-II to measure workload. The training consisted of a 5-minute long
scenario with difficulty similar to the experimental trials (Karpinsky et al., 2016). Pilot
testing was performed with the pilot subject, but even though the subjects were
explained the use of MATB-II, they still had questions while performing the task. Thus,
training was split in two 3-minute scenarios, where participants were asked after the first
training scenario if they had any questions. At this point, the experimenter could go back
to the MATB-I11 diagram and answer any questions participants may have before
proceeding with the second training scenario.

Several MATB-I11 studies have used fewer scenarios with a longer duration. For
example, 2 scenarios each with a 10-minute duration (Roy et al., 2016), 20-minute
duration (Karpinsky et al., 2016), 3 scenarios with a 15-minute duration (Heard et al.,

2019), or 4 scenarios with a 5-minute duration (Gevins & Smith, 2003). The pilot testing
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started with the last model of 4 scenarios with a 5-minute duration. However, 4 scenarios
were not enough to discriminate between the high workload levels, so another scenario
was added. However, pilot subjects reported feeling cognitively tired at the end of the
data collection involving the sensor calibration, baseline data collection, training, and 5
scenarios with a duration of 5 minutes each, with the 3-minute break in-between. The
scenarios were reduced to 2 minutes, which also allowed for ultra-short HRV data to be
analyzed (Melo et al., 2018).

The break in-between tasks was modeled after a similar study that incorporated a
5-minute break between MATB-II tasks. However, this break was also used to complete
the subjective assessment (Albuquerque et al., 2018). For the current study, the break
was 3 minutes, but did not include the subjective assessment. However, when taking into
consideration the subjective assessments, the total time between scenarios is around 5
minutes.

Performance measures (see Table 3) were calculated from the MATB-II data
collected from each of the four tasks throughout each scenario. The tracking task
performance consisted of the root mean square deviation in pixels from the center target.
The SYSMON task collected the response time for each malfunctioning system (i.e.
lights and scales) each time the participant interacted with the system. The reaction time,
the number of hits and misses, and the time to reset were used to calculate the percentage
of time the system was in a failed state (Splawn, 2013). The COMM performance
measure was analyzed based on the responses to the “OWN” call sign, including the

reaction time, number of hits and misses, and the time to reset to calculate the percent of
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time the system was in a failed state (Splawn, 2013). RESMAN performance consisted

of the percent error between the target of 2,500 fuel units and the actual fuel level

(Splawn, 2013).

Table 3: MATB-II Tasks and Performance Measures

Task Control Workload Performance Units
Modification Measures
TRACK Joystick Response and Root mean square | Pixels
update deviation of the
number of pixels
target was away
from the center
SYSMON | Mouse or | Number of light Average response | % time the
keyboard | and/or scale time for lights and | system isin a
malfunctions scales failure state
COMM Mouse Number of calls Number of % time the
(“OWN” and correctly answered | systemisina
“OTHER”) “OWN?” calls, and | failure state
correctly ignored
“OTHER” calls
RESMAN | Mouse or | Number of Average deviation | Fuel units
keyboard malfunctioning from the 2,500-fuel
pumps, and total target level in tanks
time pumps were “A” and “B”
failing

Subjective Questionnaires

Several subjective questionnaires were used to collect data, as each questionnaire
provided a different perspective on participant’s cognitive workload. More details about
these questionnaires are provided in Chapter 1.

A background questionnaire was developed to capture additional information on

demographics, such as age, sex, and student classification (e.g. undergraduate, master’s,
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Ph.D., or professional). Other questions inquired about participants’ experience with
videogames, including if participants played videogames, the number of hours played
per week, system used (e.g. PC, Xbox, Playstation, WiiU, Nintendo3DS, etc.), and if it
required the use of a joystick. Because MATB-II’s tasks are based on a flight cockpit,
the questionnaire also had questions related to participant’s experience with flight
simulators. Lastly, the last few questions were related to caffeine consumption, as
caffeine can affect physiological measures.

The Short Stress State Questionnaire (SSSQ) (Helton, 2004; Helton et al., 2005)
was used to determine if the changes in physiology were due to stress, by considering a
pre- and post-assessment to measure incidental stress. The first part of the SSSQ was
completed before the study, and the post-study was completed at the end of the last
MATB-I1I scenario. The total score for the SSSQ was calculated according to the
formula: (pre-task score — post-task score)/(standard deviation of the pre-task score)
(Helton, 2004).

The Workload Profile Index (WPI) (Rubio et al., 2004) inquired about the
different workload dimensions based on Wicken’s Multiple Resource Theory (Wickens,
2008). All relevant dimensions from the Multiple Resource Theory Model were included
for the purpose of the study. The WPI is usually rated using a scale of 0 for no
engagement, and 1 for full engagement (Rubio et al., 2004). The scales were adapted
from 0 to 5 to obtain a greater resolution to the workload changes between MATB-II
scenarios, based on pilot testing. Figure 14 shows the modified WPI version used in this

study.
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Please fill an integer number from 0 to 5 into the box.

0 = No engagement at all 5 = full engagement.

Workload Dimensions

Stage of Code of Processing Input Output

Processin,
Yellow €

Perceptual/ Response Spatial Verbal Visual Auditory Manual
Cognition

MATB-I Task

Figure 16: The modified Workload Profile Index (WPI) version used in this study.

NASA-Task Load Index (NASA-TLX) (Hart & Staveland, 1988) was used to
determine overall cognitive workload based on 6 different dimensions. The NASA-TLX
version used was included in the MATB-II software, and consisted of sliding scales.
This version of NASA-TLX appeared at the end of each scenario (see Figure 17). The
pairwise comparison necessary to obtain the weights was provided at the end of the
study. The total NASA-TLX score was calculated by multiplying the scores from each
scenario by the weights, and then dividing by 15 to keep the scale from 0 to 100 (Hart &

Staveland, 1988).
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Figure 17: NASA-TLX.

Experimental Variables
The dependent variables are based on the three methods for detecting changes in
cognitive workload (i.e. subjective methods, performance metrics, and physiological

measures). A summary of the variables collected is listed in Table 4.
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Table 4: Dependent Variables

Workload Measure Collected Device or Unit
Measure Type Method
Physiological Heart Rate BioHarness3 Beats per minute (BMP)
Physiological Heart Rate Variability BioHarness3 % (percentile of normal
(HRV), pNN50 to normal (NN) intervals
greater than 50 ms
Physiological Breath Rate (BR) BioHarness3 Breaths per minute
(BPM)
Physiological Electrodermal Activity | ShimmerGSR Microsiemens
(EDA) (skin
conductance response)
Physiological Electroencephalography | NeuroSky Device units
(EEG) MindWave
Subjective Short Stress State Survey Percent change in score
Questionnaire (SSSQ)
Subjective Workload Profile Index | Survey Average score for all
(WPI) categories (0 to 5 scale)
Subjective NASA-Task Load Index | MATB-II, TLX Score
(NASA-TLX) pairwise
comparison
weights
Performance TRACK MATB-II Pixels
Performance SYSMON MATB-II % time the systemisin a
failure state
Performance COMM MATB-II % time the system isin a
failure state
Performance RESMAN MATB-II Fuel units
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Study Design

The study trials were presented in a counterbalanced order based on the MATB-
Il difficulty levels. The counterbalanced design was chosen as a way to minimize the
effects from a possible learning curve and carryover effects. Because the total number of
scenarios is 5, a complete counterbalanced order is for n=10, where the first 5 are
presented in a balanced order, while the other 5 are presented as a mirrored order of the
first 5. The full counterbalanced study was repeated 3 times, for a total of n=30
participants. The counterbalanced order is presented in Table 5.

Because participants were looking at the screen when each of the MATB-11
scenarios was opened, a color word-based code was assigned to each scenario to prevent
the participants from guessing the difficulty levels, and thus influencing the subjective

responses.

Table 5: Counterbalanced Order

n Order of MATB-II Scenarios
1 1 2 51| 3 4
2 2 3 1| 4 5
3 3 4 2 | 5 1
4 4 5 3|1 2
5 5 1 4 | 2 3
6 4 3 5| 2 1
7 5 4 1| 3 2
8 1 5 2 | 4 3
9 2 1 315 4
10 3 2 4 |1 5
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Results

Thirty participants (male = 18, female = 12) completed the IRB-approved study
(IRB approval: IRB2014-0499D). The mean age for participants was 24.3 years old,
(standard deviation = 3.7 years).

All data were analyzed using SAS Studio version 9.4 (SAS Institute Inc., 2021)
statistical software. Physiological measures, performance measures, and NASA-TLX
were analyzed using the PROC MIXED code in order to reduce maximum likelihood
estimates. The significance level was set at a. = 0.05. Due to the large amount of inherent
noise in the physiological data, marginal significance as effects less than alpha = 0.10 is
also reported. A t-test was used to compare the SSSQ score (PROC TTEST), and the
WPI was analyzed using Friedman’s test, a non-parametric test using PROC FREQ.

Physiological measures were analyzed using a within-subjects ANCOVA
analysis, where the physiological baseline data were used as the covariate. All other
measures (subjective and performance) were analyzed using within-subjects ANOVA.
Post-hoc tests involved standard t-tests to determine where the differences between

groups occurred.

Physiological Measures
The results from HRV (see Figure 18) were calculated using the pNN50 metric,
which is the percentage of the N-N intervals greater than 50 milliseconds (more
information about the pNN50 is in Chapter 1). pPNN50 showed a significant difference

among the MATB-I11 workload levels (F (4, 34) = 5.47, p<0.005). Tukey-Kramer post
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hoc revealed workload level 1 to be significantly different from levels 3 (p = 0.008), 4 (p
=0.003), and 5 (p = 0.004). Level 2 did not significantly differ from levels 3 (p = 0.291),
4 (p =0.149), or 5 (p = 0.199). The asymptotic pattern associated with the redline of
cognitive workload started showing at workload level 3, as there is no significant
difference between levels 3 and 4 (p = 0.997), and levels 3 and 5 (p = 0.999). Levels 4
and 5 were not significantly different from each other (p = 0.999), further establishing

the asymptote pattern.

Heart Rate Variability (pNN50)
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Figure 18: Heart rate variability, showing the pNN50 results. Error bars show standard
error.

Skin conductance response (Figure 19) was not significant, but the results are
marginally significant (F(4, 21) = 2.23, p = 0.079). Tukey-Kramer post-hoc results

indicated level 1 is not statistically different from level 2 (p = 0.999), but significantly
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different from levels 3, 4, and 5. There is no significant difference among the other

levels.

Skin Conductance Response
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Figure 19: Skin Conductance Response. Error bars show standard error.

Heart rate (Figure 20) did not show any significant effects among the MATB-I11

workload levels (F(4, 38), p = 0.1068).
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Heart Rate
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Figure 20: Average heart rate. Error bars show standard error.

Breathing rate was not significant (F(4, 37) = 1.97, p = 0.103).

Breathing Rate
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Figure 21: Average breathing rate. Error bars show standard error.
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The alpha wave from EEG (Figure 22) result was significantly affected by
higher workload levels (F(4, 37) = 2.69 , p = 0.035). Tukey-Kramer post hoc results
indicated that level 1 is not significantly different from levels 4 (p = 0.1605) and 5 (p =
0.293). Level 2 is not significantly different from workload level 3 (p =0.997), and
workload levels 4 and 5 were also not statistically different (p = 0.998). Levels 2 and 3

were not significantly different, which was the same case with workload levels 4 and 5.

Electroencephalogram - Alpha Wave
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Figure 22: Electroencephalogram alpha wave average. Error bars show standard error.

Subjective Measures
The overall score change for the SSSQ was 0.031, which was calculated using
the formula in the Methods section. A t-test determined that the overall score change was

not significantly different from 0.
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NASA-TLX results (Figure 23) showed the workload level is significantly
affected by increased cognitive workload levels (F(4, 37)= 77.49, p = <0.001).Tukey
post-hoc results found level 1 significantly different from workload levels 3 (P < 0.001),
4 (p <0.001), and 5 (p < 0.001). Level 2 was also significantly different from workload
levels 3 (P <0.001), 4 (p <0.001), and 5 (p < 0.001). Level 3 was not significantly
different from workload level 4 (p = 0.999), but it was significantly different from
workload level 5 (p = 0.005). Level 4 was also found to be significantly different from

level 5 (p =0.01).

NASA-Task Load Index
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Figure 23: NASA Task Load Index. Error bars show standard error.

Because the data obtained from the Workload Profile Index questionnaire are
integer values (discrete data), this dataset was analyzed using Friedman’s test, a non-

parametric statistical test used to detect differences in treatment across different tests
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attempts. Results indicated WPI (Figure 24) gives a pattern of results that is concurrent
with other measures, is a predictor of the difficulty in the workload levels (¥* = 35.29, p

< 0.001).
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Figure 24: Workload profile index. Error bars show standard error.

Performance Measures

Performance was calculated for each of the MATB-II tasks, as described in Table

Results for the tracking task (TRACK) (Figure 25) indicated performance

decreased as the workload levels increased in difficulty (F(4,116)=39.52, p<0.001).

Tukey post-hoc tests found level 1 to be significantly different from levels 3 (p<0.001),
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4 (p<0.001), and 5 (p<0.001). Level 2 is significantly different from levels 4 (p<0.001),

and 5 (p<0.001). There was no significant difference between levels 3, 4 and 5.

Tracking Task Performance
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Figure 25: Tracking performance. Error bars show standard error.

Results for the resource management (RESMAN) task (Figure 26) showed the
workload level had a significant effect on the deviation from the fuel target (F(4,116) =
16.54, p<0.001). Tukey post-hoc tests showed that level 1 is significantly different from
level 3 (p = 0.0081), level 4 (p = 0.0034), and level 5 (p<0.001). Level 2 is significantly
different from level 3 (p = 0.0016), level 4 (p = 0.0006), and level 5 (p<0.001). Level 3
is only significantly different from level 5 (p<0.001). There was no significant difference

between levels 4 and 5.
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Resource Management Performance
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Figure 26: Resource management performance. Error bars show standard error.

Results for the system monitoring (SYSMON) task (Figure 27) found a
significant effect of the MATB-11 workload level on the percentage of time the system
was in a failed state (F(4,116) = 37.42, p<0.001). A Tukey post-hoc test found level 1 to
be significantly different from level 2 (p = 0.0024), level 3 (p<0.001), level 4 (p<0.001),
and level 5 (p<0.001). Level 2 is significantly different from level 3 (p<0.001), level 4
(p<0.001), and level 5 (p<0.001). There was no significant different between levels 3, 4,

and 5.
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Figure 27: System monitoring performance. Error bars show standard error.

Results for the communication (COMM) task indicated the workload level had a
significant effect on the percentage of time the communication system was in a failed
state (F(4,116) = 7.77, p<0.001). A Tukey post-hoc test found level 1 to be significantly
different from level 3 (p = 0.0242), and from level 5 (p = 0.0020). Level 2 is
significantly different from level 3 (p<0.001), level 4 (p = 0.0013), and level 5(p<0.001).

There was no significant difference between levels 3, 4, and 5.
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Figure 28: Communication performance. Error bars show standard error.

Discussion

Several physiological measures were analyzed in this study to determine their
sensitivity near the redline of cognitive workload. Two of the measures, heart rate and
breathing rate, did not show statistically significant differences among the workload
levels, however, heart rate and breathing rate showed an asymptotic pattern, which was
expected as an indicator that the participants approached their redline thresholds. From
the proposed definition in chapter 1, physiological measures were expected to stop
fluctuating and reach an asymptotic pattern.

Skin conductance response was not statistically significant, but similar to the
other measures, it also shows the asymptotic pattern. Only EEG (alpha wave) and HRV

were statistically significant. The asymptotic pattern found in this study is similar to the
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event-related potential asymptotic pattern experienced by participants under increasing
workload conditions (Vogel & Machizawa, 2004).

The alpha wave increase can be interpreted as a lack of cognitive engagement
(Kamzanova et al., 2011; Offenloch & Zahner, 1990). However, because levels 4 and 5
imposed very difficult workload levels on the participants, another way to interpret these
results would be to analyze the task shedding behavior of the participants. While this
data was not collected during the study, future studies could investigate the different
strategies participants use to try to maintain their performance.

Based on ANS activity, the SNS will remain activated to attend to the “threat”
presented in the fight or flight response. PSNS activity should remain low while the
body prepares for the “threat,” in this case, each of the workload tasks. Thus, there was
elevated SNS activity in all of the scenarios, based on the changes, but the asymptote
pattern presented by levels 3, 4, and 5 indicated that physiologically, there was no more
change. This is the point where the participants approached their redline threshold.

The physiological results were supported by the results from subjective measures
and performance. The results from SSSQ showed no difference between the pre- and
post-test scores. This result indicated that stress was not a factor in the effects analyzed
in the study, rather, the changes observed come mainly from the workload.

NASA-TLX show that participants felt levels 3 and 4 to be very similar, while
level 5 was rated higher. However, the scenarios were designed to get progressively
more difficult. A possible explanation is that the experimenter and pilot test subjects

were MATB-I1I expert users, while participants were novel users. When participants
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were overwhelmed by the amount of imposed cognitive workload, they may not have
been able to discriminate the difference between the last 3 difficulty levels, as their
mental resources were already heavily in use. Experienced users, or users that are more
familiar with the MATB-I11 interface, such as pilots, may provide different results.

Subjectively, participants felt that the workload kept increasing until the third
workload level, based on NASA-TLX results. At the third level, physiological measures
started to stabilize into the asymptote pattern, which is the workload level at which
performance also started to degrade. The NASA-TLX levels 3 and 4 were rated by
participants as very similar, while participants felt that level 5 was slightly more
difficulty. While the experimenter and pilot subjects did iterative testing to ensure an
equivalent magnitude of change between the levels, results validate the design of the 5
levels of difficulty, and help to make the case about physiological measures stabilizing
and reaching a “plateau” pattern when the person is approaching their redline.

Among one of the limitations of the study, the use of MATB-II was perhaps the
most limiting one. While participants were trained on how to correctly operate the
software, MATB-II was designed to incorporate tasks similar to those found in an
aircraft cockpit (Comstock Jr & Arnegard, 1992), which not many participants
experience in their daily lives. While the scenarios were developed by expert MATB-I1
users to ensure an equivalent magnitude of change, participants still rated the last three
difficulty scenarios as being very similar in difficulty. Future studies could use other,
more relatable tasks to similar to daily activities and gather a clear understanding of the

cognitive workload demands experienced in everyday life by participants.
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Additionally, of all the possible physiological measures, only a few of the
physiological measures were collected. Individual differences are prevalent when
analyzing physiological measures, and while considerations were taken, such as
including the baseline, future studies need to address this. Additionally, because the
redline threshold is a fairly new concept, future studies, especially those in naturalistic
setting, may need to account for external factors, such as expertise and motivation, that
could influence how much cognitive workload a person can withstand before
approaching their redline.

Future studies could incorporate additional measures, such as eye-related
measures. Pupillometry has also been linked to changes in workload (Backs & Walrath,
1992; Igbal et al., 2004). It would be interesting to compare electrodermal responses and
pupillometry, as these measures tend to react faster than others to changes in stimuli.

It is important that future studies also compare the results among all three
methods of data collection (physiological measures, subjective measures, and
performance), especially when someone is near their threshold. Understanding how
these measures compare can depend the understanding of how overload can occur to

implement ways to minimize performance decrements.
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CHAPTER IlI

REDLINE OF COGNITIVE WORKLOAD MEASURES

Introduction

The previous study investigated which physiological measures are more sensitive
to changes in workload when the person is approaching their redline of cognitive
workload. Based on the results from study 1, cardiovascular measures, particularly the
PNN50 measure of HRV, and electrodermal activity are the most sensitive in detecting
when the person is approaching their redline based on the asymptotic pattern. This
second study builds on these results by introducing a new measure, pupillometry, and
investigating the changes among physiological measures, performance, and subjective
measures as the person experiences increasing workload levels and approach their
redline.

One of the first study’s limitations is that it mostly considered physiological
measures based on electrical signals (e.g. cardiovascular measures, EEG, and EDA, were
collected using electrical signals); a limitation which this study sought to address.

One question remaining from the previous findings was to determine if multiple
physiological measures would provide similar results to identify the redline, and if
performance and subjective measures could be correlated to further investigate the
association between performance decrements, physiology, and workload to enhance the

robustness of the redline of cognitive workload identification.
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While different physiological indicators of the redline of cognitive workload are
affected by sympathetic arousal, these measures express different sensitivities to
different stressors or stimuli; thus, the physiological patterns indicative of the stimuli
change will be observed over different time windows. For example, HRV spectral
analysis is more meaningful when it is analyzed over a longer time window, as the
recommendation is to analyze at least 5 minutes (Task Force of the European Society of
Cardiology, 1996), though shorter time windows have been studied as well, such as 30
seconds (Salahuddin et al., 2007; Yentes et al., 2013). Thus, a measure that shows faster
response time was chosen for this second study, pupillometry, a measure of change in
pupil diameter.

For the aforementioned reasons, pupillometry was chosen as an additional
measure in the study. Pupillometry is the indicator of pupil dilation (i.e., widening of the
pupil), and previous studies have associated it with changes in mental workload (Beatty,
1982), where larger mean values are associated with more complicated tasks (Igbal et
al., 2004). The pupil dilates rapidly, in the order or milliseconds, when a task imposes
cognitive workload. Pupil changes can be observed on up to 0.5 mm (Klingner et al.,
2008), and the pupil tends to constrict quickly to normal size after the completion of the
task that triggered the dilation. Pupil dilation can also be measured in a non-intrusive
way, and can provide real-time information on the cognitive workload the person is
experiencing. However, pupil dilation is also sensitive to light changes and the gaze
angle (Pomplun & Sunkara, 2003). Thus, the experiment must be performed in a

controlled environment.
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While pupillometry was incorporated into the study, EDA was kept to serve as a
comparison point, since results from the previous study show that EDA is sensitive to
detect changes in workload, and also shows an asymptotic pattern when the person is
approaching their redline. Additionally, EDA is only modulated by the SNS (Boucsein,
2012), while pupillometry is enervated by both branches of the SNS (Math6t, 2018).

This study also incorporated other measures of cognitive workload, particularly
subjective ratings and performance-based measures. Similar to the previous study,
NASA-TLX ratings, WPI, and SSSQ were used, while and performance measures were
derived from the software used. All these measures were used to estimate when the
person is approaching their redline of cognitive workload.

This study aims to answer the second research question: To what extent do
changes in these sensitive physiological variables compare with other standard
measures of task performance and subjective measures? Two physiological measures
were collected throughout the study, EDA and pupillometry. EDA was selected based on
the results from the previous study, while pupillometry was incorporated as a new
measure. Subjective ratings and performance-based measures were also collected to
serve as a “ground truth” of when participants approached their redline, based on
previously established research finding a relationship between subjective measures and
performance decrements (Colle & Reid, 2005; Reid & Colle, 1988).

Findings from this research can add to the results found from the first study, by
identifying the association among subjective measures, performance decrements, and

physiological measures. The information obtained from this study can be incorporated in
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future naturalistic studies where physiological measures can be collected in real-time to
identify when someone is approaching their redline before the performance degradation
occurs.

Methods

Twenty-two participants, who were at least 18 years old, completed the IRB-
approved study (IRB approval: IRB2014-0499D). Other inclusion criteria consisted of
participants having normal or corrected-to-normal vision, and no physical impairments
that prevented them from using a joystick, mouse, and keyboard.

Participants completed a series of tasks set in a multitasking environment, similar
to those tasks required to pilot an aircraft. Through the study, physiological data were
collected to infer how sensitive these measures are to changes in workload. The
difficulty levels were controlled, and presented in a counterbalanced order.

Procedure

Participants were briefed on the study when they arrived at the laboratory, and
signed the informed consent form. Then, participants completed a background
questionnaire, which sought information about their experience with videogames and
flight simulators, caffeine consumption, and demographics. After completing the
background questionnaire, participants filled the pre-experiment section of the Short
Stress State Questionnaire (SSSQ) (Helton, 2004).

Then, with help from the experimenter, participants proceeded to put on the
physiological devices, which consisted of Shimmer GSR (Realtime Technologies Ltd,

2017) and Pupil by Pupil Labs (PupilLabs, 2019), as shown in Figure 29. The
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experimenter helped the participants to put on the devices. The experimenter then

calibrated the devices to ensure the proper streaming and storing of data.

Figure 29: Physiological devices used in the study. The Shimmer GSR system is on the
left, and Pupil by Pupil Labs on the right.

Then, the data corresponding to the physiological baseline were collected (see
Chapter 1 for more details), which were used as covariate in the statistical analysis. The
baselining process consisted of 10 minutes of paced breathing which allows for the body
pressures to stabilize (Kergoat & Faucher, 1999), instructions for which were presented
on the Paced Breathing app (TrexLLC, 2014), consisting of a pattern of inhalations and
exhalations. The paced breathing followed a breathing ratio of 1:2 inhalation to
exhalation, which has been shown to decrease blood pressure and heart rate (Modesti et
al., 2010). Nature sounds (johnnielawson, 2013) played through noise-cancelling
earphones to provide a relaxing environment. The objective of the baselining procedure
is to obtain physiological data when then person is in a relaxed state with minimal

cognitive activity, which can serve to compare when the person is relaxed or in a state of
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high cognitive activity, thus why it is considered as a covariate. Both physiological
measures (pupillometry and EDA) investigated in this study were collected throughout
the baselining procedure.

Then, participants proceeded with the study, which consisted of the same
MATB-I11 scenarios and procedure similar to the study presented in Chapter 2.

Participants completed the Multi-Attribute Task Battery (MATB-I11) (Santiago-
Espada et al., 2011) training to reduce the likelihood of learning effects (Prinzel et al.,
2000). The training consisted of an explanation on how the software works using a
PowerPoint presentation (see Appendix B), and the explanation that all four tasks were
equally important. The PowerPoint slides consisted of screenshots of the software, and
the instructions were provided verbally. Participants were encouraged to ask any
questions they may have. Then, participants had to complete 2 MATB-II training
scenarios, each one was 3-minutes long. The training difficulty was similar to the
medium and hard scenarios, which are explained in Table 2 from Chapter 2. At the end
of the second training scenario, participants confirmed that they did not have any other
questions regarding the functioning of MATB-I1I before proceeding with the study.

Participants then proceeded to take a 3-minute resting break, following a similar
procedure to the baselining data collection, following paced breathing (TrexLLC, 2014)
exercises and listening to nature sounds (johnnielawson, 2013). The purpose of the
resting break was to minimize the risk of a carryover effect between scenarios, by
allowing physiological measures to revert back to the relaxed state, where the participant

experienced minimal cognitive activity. This way, any changes reflected while
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performing the study were due to the current MATB-II scenario and not to the previous
one.

Participants then completed 5 MATB-II scenarios of varying workload levels,
ranging from very easy to very difficult (see Table 1 on Chapter 2) presented in a
counterbalanced order, and each scenario was followed by the NASA-TLX and WPI
questionnaires. Two subjective workload assessments were collected to capture different
information. For example, NASA-TLX provides diagnostic information based on 6
workload dimensions and an aggregate workload score (Hart, 2006; Hart & Staveland,
1988), while WPI collects data on which cognitive resources were used (Rubio et al.,
2004) (see Chapter 1 for more information on these measures).

After completing the fifth and final scenario, participants proceeded to complete
the NASA-TLX pairwise comparison survey, which consisted of ranking the 6 workload
categories presented in pairs, and ranking the one they thought provided the highest
workload (Hart & Staveland, 1988). These weights were then used to obtain the
aggregate workload score. After the NASA-TLX pairwise comparison, participants
completed the post-test section of the SSSQ (Helton, 2004). Participants then removed
the physiological devices to complete the study. A summary of the full study procedure

is shown in Figure 30.
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Figure 30: Experimental procedure.

Apparatus
This section provides an overview of the different physiological sensors,
questionnaires, and software used during the data collection. A summary of all the

dependent measures collected throughout the study is provided in Table 6.

Physiological Devices

Two devices (Shimmer GSR and Pupil by Pupil Labs) were used to collect
physiological measures in real-time while participants performed the study activities,
including the physiological baselining procedure, experimental trials, questionnaires, and
resting periods. Before starting the study activities, the devices were calibrated following

the standard for each device to ensure proper data streaming and storing.
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Electrodermal activity (EDA) was collected using the Shimmer GSR system
(Realtime Technologies Ltd, 2017), as shown in Figure 31. The Shimmer GSR system
consisted of an amplifier, worn around the wrist with an adjustable strap, and two leads
connected to isotonic gelled electrodes. The electrodes were placed in the thenar and
hypothenar eminences of the palm (Dawson et al., 2017). The amplifier is worn around

the wrist with an adjustable strap to prevent discomfort.

Figure 31: The Shimmer GSR system. On the left is the system with the correct lead
placement on the thenar and hypothenar palm eminences. The figure on the right shows
the amplifier with the leads connected to the pre-gelled electrodes.

The ShimmerGSR system collected the EDA data from the dominant hand, even
though EDA is traditionally collected from the non-dominant hand (Dawson et al.,
2017). In this study, the non-dominant hand controlled the mouse and keyboard, and

therefore, had more movement, increasing the risk for motion artifacts. Extensive testing

by the experimenters found less motion artifacts when the Shimmer GSR systems was
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worn on the dominant hand, as it was only controlling the joystick. Collecting EDA from
the dominant hand in this study decreases the risk of motion artifacts and missing data
values.

The raw GSR data collected was filtered and processed using Ledalab
(Karenbach, 2005), a Matlab plug-in. The skin conductance response (SCR) was
extracted after the filtering process, and these data were later used in the statistical
analysis.

Pupil dilation (pupillometry) was collected using Pupil by Pupil Labs (PupilLabs,
2019), as shown in Figure 32. The Pupil device was worn like a pair of glasses, and it

had a small camera that is adjusted to capture the participant’s pupil.

Figure 32: Pupil by Pupil Labs.

Because each person’s face anthropometry is different, the glasses had to be
adjusted and calibrated before each study. The first adjustment consisted of the
experimenter adjusting the camera facing the participant’s eye to better capture the pupil.
A red circle appeared when the camera was correctly tracking the pupil (see Figure 33).

The second step consisted of calibrating the device by looking into the red dot at the
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center of a bullseye target, composed of black and white concentric circles (see Figure
33). The red dot blinked and turned green before moving to a different area of the
screen. This calibration procedure was repeated before each experimental trial to ensure

the device was still properly calibrated despite head movement.

Figure 33: On the left, Pupil by pupil labs. The camera that faces the pupil is shown. On
the right, is the target that was used to calibrate the Pupil.

The video data captured by Pupil was processed using Pupil Play, a software
developed by Pupil Labs. The change in pupil size was then extracted for each time

segment, and these data were used in the statistical analysis.

Software to Manipulate Mental Workload

Similar to study 1 (Chapter 2), the Multi-Attribute Task Battery-11 (MATB-II)
was used to manipulate mental workload conditions. Once more, all four tasks
(SYSMON, TRACK, COMM, and RESMAN) were used. See chapter 2 for the full

information.
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Subjective Questionnaires

Several subjective questionnaires were used to capture different parameters.

Similar to the first study, SSSQ, NASA-TLX, and WPI were used. See chapter 2 for

more information.

Experimental Variables

The dependent variables collected in the study are based on the three different

types of data collected in this study: physiological, subjective, and performance-based

measures. A summary of the variables is listed in Table 6.

Table 6: Dependent Variables

Workload Measure Collected Device or Method | Unit
Measure Type Collected
Physiological Pupil size Pupil by Pupil Labs | Pixels
Physiological Electrodermal activity | Shimmer GSR Microsiemens
(EDA), (skin
conductance response)
Subjective Short Stress State Survey Percent change
Questionnaire (SSSQ)
Subjective Workload Profile Survey Average score for
Index (WPI) all categories (on
a scale from 0 to
5)
Subjective NASA-Task Load MATB-II, pairwise | TLX Score
Index (NASA-TLX) comparison weights
Performance TRACK MATB-II Pixels
Performance SYSMON MATB-II % time the system
is in a failure state
Performance COMM MATB-II % time the system
is in a failure state
Performance RESMAN MATB-II Fuel units
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Study Design

Similar to the first study presented in Chapter 2, the study trials were presented in
a counterbalanced order based on the difficulty levels of the MATB-II scenarios. The
counterbalanced order was implemented to reduce the likelihood of learning and
carryover effects. The completed counterbalanced order is for n=10, where the first 5
trials were presented in a balanced order, and the other 5 are presented in a mirrored
order. The counterbalanced order is presented in

Table 5 (Chapter 2). Each scenario was saved with a color-based code to prevent
participants from guessing the difficulty levels, and thus having an influence on the

subjective measures.

Results

Twenty-two participants (mean age = 26.5 years old, standard deviation = 4.6
years, 13 male and 9 female) completed the IRB-approved study (IRB approval:
IRB2014-0499D).

All data were analyzed using SAS Studio version 9.4 (SAS Institute Inc., 2021)
statistical software. The PROC MIXED code was used to analyze physiological
measures, performance, and NASA-TLX, in order to reduce the maximum likelihood
estimates. For the analysis, the significance level was set at o = 0.05. The SSSQ was
analyzed using PROC TTEST, and the WPI was analyzed using PROC FREQ.

A within-subjects ANCOVA was used for the analysis of physiological measures

(EDA and pupillometry), where the data collected during the physiological baselining
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procedure were used as the covariate. Additionally, post-hoc tests involved in standard t-

tests were used to determine the main effect between the scenarios.

Physiological Measures

The results from pupil size (Figure 34) found a significant effect of the MATB-II
level on the pupil size in pixels (F (4, 29 = 8.94, p<0.001). Post-hoc results using the
least squares means found no difference between levels 1 and 2 (p = 0.1418). Level 1
was significantly different from levels 3 (p = 0.0078), 4 (p<0.001), and 5 (p<0.001).
Level 2 was not significantly different from level 3 (p = 0.2066), but was significantly
different from levels 4 (p = 0.0031) and 5 (p = 0.0020). Level 3 was significantly
different from levels 4 (p = 0.0485) and 5 (p = 0.0366). Level 4 was not significantly

different from level 5 (p = 0.9603).

Pupil Size
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Figure 34: Pupil size average. Error bars show standard error.
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The results from skin conductance response (Figure 35) showed that there was no
interaction between the workload level and electrodermal activity (F (4, 33 =0.40, p =

0.8044).
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Figure 35: Skin conductance response. Error bars show standard error.

The results from skin conductance level (Figure 36Figure 35) showed that

workload had no significant impact (F (4, 33 = 0.46, p = 0.7630).
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Figure 36: Skin conductance level. Error bars show standard error.

Subjective Measures

The overall SSSQ change score was 0.077, calculated using the formula
described in Chapter 2. A t-test score determined that the change score was not
significantly different from O.

NASA-TLX results (Figure 37) showed a significant effect of the MATB-II
workload level on the TLX score ((F(4, 84)= 53.33, p = <0.001). Post-hoc results using
the least squares means found that level 1 is significantly different from workload levels
3 (P<0.001),4 (p<0.001),and 5 (p < 0.001). Level 2 was also significantly different
from workload levels 3 (P < 0.001), 4 (p < 0.001), and 5 (p < 0.001). There was no

significant different from levels 3, 4, and 5.
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Figure 37: NASA Task Load Index. Error bars show standard error.

The Workload Profile Index questionnaire (Figure 38) collected data in the form
of integer values; thus, this dataset was analyzed using a non-parametric test, Friedman’s
test, which is used to detect differences in treatments across different groups. Results
showed that the MATB-11 workload level has a significant effect on the WPI score ((x2

= 13.0451, p = 0.01).
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Figure 38: Workload profile index. Error bars show standard error.

Performance Measures

Performance was calculated for each of the MATB-II tasks, as described in
Chapter 2.

Results for the tracking task (TRACK) (Figure 39) showed the MATB-II
workload level had an impact on the performance. Performance got progressively worse
based on the workload level (F(4, 83)= 63.77.52, p<0.001). Least squares means post-
hoc results found level 1 to be significantly different from level 2 (p = 0.0239), and from
levels 3 (p<0.001), 4 (p<0.001), and 5 (p<0.001). Level 2 is significantly different from
levels 3 (p<0.001), 4 (p<0.001), and 5 (p<0.001). Level 3 is not significantly different
from level 4 (p = 0.1083), but is significantly different from level 5 (p = 0.0230). Level 4

is not significantly different from level 5 (p = 0.4846).
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Figure 39: Tracking performance. Error bars show standard error.

Results for the resource management task (RESMAN) (Figure 40) showed the
MATB-11 workload level had an impact on the performance (F(4, 83)=7.42, p<0.001).
Least squares means post-hoc results found no significant difference between levels 1
and 2 (p =0.6281), levels 1 and 3 (p = 0.1627), but found significant difference between
levels 1 and 4 (p = 0.0112) and 1 and 5 (p < 0.001). Level 2 is not significantly different
from level 3 (p = 0.3590) but level 2 is significantly different from levels 4 (p = 0.0379)
and 5 (p < 0.0001). Level 3 is not significantly different from level 4 (p = 0.2386), but is
significantly different from level 5 (p = 0.0009). Level 4 is significantly different from

level 5 (p = 0.0268).
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Figure 40: Resource management performance. Error bars show standard error.

Results for the system monitoring (SYSMON) (Figure 41) showed the MATB-II
workload level had an impact on the performance (F(4, 83)= 24.83, p<0.001). Least
sguares means post-hoc results found no significant difference between levels 1 and 2 (p
= 0.4166), but found significant difference between levels 1 and 3 (p < 0.001), 4 (p <
0.001), and 5 (p < 0.001). Level 2 was significantly different from levels 3 (p < 0.001), 4
(p <0.001), and 5 (p < 0.001). Level 3 was not significantly different from level 4 (p =
0.5638) nor from level 5 (p = 0.9326). Level 4 was not significantly different from level

5 (p = 0.5121).
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Figure 41: System monitoring performance. Error bars show standard error.

Results for the communication task (COMM) (Figure 42Figure 41) showed the
MATB-11 workload level had an impact on the performance (F(4, 83)= 10.40, p<0.001).
Least squares means post-hoc results found no significant difference between levels 1
and 2 (p = 0.2038), but found significant difference between levels 1 and 3 (p = 0.0055),
4 (p =0.0150), and 5 (p < 0.001). Level 2 was significantly different from levels 3 (p <
0.001), 4 (p = 0.003), and 5 (p < 0.001). Level 3 was not significantly different from
level 4 (p = 0.7130) nor from level 5 (p = 0.1299). Level 4 was not significantly different

from level 5 (p = 0.06131).
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Figure 42: Communication performance. Error bars show standard error.

Discussion

Detecting the cognitive redline of workload could potentially identify when the
person’s performance may degrade, thus the importance of studying this topic. Research
to date has primarily identified the cognitive redlines retroactively via subjective measures
and performance, rather than in real-time. Physiological measures may provide data in
real-time to detect the redline of cognitive workload, as described in recent studies (Mehler
etal., 2009; Vogel & Machizawa, 2004). Heart rate variability and EDA were a few of the
physiological measures studied in the previous study that show potential as indicators of
the cognitive redline. Building upon these previous findings, the current study
incorporated pupillometry and EDA as indicators of workload and characteristic patterns

in the data indicate that the cognitive redline may be identified. Unlike HRV or other
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physiological measures, pupillometry is a relatively nonintrusive data source, with the
hardware causing little discomfort or awareness beyond what eyeglasses might provide
(Palinko et al., 2010; Recarte & Nunes, 2003).

The pattern of NASA-TLX was similar to the findings in the previous study (Chapter
2), providing further evidence of operators meeting and exceeding their individual
redlines. The TLX score increases significantly as the task level changing from easy to
medium, and to medium hard (i.e., from level 1 to level 3). The normal hard and very hard
levels (i.e. levels 3 and 4) had very similar results. The extremely hard level (i.e. level 5)
is nearly on the same level as 3 and 4. The findings show that the participants perceived
differences in workload demand until level 3, which acted as a difficulty threshold. After
level 3, additional difficulty was not registered, despite the extensive iterative pilot testing
that was done to ensure each of the MATB-II levels had a similar magnitude of change
between them. This is especially strong evidence, suggesting participants reached their
redline, as the levels were presented to the participants in a counterbalanced order.

The results from the pupillometry showed that difficult tasks trigger a higher pupillary
response, which is consistent with previous findings (Igbal et al., 2004). Workload levels
1 and 2 (easy and medium workload difficulty) are nearly the same, representing loads
that were sufficiently easy and so did not require a measurable amount of additional mental
effort. A stable increasing pattern was identified for moderate workload (between levels 2
and 4). However, when the workload level reaches the difficult levels, pupillary response

plateaus between levels 4 and 5, corresponding to the very hard and extremely hard levels
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of workload. The shape of the graph might indicate the reaching of a stable level (Mehler
et al., 2009, Vogel & Machizawa, 2004).

The results of pupillometry, SSSQ and NASA-TLX suggested that pupillometry can
be used to indicate the cognitive redline. Since SSSQ did not indicate an increase in stress
levels, it can be inferred those changes in pupil diameter were assumed to be driven by
task workload as a main factor. Interestingly, the plateau patterns differed slightly between
NASA-TLX and pupil data, but both the objective (pupillometry) and subjective (NASA-
TLX) show that a stable pattern with high workload levels, which lend support to this
pattern being indicative of the cognitive redline.

Mental workload increases when the task loads increase, and it is important to detect
when performance may degrade to ensure proper performance in safety-critical
multitasking environments. Being able to detect when someone is approaching their
redline may prevent performance degradation and decreasing safety risks.

A limitation for the current study that can be addressed in future studies is the use of
wearable devices and using more real-world tasks to improve the ecological validity of
these results. Additionally, the devices used in this study are non-intrusive, lightweight,
and easy to use, which may have led to a tradeoff in data quality. The processing and
analysis of the skin conductance response and level data was carefully administered, but
the results still did not show a significant effect. Better, more reliable sensors could
provide better data for analysis. Also, because some of the devices might not be suited for
everyday wear, future studies will look at other physiological measures that may be more

robust or less intrusive to operators. Additionally, more lab studies in a control
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environment can be used using more robust devices to detect physiological patterns
associated with sympathetic and parasympathetic arousal due to cognitive workload.
Future studies need to address the individual differences that may affect the redline
threshold. While the current study controlled for some factors, such as including the SSSQ
to ensure the observed physiological changes were due to workload and not stress, and
keeping the environment the same for all participants, future studies need to implement
additional measures to account for individual differences. It would be interesting to
understand how expertise may influence how soon someone reaches their redline
threshold, which could be done by comparing novices to experts in certain tasks.
Additionally, motivation may be an influencing factor as to how much the person tries to
stay on the task as they approach their redline. These individual differences could show

different performance, subjective, or even physiological changes.
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CHAPTER IV

AUTONOMIC INDICES OF WORKLOAD

Introduction

The previous two studies investigated physiological patterns when the human is
approaching their cognitive redline, and how these patterns correlate with performance
and subjective measures. Based on the results from studies 1 and 2 (see Chapters 2 and
3), physiological measures reach an asymptote and performance degrades when the
human experiences increasing levels of cognitive workload. The asymptote pattern could
be related to the redline threshold, which will be investigated in more detail in this third
study.

The physiological patterns represent autonomic activity, including both the
sympathetic (SNS) and the parasympathetic (PSNS) nervous system for most
physiological measures (see Chapter 1). To understand when the person may be
approaching their redline, it is important to investigate the differences between the SNS
and PSNS, and how these patterns reflect workload close to the redline threshold. While
the SN is related to “fight or flight”, previous studies have found SNS activity to
increase with increasing cognitive workload (Backs, 1995; Backs & Seljos, 1994; Cinaz
etal., 2013; Lean & Shan, 2012; Veltman & Gaillard, 1998). The PSNS has been studied
as part of the recovery aspect, usually post-exercise (e.g.) (Chen et al., 2011; Pierpont et

al., 2000). However, if the PSNS provides information about recovery, a similar analysis
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could be applied to investigate the physiological patterns associated with PSNS recovery
after cognitive workload.

This study incorporated the use of virtual reality (VR), as it provides a fully-
immersive experience, thus, allowing to observe physiological patterns associated with
high levels of workload while still being in a controlled environment. Recently, VR has
been used and implemented in highly cognitively demanding environments. For
example, VR applications and training have been implemented in mining (Van Wyk &
De Villiers, 2009; Zhang, 2017), oil and gas (Brasil et al., 2011; Lin & Liu, 2012),
healthcare (de Ribaupierre et al., 2014; Mantovani et al., 2003), and aviation (Eschen et
al., 2018; Marion et al., 2007).

Physiological data have been collected to assess other constructs such as stress or
emotions in virtual reality (e.g.) (Annerstedt et al., 2013; Kotlyar et al., 2008; Macedonio
etal., 2007; Yu et al., 2018). However, few studies have attempted to measure cognitive
workload through physiology in simulated VR environments (e.g.)(Parsons &
Reinebold, 2012; Tremmel et al., 2019), creating a need to investigate this aspect further.
This is one of the research gaps that will be addressed with the present study.

This third study aims to answer the third and final research question postulated in
the larger body of research: To what extent do physiological measures indicate the
redline of cognitive workload based on patterns of the different branches of the
autonomic nervous system? In this study, HRV data were collected using a research-
grade electrocardiograph (ECG) system to ensure greater accuracy when performing the

analysis to investigate autonomic activity related to cognitive workload.
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The third study investigated the autonomic patterns (SNS, PSNS) related to when
the human is approaching their redline of cognitive workload. Similar to the previous
two studies, physiological data analysis was compared to the performance and subjective
measures data. Participants played a videogame in virtual reality while ECG data were

collected.

Methods

Due to COVID-19, data collection activities involving human subjects were
restricted. Per regulations, only the participant and 1 experimenter were allowed in the
lab space. In addition, both the participant and the experimenter had to wear masks
throughout the study. All devices and workspaces used throughout the study were
sanitized prior to each participant’s arrival for the study, and hand sanitizer was
provided. Appendix C has additional information regarding the COVID-19 protocol.

Fifteen participants (average age = 26.3, standard deviation = 5.5, 9 male and 6
female) completed the IRB-approved study (IRB approval: IRB2019-1311D).
Participants were at least 18 years old, had normal or corrected-to-normal vision, and no
physical conditions that would significantly challenge their ability to use the bimanual
controllers (i.e. Oculus VR Touch Controllers, see Figure 43 and Figure 44) to complete
the game tasks in the virtual environment (i.e. Cubism videogame). Upon their arrival at

the laboratory, participants were briefed on the COVID-19 guidelines and study protocol
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Figure 43: Oculus Rift VR system, with the headset in the center and the Touch
controllers at the sides.

Figure 44: This figure shows how participants wore the Oculus VR system.
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Participants were instructed to sit at a desk close the lab entrance, where they
read and signed the consent form. Participants then completed a background
questionnaire, which inquired about demographics, caffeine consumption, and
participants’ experience with videogames, including the hours per week played, systems
used (e.g. type of gaming system, such as PC or console, and type of games played). In
addition, the survey inquired whether participants had experience with VR, and if they
did, they were asked to elaborate about their VR experiences. The complete
questionnaire is included in Appendix C.

The physiological devices data collection devices used in this study included the
Biopac BioNomadix RSPEC-R transmitter (ECG) (see Figure 45). The Biopac
BioNomadix receiver was paired with the Biopac MP160 system, as seen in Figure
45.The Biopac AcqKnowledge software was used to collect data (see Figure 46).
According to the COVID-19 protocol (see Appendix C), all physiological devices were

disinfected prior to each participant’s arrival for the study.
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Figure 45: BioPac MP160 system with the BioNomadix receiver module (RSPEC-R).
The BioNomadix transmitter is shown with the electrodes.
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Figure 46: Biopac AcqKnowledge software showing ECG data.
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Participants were then instructed how to put on the device used to collect the
physiological data. A PowerPoint presentation contained a diagram that showed the
correct electrode placement for the ECG BioNomadix, while the experimenter provided
verbal instructions. The diagram is illustrated in Figure 53. Participants were then given
a printed version of the ECG electrode placement diagram (Figure 53) and instructed to
go to the restroom to put on the ECG transmitter (RSPEC-R) and the non-isotonic
electrodes, which contain a hypertonic solution to provide better conductivity, as the
device went under their shirt. Once they arrived back at the laboratory, participants took
a seat to collect the physiological baseline.

Then, the physiological baseline data were collected following the procedure
described in Chapter 1. As the baseline had been used in the previous 2 studies as a
covariate, no further modifications were made to the baselining procedure. Participants
were instructed to relax for 10 minutes while they listened to nature sounds and
performed "paced breathing" by inhaling and exhaling in time with a visual cue
presented on an iPad App, Breathe Easy (Inquiry Health LLC, 2017), see Figure 47. All
physiological signals (ECG) collected during the baseline condition were processed as
the dependent measures derived from physiological measures for analysis. The baseline
condition data were used as covariates in the statistical analysis, as the data represent

when the human is in a relaxed state, and experiencing minimal cognitive workload.
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Figure 47: Breathe Easy (Inquiry Health LLC, 2017) provided a visual cue in the form
of a circle. The circle would expand and contract, and participants were instructed to
inhale and exhale by following this pattern.

After the baseline condition, participants proceeded to watch an instructional
video (see Figure 48) which demonstrated how to properly put on and adjust the Oculus
Rift VR headset. The video was necessary as the experimenter, following the COVID-19
protocol, was not able to physically interact with the participant and help to adjust the

headset. The video was filmed in the laboratory by the experimenters.
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Figure 48: Screenshot of the training video. Participants had to watch the training video
to understand how to put on and adjust the Oculus Rift headset and the Touch
controllers.

Participants were then instructed to sit in the Oculus playing area, which was in a
different part of the lab. Participants remained in this part of the lab until the end of the

study. A 6-feet distance was always kept between the participant and the experimenter

due to the COVID-19 protocol, for example in Figure 49.
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Figure 49: The Oculus VR playing area is denoted by masking tape on the floor.
Participants were seated in this area, and the experimenter kept a 6-feet distance due to
the Covid 19 protocol.

Participants were then instructed to hold in each hand the Oculus Rift Touch
controllers (Figure 43), secure them by wearing the wrist straps and locking them
securely around their wrists. Participants then put on the Oculus Rift VR headset (see
Figure 44).

After adjusting the headset to fit satisfactorily, participants proceeded to open the

Cubism videogame (see Figure 50 for more details). On-screen instructions prompted
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participants to press the back trigger buttons on the Touch controllers, which calibrated
the playarea for the game to ensure participants can easily reach the figures and
configuration settings in the tri-dimensional (3D) space. Then, participants were
instructed to reach out and grab the green rectangle by using the back trigger button on
the Touch controller (Figure 50a), and place it within the gray rectangle (see Figure
50b). Physically moving the Touch controllers moves the cursors on the screen in a tri-
dimensional space. Pressing the back-trigger button on the Touch controllers performs a
grabbing motion. Completing this first puzzle opened the Cubism main screen (see
Figure 50), and effectively introduced participants to the game, consisting of completing

3-dimensional puzzle pieces.
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Puzzle
piece

Puzzle

Figure 50: (a) A green puzzle piece and a grey puzzle appeared upon calibrating the
play area. (b) Participants more the Touch controller and press the back trigger button to
grab the figure. (c) Completing the puzzle presents the Cubism main screen.

Participants then proceeded to complete a training procedure to become more
familiarized with the Oculus Rift touch controllers, as well as the game dynamics.
Training consisted of 3 different puzzles (see Figure 51), as training has been used
before to decrease the effect of the learning effect (Prinzel et al., 2000). Participants
were coached on how to move the pieces throughout the 3 puzzles, but during the third
puzzle, the n-back task was also introduced. All participants completed all the training

puzzles, that is, they placed all the geometric shapes inside the gray figure (see Figure
105



51). Participants received periodic feedback about the n-back task while completing the

final training puzzle.

Figure 51: Cubism training puzzles. The left column shows the figure configuration
when the puzzle is opened. The middle column shows the participant's progress in
completing the puzzles. The right column shows the completed puzzle.

After completing the training procedure, participants removed the headset and
took a 3-minute break, the duration which was based on the previous two studies. Pilot

testing was done to determine if the resting break duration was sufficient in the VR
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environment, and physiological data and subjective reports were collected. Based on the
subjective reports and physiological pilot data, the break duration remained at 3-minutes.
During this break, they relaxed while listening to nature sounds and followed the paced
breathing exercise on the iPad, similar to the baseline procedure. This break allowed
participants to revert to a relaxed state with minimal cognitive workload, and for
physiological measures to reset to levels similar to those of the baseline condition.

After this break, participants were instructed to put the Oculus Rift headset back
on, and reminded of the proper way to adjust the headset based on the instructional
video. Participants then proceeded to work on the first scenario. Each scenario, presented
in a counterbalanced order, consisted of a puzzle and an n-back task (see Table 9). The
maximum time allowed for the puzzles was 5 minutes, but the scenario was finished
early if participants completed the puzzle. The scenario difficulty was defined according
to the puzzle complexity and the n-back task, and ranged from very easy to very hard.
See the next section for details of tasks and difficulty characterizations. At the end of
each scenario, participants completed a NASA-TLX questionnaire, which included the
weighted scales. NASA-TLX was selected as it provides the aggregate workload for
both tasks (i.e. primary and secondary task). The full cycle of 3-minute rest. Scenario,
and NASA-TLX was repeated a total of 5 times. Once participants completed the last
scenario, they were instructed in how to remove the physiological devices and place
them aside to be sterilized, and throw away the electrodes. A summary of the experiment

study is provided in Figure 52.
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Figure 52: Experimental procedure.

Apparatus
The different physiological devices and questionnaires used during the data
collection are explained in this section. Additionally, a summary of the dependent and

independent measures is provided in Table 7.

Physiological Sensors
The Biopac system was used to collect ECG data. The MP160 module was
connected with the RSPEC-R BioNomadix transmitters via Bluetooth to collect ECG

data (see Figure 45).
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The RSPEC-R transmitter collected ECG recordings via a lead 11 configuration,
where the electrodes are placed on the chest wall equidistant from the heart (Abi-Saleh
& Omar, 2010). The negative lead was placed below the right clavicle, the positive lead
on the lower rib on the left side, and the ground lead was placed below the left clavicle

(see Figure 53). The electrodes used were nonisotonic.

Ground

Positive

Figure 53: Lead-I1 configuration. The negative electrode is placed below the right
clavicle, the ground electrode is below the left clavicle, and the positive electrode is
placed on the lower left rib.
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The ECG data was analyzed using the BioPac AcqKnowledge software, by using
the hemodynamics analysis to extract several measures from the ECG data, including

heart rate, and the R-R interval.

Virtual Reality Device

The Oculus Rift VR system was used, and consists of the headset, 2 Touch
controllers, and 2 sensors. The Oculus Rift was chosen as it provides a fully-immersive
experience, and videogames that provide a greater realism have been found to elicit
greater increases in skin conductance levels (Ivory & Kalyanaraman, 2007). The Oculus
Rift headset features a customized optical configuration which allows for a wide field of
view with high visual fidelity (Facebook Technologies, LLC, 2021). The Touch control
system uses two hand-encompassing remote controllers tracked through the sensors,
providing intuitive control in VR. The two sensors tracked an array of infrared (IR)
LEDs on the front faceplate of the headset to map the player’s position in relation to the

headset and controllers (see Figure 54).
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Figure 54: Oculus VR system. The headset is shown in the top figure, and the Touch
controllers on the bottom figure.

Cognitive Workload Manipulation in Virtual Reality

Cognitive workload conditions were manipulated in Cubism (Van Bouwel,
2020), a virtual reality game consisting of 3D puzzles based on geometric shapes.
Cubism provides a challenge to spatial reasoning, as each of the puzzle pieces can be
rotated and must fit within the larger 3D piece. Previous studies have manipulated
cognitive workload with puzzles (e.g. Guastello et al., 2015; Whitaker et al., 1997), and
more recently, using 3D puzzles (Maior et al., 2018; Milla et al., 2019; Werrlich et al.,
2018). The Cubism puzzles are easy to interact with, as the Touch controllers are
intuitive, but still provide a challenging cognitive task. As the participant moves their

hands, they can see the cursors moving, and pressing on the back trigger button creates a
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grabbing motion to touch the figures. The cognitive challenge is set in understanding
how the different 3D geometric pieces fit within the larger 3D puzzle.

The difficulty level was varied based on several parameters, such as the number of
3D puzzle pieces per puzzle, and size and complexity of the puzzle, and refined with
extensive pilot testing made by the experimenters (

Figure 55).

Puzzle Progress Completed Puzzle

Figure 55: The five selected Cubism puzzles. The first column shows the unsolved
puzzle, the middle column shows the puzzle in different stages of completion, and the
last column shows 3 different views of the completed puzzle.
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Secondary Task

An auditory n-back task, consisting of a sequence of colors, was selected as the
secondary task, as it minimally interfered with the visual, manual, and spatial reasoning
required by the primary task, according to Wickens’ Multiple Resource Theory (see
Chapter 1) (Wickens, 2008). Colors were selected instead of other random words, words
referencing color add additional cognitive workload in differentiating the colors from the
primary task and the secondary task. Previous studies have used the n-back task has been
used in previous studies to assess cognitive workload (Brouwer et al., 2012; Herff et al.,
2014; Pergher et al., 2019; Wang et al., 2015). The n-back task consisted of a sequence
of colors randomly generated (see Figure 56 for an example), and read through
Panopreter (Panopreter, 2021), a text-to-speech software, using Microsoft’s David
Voice. The sequence of colors lasted for approximately 20 seconds, then an alarm sound
would ring to indicate the participant needed to verbally respond with the n-back answer,
which participants were informed if it was 1-back, 2-back or 3-back before the
beginning of the scenario. After the alarm sound, participants had around 5 seconds to
reply before the next sequence of colors would begin. The easy levels were paired with
1-back, the next two levels were paired with 2-back, while the most difficult level was

paired with 3-back.
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Yellow
Orange
Purple
Red
Blue
Green
Orange
Purple
Yellow
Gray
Purple
Yellow|

Figure 56: Example of the sequence of colors presented during the n-back task. These
were read out loud to participants.

Experimental Variables
The dependent variables are based on the three methods for detecting changes in
cognitive workload (i.e. subjective methods, performance metrics, and physiological

measures). A summary of the variables collected is listed in Table 7.
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Table 7: Dependent Variables

Workload Signal or Measure Device or Method | Unit
Measure Type Collected Collected
Physiological Electrocardiogram (ECG) | Biopac Milliseconds (ms)
BioNomadix
RSPEC-R
transmitter
Subjective NASA-Task Load Index | NASA-TLX plus TLX Score
(NASA-TLX) weights from
pairwise
comparison
Performance Percent correct Cubism Percentage (%)
(correctly-placed puzzle
pieces)
Performance Percent correct n-back task Percentage (%)

Experiment Design

A total of 5 scenarios were designed for the study to impose workload. The

scenarios are a combination of Cubism puzzle and n-back task, and ranged in difficulty

from very easy to very difficult. The difficulty level for the Cubism puzzles was selected

based on the number of pieces and piece complexity (e.g. how many angles per piece),

and refined with extensive pilot testing by the experimenters. The N-Back task was then

selected based on an auditory color sequence, as it minimally interrupts the vision,

spatial, and manual controls, while adding additional cognitive workload in




differentiating the colors between the primary and secondary task. Table 8 contains the

final design for the scenarios.

Table 8: Scenarios designed for the study

Scenario N-Ba.c.k N-Back Cubism Puzzle
Audio
1 1 1-Back 31
2 2 1-Back 4-2
3 3 2-Back 53
4 4 2-Back 7-3
5 5 3-Back 6-5
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The scenarios were presented in a counterbalanced order to minimize the

carryover effect during the statistical analysis, as seen in Table 9.

Table 9: Counterbalanced Order

Participant 1 2 3 4 5

Audio 1 Audio 2 Audio 5 Audio 3 Audio 4

1 1-Back 1-Back 3-Back 2-Back 2-Back
Cubism 3-1 Cubism 4-1 Cubism 6-5 Cubism 5-3 Cubism 7-3

Audio 2 Audio 3 Audio 1 Audio 4 Audio 5

2 1-Back 2-Back 1-Back 2-Back 3-Back
Cubism 4-1 Cubism 5-3 Cubism 3-1 Cubism 7-3 Cubism 6-5

Audio 3 Audio 4 Audio 2 Audio 5 Audio 1

3 2-Back 2-Back 1-Back 3-Back 1-Back
Cubism 5-3 Cubism 7-3 Cubism 4-1 Cubism 6-5 Cubism 3-1

Audio 4 Audio 5 Audio 3 Audio 1 Audio 2

4 2-Back 3-Back 2-Back 1-Back 1-Back
Cubism 7-3 Cubism 6-5 Cubism 5-3 Cubism 3-1 Cubism 4-1

Audio 5 Audio 1 Audio 4 Audio 2 Audio 3

5 3-Back 1-Back 2-Back 1-Back 2-Back
Cubism 6-5 Cubism 3-1 Cubism 7-3 Cubism 4-1 Cubism 5-3

Audio 4 Audio 3 Audio 5 Audio 2 Audio 1

6 2-Back 2-Back 3-Back 1-Back 1-Back
Cubism 7-3 Cubism 5-3 Cubism 6-5 Cubism 4-1 Cubism 3-1

Audio 5 Audio 4 Audio 1 Audio 3 Audio 2

7 3-Back 2-Back 1-Back 2-Back 1-Back
Cubism 6-5 Cubism 7-3 Cubism 3-1 Cubism 5-3 Cubism 4-1

Audio 1 Audio 5 Audio 2 Audio 4 Audio 3

8 1-Back 3-Back 1-Back 2-Back 2-Back
Cubism 3-1 Cubism 6-5 Cubism 4-1 Cubism 7-3 Cubism 5-3

Audio 2 Audio 1 Audio 3 Audio 5 Audio 4

9 1-Back 1-Back 2-Back 3-Back 2-Back
Cubism 4-1 Cubism 3-1 Cubism 5-3 Cubism 6-5 Cubism 7-3

Audio 3 Audio 2 Audio 4 Audio 1 Audio 5

10 2-Back 1-Back 2-Back 1-Back 3-Back
Cubism 5-3 Cubism 4-1 Cubism 7-3 Cubism 3-1 Cubism 6-5
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COVID-19 Protocol

As part of the study, a COVID-19 reopening protocol was developed (see
Appendix C for the full protocol). Certain precautions had to be considered to ensure a
safe environment for the study. The experimenter disinfected all tables and devices
before each of the participant’s arrival. Throughout the stud, a social distance of at least
6 feet was maintained at all times. In addition, both the participant and experimenter

wore masks while in the lab.

Results

Fifteen participants (male = 9, female = 6) completed the IRB-approved study
(IRB approval: IRB2019-1311D). The mean age for participants was 24.3 years old,
(standard deviation = 3.7).

All data were analyzed using SAS Studio statistical software, with the
significance level was set at o = 0.05. A within-subjects ANCOVA analysis was used to
analyze physiological measures, and the covariate was the data collected during the
baseline procedure to account for individual differences. All other measures (subjective
and performance) were analyzed using within-subjects ANOVA. Post-hoc tests involved

standard t-tests to determine where the differences between groups occurred.
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Physiological Measures
Heart rate (Figure 57) was not significantly affected by workload (F(4, 36) =

1.80, p = 0.1511).

Average Heart Rate
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Figure 57: Average heart rate. Error bars show standard error.

Heart period (Figure 58) was not significantly affected by the workload level

(F(4, 36) = 1.99, p = 0.1174).
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Figure 58: Average heart period. Error bars show standard error.

Heart rate variability (HRV) (Figure 59) was analyzed based on spectral analysis.
The workload level did not have a significant effect on the low frequency (F(4, 36) =

1.48, p = 0.2299).
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Figure 59: Low frequency analysis of heart rate variability. Error bars show standard
error.

The heart rate variability (HRV) high frequency (Figure 60) was not significant

(F(4, 36) = 1.48, p = 0.2299).
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Figure 60: High frequency analysis of heart rate variability. Error bars show standard
error.
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Subjective Measures

The total NASA-TLX (Figure 61) score showed that workload had an impact on

the subjective ratings (F(4, 56) = 17.39, p < 0.0001). Post hoc results using least squares

means showed that level 1 was not significantly different from level 2 (p = 0.0861), but

level 1 was significantly different from levels 3 (p < 0.001), 4 (p <0.001), and 5 (p <

0.001). Level 2 was significantly different from levels 3 (p <0.001), 4 (p < 0.001), and

5 (p <0.001). Level 3 was not significantly different from level 4 (p = 0.7742), nor from

level 5 (p = 0.5843). Level 4 was not significantly different from level 5 (p = 0.7942).
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Figure 61: NASA-TLX. Error bars show standard error.
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Performance

Performance data for the primary task (Figure 62) was calculated based on the
total score for each puzzle, consisting of the number of correctly placed puzzle pieces at
the end of 5 minutes. The puzzle difficulty had a significant effect on the total score
(F(4, 42) = 8.49, p < 0.0001). Post hoc results using least squares means showed that
level 1 was not significantly different from level 2 (p = 0.9669), but level 1 was
significantly different from levels 3 (p = 0.0034), 4 (p = 0.0019), and 5 (p < 0.001).
Level 2 was significantly different from levels 3 (p = 0.0044), 4 (p = 0.0026), and 5 (p <
0.001). Level 3 was not significantly different from level 4 (p = 0.8432), nor from level

5 (p = 0.1850). Level 4 was not significantly different from level 5 (p = 0.2590).

Cubism Puzzle Score
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Figure 62: Cubism puzzle score. Error bars show standard error.
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The secondary task (Figure 63) was calculated based on the percent correct of the
n-back task. The workload level had an impact on the n-back task score F(4, 48) = 15.49,
p < 0.0001). Post hoc results using least squares means showed that level 1 was not
significantly different from level 2 (p = 1.00), nor level 3 (p = 0.0603), but level 1 was
significantly different from levels 4 (p < 0.001), and 5 (p < 0.001). Level 2 was not
significantly different from level 3 (p =0.0603), but was significantly different from
level 4 (p <0.001), and 5 (p < 0.001). Level 3 was not significantly different from level
4 (p =0.0190), but was significantly different from level 5 (p < 0.001)). Level 4 was not

significantly different from level 5 (p = 0.0529).

Secondary Task Percent Correct
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Figure 63: Secondary task performance. Error bards show standard error.
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Discussion

The cognitive redline of workload is an interesting and important but difficult to
detect phenomenon in the human factors domain. Previous research has focused on
identifying cognitive redlines based on performance and subjective ratings, rather than
potentially detecting the redline in real-time. Physiological indicators of sympathetic and
parasympathetic arousal can provide insight in the cognitive redline, and some recent
studies suggest that dynamic patterns exhibit by physiology could be indicative of
humans approaching their redline (Mehler et al., 2009; Vogel & Machizawa, 2004).
Building upon findings from the previous two studies, the current study used
cardiovascular measures as an indicator of workload and characteristic physiological
patterns that may identify the cognitive redline.

The subjective ratings (NASA-TLX) show a similar pattern to the findings
presented in the previous two studies, where participants subjectively felt the workload
kept increasing, providing further evidence of participants approaching their redline. The
NASA-TLX score was significantly affected by the workload level. These findings show
that participants felt each of the tasks got steadily more complicated, requiring more
cognitive resources. This is especially strong evidence as the different puzzles
representing different workload levels were presented in a counterbalanced order.

The results from physiology were not significantly affected by the workload
level, but there are unique patterns that approach a trend, especially the low and high
frequency analysis of heart rate variability. The low frequency represents sympathetic

arousal, and the high frequency represents parasympathetic arousal. While sympathetic
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arousal was fluctuating, parasympathetic activity was higher for the last three scenarios,
which could mean that the parasympathetic was getting activated.

Performance measures for the primary and secondary task show stable
performance for the first and second workload levels. However, as the difficulty of the
scenarios increases, performance degrades. Puzzle completion performance for levels 1
and 2 was 100% correct, but performance dropped starting at level 3. Performance for
levels 3, 4, and 5 was significantly different from level 1, which was the easiest one, thus
to be taken as the baseline. For the secondary task, levels 1 and 2 had a 100% score, and
level 3 was not significantly different from level 1. However, levels 4 and 5 were
statistically significant from level 1, which means that, starting at level 4, performance
precipitously dropped. The results indicate that the results from subjective measures and
performance could be used to indicate the redline threshold, but future studies need to
investigate the role of physiological patterns with more subjects.

As cognitive workload increases, the person is able to maintain stable
performance until a critical point, where their performance starts to degrade. Being able
to detect this redline threshold of workload provides several potential benefits, such as
improving safety in the workplace by decreasing the risk of performance degradation.
Some performance degradation mitigation techniques consist of redesigning the task ,
changing procedures, or additional training (Grier et al., 2008; Reid & Colle, 1988).

Several limitations exist when planning a data collection involving physiological
devices. First and foremost, it is important to consider the environment and the

conditions under which the data will be collected. For example, high temperatures will
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impact sweat production, and previous studies have shown that changes in ambient
temperature impact non-specific skin conductance fluctuations (Doberenz et al., 2011).
Similarly, cold temperatures will decrease the effectiveness of optical sensors to collect
heart rate-based measures (Khan et al., 2016), and sunlight will impact the accuracy of
pupillometry (Beatty, 1982).

Additionally, there is a tradeoff between wearable devices and data quality.
Medical-grade, highly accurate devices may be easily used in controlled laboratory
settings, but these devices are less than ideal to collect data in a naturalistic setting. The
studies presented in Chapters 2 and 3 provide a wide range of possible physiological
devices, which may be applicable in different situations. Physiological data collection is
not a one-size-fits-all situation, rather, each situation and data collection need to be
carefully assessed to ensure the proper devices are used to collect the correct data for the
study.

A limitation of the current study that can be addressed in future studies is a small
sample size, as data was collected during the COVID-19 pandemic. Data from additional
participants can help to expand the analysis that can be done with the physiological
measures to detect different patterns associated with the redline of cognitive workload.
Additionally, it is uncertain how much stress participants were already experiencing due
to the pandemic, which may have influenced their physiological response. Additionally,
ECG was used in this study, but other wearable sensors may also be implemented in the

future, which are less intrusive to participants.
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Future studies could investigate the role of individual differences that may affect
how soon people reach their redline threshold. For example, incidental stress,
motivation, or expertise. While certain controls were implemented to mitigate individual
physiological differences, such as using the baseline data as covariate, other individual
differences not related to physiology may influence how soon people perceive or

actually reach their threshold.
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CHAPTER V
CONCLUSIONS

Volatile, uncertain, complex, and ambiguous (VUCA) environments are often in
safety-critical domains, where specific performance levels are required to maintain
safety standards. In these environments, experiencing cognitive overload can lead to
increased safety risks (Carayon & Alvarado, 2007; Endacott, 2012; Milczarek et al.,
2007), and approximately 68% of the American workforce feels overloaded while
performing their daily activities (IT Business Edge, 2014), and constantly feeling
overloaded can lead to burnout (Portoghese et al., 2014; Sweeney & Summers, 2002;
Van Bogaert et al., 2013). Every year, an approximate $125 to $190 billion are spent in
healthcare costs associated to employee burnout (Blanding, 2015; Garton, 2017). While
people feeling overloaded is concerning, the problem arises when the person approaches
their redline of cognitive workload, which is the threshold where the available mental
resources are depleted, so the person no longer has residual cognitive resources to
continue performing the current tasks, or take on additional tasks. At the redline
threshold, the task demands surpass the person’s available mental resources, and usually
results in performance degradation, increasing the risk for errors.

Previous research has investigated the point where performance degrades, by
studying the relationship between performance and subjective measures based on
varying levels of cognitive workload. For example, (Reid & Colle, 1988) provided the
score of 40+/-10 for the Subjective Workload Assessment Test (SWAT) as a range

where performance degradation would occur. Similarly, a score of 60 or more in the
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Improved Performance Research Integration Tool (IMPRINT) was considered as the
range for performance degradation (Mitchell et al., 2003). However, a limitation of these
studies is that only performance-based measures and subjective metrics were used; no
previous study has incorporated the use of physiological measures to detect the redline
of cognitive workload.

The research presented in this dissertation investigated several physiological
measures as objective data measures to detect the redline of cognitive workload
threshold. Physiological measures, which are modulated by the autonomic nervous
system (ANS), reflect changes in cognitive workload (Cinaz et al., 2013, 2010; Luque-
Casado et al., 2016; Mehler et al., 2011). The ANS system, which controls certain body
activities (e.g. blood pressure, heart rate, digestion), has two main branches, the
parasympathetic nervous system (PSNS), and the sympathetic nervous system (SNS)
(Jansen et al., 1995; Waterhouse & Campbell, 2008). The PSNS maintains homeostasis
(Janig & Habler, 2000; Pichon & Chapelot, 2010; Recordati, 2003), while SNS acts as
the “fight or flight” response (Bers & Despa, 2009; Curtis & O’Keefe Jr, 2002; Jansen et
al., 1995). In most cases, the SNS and PSNS have opposite reactions (i.e. one is
inhibited, while the other is activated), though in certain situations both may be activated
simultaneously.

When the person experiences changes in cognitive workload or stress, the SNS
gets activated, and the PSNS may withdraw to allow the body to enter into the “fight or
flight” response (Ruscio et al., 2017), causing changes in the physiological systems of

the body, such as respiratory and cardiovascular. For example, under high workload
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levels, heart rate and electrodermal activity will increase, while heart rate variability
tends to decrease.

Physiological measures offer several advantages over the other two methods to
measure cognitive workload (subjective measures and performance), such as being able
to provide data in real-time, and the ability to provide information of the overall state of
the person. For example, physiological measures can be analyzed in terms of SNS and
PSNS to detect when the systems are activated, and how this is reflected in terms of
workload. Furthermore, PSNS is the system used for recovery, and SNS can be activated
by changes in workload or stress. Understanding the patterns between these two systems
over an extended time period can provide information on the functioning of the ANS, as
well as when the person may be reaching their limit.

This research investigated the role of physiological measures as indicators of the
redline of cognitive workload threshold, that is, when the person approaches their
overloaded state. Additionally, the subjective ratings, performance-based measures, and
physiological indices were studied as the person approaches their redline. Finally, the
role of the SNS was studied as indicator of when someone may be approaching their

redline.

Research Questions

This section provides a summary of the results and discussion centered around

each of the three research questions explored in this research.
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Research Question 1

Which physiological measures are more sensitive to changes in workload at
very high levels that are near or exceeding the redline?

The first research question was explored with the first study (Chapter 2),
involving a multitasking environment similar to a flight cockpit. The Multi-Attribute
Task Battery-11 (MATB-I11) environment was used to impose varying levels of workload,
while physiological measures were collected throughout the study.

Findings from the first study suggest physiological measures will show an
asymptote pattern as the person approached their redline threshold. Some measures were
more sensitive than others, in this case, heart rate variability and skin conductance.
Performance measures degraded around the same level as the physiological measures
started the asymptotic pattern. Furthermore, subjective measures indicated that the
participants felt the workload kept increasing. Together, these results show that there
may be a similar pattern aspect among physiology, subjective measures, and
performance. Future work needs to address the sensitivity of physiological measures at
detecting the threshold, in addition to studying the similar patterns among physiological
measures, performance, and subjective measures. Mostly, because the main advantage of
physiology-based redline detection is the fact that these measures can be collected in real

time, and can be used to track the person’s overall state, not just the workload.
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Research Question 2

To what extent do changes in these sensitive physiological variables compare
with other standard measures of task performance and subjective measures?

The second study presented in Chapter 3 addresses some of the future work
proposed in Chapter 2. A similar study to the one presented in Chapter 2 to answer the
first research question was performed. In this case, pupillometry was introduced as a
physiological measure that does not depend on electrical signals, while electrodermal
activity was kept from the previous study as a reference point. Similar to the previous
study, subjective ratings and performance-based measures were also collected as
additional data to detect the redline using different data sources.

Results showed a pattern between workload and performance, with increased
workload resulting in performance degradation. While this study explored the
relationship between the physiological asymptotic patterns and performance degradation
as the person nears their redline threshold, future studies need to further explore the role
of the ANS in the asymptotic pattern. Understanding the role of the ANS can provide
additional information, such as if the person is recovering after the task (PSNS

activation) or if the person’s SNS is still highly activated.
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Research Question 3

To what extent do physiological measures indicate the redline of cognitive
workload based on patterns of the different branches of the autonomic nervous
system?

The third and final question (Chapter 4) investigated in this body of work
explored the redline from an ANS point of view. Particularly, EDA and ECG measures
were collected, which then were analyzed based on their ANS activity. The study
investigated the impact of different workload levels on physiological measures as the
person approached their redline. The study involved solving 3D puzzles in a virtual
reality (VR) environment.

Results indicate that SNS activity increases with added workload levels, but
when the person is approaching their redline, the SNS remains active. This means that
when the person is approaching their overloaded state, the SNS is already activated, but
close to the redline threshold, no other changes are experienced, and based on the data
analysis, heart automaticity no longer increases.

A limited body of research have found similar patterns in physiology, concurring
with the physiological asymptotic pattern. For example, (Vogel & Machizawa, 2004)
found event-related potentials reach an asymptote pattern when the visual working
memory gets overloaded. There is a threshold to the available mental resources, and
identifying this threshold can prevent performance degradation.

A limitation found in all three studies is that data were collected in a controlled,

laboratory setting, and physiological measures were only analyzed for each of the
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experimental scenarios. Thus, it can be concluded that while physiological changes show
an asymptotic pattern, in real-life situations this pattern may not be as distinguishable as
physiological measures tend to contain noise. This limitation can be addressed by the
future work proposed, where wearable devices can be implemented to obtain

physiological data over a longer period of time.

Proposed Redline of Cognitive Workload Risk Matrix

The proposed redline diagram presented in chapter 1 (Figure 3) can be applied to
each of the three studies to identify the redline. For example, taking into consideration
the HRV results from Chapter 2, by workload level 5 physiological measures have
stopped changing, and workload level 5 is significantly different from workload level 1,
which is the condition for a level 3 in the physiological classification in the risk matrix.
NASA-TLX results show a similar pattern, where by workload level 5, we can infer
participants were feeling overloaded based on the TLX score as well as performance,
and workload level 5 is significantly different from workload level 1, which would also
grant a level 3 classification. The third classification, performance, also has the last
workload level as significantly different from workload level 1, which would also grant
a level 3 classification in the risk matrix. Based on the matrix classification, it would be
in red zone, and the participant may be at risk of being very close to reaching their
cognitive redline. Since the results from Chapter 2 and 3 are very similar, these results

would also apply to Chapter 3.
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However, the third study showed different results. In this case, a physiological
classification of 2 would be awarded for the physiological classification, as the average
heart rate measures in workload level 5 has increased from the baseline, but is not
significantly different. The subjective classification can be assumed to be at level 3, as
based on performance and the TLX score, participants may be feeling overwhelmed, and
the TLX score is significantly different from workload level 1. Similarly, the
performance classification can be assumed to be a level 3, as performance is statistically
significant from workload level 1. This will place the classification on the yellow-red
gradient, where the person is approaching their redline.

In these cases, additional changes may be needed to improve safety and decrease
risks. A limitation of the model is that it was developed based on the three studies
presented in this body of research, in a very specific context, hence why the model is
color coded. The color coding will allow other domains and naturalistic studies to adapt
the model to the data collected. If the model is to be implemented in further studies, then
additional data will be needed to understand how the data collected in naturalistic studies
fill fit into the cognitive redline risk matrix. Future studies need to implement the
diagram while designing the tasks and collecting additional subjective ratings which

specifically inquire about workload perception.

General Conclusions
Through the three studies, it was discovered that sympathetic arousal increases

when the person experiences high levels of workload, which leads to an asymptotic

136



physiological pattern when the person approaches their redline. Understanding these
physiological patterns can lead to preventing performance decrements by providing
different strategies. For example, tasks can be redesigned early in the design phase to
ensure proper workload levels (i.e., not too high nor too low). Additionally, automation
could be incorporated to facilitate certain aspects of the tasks in multitasking
environments.

It is vital to stress the importance of studying the role of the parasympathetic
nervous system. While most cognitive workload studies have emphasized the role of
sympathetic arousal, and the PSNS system has mostly been overlooked, with only a few
studies citing PSNS results (Dias et al., 2018; Hughes et al., 2019; Muth et al., 2012;
Reimer & Mehler, 2011; Tjolleng et al., 2017). However, other studies involving
recovery after sports have fully investigated the role of PSNS and overworking (Chen et
al., 2011; Pierpont et al., 2000). Some of the recovery theories investigated after exercise
could be applied to cognitive workload by investigating the role of the PSNS as an
aspect of cognitive recovery after difficult or extended multitasking. Cognitive recovery
is important, as it can prevent burnout. Measuring PSNS activity to investigate recovery
will require additional physiological measurements, such as the trends as the person
performs their daily activities. Such data may be provided by wearable devices.

Wearable devices are now becoming more common and affordable, and can
collect physiological measures in real-time. As these are objective measures, meaning
they can be observed directly from the subject (Orlandi & Brooks, 2018), they reflect the

changes posed by changes in daily workload or stress. While some changes are
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immediate, for example, getting stressed about performing a task will immediately
increase heart rate, there are other considerations to study. Additional studies are needed
to really understand the connection between the short-term, task related changes, and
how these will reflect in the ANS at a later time. For example, wearable devices also
offer the advantage of being able to provide data over long periods of time, instead of
just the data collected during a controlled laboratory study. Understanding every day
activities, but also getting the recovery data can provide more effective ways of looking
at everyday cognitive workload and stress, particularly when this is related to work
environments with high turnover and burnout.

Long-term tracking of the ANS to determine SNS and PSNS activity, especially
during sleep, can provide insight into the recovery aspect to determine how the stress
and cognitive workload and stress experienced in daily activities is reflected.

Besides studying daily activities, studying and understanding the recovery aspect
can provide insight into how well the person is resting between day-to-day activities.
Mostly, as adequate rest and sleep also contribute to adequate job performance, which,
when the person is not well-rested, may increase the risk for errors and performance
degradation, as the person reaches their redline threshold.

Long-term data can also be used in future studies to understand how the redline
shifts based on different factors, as the results from the three studies found the redline to
be an asymptotic limit. For example, expertise could change the amount of workload
someone may experience before reaching their threshold, while not sufficient rest may

make someone more susceptible to reach their redline faster, as the person nears burnout.
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Other factors may also affect how people perceive their redline. For example, intrinsic
motivation, which is stronger than extrinsic motivation (Cerasoli et al., 2014), may have
a delaying effect in how soon people reach their redline. Besides motivation, other
personal factors, such as stress and need for cognition could influence the redline
threshold for each person. These are just a few factors that can be studied in future
studies.

Caution should be taken when collecting physiological data, especially in
naturalistic settings, where the influence of environmental stressors can also influence
changes in physiology. There are recommendations to collect data using at least 2
measures (Brookhuis & de Waard, 2001; Callan, 1998; Shakouri et al., 2018; Tsang &
Velazquez, 1996). For example, if physiological data needs to be collected, additional
data can be collected in the form of subjective measures or performance. Subjective
questionnaires can inquire about other stressors or influencers that caused changes in
workload, while performance can provide a better look at how well was the person able
to handle the imposed workload. Collected data using all three methods can help with
the data triangulation to ensure the collected data was actually measuring changes in
workload. Additionally, the results from the three studies suggest an asymptotic pattern
for physiological measures, so future studies can use planned contrasts for the
physiological analysis.

Task engagement is another concern. While some participants may volunteer in
the studies, there is no guarantee that they will be fully engaged in the task. A simple

way to change this would be to add incentives to participate in the study (extrinsic
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motivation). However, if EEG data is one of the physiological measures that will be
collected, then the alpha wave could be used as a way to measure engagement.
Decreases in alpha power could be interpreted as lack of engagement or maybe due to
task shedding in a multitasking context when the imposed cognitive workload is too high
and participants feel cognitively overwhelmed. To avoid these confounding factors,
subjective measures that inquire about participants’ strategies to task shedding could be
used to analyze and compare the data.

Because of the individual nature of the redline, if the plan is to only use
physiological measures, then it is important to consider the metabolic baseline of the
person, as well as the metabolic cost of the environment. For example, moving the arms
or legs will increase heart rate. Thus, it is important to consider the metabolic rate as the
person performs their daily activities. Calculating the metabolic rate can then be used as
the baseline for energy expenditure as the person performs their daily activities. Then,
any other observed changes, after subjective measures and performance are used to
reduce the possibility of environmental stressors, will be related to changes in cognitive
workload. The metabolic cost of the environment will be particular helpful in long-term
studies, where the person’s activities are tracked over several days, or in naturalistic
studies, where there is less control. The metabolic rate (MR) can be calculated based on
heart rate. The heart rate and metabolic rate are measured in a controlled environment to
determine the relationship, and then the heart rate measurements are taken and converted

to MR estimates to ensure the estimates are correct (Green, 2011).
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Analyzing all of these factors, and how the redline shifts would require
employing a systematic approach to study workload. This systematic approach would
encompass studying the workload through daily tasks, and consider other factors that
affect the redline threshold, such as intrinsic and extrinsic motivation, need for
cognition, and expertise, among others. The systematic approach could use long-term
monitoring to understand how the redline “shifts” depending on the influence of all the
factors.

Overall findings of this body of research suggest that the redline of cognitive
workload is a threshold, and can be detected based on physiological changes. This
threshold is particularly important to monitor, as the results from this research suggests
performance degrades when the person approached their redline.

The research efforts provided in this dissertation contribute to the body of
knowledge and provide a better understanding of the redline threshold of cognitive
workload. The contributions are based on the investigation of different physiological
measures, including heart rate, heart rate variability, and electrodermal activity, to detect
when participants are approaching their redline. These results were correlated with
subjective-based ratings and performance measures. The importance of this research is
based on the complex relationships and measurable patterns between each branch (SNS
and PSNYS) of the autonomic nervous system, as related to changes in workload as the
person approaches their redline. This research can be applied to study employee
workload, burnout, and turnover, as more than half of the American workforce

experience overload (IT Business Edge, 2014).
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APPENDIX A

BACKGROUND QUESTIONNAIRE FOR STUDIES 1 AND 2

“Physiological Measurements of Cognitive Redline”
Background Questionnaire

Please fill out this short background questionnaire. Thank you for participating in our study!

Age:

Sex: M F

Classification: (Please circle one)
Undergraduate student
Graduate student: Master’s Ph.D.

Professional (please describe):

Do you play videogames? Yes No

If you selected “yes” to question 4, please answer questions 5 to 8. Otherwise continue to
question 9.

How many hours per week you usually play?

Less than 1 hour 1-4 hours 5-8 hours 9-10 hours More than 10 hours
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6. What system do you use?

Xbox Playstation Wiiu PC
Other
7. Does it involve the use of a joystick? Yes No
8. What type of games you play? Please explain.
9. Do you have any experience with flight simulators or similar software/games?
Yes No

If yes, please explain.

10. Do you consume caffeine on a daily basis?
Yes No
11. How many cups of coffee or tea per day, or how many sodas do you usually drink?
12. How many cups of beverages containing caffeine have you consumed today before the
study?
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APPENDIX B
BACKGROUND QUESTIONNAIRE FOR STUDY 3

Cognitive Workload in Virtual Reality Environments

Thank you for participating in our study! Please fill out this short background

questionnaire.

1. Age:

2. Sex: M F

3. Classification: (Please circle one)
Undergraduate student
Graduate student
Master’s
Ph.D.

Professional (please describe):

4. Do you play videogames? Yes No

If you selected “yes” to question 4, please answer questions 5 to 7. Otherwise continue
to question 8.

5. How many hours per week do you usually play?
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Less than 1 hour 1-4 hours 5-8 hours 9-10 hours  More than 10 hours

6. Which system do you use?

Xbox Playstation Wiiu Switch PC Other

7. What type of games you play? Please explain

8. Do you have experience with virtual reality? Yes No

If yes, please explain

9. Do you consume caffeine on a daily basis? (Please circle one)

Less than once a week1-2 times a week 3-5 times a week Daily Other

If other, please specify

10. If you answered yes to the previous question, on average, how many cups per day?

11. Have you had any caffeinated drinks today? How long ago?
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APPENDIX C

COVID-19 REOPENING PROTOCOL

COVID Reopening Plan

Cleaning Procedures

Study personnel will clean and disinfect all surfaces in contact with the
participants, which include tables, computer mouse and keyboard. The hardware
needed for the study will also be disinfected, including the Oculus Rift headset
and controllers, and the Biopac sensors. The electrodes attached to the Biopac
sensors are disposable, so each participant will use new electrodes. This
disinfecting process will occur before every participant to ensure everything is
clean.

Additionally, the door handles to the lab and the light switches will be
disinfected every morning and at the end of the day.

Hand sanitizer will also be available at the lab.

Personal Protective Equipment

Experimenters and participants will wear a mask during the duration of the study.
Hand sanitizer will be available.

A distance of 6 feet will be kept at all times between the experimenters and the
participant.

Schedule

The study is expected to last no more than 150 minutes. Participants will be
scheduled with at least 30 minutes in between participants to ensure enough time
to clean and disinfect the equipment.

Study participation requires only one visit per participant.
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