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Abstract

Tasks are increasingly becoming cognitively based instead of physically

based, and managing multiple tasks at once is becoming commonplace.

Tools that help people to manage their cognitive activity in their lives

could therefore be highly valuable. Unlike physical activity trackers, how-

ever, it is not yet understood how cognitive activity could be tracked in

daily life in order to provide people with meaningful reflections and use-

ful goals, known as personal informatics. Mental workload is a promising

concept in this respect, due to its performance defining qualities and ever-

growing relevance. Thus, this thesis investigates mental workload tracking

in everyday life.

Mental workload has typically been investigated from an isolated task-

based, ‘work’load perspective, predominantly in safety-critical environments,

meaning that our understanding of how mental workload functions in daily

life is limited. By adopting a novel longitudinal, holistic, and person-

centred perspective, the research presented in this thesis aimed to improve

understanding of 1) physiological mental workload measurements in real-

world environments, 2) how mental workload could be useful as a form of

personal informatics and mental workload as a concept itself, 3) how mental

workload data can be meaningfully communicated to users, and 4) ethical

considerations for tracking devices. Two empirical studies were conducted
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in relation to this.

Firstly, a naturalistic laboratory study used brain imaging methods to phys-

iologically measure mental workload levels for general work tasks. Office-

worker participants completed personalised reading and writing tasks at

different levels of difficulty. Verbal interruptions were incorporated and

coffee drinking was largely unrestricted. Results found that the measure

was sensitive to reading tasks but not writing tasks, which helped to identify

challenges for real-world mental workload tracking in terms of maximising

the sensitivity of the measures. Interruptions were also found to affect

mental workload levels, and these findings were interpreted using mental

workload models.

Study 2 had a quantitative and qualitative phase. It explored mental work-

load as as a concept and as a form of personal informatics. The quanti-

tative phase involved participants subjectively tracking their mental work-

load levels at regular intervals; questionnaires related to wellbeing were

also completed each evening. The qualitative phase interviewed the same

participants in depth about their experiences and perceptions of mental

workload and mental workload tracking devices. From this research, an

apparent Mental Workload Cycle was developed, where participants aimed

to fluctuate between low, medium, and high mental workload levels. This

was because each level serves a purpose but sustaining any level for too

long results in negative consequences. Factors were identified that could

disrupt the Cycle, and indeed our quantitative data indicated that actual

behaviour often did not align with qualitative preferences.

Qualitative insights also investigated the design of mental workload track-

ing technology in terms of design and ethical considerations. Design con-

siderations related to metaphors, colours, shapes, and descriptors. Ethical
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concerns related to data privacy, validity, misinterpretation, and personal

identity.

The important questions for cognitive activity tracking and understand-

ing mental workload in everyday life are human-computer interaction ones.

These relate to, for example, what useful data consumer neurotechnology

could be used to track, what goals we could set for healthy lives, and how

personal cognitive informatics will relate to the pervasive way we use physi-

cal activity tracking. Towards understanding this future, this thesis makes

four contributions. First, we identify challenges for physiologically mea-

suring mental workload in uncontrolled environments. Second, we develop

the Mental Workload Cycle, a model that progresses understanding of 1)

how mental workload can be used for personal informatics, and 2) mental

workload as a concept in terms of the factors that contribute of the states

of overload and underload. Third, we produced design recommendations

for communicating mental workload data. And fourth, we explicated eth-

ical concerns for future consumer neurotechnology. These findings should

be used to progress personal informatics and human factors research, and

implicate the direction of consumer neurotechnology as it develops towards

longitudinal tracking of cognitive activity.
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Chapter 1

Introduction

1.1 Motivation

We now have the ability to objectively track our physical activity whilst ful-

filling the activities of our daily lives. Indeed, sensors that monitor physical

activity have arguably become ubiquitous. Whether users choose to track,

for example, their heart rate, steps walked, or calories expended, wearable

physical activity trackers can facilitate positive behaviour change [180; 47].

Due to substantial technological progress in brain imaging methods, the

widespread ability to measure interpretable cognitive activity in real-world

environments is on the horizon [16; 14]. A logical and exciting next step is

to consider what improvements could be made to our lives and work if (or

when) we could track our cognitive activity in our daily lives in a similar

way to our physical activity.

Neurotechnology devices that track brain activity in a healthy population

is a market growing in quantity, quality, and investment. It is expected that

commercialising neurotechnologies will provide a tool for improving health

1



1.1. MOTIVATION

and wellbeing, productivty, entertainment, and education [73; 139]. Over

the past 20 years, over $19 billion has been invested into neurotechnology

companies [56] and patents being filed are only increasing1. Many of these

devices monitor cognitive or emotional states of a user from arbitrary brain

activity, and are referred to as passive brain-computer interface (pBCI)

devices [14; 245; 244]. The field is rapidly progressing, and pBCI devices are

beginning to emerge on the consumer market. Currently available devices

aim to help users, for example, focus2 or meditate3. This type of tracking is

over a short and designated period of time, aiming to improve the cognitive

state of the user; this can be considered similarly to how we can track

physical activity data for a specific workout. In this respect, choosing to

do a meditation session and track it with the Muse pBCI device is like

choosing to go for a run and track it with a watch. But life improvements

can also be made by tracking physical activity longitudinally. Tracking

and reflecting on personal data to provide actionable insights is know as

personal informatics [135; 145; 82]. For example, we know that walking

10,000 steps each day is generally healthy for most people, and we can track,

reflect, and act on that data over days, months, or even years. However, as

a parallel to this, we do not know what type of cognitive activity might be

useful to track longitudinally as a form of personal cognitive informatics.

Indeed, as life increases in cognitive complexity, managing our cognitive

activity in our daily lives seems increasingly important.

Mental workload is a defining factor for how well an individual is able to

perform on a task. This is generally in terms of how well an individual’s

available cognitive resources are able to meet the demands of a task [240].

Mental workload is a substantial area of research in human factors, where

1https://sharpbrains.com/pervasive-neurotechnology/
2Neurosity - https://neurosity.co
3Muse2 - https://choosemuse.com/muse-2/

2
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1.1. MOTIVATION

it is predominantly investigated in safety-critical contexts in order to pre-

vent overload and underload, which are the states where mistakes are likely

to happen [240; 204]. The state of overload occurs when the demands of

a task exceed the available cognitive resources [132], and underload oc-

curs when there is too little stimulation [241]; these states can result in

poor performance through errors and lapses in attention [235]. Thus, if a

pilot, driver, or air traffic controller, for example, becomes overloaded or

underloaded during their work tasks, serious incidents can happen [240].

Because of these implications, a large and increasing body of research seeks

to physiologically measure mental workload in real-world work tasks, ulti-

mately aiming to improve safety at work. Progress in this area has been

significant, and it is speculated that brain imaging methods will enable the

objective quantification of real-world mental workload levels [240].

However, because of its performance defining qualities, mental workload

is also a meaningful concept outside of safety-critical work tasks. In the

context of broader work tasks, such as a lawyer completing important pa-

perwork, costly performance errors can happen if the worker becomes over-

loaded or underloaded. In this regard, mental workload is also a critical

concept for successful task completion in the context of life activities out-

side of work, such as using navigation systems [203]. As well as its signif-

icance to daily tasks, the world is becoming more technological, meaning

that tasks are increasingly being characterised by their cognitive demands

rather than their physical ones [240; 204]. The work-life balance is also

becoming ever more blurred [77], and we have a tendency to try and opti-

mise our productivity and performance in our lives [53]. It therefore seems

prudent to recognise that the concept of mental workload has never been so

relevant to our daily lives. Thus, mental workload appears to be a strong

candidate for a type of cognitive activity that may be useful to track as a

3
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form of personal cognitive informatics [236].

In this sense, the role that mental workload plays in our daily lives is not

yet clear, meaning that our understanding of how we can track this data

to make life improvements is limited. Currently, mental workload as a

concept has been considered and measured from an isolated task perspec-

tive, in terms of quantifying the moment that an individual is becoming

overload or underloaded [204; 240]. This is reflected in mental workload

theories and measurement tools that have typically been used for the du-

ration of work tasks. It is notable that a fundamental aspect of the mental

workload concept is an individual’s internal response ability, yet despite

the emphasis on this person-specific nature, research continues to focus

on mental workload from a ‘numbers perspective’ without a qualitative or

holistic insight into how individuals personally perceive and approach men-

tal workload. Therefore, the implications of approaching mental workload

from a holistic, person-centred and daily life perspective could be two-fold.

Firstly, by developing a life view of mental workload and the impact it

may have on our lives (and vice verse), we could start to understand how

mental workload data could be useful as a form of personal informatics,

and what goals we should be setting in that regard. This could be useful

for future pBCIs as they develop towards more longitudinal tracking. Sec-

ondly, an improved understanding of mental workload as a concept could

be developed by broadly considering the factors that could contribute to

overload and underload, which are the states that mental workload research

generally focusses on preventing.
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1.2 Aims and Research Questions

The perspective outlined above equates to our motivation to measure men-

tal workload in daily life. There is one overarching research question for

this thesis, involving four different sub-questions, outlined below. The spe-

cific aims and aspects of of each sub-question will then be further outlined

in turn.

• How and why should we track mental workload in everyday life?

(a) Can we physiologically track mental workload levels in general

work tasks, and what are the practical concerns of doing that?

(b) Can a longitudinal and holistic approach to mental workload

improve understanding of how mental workload could be valu-

able as a form of personal informatics, and mental workload as

a concept itself?

(c) How can objective mental workload tracking data be meaning-

fully communicated to users?

(d) What should be ethically considered when developing mental

workload pBCI devices, or neurotechnology in general?

RQ (a) As mentioned, objective measurements of mental workload are

predominantly investigated and implemented in the context of safety-critical

tasks [240; 204]. Therefore, a first step towards daily life measurements of

mental workload is to investigate how we can measure mental workload

for more general tasks. This is in terms of investigating the sensitivity

of physiological measures (for example, can we differentiate between easy

emails and hard emails?) and the impact on these measures from stepping
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away from controlled safety-critical environments (for example, do social

interruptions confound measurements?).

RQ (b) As described above, a longitudinal, holistic, and person-centred

approach to mental workload is different to the approaches that have pre-

viously been adopted. This approach could thus increase understanding of

mental workload from a personal cognitive informatics perspective, which

could guide the development of future pBCI devices. In this respect, in

order to address ‘how’ mental workload data could be useful to track, we

need to understand mental workload from a broader life perspective in

terms of how it is perceived, how it is approached, and the impact it has

on people’s lives. Additionally, research from this novel perspective is also

an opportunity for new insights into mental workload as a concept itself.

RQs (c) and (d) These research aims relate to the interaction aspects

between pBCI devices and users, in terms of creating meaningful and safe

interactions. Firstly, cognitive activity data is complex in nature, and thus

it is also important to consider how the data can be meaningfully com-

municated to users. Indeed, effectively communicating data from personal

informatics tools is vital for positive interactions from users that enable

meaningful reflections and long-term use for supporting the optimisation

of certain behaviours [84; 145; 120; 49; 50; 59]. Secondly, there is huge po-

tential for unintended consequences that may arise with the development

of consumer pBCIs devices. Therefore, it is essential to consider the eth-

ical implications of neurotechnology as developments continue to progress

[139; 73; 228; 125; 216].
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1.3 Thesis Contributions

This thesis is multidisciplinary in nature and contributes to the fields of

pBCIs, personal informatics, and human factors, from an overarching HCI

perspective that seeks to create systems that are intuitive and usable and

that seamlessly align with users’ intentions.

More specifically, the pBCI field seeks to develop neurotechnology for the

purpose of improving the cognitive states of users, where one focus is men-

tal workload measurement for work tasks [14]. The field of personal infor-

matics aims to develop systems that help people collect personal data for

insightful and actionable reflection [145]. And the field of human factors

aims to design systems around human’s capabilities [204], aiming to opti-

mise efficiency and performance, and largely focusses on mental workload

management.

From conducting two empirical studies, the contributions from this thesis

can be summarised as having:

1. Identified challenges for measuring mental workload across general

work tasks.

2. Developed a new model of mental workload, specifically the Mental

Workload Cycle, which improves our understanding of mental work-

load and how that data can be used as personal cognitive informatics.

3. Produced design recommendations for mental workload data.

4. Explicated ethical concerns for the development of pBCIs.
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1.4 Thesis Overview

Table 1.1 summarises each chapter of the thesis. The table outlines the

topic of each chapter and a brief summary of its contents.

Chapter 2 outlines related work that forms the foundations of this thesis.

This is in terms of mental workload, personal informatics, brain-computer

interfaces, and neuroethics literature.

Chapter 3 presents the first empirical study, which addresses research ques-

tion (a) and investigates what it means to physiologically measure mental

workload variations for general work tasks.

Chapter 4 introduces the second study, which has a quantitative and qual-

itative phase.

Chapter 5 presents findings from the second study that relate to using

mental workload as personal cognitive informatics. It addresses research

question (b).

Chapter 6 addresses research question (c) and presents findings from the

qualitative phase of Study 2 regarding the design of mental workload per-

sonal cognitive informatics tools.

Chapter 7 addresses research question (d) and presents results from the

qualitative phase regarding the ethical considerations of pBCI devices.

Chapters 8 and 9 then close the thesis with general discussions and con-

clusions.

It is important to note that the parameters of this thesis concern the life

improvements that could be made through tracking mental workload data

in terms of wellbeing, and not mental health. Whilst these topics may be
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of interest to mental health research, this remains outside of the scope of

this project.

Table 1.1: Thesis overview table

Chapter Topic Description

Chapter 2
Overview of mental workload,
personal informatics, BCIs,
and neuroethics

Literature Review

Chapter 3
Physiologically tracking mental
workload for general tasks

-Research question (a)

-Empirical study

-fNIRS to measure mental workload
for reading and writing tasks

-Published in: International Journal of Human-
Computer Studies

Chapter 4 Outline of study 2 phases -Design of a quantitative and qualitative empirical study

Chapter 5
Mental workload data for
personal cognitive informatics

-Research question (b)

-Qualitative and quantitative
insights into personal experiences
of mental workload

-Published in: Proceedings of the 2022 CHI
Conference on Human Factors in Computing Systems
(CHI ’22)

Chapter 6
Visual perceptions of
mental workload trackers

-Research question (c)

-Data from the qualitative phase of study 2

-Qualitative insights relating to design perceptions

Chapter 7
Ethical perceptions of
pBCI devices

-Research question (d)

-Data from the qualitative phase of study 2

-Qualitative insights relating to ethical considerations

-Published in: 2022 ACM Conference
on Fairness, Accountability, and Transparency
(FAccT ’22)

Chapter 8 Discussions Interpretations and future directions
Chapter 9 Conclusions Final thesis conclusions
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Chapter 2

Literature Review

2.1 Mental Workload

2.1.1 Characteristics

Mental workload is a meaningful concept in our everyday lives. It is a

concept that can be interpreted intuitively [240] resonating with specialists

as well as laypersons [184]; it can also be adapted to fit into many differ-

ent contexts [184]. Our world is becoming more technology focused, and

thus mental workload is a topic of increasing importance [240] due to tasks

being characterised by their cognitive demands rather than their physical

demands [204; 240]. If the mental workload level required to complete a

task can be measured and managed, performance of the task may be suc-

cessful, especially as the individual(s) is able to respond to unexpected

situations [159]. For example, a pilot could complete a journey safely de-

spite challenging weather conditions.

Despite discussions and research into mental workload being long estab-
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2.1. MENTAL WORKLOAD

lished, numerous, and ever growing, there is no definition of mental work-

load that is widely accepted or used. In 1979, Moray [162] collected nu-

merous papers by different contributors devoted to developing a universally

agreed upon definition of mental workload. The significant and wide array

of definitions that were proposed can help us to appreciate the difficulty of

developing a definition of mental workload [204].

However, there is common ground between the different interpretations

of mental workload. The components of mental workload are generally

agreed to comprise of a) the demands of the task and b) the experience of

responding to the task [203], in terms of the resources available to meet the

demands [240].

The demands of the task reflect the characteristics of the task itself. This

can have multiple facets, including the complexity of the task and time pres-

sure for completion [240]. Further, Sharples and Megaw [204] outline how

the externally measurable demands of the task may differ to the demand

perceived by the individual, emphasising the importance of investigating

how the demand is perceived by the individual.

The component relating to the experience of responding to the task regards

how much ‘strain’ the individual performing the task is under [204; 240].

Young et al [240] outline that the effect on the individual is in relation the

amount of resources available; these resources generally refer to attentional

resources [230; 132], due to its critical role in the accurate and efficient

processing of information [108].

To a degree, environmental factors can affect both the demands of the task

and the experience of responding to the task [204; 240]. These can be

external, such as other team members available to help with the task [204].

They can also be internal, such as skill level; in this case, increased skill
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level when it comes to the task will result in increased automatic processing

[200], meaning attentional resources will be spared and mental workload

levels will be lower compared to a situation in which the individual had

lower skill levels [240].

Hence, mental workload is widely considered in terms of the resources avail-

able to meet the demands [227; 240]. These components that form mental

workload as a concept critically affect task performance, as described be-

low.

Firstly, however, we wish to differentiate between the concepts of mental

workload and stress. These concepts are related as they share an over-

lapping characteristic in terms of a person’s experience of responding to

a task [8]. If an individual appraises a task to be beyond their capabili-

ties, this could result in feelings of stress as well as high mental workload

levels. However, whilst people often find high mental workload tasks to

be stressful [8], stress as a concept is defined as an emotional state that

is generated by the evaluation a person makes about their environment;

a threat to the person’s wellbeing will be perceived if they do not believe

that they have enough social or personal resources to cope with the task

[142; 239; 167]. Thus, mental workload is different to stress as it is not

considered to be an emotional state, but is considered as the cognitive abil-

ity of an individual to perform on a task, in terms of amount of resources

available to cope with the demands. This means that high mental workload

states can be experienced without feelings of emotional stress if the task

is not negatively appraised by the individual. The relationship between

mental workload and stress will be explored in Chapter 5 in terms of the

impact that daily mental workload levels can have on feelings of stress, but

this thesis focusses on the concept of mental workload and not stress.
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2.1.2 Mental Workload Models

Information Processing

Models relating to the concept of mental workload have been built upon this

notion of limited resources [204]. In early work, including two well-known

and similar models fromWelford [227] andWhiting [229], this was described

in terms of models of information processing. These models reflect how we

process input that our senses have detected, similarly to how a computer

functions in terms of receiving input, processing the information, storing

new and retrieving old information, and generating an output. The concept

of limited capacity was touched upon in these models by identifying that

performance levels will drop if the demands of a task exceed the limited

amount of information processing capacity that each human has. However,

limited capacity was not well defined [204], and later models built upon

and refined the concept.

In 1973, Kahneman [132] introduced the limited-capacity model of atten-

tion, which was fundamental for how we now consider resources in terms

of attention, as described earlier. This model posits that an individual’s

attentional capacity at any one time is limited. Further, the total available

capacity can be considered in terms of the capacity being devoted to the

primary task, and spare capacity, which can be devoted elsewhere to, for

example, a secondary task.

Wickens [233] later proposed an influential general model of information

processing (Figure 2.1). Here, attentional resources need to be shared be-

tween different psychological processes involved in information processing

(such as perception); as mentioned previously, the demands of the task

influence the resources needed. Hence, mental workload can be considered
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in terms of the attentional resources distributed to these psychological pro-

cesses and the demands of the task [204]. This leads onto the visualisation

of the Limited Resource Model, originally outlined by Wickens et al in 2013

[232] and adapted by Sharples and Megaw in 2015 [204].

Figure 2.1: Model of information processing [233] from [204].

Limited Resource Model

The Limited Resource Model (Figure 2.2) displays mental workload as

a product of the relationship between attentional resources and task de-

mands.

Figure 2.2: Limited Resource Model [232] from [204]

The vertical axis on the left show the amount of resources allocated to a

task and the limit of resources that are available to the individual. The
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axis on the right indicates how well the individual is able to perform on the

task. The horizontal axis shows the demands of the task. We can see by

looking at the interaction of the lines denoting primary task performance

and resources allocated to primary task, that if the resources demanded by

the task exceed the amount of resources that the individual has available,

the task performance will be poor. Likewise, task performance is theorised

to be good if the resources demanded by the task are below the amount of

resources that are available. Further, the difference between the resources

allocated to the primary task and the maximum amount of resources avail-

able to the individual, can be considered as spare capacity.

When the demands of the task exceed the available resources, this is known

as overload [132]. When there is too little stimulation, the available re-

sources are either focused outside of the task or reduced because of un-

deruse, and this is known as underload [241]. The states of overload and

underload can both be very detrimental to performance, leading to atten-

tional lapses and errors [235].

Sharples and Megaw [204] further developed the Limited Resource Model

(Figure 2.3) to account for underload as a predictor of performance degra-

dation as opposed to just overload. They also incorporated into the re-

vised model how performance can drop due to data limitation, such that

the information that needs processing is lacking in quality, such as the

representation of a memory. In addition to this, the impact of overload

on performance is not represented so ‘gracefully’, such that performance

is likely to drop dramatically once the individual is overloaded. A final

notable revision to the model, is the incorporation of varying levels of an

individual’s maximum resources, which can vary by both individual (e.g.

cognitive span) and situational (e.g. alertness, vigilance, and fatigue) fac-

tors.
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Figure 2.3: Adapted Limited Resource Model [204].

However, neither version of the Limited Resource Model accounts for the

instances in which more than one task is performed at the same time. Sec-

ondary tasks, or subtasks, may require different allocations of attentional

resources. The Multiple Resource Model [230; 231] describes the effect of

multitasking on performance, and is described below.

Multiple Resource Model

The Multiple Resource Model [230; 231] (Figure 2.4) recognises that pri-

mary tasks are often make up of a number of tasks, and that more than one

task is often performed at a time. Wickens described how tasks compete

for a shared pool of multiple attentional resources. The theory has four

dimensions. It begins with how the information for the task is processed

(stages). Firstly, information is perceived, and this can be of an audi-

tory or visual nature (modalities); information perceived visually (visual

processing) can either be of a focal nature (such as reading text) or am-

bient nature (such as the perception and orientation of movement). Once

perceived, the information is cognitively processed and then responded to.

Information that has been perceived, processed, or responded to (at the

stages of processing), can either be spatial or verbal (codes).
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Figure 2.4: Multiple Resource Model [230; 231].

Tasks performed simultaneously may interfere with each other if they are

competing for the same resources, but may be completed at the same time

with good performance if they do not compete for or overlap in the resources

that are required. For example, driving whilst texting can be disastrous

because according to the model, they are both perceived visually, are spa-

tially processed and require a manual response. Driving whilst having a

conversation, however, is theoretically sound because different resources are

required over the different dimensions.

Whilst the Multiple Resource Model is not designed exclusively as a theory

for mental workload, they are closely related due to the theoretical expla-

nation about how the demand of task(s) imposes on an individual’s limited

attentional resources, whether that be for isolated or multiple tasks at one

time [231].
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2.1.3 Measuring Mental Workload

As outlined above, mental workload is a multidimensional concept, and this

is reflected in the numerous measurement techniques employed in applied

settings.

O’Donnell and Eggemeier [172] outlined 5 criteria points that mental work-

load measurement methods should possess in order to measure mental

workload levels in real-world environments robustly and efficiently. These

included [172; 39]:

1) The method must be reliably sensitive to changes in task difficulty or

resource demand and discriminate between significant variations in work-

load.

2) The method should be diagnostic, indicating the source of workload

variation and quantify contribution by the type or resource demand.

3) The method should not be intrusive or interfere with performance of the

operator’s tasks, becoming a significant source of workload itself.

4) The method should be acceptable to the subjects, having face validity

without being onerous.

5) The method should require minimal equipment that might impair the

subject’s performance.

Since then, Cain [39] outlined an expanded list of criteria to include:

6) The method should be timely and sufficiently rapid to apply to capture

transient workload changes.

7) The method should be reliable, showing repeatability with small variance
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compared with main effects.

8) The method should be selectively sensitive to differences in capacity de-

mand and not to changes unrelated to mental workload (such as emotional

stress.

9) The method should be insensitive to other task demands, such as physical

activity beyond the conduct of the tasks [42; 39].

Mental workload measurement methods generally fall into three categories:

performance measures, subjective measures, and physiological measures,

which are outlined below.

Performance Measures

Performance measures of mental workload can be categorised into primary

performance measures and secondary performance measures [108; 204; 39;

240]. The most widely used method of measuring mental workload is pri-

mary performance measures [240; 108], which involves directly evaluating

an individual’s performance on variables associated with the task. A com-

mon example for this is for driving, where efficiency of vehicle handling

can be assessed from e.g. steering control or braking. If performance on

these aspects is low, this could indicate that the demands of the task are

too high and the individual is overloaded; in contrast, if performance on

the task is sufficient, this could suggest that the demands of the task are

within the individual’s resource capabilities. However, this method used in

isolation is limited. An individual might achieve high performance levels

but to do this they need to input a lot of their available resources, such

that their spare capacity is low; their performance level may indicate that

their mental workload is at a comfortable level, but there are not enough
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resources to respond to an unexpected demands [204]. In addition, if per-

formance is measured at short time intervals, individuals may naturally

improve their performance when being monitored, or may not be able to

maintain their level of performance for time after the performance measure

has been taken [204]. Because of this disconnect between primary task per-

formance and mental workload levels, it is advised to use more than one

measure of mental workload [108].

Secondary task measures are used to provide an understanding of how much

spare capacity an individual has whilst completing a primary task [39].

This is implemented by increasing the individual’s mental workload to the

point where they can no longer maintain their performance on the primary

task [39]. However, this method violates the criteria for mental workload

measures outlined by [172], as by nature it is intrusive and interferes with

the task, such that it is limited to training environments and cannot be

deployed in the real-world [204].

Subjective Measures

Subjective measures are another popular method for measuring mental

workload levels as they are low-cost and easy to administer. Some re-

searchers believe that subjective measures provide the most accurate re-

flection of mental workload levels [110]. Subjective measures are likely to

reflect the processes underlying task performance, such as the effort ex-

pended and the available capacity [164; 204].

Subjective scales for the measurement of mental workload can either be

multidimensional or unidimensional. Multidimensional scales capture rat-

ings for the different dimensions of mental workload. It has been suggested

that multidimensional scales are the most sensitive for measuring mental
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workload. However, they are time-consuming to complete [184]. Unidi-

mensional scales consider mental workload as as one continuum, such that

levels can be represented through one number. It is argued in the litera-

ture that unidimensional scales provide an better global representation of

mental workload levels compared to multidimensional scales, whilst being

less time-consuming to administer [113].

The NASA Task Load Index (NASA-TLX) [110] is the most widely known

and applied multidemensional measure. It was developed by Hart and

Staveland [110] comprises of six 21 point scales where a rating of 0 equates

to ‘Very Low’ and 20 to ‘Very High’. The scales include mental demand,

physical demand, temporal demand, performance, effort and frustration.

(Figure 2.5). NASA-TLX is considered more accessible than another well-

known method called the Subjective Workload Assessment Technique (SWAT)

[195] which is very time-consuming, often taking an hour to implement

[204].

Unidimensional scales often use terminology specific to the industry for

which they were developed [184; 204]. For example, the Cooper-Harper

Scale [60] or the AFFTC [9] which were developed for use within the air-

craft industry. The Instantaneous Self-Assessment (ISA) scale [36] was

developed for a range of mental workload assessment contexts and is sim-

ple to use and deploy. Pickup et al [184] highlights how the ISA has been

found to be a useful tool in real-world air traffic control work environments.

The scale is from 1 (low mental workload) to 5 (high mental workload), and

individuals give their perceived mental workload ratings at regular intervals

(Figure 2.6).

Subjectively self-tracking symptoms and behaviours is frequently prac-

ticed in the health and wellbeing space by patients with chronic conditions
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Figure 2.5: NASA-TLX [110].

[170; 48; 24; 19]. This has been shown to increase patients’ reflection, un-

derstanding of their condition, and support management behaviours [170].

However, manual self-tracking is inconvenient to complete, highly subjec-

tive, and often completed inconsistently [24]; the burden of self-tracking

prevents people from adopting long-term self-tracking practices [82].

Further, subjective measures do not offer the potential for continuous and

non-intrusive mental workload monitoring as they require input from the
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Figure 2.6: ISA scale [36].

subject [204]. Ratings need to be given at task intervals, which may cause

disruption to the task, or given retrospectively, which may be prone to

inaccuracies. Referring to how subjective measures operate by measuring

individuals’ opinions, Gopher and Donchin [102] outline how “an operator

is often an unreliable and invalid measuring instrument.”

Physiological Measures

Because of the limitations of subjective measures, automatic monitoring

devices are increasingly being researched and developed (such as wearable

sensors), with the aim of lessening the burden of self-tracking whilst retain-

ing its benefits [48]. Advances in technology, which are making substantial

progress in the monitoring of certain cognitive and physical states, includ-

ing mental workload, have the potential to enable long-term and continuous

tracking.

Physiological measures stand on the assumption that as mental workload

levels change, there will be a corresponding response in the autonomic ner-

vous system which can be reflected and measured in a number of physiolog-
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ical parameters. Cardiac activity, respiration, electrodermal activity, eye

function, and brain imaging methods are well-known physiological mea-

sures that have evidence supporting their use as tools for distinguishing

between mental workload levels, and are outlined below.

Cardiac Activity

Charles and Nixon [45] outline how measures of heart rate are the most

popular physiological method for measuring mental workload, measured

through an electrocardiogram. This popularity especially applies to flight

research [197]. Its wide spread use is likely because it is a practical method

which is inexpensive and easy to use [119; 204]. Measures of cardiac activity

generally refer to heart rate, characterising the number of beats over a

period of time (typically a minute), and heart rate variability, which is the

variation between each heartbeat in terms of time.

An increase in mental workload has been associated with a corresponding

increase in heart rate [234; 197; 65]. An increase is mental workload has

also been associated with a corresponding decrease in heart rate variability

[219; 129; 108]. For example, Rivecourt et al [65] manipulated mental

workload for pilots during a simulated flight task by varying the difficulty

of certain maneuvers and found increased demand to be associated with

increased heart rate and decreased heart rate variability.

Heart rate variability is generally considered to be a more sensitive measure

than heart rate [1]. A relationship between heart rate and mental workload

has not proven to be consistent [42; 107; 20], and this is perhaps because

of the influence of physical activity on the measurement [204].

24



2.1. MENTAL WORKLOAD

Respiration

Respiration is another physiological measure of mental workload. Respira-

tion measures can refer to respiratory rate, airflow, volume, or respiratory

gas analysis [45]. Respiratory rate is considered the most useful measure

[197; 45], which tends to refer to the amount of breaths per minute.

For example, Backs et al [20] manipulated mental workload levels in an

air traffic controller task by varying traffic volume and density across three

conditions. They found that respiration rate significantly differed across

each condition, where as the task demands increased there was a corre-

sponding increase in respiration rate. However, measures of respiration are

not very practical, especially for continuous monitoring of mental workload

in everyday life. This is because respiration is heavily influenced by physi-

cal activity [103] (like cardiac measures). Also, speech production may af-

fect measurements by interrupting and changing respiration patterns which

impact respiration rate but are not related to changes in mental workload

levels [45; 197].

Electrodermal Activity

Charles and Nixon [45] outline that electrodermal activity (EDA) refers

to the change in electircal activity in the eccrine sweat glands. Because

of this, EDA measures are affected by factors such as temperature, age,

and sex which makes it difficult to compare between individuals or studies

[138]. Still, Collet et al [57] measured EDA during real-world driving tasks

and manipulated mental workload levels by varying the demand of braking.

They found EDA to increase as task demands increased, indicating that

EDA is sensitive to mental workload measurements.
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Eye Function

Eye blinks, including of blink rate and blink duration, and pupil dilation

are often used as physiological measures of mental workload. For example,

Ricarte et al [65] found that higher blink rate was associated with a higher

mental workload levels, generated by talking, listening, and calculating

tasks. Ahlstrom and Friedman-Berg [4] found blink duration in air traffic

controller participants to be significantly shorter during high mental work-

load tasks which included managing traffic in different weather conditions

without the use of weather displays. Palinko et al [174] found an increase in

pupil diameter during simulated driving tasks requiring increased mental

workload levels.

However, in their recent review of physiological measurements of mental

workload, Charles and Nixon [45] highlight that light quality, air quality,

air conditioning, and drugs, can affect measures of eye function; thus, this

method may not be practical for mental workload tracking in daily life,

where these factors cannot be controlled.

Brain Imaging

Our understanding of cognition in the human brain has traditionally been

developed by laboratory controlled studies using simple paradigms and

stimuli [158; 141]. This work has formed, and continues to form, the fun-

damentals of many principles within cognitive neuroscience regarding cog-

nitive processes and functional brain organisation [158]. However, a large

body of recent research has made huge progress in studying brain activity

in real-world environments [158; 141] due to developments in theories, sig-

nal processing techniques, computational power and brain mapping tools

26



2.1. MENTAL WORKLOAD

[158]. Whilst at an early stage, it is believed that taking experiments out

of the lab and into real-world environments may be a game changer for de-

veloping our understanding of brain activity, as the data is representative

of the complexities and conditions of daily life [158; 141].

Brain imaging techniques as a measure of mental workload are growing

rapidly in popularity [153; 3; 17; 186; 242]. The number of brain imag-

ing studies measuring mental workload in realistic and real-world tasks is

increasing dramatically, and they are considered to be part of the next

generation of mental workload studies that may enable the objective, con-

tinuous and non-intrusive quantification of mental workload in real-world

environments [240].

Traditionally, participant movement has interrupted the imaging signal,

meaning that mental workload data was indistinguishable from movement

artefacts. Functional Magnetic Resonance Imagine (fMRI) is perhaps the

imaging gold-standard, but even small amounts of motion still make the

signal indistinguishable [192]. Due to technological progress, some imaging

methods are now available to enable the investigation of cognition in eco-

logical settings [67]. Electroencephalography (EEG) is the most commonly

used technique for measuring mental workload [32]. EEG measures brain

activation directly by recording electrical neuronal activity from electrodes

placed over the scalp.

There are four types of EEG patterns that can be recognised in a recording,

including alpha, beta, theta, and delta waves. They are distinguished by

their differences in wave frequency and amplitude. The theta and alpha

bands in particular has been associated with changes in mental workload

levels [12; 14; 204]. There is evidence that EEG is sensitive to mental

workload measurements in laboratory environments, [28; 37; 38; 10; 224],
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for example the measurement of mental workload during traditional n-back

tasks [224; 38]. There is also increasing evidence for the ability of EEG to

measure mental workload in more naturalistic tasks, especially in aviation

[12; 14]. For example, Borghini et al [31] found EEG effective in detecting

mental workload levels in a flight simulation task for novices. Flumeri et

al [91] also found EEG to be an effective measure of mental workload from

their study involving professional air traffic controllers completing traffic

management tasks at varying levels of difficulty. Further, Arico et al [14; 12]

outline that EEG has been used to measure mental workload effectively in

tasks relating to driving [32], surgery, and power plant control centres.

Because EEG records electrical activity in the brain directly (instead of

from a secondary source), it has high temporal resolution, but has a rela-

tively weak spatial resolution [115]. It is known to also be susceptible to

artefacts [115; 189], which could be the most problematic barrier to for the

its adoption in real-world environments.

fNIRS

In recent years, functional Near-Infrared Spectroscopy (fNIRS) has gained

a lot of momentum [67] and has shown promise as a non-invasive and

movement tolerable brain scanner [209; 152; 3; 185; 153; 242].

fNIRS uses near-infrared light to measure changes in blood oxygenation in

the brain. Brain activity can be indirectly evaluated from this based on

the concept of neurovasuclar coupling in which active brain regions require

increased blood flow to meet enhanced energy demands. For understanding

the effort involved in everyday work tasks, the prefrontal cortex (PFC) is

one area of the brain often measured in mental workload studies [161; 97;

94; 21] as it is an area associated with executive functions required for the
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cognitive processes that mental workload is comprised of.

fNIRS has a relatively good spatial and temporal resolution [115] and is

robust against motion artefacts [115; 189]. As a non-invasive, portable

and movement tolerant brain imaging method, fNIRS is arguably the most

effective tool for measuring mental workload in-the-wild.

Please refer to Appendix D for my written guide to fNIRS, outlining in

detail how it works, how the data is processed, and how it can be analysed.

An accumulation of literature has found that fNIRS can reliably measure

mental workload in a controlled laboratory setting for both traditional and

more naturalistic tasks. For example, Ayaz et al [18] had experienced air

traffic controller participants perform an n-back task followed by a simu-

lated air traffic control task whilst wearing fNIRS. Mental workload during

the n-back task was manipulated by changing the target item between 0-4

numbers previously; mental workload during the air traffic control task was

manipulated by changing the number of aircrafts in each sector to either

6, 12 or 18 aircrafts. Results found that for both tasks, fNIRS detected

increased PFC oxygenation in conjunction with increased task difficulty,

supporting fNIRS as an objective measure of mental workload. Further,

Maior et al [152] measured mental workload using fNIRS and asked par-

ticipants to perform a verbal and a spatial mental workload task and then

compared the oxygenation from the tasks to a rest condition; it was found

that fNIRS could reliably detect mental workload for both the verbal and

spatial conditions. Additionally, Fishburn et al [89] found oxygenation

measured by fNIRS to increase linearly with memory load from an n-back

task; the sensitivity of fNIRS to mental workload was so satisfactory that

the authors suggested it as a viable alternative to fMRI. Further to this,

fNIRS has also been used to differentiate mental workload levels in remotely
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operated vehicle operational tasks [72], and driving tasks [93].

There is research beginning to study mental workload using fNIRS in

more uncontrolled environments. For example, fNIRS was effective in dis-

tinguishing low and high mental workload levels in pianists playing mu-

sic pieces [242], computer programmers comprehending programming lan-

guages [165], and a table tennis player playing at two levels of difficulty [23].

However, research so far does not represent mental workload measurements

during standard office work tasks or take into account the factors that could

impair mental workload measurements in real-life office-work applications

due to the increased complexity of natural settings [14].

2.1.4 Application Areas for Mental Workload Mea-

surement

The ability to measure mental workload in the real-world is of extreme rel-

evance to the neuroergonomics and human factors disciplines [17; 187; 240].

Mental workload is therefore predominantly researched within these fields,

where a primary focus is preventing ‘crashes’ in performance in largely

safety-critical tasks. As mentioned, mental workload is a defining factor

for performance at work, as if the demands of a task exceed the resources

available, performance errors can happen through overload [132]. Simi-

larly, if there is too little stimulation, errors can also happen in the form

of underload [241].

If for example a driver, pilot, signaller, or air traffic controller becomes

overloaded or underloaded when interracting with a system, mistakes and

serious incidents can happen [240]. Hence, typically such work tasks and

even shift patterns are designed to remain within employee’s capabilities
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[203].

Neuroergonomics is the study of the human brain in relation to perfor-

mance at work and in everyday settings [178]. A large research area within

neuroergonomics is using brain imaging methods to measure mental work-

load [177; 179] with the aim of improving safety and performance at work

and in life [176]. Indeed, mental workload research has predominantly

been researched in regards to transportation applications over the last two

decades, including driving, rail, and air traffic control research [240].

But mental workload is not only relevant to performance in safety-critical

situations, but performance in broader work scenarios too. For example, a

lawyer submitting important paperwork, a banker making an investment,

or an online sales worker trying to close a deal, are examples of office-type

work where if the task does not remain within the worker’s mental workload

capabilities, costly performance errors might happen.

Outside of work, mental workload also remains a meaningful concept, with

strong relevance to areas such as using medical devices at home, navigating

using technology [203] or performing work-like tasks at home [77].

Approaching Mental Workload Holistically

Mental workload has typically been considered from a short term, task-

based, ‘work’load perspective. This is reflected in mental workload litera-

ture which seeks to track mental workload levels only for the duration of

the task of interest. It is also reflected in the mental workload theories

and frameworks, which also consider mental workload in terms of isolated

tasks.

However, this thesis argues that the experience of responding to a task
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makes up half of the identified (and agreed upon) components in mental

workload, but research largely only considers the resources available to in-

dividuals without considering to whom those resources belong in terms of

individual characteristics. It is therefore argued that approaching mental

workload from a more holistic perspective should involve understanding

people’s perceptions of the concept itself. This is because individual per-

ceptions of mental workload might affect how people respond to the use

of their resources, which may in turn affect their performances. Thus,

understanding mental workload as a person-centred, whole entity could

implicate the ways in which different people approach mental workload in

their lives, and could also implicate further understanding of overload and

underload at work in terms of the personal factors that contribute to these

given states. Therefore, where most mental workload research focuses on

the avoidance of overload and underload to improve performance at work

[240], our focus remains on the mental workload levels in between these

extremes.

2.2 Personal (Cognitive) Informatics

We have experienced a revolution of self-tracking [135], where wearables

and smart phones enable us to monitor aspects about ourselves that per-

haps once would have been unimaginable. From physical activity data,

such as heart rate, steps walked, and calories burned, to monitoring fi-

nances, locations visited, and menstrual cycles - self-tracking is now at our

fingertips. Wearable devices for physical activity are so prevalent that they

may be considered ubiquitous.

The Quantified Self movement1 is an international community that have

1https://quantifiedself.com/
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an interest in gaining “self knowledge through numbers”, and comprise

both users and makers of self-tracking technology. Personal informatics is

a relatively recent scientific field that is growing in line with the expansion

of self-tracking technologies. Personal informatics concerns the collection

and reflection of personal data [135; 145; 82]. The term is often used

interchangeably with quantified self, but instead tends to focus on providing

meaningful data insights [145] to facilitate favourable changes in behaviour

[135; 210].

Personal informatics research has primarily been researched and developed

for the health and wellbeing space [79]. Physical activity tracking, chronic

condition symptom tracking, mental health tracking, sleep tracking, and

food tracking were identified as the top five most prominent application

areas for personal informatics publications in a recent mapping review by

Epstein et al [79]. Personal informatics for productivity improvement was

identified as the second most prominent research and development area

[79]. In this regard, several personal informatics tools have been developed

with the aim of supporting users to increase their productivity levels; they

tend to work by collecting data about number of hours spent working, the

length of time spent on particular documents, and when they have been

distracted by non-work online activities, such as social media [58]. Thus,

this further shows that there is demand within the health and wellbeing

and productivity improvement space in regards to personal informatics.

2.2.1 Models

There are two main models of personal informatics that describe how users

interact with personal informatics tools. These are the stage-based model

[145] and the lived-informatics model [82]. The models help to increase our
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understanding of the steps and behaviours users of personal informatics

tools might take, which can be used to guide the design of personal infor-

matics tools. The stage-based model was developed with the aim of un-

derstanding the problems that users of personal informatics systems might

face; the lived-informatics model aimed to revise and develop the stage-

based model after arguing that in practice people do not adhere to the

strict division of stages that were proposed.

Stage-Based Model

Li et al [145] proposed the stage-based model of personal informatics which

provides a common framework to describe, compare, and evaluate personal

informatics systems (Figure 2.7). It was developed by conducting surveys

and interviews with people who already collect and reflect on their own

personal data. The model comprises of five stages. The preparation stage

is where users decide what information type to collect based on their moti-

vation(s) and the technology they will use to collect it, and hence this stage

occurs before any personal information is collected. The barriers at this

stage relate to decisions about which information to collect and the method

of collecting it. The collection stage is where users actually collect their

personal data. This can vary in frequency, such as several times each day,

once each day, or continuously. Barriers to collection included the tool it-

self, for example not having access to a computer when needing to log data,

and the user, such as forgetting to log data or not having the motivation

to do so. The integration stage is next, where the collected data is made

into a format appropriate for the user to reflect on by perhaps combining

data sources and transforming the data for reflection. Barriers at this stage

can arise from, for example, manually organising or transcribing the data.

The reflection stage is where users reflect on their personal data, including
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viewing or interacting with data visualisations. This can be a short time

after the data has been collected in order to gain an understanding of the

current status, or over the longer term, to observe trends or patterns in the

data. At this stage, there can be problems with regards to the ability to

explore (through time constraints) or understand the data. The final stage

is the action stage, where users use their reflections to inform their be-

haviour; the increased understanding about their behaviours helps the user

to make modifications in this respect. The tools themselves can also make

recommendations about behaviour change based on the data, but Li et al

(and others [58] systems that lack this feature are barriers to behaviour

change.

Li et al [146] later expanded the reflection section to differentiate between

users in a ‘discovery’ or a ‘maintenance’ phase, which affects the type of

information that they desire to interact with. The authors outlined that

whilst some users might be using the personal informatics tool to inform

behaviour change (the discovery phase), other users may have already met

their goals through behaviour change and are now using the personal infor-

matics tool to maintain their behaviour habits instead of seeking to change

them (the maintenance phase).

Figure 2.7: Stage-based model of personal informatics [145].
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Lived-Informatics Model

Epstein et al [82] expanded upon the stage-based model, arguing that the

stages do not capture the realities of self-tracking in practice. They pro-

posed a model called the Lived Informatics Model (Figure 2.8) which was

based on the notion of ‘lived informatics’, presented by Rooksby et al

[196]. Lived informatics is a perspective in which it is appreciated how

self-tracking technologies are a part of our everyday lives, and people en-

gage with this data in different ways [196; 78]; this differs to the perspective

presented in the stage-based model [145], which implies that data used for

personal informatics has been thoroughly processed and analysed with goal

setting in mind.

Rooksby et al [196] therefore identified five overlapping self-tracking styles:

directive, documentary, diagnostic, collecting rewards, and fetishised. Di-

rective tracking refers to users who track their data to help them to achieve

a specific goal. Documentary tracking refers to users who wish to keep track

of their activities but not change them. Diagnostic tracking refers to users

who track their data in order to identify a relationship between two vari-

ables. Collecting rewards tracking identified users who tracked their data

in order to score points or register achievements. Finally, fetishised track-

ers refer to users who track because of their interest in the technology and

gadgets.

The lived-informatics model [82] was also developed through surveys and

interviews of self-trackers. In this model, the preparation stage is divided

into ‘deciding’ and ‘selecting,’ in terms of making the decision to track and

deciding what to track, and selecting the method of tracking. Further, the

stages of collection, reflection, and action from the stage-based model are

integrated into one stage called ‘tracking and acting.’ This is because whilst
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the categories are distinct, they can occur simultaneously and are therefore

considered together. At this stage, lapsing can occur, which is a temporary

or permanent break in tracking. However, after a lapse, resuming tracking

can occur and the user can go directly to the tracking and acting stage

instead of returning to the deciding and selecting stage.

Whilst there are differences in the models of personal informatics, there

are many similarities, and they both describe how personal data can lead

to self-insight, and can facilitate positive behaviour change.

Figure 2.8: Lived Informatics Model of personal informatics [82].

2.2.2 Personal Cognitive Informatics

As described in Chapter 1, we are interested in exploring beyond short

instances of cognitive activity tracking and researching cognitive activity

tracking in daily life. Thus, there is a need to investigate what cognitive

data would be useful for neurotechnology users to track longitudinally that

enables goal setting for the optimisation of certain aspects of our lives. For
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some forms of personal informatics, users have found the data collected

to not be useful for meaningful insights, which is a barrier to technology

adoption [145] and continued use [80].

Further, Collins et al [58] identified four factors that were barriers for user

engagement with productivity personal informatics tools, including salience

(data should be easy to access), contextual information (output should

support comparisons), credibility (users need to believe in the accuracy of

the data), and action advice. Action advice refers to the tool providing

information about what action the user could take based on the data, and

this is particularly relevant for the ability to set goals. Ensuring that the

tool supports actionable insights is not just relevant to productivity tools,

but for personal informatics tools in general [145].

2.2.3 Mental Workload for Personal Cognitive Infor-

matics

With the world becoming less physical and more technology focused, mental

workload is as relevant now as ever as a concept to be considered in our daily

lives. Our work-life balance is becoming ever more blurred, we frequently

perform cognitively based tasks outside of the workplace [77], we strive

to optimise our efficiency and performance at work, and we seek to lead

healthy and happy lives [53]. Research has shown that high levels of mental

workload at work play a role in accidents at home [75], and the impact of the

weekend can affect accidents at work [74]. Similarly, demands for mental

effort in our home lives can lead to poor performance at work [128]. We

do not have a clear picture, however, of how people would try to manage

mental workload in these different cases if they could measure their brain

data as a form of personal informatics, or how workplaces might adapt to
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understanding mental workload from a broader perspective.

With the continuous measurement of mental workload a real possibility

on the horizon, mental workload could be useful as a form of personal

informatics, like a Fitbit for the brain [237]. Here we try to draw useful

(although not infallible) parallels with physical activity tracking. The new

consumer neurotechnology devices (outlined in Section 2.3.3) take brain

measurements comparable to gyroscopic data in phones and watches. Their

interpretation of this data into physical activity e.g. steps or swimming

strokes, would be comparable to their ability to make inferences about

relaxation or focused attention, or indeed mental workload levels. Beyond

this, it is unclear what people would want to know, or indeed try to achieve,

if they had mental workload as a form of personal informatics, as a parallel

to trying to reach 10,000 steps a day, or train for improving fitness. It

should be noted, however, that as mental workload is not a tangible concept

like physical activity data, people are likely to be individual in the way

that mental workload should be approached in their lives; this therefore

emphasises the importance of a holistic approach.

2.2.4 Data Reflection and Visualisation

We know that people wish to optimise aspects of their lives, such as be-

ing fit and healthy, but there are often discrepancies between our desired

and actual lifestyles that can sometimes be attributed to a series of poor

and simple everyday decisions [59]. Research has been conducted towards

identifying guidelines for the presentation of data that encourages positive

behaviour change. For example, Consolvo et al [59] used psychological the-

ories to outline eight design strategies for self-tracking data presentation,

such as making the designs abstract, aesthetic, and positive. Choe et al [49]
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outlined design recommendations for the visualisation of personal data, in-

cluding visualisations that encourage self-reflection, valid insights, effective

data displays, and more playful visual annotations.

Moreover, several personal data visualisation displays have been developed

based upon meaningful metaphors (e.g. [59; 84; 96]). For example, to en-

courage green transportation, an interface of a bare tree that grew leaves

and fruit after every green transportation event was developed in addition

to a polar bear standing on a small block of ice that got bigger with an im-

proving surrounding ecosystem after each green transportation event [95].

Fish ‘n’ Steps [148] also aimed to display personal data meaningfully to en-

courage behaviour change by using a virtual fish in a tank that got bigger

and happier as the users’ step count increased, and remained smaller and

angry or sad if the step count was not sufficient.

These personal data interfaces have been designed for use in a personal

context as opposed to a professional context. The design focus centred

on providing meaningful visualisations for non-expert visualisation or data

analysts. This is an important area of research, as traditional visualisa-

tions aim to support expert analysts in their roles [120], but these styles of

visualisations are not appropriate for lay people tracking personal data in

a personal context [120; 50]. However, there has not been enough progress

in data exploration and analytic capabilities for personal data analysis [86],

and users are often left to do the heavy lifting [86].

Huang et al [120] noted that this may be because current designs are made

by system designers who make decisions on how the data is presented with-

out considering the unique perspectives of individuals. Hence, they called

for further research aiming to explore how to support people so that they

can increase their understanding of the personal data in which they choose
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to self-track [120]. In this vein, “data must be accessible, understandable,

and interpretable before interacting with it can lead to insights or action-

able knowledge” [120], and thus there is a need to investigate how users

consider the aspects that they choose to self-track in order to develop ef-

fective ways of displaying the data back to them.

2.2.5 Designing for Cognitive Activity Trackers

It has been noted that personal informatics research has largely been fo-

cused on data collection rather than data presentation and interaction [120].

To establish what data matters to users, designers need to consider the

ways in which people live, their concerns, and their internal conceptions

[191]. Hence, as well as establishing which types of cognitive activity data

might be useful, efficient, and healthy for users to track, there is a need to

investigate effective ways of displaying the data back to users in order to

maximise user engagement and long-term tracking, as outlined above.

Wilson et al [237] aimed to explore ways to visualise mental workload data

so that users are able to gain valuable insights when reflecting on their data.

By combining diary studies, interviews, and focus groups, their preliminary

work started to paint a picture of example metaphors and descriptive words

that people associate with different levels of mental workload. Displaying

physical activity personal informatics data through metaphors has been

previously researched, and compared to charts, they are found to be more

engaging, motivating, glanceable, and ambient, whilst remaining effective

at conveying information [84].
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2.3 Brain-Computer Interfaces and HCI

Human-computer interaction (HCI) researchers continually seek to im-

prove the quality and capabilities between humans and computers, ulti-

mately aiming to create intuitive and usable systems that seamlessly fit

with users’ intentions. One way of achieving this has been by researching

ways in which computers can communicate relevant information to users

abundantly. Likewise, researching ways in which users can input infor-

mation or commands into the system has also been a priority. In this

sense, Tan and Nijholt [211] outlined how this input has generally required

users to perform certain motor movements, such as moving and clicking

a mouse. However, progress in brain imaging methods (as outlined ear-

lier) has opened the door for enabling HCI research to progress to the

next level. Prior to this, systems were evaluated purely by observable be-

havioural measures, such as performance measures or questionnaires [62].

Tan and Nijholt [211] described brain imaging methods as entering a matu-

rity phase, where the concept of the ability to measure cognitive states has

been proven and basic functions have been achieved, so designers can work

towards using its unique attributes to create experiences that are novel

and cannot be achieved with other technologies. Research in this sense

is still at a relatively early stage, but, as mentioned, is progressing sub-

stantially and becoming closer to being implemented widely in real-world

environments, and consumer neurotechnology (where products can be sold

directly to consumers) is already starting to filter into the market on a

small scale (outlined further in this section).
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2.3.1 Brain-Computer Interfaces

The idea of Brain-Computer Interfaces (BCIs) was introduced in the early

1970s [221], where the original aim was to provide people with severe mo-

tor disabilities with means for communication and control [14]. In this

sense, BCIs refer to the recording of brain signals, where features are ex-

tracted and converted into artificial outputs [14], such as mouse clicks on a

computer. The field has expanded over the last decade, and now BCIs in-

clude applications relating to healthy subjects. Zander et al [245] therefore

outlined three categories of BCI, consisting of active, reactive, and passive.

BCIs can be invasive or non-invasive [143]. Invasive BCIs refer to brain

activity that is recorded from EEG electrodes that have been implanted into

the brain. This means that the patient is required to undergo surgery in

order to fit the system which carries surgical risk; the procedure is therefore

usually only reserved for medical purposes, but does result in recorded

signals of a high quality [118; 143]. Non-invasive BCIs regard brain activity

that is recorded from the surface of the head, for example from EEG and

fNIRS devices. This method can be applied on a wide scale to disabled

an non-disabled people and has several areas of application. The recorded

output is not as high in quality as invasive BCI [118; 143], but users have

the advantage of not undergoing surgery, and the impact of non-invasive

BCIs can be beneficial to many different areas [143], as well as potentially

being flexible, quick, and easy to set up and use. Non-invasive BCI will be

the focus of this section.
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Active and Reactive BCI

Active BCI works towards enabling direct communication between a user

and a technical system by using consciously controlled brain activity to

control an application. Closely related is reactive BCI, which refers to how

users control an application by their brain activity that occurs in response

to externally presented stimuli.

Active and reactive BCIs tend to be considered as ‘traditional’ BCIs, which

can increase independence of people suffering with conditions that disrupt

their motor control, such as those with multiple sclerosis, [243] by bypass-

ing the peripheral nervous system [238]. Application areas for these BCIs

include communication purposes; for example, outlining simple ‘yes’ or ‘no’

decisions have been classified with 82 percent accuracy using fNIRS [166].

Motor assistance is another application, such as controlling a cursor to

browse computer options and make a selection [52], and BCIs to aid move-

ment is another application area, such as for the control of wheelchairs

[212]. Additionally BCIs can be a valuable tool for stroke rehabilitation,

for example by helping patients regain lost muscle function or coordina-

tion through motor imagery and neurofeedback that results in a change in

neural connections [183].

Passive BCI

The notion of passive BCI (pBCI) was proposed by Zander et al [245]

which aimed to capture all types of BCI that did not fall under the active

or reactive categories. pBCIs refer to systems that monitor cognitive or

emotional states identified through arbitrary brain activity [14; 245; 244].

Zander et al [245] outlined the key properties of pBCIs. Firstly, because
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of their ‘passive’ nature, they should be complimentary, meaning that it

should not interfere with the technical system through direct control or

communication like active or reactive BCIs do. pBCIs are also compostable,

meaning multiple pBCI outputs can be recorded without conflicting with

one another.

2.3.2 BCIs for HCI

Because of the development of BCIs, research in HCI has been able to

progress to investigating how information or commands can be inputted

into systems without being executed with motor movements, as well as how

systems or tools can be evaluated objectively in real-time; these research

areas have been made possible by progress in brain sensing, which can

essentially detect a user’s thoughts.

Indeed, Nijholt et al [168] described three broad areas of HCI research that

BCIs enable. The first is the ability to control computers with thought

alone, which relate to the properties of active and reactive BCIs. This is

particularly relevant for patients with motor disabilities, in which sophis-

ticated systems can be developed to help increase their quality of life, as

mentioned above. For people without physical disabilities, there is now the

opportunity to research how to develop experiences of interacting with com-

puter systems through thought, such as during gaming [168], and research

in this area is developing [5].

The second and third areas of research are in relation to pBCIs. The second

regards the evaluation of interfaces and systems [168], and this refers to

how the cognitive or affective measures can be used to evaluate a system

or user. Arico et al [14; 15] focussed on the user aspect of this research
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area and simply outlined that pBCIs could be used to provide feedback to

users about their cognitive state. Nijholt et al [168] highlighted how this

is particularly useful for evaluating mental workload levels either in terms

of the users’ capacity capabilities or the system’s mental workload impact

on the user in order to make improvements to the system. The use of

brain imaging methods for monitoring mental workload levels in order to

prevent overload and underload in mostly safety-critical situations has been

outlined in section one, as measuring mental workload to provide feedback

to users is an overlapping research aim in the neuroergonomics and BCI

fields [14; 16]. This is speculated to be useful for improving work tasks [16],

as mentioned previously.

Aside from mental workload research, which seemingly dominates research

in safety operational contexts, especially in driving, rail, and aviation, other

related factors have also been measured using pBCIs. In driving contexts,

pBCIs have been used to measure attention levels on the task [225] , motion

sickness whilst driving [147], and fatigue [223]. Fatigue in pilots has also

been measured using pBCIs [67], and interestingly to monitor students’

attention in lectures [137]; in that study, EEG was used in real-world lec-

tures. Stimuli in the form of different shapes were presented on the screen,

and attention levels were measured based on response times for students

to notice the shapes.

On the other hand, Lukanov et al [151] provides an example of using pBCI

to evaluate an interface. They used fNIRS to evaluate mental workload

levels in response to filling out three different versions of a car insurance

claim form. The versions varied by how the information was displayed

to participants, such as the use of sub-forms. The authors found that

fNIRS could provide insight into which layout generated the lowest amount

of mental workload for participants, and suggested that this could be a
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way of reducing errors. Peck et al [182] also found fNIRS effective at

detecting mental workload levels for participants interpreting bar charts

and pie charts.

In addition, pBCIs are researched and used in terms of neuromarketing;

this is because of their ability to detect feelings not overtly expressed by

the user whilst interacting with marketing content, such as advertisements.

[14]. As an example of this, Guixeres et al [105] used EEG to evalute

the effectiveness of certain YouTube advertisements. The authors found

that the EEG (and heart rate variability and eye tracking) measurements

significantly correlated with metrics including advertisement recall, liking,

and amount of views, suggesting that neuromarketing techniques could be

useful for predicting the success of responses to advertisements. Similar

results have consistently been reported elsewhere [41; 218; 46].

An extension of this second research area for pBCIs is the development of

adaptive user interfaces [168], such that interfaces can adapt based on the

cognitive state of the user. This is generally for the purpose of keeping

users in an optimal state by managing factors such as mental workload,

stress, and fatigue [14; 15; 240]. For applications relating to safety, mental

workload levels were found be effectively managed in simulated air traf-

fic controller tasks by measuring mental workload levels with EEG and

adapting the interfaces (for example by highlighting specific information

and filtering out non-critical information) to avoid overload or underload

[12]. The authors note the potential of adaptive systems, but describe

how there is a lack of examples in regards to mental workload, especially

outside of laboratory settings. Additionally, in a real-world driving task,

emergency braking systems could be effectively activated through passively

monitoring cognition with EEG, and was found to save around 130ms of

braking time [112].
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In a learning context, Yuksel et al [242] developed an adapting system

as an education tool; they increased the difficulty of piano pieces if fNIRS

measurements indicated that participant’s mental workload level was below

a certain threshold by adding lines of music into the piece they were playing.

Results found that participants could learn more accurately and could play

faster music using this adaptive system compared to a control group that

learned in a traditional way. Daley et al [63] studied how people’s affective

states (mood and emotions) can be controlled by using EEG (among other

physiological measures) to infer the participant’s emotional state and then

playing targeted music to control their emotion. They found that they

could effectively help participants to feel happier, calmer, and de-stressed.

Additionally, pBCI has been incorporated into gaming for entertainment

purposes [157; 5; 14], by measuring the users’ affective state and adapting

specific features of the game accordingly, such as the difficulty level [12].

For example, van de Larr et al [217] incorporated pBCI into the popular

game World of Warcraft. The user’s character could take the form of either

a wolf or a bear; the form of the elf enabled the user to attack enemies

from a safe distance away, whereas the bear enabled close-up attacks. If

the passive EEG measurements indicated that the player was in a relaxed

state, their character would stay as a bear; if the player was assessed to be

more agitated, they would become a bear.

2.3.3 Current Neurotechnology

Because of the substantial progress in the BCI field, it is believed that the

technology is not far away from becoming freely available to consumers

[16]. Devices are beginning to arrive, and a sample of currently available

pBCI systems that are being sold directly to consumers are outlined below.
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Neurosity

Neurosity 2 is a consumer EEG device that translates gamma activity into

interpretable levels of focus. A baseline level for focus levels is created, and

if gamma levels drop below a threshold, this is interpreted as a decrease

in focus. If a decrease is detected, the Neurosity app plays music that has

been specifically composed by the company to help the user concentrate;

the choice of music is chosen depending on what it recognises that the

user responds best to. The company outline that the result is a ‘shift’ in

concentration that helps the user to increase their levels of concentration

over 5x faster than without the use of their BCI device. The Neurosity app

also enables users to keep track of their concentration levels in real-time or

retrospectively.

Muse

Muse 3 also uses EEG for their pBCI device which aims to guide medita-

tion sessions. This works by users connecting the device to the Muse app

through their phones. When the system detects that the user is in a restful

state, it will play calm music, such as peaceful weather sounds; when it de-

tects that the user’s focus is drifting, it plays more intense music, such as

stormy weather sounds, in order to bring the user’s attention back to their

breathing. The app then provides feedback about the meditation session,

using graphs to outline how much time was spent in active, neutral and

calm meditative states.

2https://neurosity.co/
3https://choosemuse.com/muse-2/
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Emotiv

Emotive 4 is a pBCI device which uses EEG to measure brain activity from

each lobe of the brain. It claims to infer several cognitive states, and thus

has several different uses. Emotiv can measure excitement, task engage-

ment, relaxation, interest, stress, and focus levels. It appears that this data

is passively measured and the information is relayed to users through an

app; Emotiv does not appear to provide guidance or recommendations for

how to improve their cognitive state.

2.3.4 Current Limitations of BCI development

Due to being at an early stage of development, consumer neurotechnology

currently faces developmental issues. From a technological point of view,

BCI technology is still making many misinterpretations about a user’s cog-

nitive state [14; 15; 118; 30]. However, as mentioned, research is making

huge progress at overcoming barriers to the measurement of real-world

brain activity, and the general consensus is that we are not far away from

being able to accurately infer cognition in real-world environments. Addi-

tionally, neurotechnology outside of the medical field is largely legally un-

regulated [216], meaning users are not guaranteed that the data is valid and

representative of true cognitive function [125; 73] (discussed more below).

Current cognitive activity measures also need to be worn fairly obviously

on the head, which may not currently be suitable for longitudinal use due

to device discomfort and social aspects. However, it is likely that future

technology will have the ability to track cognition from more commonly

wearable sensors [8], such as the wrist or more subtly and comfortably

from the head. For now, however, research is aiming to reduce the size and

4https://www.emotiv.com/
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increase the ease of use of the brain scanners, but this can somewhat be

at the expense of reducing the quality of the signal [14]. Arico et al [14]

outlined a further issue for BCI devices, in that currently most pBCIs need

calibrating frequently based on training data, which creates inconvenience

for the user. In this regard, progress is being made towards reducing the

frequency needed for this [14; 13; 226].

2.4 Neuroethics

As mentioned, the consumer neurotechnology market, which includes brain

tracking devices, is rapidly growing in availability and investment [139].

But this growth in consumer neurotechnology comes with myriads of ethical

considerations that must we must bear in mind [139; 73; 228; 125; 124; 216],

and will be considered deeply in this thesis that seeks to progress the devel-

opment of pBCI devices. Hence, neuroethics is a field that refers to a broad

range of ethical, legal and social issues that have emerged through progress

in neuroscience [85]. Giordano [100] describes how the public anticipates

ethical issues incurred by the speed and breadth of neuroscientific discovery,

and that whilst the future is full of possibilities for insights into our cog-

nition, there is also potential for misuse of information, misunderstandings

and foul play.

Specifically in terms of consumer neurotechnologies, Kreitmair [139] has

outlined seven ethical dimensions that should be considered in the devel-

opment through to consumption of these technologies. These regard how

the products must firstly be safe, without any medical or cybersecurity

risk. They should be transparent, meaning the products must be validated

in their performance. Privacy is the third dimension, where consumer data
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should be handled responsibly, such that data remains private. The tech-

nologies should be epistemically appropriate, meaning it should be consid-

ered that the quantification of brain data may interfere with how users see

the world, potentially being less immersed in activities and more outcome

driven. Existential authenticity should also be a consideration, where one’s

self-identity might be affected. The sixth dimension states that consumer

neurotechnologies must be distributed fairly, without creating inequalities.

Finally, in the absence of proper regulation, a working group of stakehold-

ers should appraise the risks and benefits of neurotechnologies before they

become available to consumers. If these dimensions are considered, Kreit-

mair [139] argues that consumer neurotechnologies would be able to meet

their intended purposes of improving lives and experiences instead of having

unintended consequences through unconsidered ethical implications.

Additionally, the UN’s International Bioethics Committee have recently re-

leased (August 2021) a draft report on the ethical issues of neurotechnology

[216]. As well as medically issued neurotechnology, the report considered

consumer neurotechnologies. The authors outline that whilst there is po-

tential for tremendous benefits, neurotechnologies also hold the potential to

damage individuals’ privacy, deepen social inequalities and provide tools for

the manipulation of individuals. They note that there are few regulations

outside of those on medical devices used in research or the medical field,

and recommend the introduction of ‘neuro-rights’ into law. This regards

the rights of individuals to retain their integrity, mental privacy, freedom

of thought and free will, the right to benefit from scientific progress and

freedom of choice on matters related to the use of neurotechnology without

any discrimination, coercion and violence.

Along a similar note, Ienca and Andorno [124] discuss how the development

of consumer neurotechnology requires the emergence of new human rights,
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or at least the expansion of already established rights in order to address

the emerging challenges of neurotechnology development. Indeed, Ienca et

al. [125] included human rights as one of four identified areas that require

proactive governance to ensure safe and responsible use of brain data out-

side of a medical domain, stating that brain data protection needs to be

embedded into human rights in order to be included in the international

normative framework. Binding regulation, where brain data is given its

own category for mandatory data protection was another identified area

for regulation. The third identified area was ethical guidelines and soft

law, which regards how the collection and processing of brain data is gov-

erned. Finally, responsible innovation was the fourth area, which relates

to the responsible collection and processing of data (such as validating the

technology).

2.5 Tying Together Mental Workload, Per-

sonal Cognitive Informatics, and pBCIs

Taking the research outlined so far, we believe that the fields of neuroer-

gonomics, personal informatics, and BCIs fit together seamlessly for a mul-

tidisciplinary project that has the potential for a real-world impact. This

section will summarise the take-away aspects of each field that underlie my

research project.

Firstly, currently available pBCI devices tend to consider cognitive ‘work-

outs’ in terms of tracking and understanding brain activity over a short

period of time, such as a meditation session, in comparison to a longitu-

dinal perspective. This is perhaps comparable physical activity tracking,

which can be tracked for the duration of a specific workout, or more lon-
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gitudinally over time (such as heart rate data or calories burned over a

day/month/year). Whilst workout tracking might be useful, especially as

current pBCI devices aim to monitor cognitive activity then provide feed-

back in order to improve the cognitive state of the user, healthy lifestyles

are also contributed to through tracking longitudinal data, such as how

many steps we walk each day.

However, in terms of neurotechnology, research has shown that people are

particularly interested in collecting and understanding their own cognitive

data compared to other data that can be collected through wearable tech-

nology [111]. In this respect, there is a lack of research into what type of

data might be useful to track longitudinally, how it might be useful, and

how users could effectively interact with it.

Therefore, it seems important to develop an understanding of how pBCI

devices can harness cognitive activity as a form of personal informatics.

Further to this, as mental workload is such a meaningful concept in neu-

roergonomics and pBCI research in order to improve performance at work

[16; 240], alongside our argument that mental workload is a meaningful

concept in our daily lives and should be considered holistically, it appears

to fit seamlessly as a potential candidate for the cognitive activity that

may be of use to future pBCI neurotechnology users as a form of personal

cognitive informatics.

54



Chapter 3

Measuring Mental Workload

Variations in Office Work

Tasks using fNIRS

This study was published in the International Journal of Human-Computer

Studies:

Midha, S., Maior, H. A., Wilson, M. L., & Sharples, S. (2021). Measuring

mental workload variations in office work tasks using fNIRS. International

Journal of Human-Computer Studies, 147, 102580.

3.1 Introduction

This chapter aims to address research question (a):

Can we physiologically track mental workload levels in general work tasks,

and what are the practical concerns of doing that?
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Our interest is in measuring mental workload longitudinally in our day-

to-day lives, but there is a lack of research that explores the physiological

measurement of mental workload for tasks that are more relevant to daily

life. As mentioned previously, studies that measure mental workload have

predominantly been studied in laboratory environments or safety-critical

task contexts. In these terms, the study presented in this chapter begins to

bridge the gap between tightly controlled laboratory or safety-critical envi-

ronments and more uncontrolled general work tasks. Hence, this study used

physiological methods to measure variations in mental workload levels dur-

ing naturalistic general office-like reading and writing tasks, which included

features commonly associated with office-work environments, namely ver-

bal interruptions, personalised tasks, and coffee consumption. This re-

search could be essential for our understanding of whether it is possible

to interpret cognitive activity as people go about their daily lives, and the

practical issues that may need to be considered when machine learning re-

search aims to accurately classify mental workload levels for future pBCI

technology.

In a working environment, being interrupted whilst undertaking a task is of-

ten inevitable. Research has suggested that people at work are interrupted

four times per hour on average, and the most common form of interruption

is verbally face to face [171], though online distractions are ever-more com-

mon [156]. Most research into interruptions has focused on their impact

on task performance or completion [155], or into delivering interruptions

at a timely stage of a task [126; 22]. The effect of interruptions on mental

workload levels, and whether physiological measures can be sensitive to

these potential mental workload changes, have not yet been investigated.

Yet these factors are intuitively critical for deepening our understanding of

the factors involved in tracking mental workload in the real-world.
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As mentioned previously in terms of physiological measures, fNIRS is a

brain imaging method that uses near-infrared light to infer cognitive states.

Because of its ease of use and ability to produce interpretable data in

real-world environments [115; 189], fNIRS is arguably becoming reputed

as the most promising objective measure for real-world mental workload

measurements. Because of this, and the rapid progress with which fNIRS

developments are being made, this study uses an fNIRS approach as the

physiological measure for investigating the measurement and implications

of measuring mental workload across general work tasks. The study is

not completely uncontrolled, but instead a stepping stone between tightly

controlled studies and more naturalistic environments. By maintaining

control over some variables, we should be more confident in the conclusions

drawn from the study for which future research can continue to build upon.

Based on the argument outlined above, this study was a naturalistic lab-

oratory study that used fNIRS to measure mental workload variations for

personalised reading and writing tasks at different levels of difficulty. Inter-

ruptions were incorporated verbally, and coffee drinking was uncontrolled

during task conditions.

The following findings were hypothesised:

H1a fNIRS will detect differences in brain activity between conditions that

correspond to different mental workload levels of a reading task.

H1b fNIRS will detect differences in brain activity between conditions that

correspond to different mental workload levels of a writing task.

H2 fNIRS will detect changes in brain activity corresponding to interrup-

tions.

Through this work we make the following study specific contributions:
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• We show that fNIRS measurements can differentiate between reading

task levels but saw no significant differences between writing levels

(despite self-reported differences).

• We consider fNIRS measurements in terms of spare capacity models

to reflect on how interruptions are handled.

These findings are used to provide a higher level contribution:

• Provided a deepened understanding of the factors that will be in-

volved in measuring mental workload in real-world environments.

3.2 Method

3.2.1 Participants

20 healthy participants took part in the study (8 females and 12 males,

aged 31 ± 9.57). Opportunity sampling was used to recruit participants

and each participant provided written and informed consent. Participants

were eligible for participation if their work included typical office-like tasks,

such as reading professional documents. The experiment was approved by

the School’s ethics board (approval ID: CS-2017-R13) and participants were

provided with a £10 Amazon voucher as an inconvenience allowance.

3.2.2 Design

The study had a repeated measures design. There was a reading and writ-

ing task, each with three conditions of an ‘easy,’ ‘medium,’ and ‘hard’
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difficulty designed to require corresponding levels of mental workload. The

easy and medium conditions involved personalised materials, and the hard

conditions were a continuation of the medium conditions with an addition

of a secondary task designed to overload participants’ mental workload

according to the Multiple Resource Model.

3.2.3 Materials

Reading task.

The reading materials for each participant were selected by the researcher,

personalised to each participant’s area of research, work, or study; this

meant that participants were presented with different materials, which was

aimed at more closely reflecting real-world work environments. The easy

condition for the reading task involved participants reading basic mate-

rial related to their area of research, work, or study. For example, if a

participant’s PhD project involved studying schizophrenia, the easy condi-

tion may involve reading a basic NHS article about the condition. The

medium condition involved reading a previously-unread academic journal

article, also relevant to participants’ individual areas. Using the previous

example, the participant may be presented with a scientific journal article

about how the brain in affected in people suffering from schizophrenia. For

the hard condition, participants continued reading the materials from the

medium condition whilst completing a secondary task that competed for

the same cognitive resources according to the Multiple Resource Model —

this involved counting the amount of times the word ‘the’ was read. This

secondary task was the same for all participants and aimed to represent

tasks in which one is searching for words or information whilst reading.
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The difficulty of the reading materials was formally assessed using the

Flesch-Kincaid Grade Level and Flesch Reading Ease scores [90]. These

measures are based upon word length and sentence length and can assess

how difficult a piece of text is to read. The easy condition materials were

at least 2 levels below the medium condition materials material in both

the Flesch-Kincaid Grade Level and the Flesch Reading Ease measures to

ensure a definite difference in task demands. All reading materials were

presented in an identical format with images removed to reduce the effect

of confounding variables.

Writing Task

All writing conditions were conducted in an email format which was ad-

dressed to the experimenter, and the difficulty of the conditions was based

upon the assumption that an increased amount of required cognitive pro-

cesses positively correlates with task demand. For the easy condition par-

ticipants were asked to “Describe the tasks that you have done so far in this

experiment in some detail”. This was designed to require retrospectively

recent memory.

The premise for both the medium and hard conditions were to “Pretend I

have emailed you asking about your area of research. I’m interested in what

you research, how you research it and why you research this area. Please

reply to that email. You can assume I have a basic but limited knowledge of

your field so you will need to explain certain terms to me. I also mentioned

that I would be interested in meeting with you to discuss your research.”

Wording was altered slightly when required to be relevant to participants.

The medium condition required participants to start by outlining some

real days and times that they were available to meet this week and then
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talk about their research. This required retrospective memory, short term

prospective memory and working memory to remember the vast amount of

information that was provided. The hard condition required participants

to continue with the task as well as outlining some real days and times

they would be available to meet the next week. The secondary task for

the hard condition involved participants saying ‘blah’ repeatedly out loud

whilst writing. This condition was designed to require retrospective mem-

ory, longer term prospective memory and working memory, whilst com-

pleting a difficult secondary task that competed for the same resources

according to the Multiple Resource Model. This secondary task was the

same for all participants and aimed to represent the notion of speaking

whilst working.

Interruptions

Verbal interruptions involved the experimenter briefly disrupting the condi-

tion with generic conversation, and were added to 3 out of the 6 conditions,

counter-balanced between participants. Interruptions lasted for a minimum

of 10 seconds and a maximum of 20 seconds.

To further increase ecological validity and make the study environment less

controlled, all participants were provided with a drink (coffee, tea or water

- if a drink was declined, water was provided on the desk). Drink consump-

tion was permitted as desired except during the baseline conditions.

Baseline Conditions

A fixation cross presented for 1 minute on a monitor was used as a baseline

condition at the beginning of both the reading and writing task. Before
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each further task condition, the fixation cross was used again for 1 minute

to allow brain activity to return to baseline.

Mental workload questionnaire

A NASA-TLX workload questionnaire [109] was used to collect subjective

mental workload information. The self-assessed questionnaire comprises

of six 21 point scales where a rating of 0 equates to ‘Very Low’ and 20 to

‘Very High’. The scales include mental demand, physical demand, temporal

demand, performance, effort and frustration.

fNIRS

A wireless fNIRS device (Octamon, Artinis Medical Systems) with 8 chan-

nels with a source-detector distance of 3.5cm measured oxygenated (O2Hb)

and deoxygenated (HHb) haemoglobin across the PFC (Figure 3.1).

The wavelengths used were 760 and 850nm with a differential pathlength

factor of 6 and a sampling rate of 10Hz.

3.2.4 Setup and Procedure

A standard office set-up was created. Participants sat behind an office desk

and in front of a computer monitor and keyboard. A non-transparent board

was placed between the participant and experimenter to provide a sense

of open-plan office form of semi-privacy. In order to identify the times at

which the verbal interruptions occurred, a GoPro Hero4 Silver placed in an

audible protective case was used. This was placed inconspicuously behind

participants and recorded their frame and monitor.
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Study Procedure

Participants were first provided with a drink and seated at the desk where

the study instructions were given and informed consent was provided. The

fNIRS device was fitted and the GoPro was started.

The reading task was completed first due to the writing task being partially

based on the reading task. When the study started, participants first stared

at the fixation cross for 1 minute before the easy reading condition began.

The condition lasted for 5 minutes, and when time was up participants im-

mediately filled out a NASA-TLX questionnaire. After the questionnaire

was completed, the fixation cross appeared again for 1 minute before the

next reading condition began. The order of the medium and hard read-

ing conditions were counterbalanced across participants and all conditions

lasted for 5 minutes. Once the second condition was completed, the NASA-

TLX questionnaire was administered immediately again, followed by the

1 minute fixation cross and the final reading condition which was again

followed by the NASA-TLX questionnaire. After the reading conditions,

the writing conditions started and followed the same format as the reading

conditions.

3.2.5 Data Analysis

NASA-TLX

Friedman tests were run to investigate whether there was a significant dif-

ference in ratings between the easy, medium and hard reading and writing

tasks; post hoc analysis was conducted with Wilcoxon signed-ranks with a

Bonferroni correction applied.
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(a) Sensor layout for the Octamon
fNIRS device with a source-detector
distance of 3.5cm.

(b) Visual representation of the sen-
sitivity profile of the channels. Cre-
ated using AtlasViewer [2].

Figure 3.1: Sensor placement and sensitivity

fNIRS Measurements

Raw data was exported to Homer2 fNIRS processing package [121]. Data

was converted into changes in optical density, and motion artifacts were

corrected using a Wavelet filter (iqr=1.5) and a bandpass filter (0.5 LPF

and 0.01 HPF). Physiological noise was reduced using a Principal Compo-

nent Analysis (nSV=0.97) and concentration changes in O2Hb and HHb

were calculated using the Modified Beer-Lambert Law.

Baseline correction was performed by subtracting baseline mean values

from the task data; the first baseline condition from both the reading and

writing tasks were used and subtracted from their respective tasks. To

test whether there were significant differences in brain activity between

the easy, medium and hard difficulty reading and writing tasks, one-way

repeated measures ANOVAs were conducted using the average values from

the first 2.5 minutes of each condition before any interruption occurred.

For the interruption analysis, the interruption timings were marked down

from the video footage and added as stimuli in Homer2. Data was baseline

corrected in the same way as the task data. To compare brain activity

during the task compared to during the interruptions, paired t-tests were

used to compare 10 seconds of interruption data against the previous 10
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seconds of task data for the participants that were interrupted in the same

conditions as the interruptions. All interruption stimuli were shifted by 2

seconds after the onset of the interruptions to account somewhat for the

temporal delay of fNIRS measurements.

When a region of the brain becomes activated, cerebral blood flow increases

to meet the increase in oxygen demand; this is known as the hemodynamic

response and is reflected by an increase in O2Hb and a decrease in HHb

[201]. Measurements of O2Hb alone are vulnerable to physiological noise

which risks false conclusions about neural activity being drawn [186; 116].

Whilst measurements of HHb are less affected by these confounds (page

364) and most highly correlated with other brain imaging methods [122] the

strongest indicator of functional brain activity is when there is an increase

in O2Hb corresponding with a decrease in HHb [116], and thus this is what

will be our main focus in the results.

Data from 2 male participants were excluded due to technical difficulties

making the final analysis include data from 18 participants. All fNIRS

measurements are reported in micromoles (µM). Post-hoc analysis for the

fNIRS data was conducted using a Bonferroni correction.

Coffee Consumption

The intention was to analyse the effect of drink consumption on mental

workload levels. However, this analysis was not possible for this study for

two reasons. Firstly, the period of time that it took for participants to take

a drink was very short (a couple of seconds), meaning that because of the

temporal delay of fNIRS, we could not be certain that we would capture the

drinks data in the analysis, reducing the validity of the results. Secondly,

there was such large variability between participants in the frequency of
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drink consumption; for the participants who drank very frequently, it would

have been difficult to extract the drinks data from the task data, and left

the task data very fragmented. Therefore, the drink consumption data

was not analysed, and instead left in as a factor that reflected real-world

working conditions.

3.3 Results

3.3.1 NASA-TLX ratings

Figures 3.2 and 3.3 display mean subjective scores for the Mental Demand,

Effort and Performance subscales for reading and writing respectively.

A Friedman test revealed a significant effect of condition on mental demand

ratings for the reading task, χ2(2)=18.250, p=0.001. Post hoc analysis

with Wilcoxon tests was conducted with a Bonferroni correction applied

which resulted in a p=0.017 significance value for all NASA-TLX post

hoc analyses. This showed that the easy and medium reading conditions

were rated significantly lower than the hard reading condition (Z=-3.335,

p=0.001 and Z=-2.519, p=0.012 respectively) but did not significantly dif-

fer to each other. Mental demand ratings also showed significance in the

writing task (χ2(2)=14.464, p=0.001), where the easy and medium condi-

tions were both rated lower than the hard condition (Z=-3.463, p=0.001

and Z=-2.872, p=0.004 respectively) but did not significantly differ to each

other.

There was a significant effect of condition on physical demand ratings for

the reading task, χ2(2)=17.211, p=0.001. Wilcoxon tests showed that the

easy and medium reading conditions were rated significantly lower than the
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Figure 3.2: Average NASA-TLX ratings across the reading task conditions
for Mental Demand, Effort and Performance sub scales. All error bars
represent standard error of the mean.

Figure 3.3: Average NASA-TLX ratings across the writing task conditions
for Mental Demand, Effort and Performance sub scales.
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hard condition (Z=-2.958, p=0.003 and Z=-2.534, p=0.011 respectively)

but were not rated significantly different to each other. Physical demand

was not significant for the writing task. There was also no significant effect

of condition on temporal demand or performance ratings for the reading

or writing tasks.

A significant effect of condition on effort ratings for the reading task was

found, χ2(2)=25.054, p=0.001. Post hoc analysis revealed that the easy

and medium conditions were rated as significantly lower than the hard

conditions (Z=-3.830, p=0.001 and Z=-3.604, p=0.001 respectively), but

again did not significantly differ to each other. The Friedman test was

also significant for the writing task, χ2(2)=22.243, p=0.001. Wilcoxon

tests revealed that the easy and medium conditions were rated lower than

the hard difficulty condition (Z=-3.428, p=0.001 and Z=-3.732, p=0.001

respectively) but did not differ to each other.

A significant effect of condition on frustration ratings for the reading task

was revealed, χ2(2)=18.613, p=0.001. The post hoc analysis showed that

the easy and medium conditions were rated significantly lower than the

hard condition (Z=-3.416, p=0.001 and Z=-3.316, p=0.001 respectively),

but not significantly different to each other. Effort was also significant for

the writing task, χ2(2)=15.254 , p=0.001, where the easy and medium con-

ditions were rated significantly lower than the hard condition (Z=-3.157,

p=0.002 and Z=-3.465, p=0.001 respectively) but again were not signifi-

cantly different to each other.
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Figure 3.4: fNIRS results for the reading task show a mirroring pattern of
increased O2Hb and decreased HHb during the hard difficulty condition -
Channels 5-9.

3.3.2 fNIRS data

Condition analysis On an individual channel basis, only channel 7

HHb (see Figure 3.1) showed a significant ANOVA result (F(2, 34)=4.258,

p=0.022), where means showed that reading medium had the lowest brain

activity, followed by reading easy, and reading hard had the highest brain

activity, though this did not reach significance in the Bonferroni post hoc

test.

When averaging across the different sides of the PFC, the ANOVA showed

a significant reading result for channels 5-8 (left side of the PFC) for both

O2HB (F(2, 34)=3.400, p=0.045) and HHb (F(2, 34)=3.425, p=0.044).

For both O2Hb and HHb, the means showed that like channel 7, reading

medium had the lowest brain activity followed by reading easy, and read-

ing hard had the highest brain activity (Figure 3.4), though Bonferroni

correction did not reach significance.

No writing results reached significance in the condition analysis.
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(a) fNIRS results show a drop in
HHb during the interruption of
reading easy compared to task alone
- Channel 7.

(b) fNIRS results show decreased
O2Hb and increased HHb during
interruptions of the hard difficulty
writing task - Channel 1-4.

Figure 3.5: fNIRS measurements during task completion compared to dur-
ing the interruption periods.

Interruption analysis On an individual channel level, the paired t-tests

showed that for channel 6, those who were interrupted during the reading

easy task (n=8) had significantly higher O2Hb brain activity during the

task compared to during the interruption (t(7)=3.119, p=0.017). On the

contrary, channel 7 showed significantly more HHb (indicating less brain

activation) during the reading easy task compared to during the interrup-

tion (t(7)=2.525, p=0.040) (Figure 3.5a). Channel 7 also showed signifi-

cantly less HHb levels (more brain activity) for participants (n=8) during

the writing hard task compared to during the writing hard interruptions

(t(7)=2.749, p=0.029).

When considering the averages for the sides of the PFC, channels 1-4 (right

side of the PFC) for both O2Hb and HHb were significant for writing hard

(t(7)=2.496, p=0.041 and t(7)=2.514, p=0.040 respectively). Both the

O2Hb and HHb showed, like channel 7, more brain activity during the

writing hard task compared to during the interruption during the writing

hard task (Figure 3.5b).
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3.4 Discussion

The study aimed to investigate the measurement of mental workload using

fNIRS in tasks and environments more relevant to daily life. The study was

a controlled laboratory study, but was designed to reflect several aspects of

real-world working environments, including relevant tasks, verbal interrup-

tions, and unconstrained coffee consumption. The findings can provide

guidance for progressing research into more general environments, and may

be especially useful for machine learning research as it progresses towards

measuring mental workload outside of laboratory environments [27].

3.4.1 The Sensitivity of fNIRS

Results showed support for the ability of fNIRS to detect mental workload

levels in reading tasks (H1a) but not writing tasks (H1b). For the reading

task, fNIRS could detect significant differences between conditions in the

left side of the PFC and the results aligned with the subjective ratings of

mental workload in terms of the hard condition showing the highest men-

tal workload. Subjective ratings of mental workload showed no significant

differences between the easy and medium conditions, and fNIRS measure-

ments showed only small differences between these conditions compared to

the hard condition, also supporting the sensitivity of fNIRS (H1a).

The reading results are supported by the findings from other studies. Be-

cause of the different sizes of participant’s heads and the fixed optode lo-

cations on the fNIRS device, we can broadly assume which channels corre-

spond to the different areas of the PFC via the 10-20 electrode system from

the EEG field [127; 116]. Reading comprehension is heavily associated with

the PFC (as well as temporal regions), namely Broca’s area located in the
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left inferior frontal gyrus, and thus the consensus is for left hemispheric

dominance in reading comprehension [175; 25; 193]. Our results were sig-

nificant for channel 7, which is in the left hemisphere and where Broca’s

area is expected to be located [220], in line with the areas of activation one

would expect to find. The results were also significant for channels 5-8,

which is the left hemisphere, further corresponding to previous literature,

including fNIRS studies into reading comprehension [69]

As there was strong evidence for fNIRS detecting differences in mental

workload levels between conditions for channels 5-8 with significant results

for both O2Hb and HHb, it seems sensible to infer that averaging across

channels captured the activation area across participants, which may not

have been captured fully by channel 7 if it didn’t exactly correspond to the

inferior frontal gyrus in all participants.

Regarding the non-significant post hoc tests of the ANOVA, Bonferroni is

a conservative test as it attempts to control the overall alpha level. As

ANOVA results for both O2Hb and HHb were significant, we consider this

as strong supporting evidence for fNIRS detecting differences [188] between

reading difficulties, and hence our focus is on this global effect.

As means for brain activity consistently showed the medium condition

corresponding to slightly less activity than the easy condition, and non-

significant differences in subjective ratings between these conditions, this

is an interesting finding for the challenges associated with objectively track-

ing of mental workload in the workplace (and beyond). Even if task de-

mands were harder for the medium condition, it appears that participant

feelings could have impacted on the results. As the medium condition had

more stimulating materials, it is expected that participants felt more en-

gaged with the task. Indeed, previous work found that mental workload
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ratings were lower for demanding tasks when participants were more en-

gaged [117]. Similarly, Lukanov et al. found that, for a insurance claim

form, participants preferred the user interface condition that objectively

and subjectively generated the highest levels of mental workload [151], and

thus emotional factors could be a challenge for objectively measuring men-

tal workload in the workplace.

In contrast to reading, fNIRS did not detect significant differences between

conditions in the writing task, not aligning with the subjective results and

not supporting H1b.

Writing organisation in the brain appears to represent a complex human

function that involves several language sub-components, and thus localisa-

tion in the brain is highly individualised between people [150]. Neverthe-

less, writing localisation is thought to heavily involve the frontal lobe (and

the anterior parietal lobe), more specifically the posterior part of the middle

and superior frontal gyri (Exner’s area) [150; 134]. The fNIRS device in the

current study measured isolated activation in the PFC, meaning activation

from the ‘writing centre’ was not covered. This finding, where different

levels of mental workload for the writing task were not distinguished in the

PFC, does not only hold relevance for the current study, but also challenges

perceptions from the wider HCI field.

FNIRS studies of mental workload most often measure cognitive activity

from the PFC [185; 153; 152; 209; 208; 242]; there is a consensus that men-

tal workload will consistently be exhibited and measurable in the PFC.

However, the results from the writing task suggest that the processing

involved when task demand increased and subsequent mental workload in-

creased between the hard and the easy and medium conditions (as found

in the subjective ratings) may not have been measurable from the PFC.
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As the writing task required a complex amount of neural processing and

cognitive processes, it seems that it was not possible to capture the full

picture of mental workload level from the PFC alone. Working memory

cognitive load is measurable from the PFC [89; 215], but the writing con-

ditions might not have differed significantly from each other in the working

memory aspect of the writing task like we intended with the study design,

and the combination of cognitive processes that increased mental demand

for the hard condition might have been localised outside of the PFC. This

is supported by some of our recent work [11] which did not find differences

in oxygenation in the PFC for a visual search task despite significantly

different subjective mental workload ratings; here, mental workload might

have been detectable in the occipital and parietal lobes [215], and did not

involve the PFC enough to detect physiological changes in mental workload

level. Thus, future studies of realistic or real-world tasks should consider

carefully which brain areas mental workload might be most represented in,

and perhaps measure multiple lobes to gather a richer insight into brain

activation as these types of task come with more cognitive complexities

compared to laboratory studies [14]. Future studies could also benefit from

further investigating varying levels of mental workload and specific cog-

nitive task demands for tasks and activities relevant to daily life. This

perhaps would also explain why papers using machine learning to classify

mental workload levels [199; 114; 44] typically achieve fairly low levels of

accuracy. In support, it has been shown that measuring a larger neural

area resulted in a higher accuracy of mental workload classification [198].

That being said, the PFC may more often than not provide a reasonable

insight into mental workload levels due to its involvement in a wide variety

of tasks. It is notable that the reading results support the finding that

changes in mental workload for reading are detectable in the PFC, where

more complex reading tasks are associated with increased neural activity
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[131; 130].

A limitation of the study could be that the data was analysed in 2.5-

minute blocks which is likely to contain more artefacts compared to shorter

trials [246] that are often seen in laboratory studies. A main research

area in pBCIs and neuroergonomics is to use fNIRS to measure mental

workload of workers in safety-critical jobs and to develop aids to improve

the safety of these jobs based on their mental state. Our aim is related

to this, in the sense that we wish to investigate mental workload levels in

office workers and this data might progress to aid improvements to working

habits and lives. These types of research aims (in addition to many other

research areas using fNIRS) require long-time continuous monitoring of

brain activity, which is an acknowledged advantage of fNIRS [189]. With

rigorous processing of the data, the noise should not impact the validity

of the data, and longer blocks may reveal a more representative picture of

brain activity compared to a short snapshot. We did opt to shorten the

analysis from 5 minutes of data to 2.5 minutes of data with the aim of

somewhat ensuring control over the data considering the study was still

essentially lab based.

3.4.2 Interruptions

In terms of the effect of verbal interruptions on fNIRS measurements (H2),

there was less brain activity in the right side of the PFC during the inter-

ruption of the writing hard condition, compared to before the interruption,

and this was significant for both O2Hb and HHb. If we consider this in

relation to spare capacity [204], as the writing hard condition was subjec-

tively rated as requiring the most mental workload, there might not have

been enough cognitive resources available to take on the interruption con-
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currently with the task. This means the interruption would have become

a primary task which was less demanding than the writing hard condition.

Whereas for the reading easy condition, HHb levels (which are interpreted

a bit more cautiously alone) showed an increase in brain activity during the

interruption compared to during the task. In relation to the model, this

could be explained by the notion that there was spare capacity during the

reading easy condition which meant that responding to the interruption

could have been achieved through multi-tasking which increased mental

demand and hence mental workload. Observationally, the authors note

that verbal responses to interruptions during the reading easy conditions

tended to be briefer and more distractable, whereas in the writing hard

participants could not keep saying ‘blah’ and respond to the interruption

so they would pause the task to give a proper response.

Even though results were only significant for two of our conditions, per-

haps due to the small number of participants for each interruption, they do

contribute to a deeper understanding of the factors involved in physiolog-

ically measuring mental workload in the workplace which are not encoun-

tered during controlled lab studies. The results emphasise that changes in

mental workload levels are not ‘black and white’; instead they often de-

pend on situational factors which might be different from one person to

the next [203]. This also means that it is difficult to evaluate the effec-

tiveness of physiological measures because determining changes in mental

workload in these situations depends on subjective interpretation. Physio-

logical measures might not reflect the interpretation made about a person’s

mental workload but that does not necessarily mean that the measurement

is wrong. Such variability in factors contributing to mental workload levels

and the different responses between people could mean that future stud-

ies might benefit from considering results on a participant by participant
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basis. Additionally, whilst we have incorporated natural interruptions into

the study design to gain an understanding of challenges to do with subtle

within task variations of mental workload whilst completing a single task,

workplaces are increasingly made up of multi-tasking activities [154] which

most likely means that physiologically measuring mental workload in the

workplace will come with increased complexity. It should be noted that

the sample size was limited for the interruption analysis; with more data

to analyse the statistical power and validity would have been increased.

We do believe our results have opened an interesting area for discussion

and further research area on the effect of interruptions on mental workload

levels and how these measurements can be dealt with in real-world settings.

We further increased ecological validity by including uncontrolled drink

consumption. Because this data was messy, due to participants drinking

at different frequencies and during different conditions, it was not possible

to analyse the effect of drink consumption on brain activity. This type

of interruption data, however, could prove to be valuable if incorporated

plausibly in future studies, as it could provide insight into whether different

types of interruptions seem to follow the same trend in which data can be

understood in relation to spare capacity models, or whether different factors

need to be considered.

Finally, continuing to bridge the gap between controlled lab studies and

real-world studies is hugely important. Ladouce suggested that true cog-

nition and its complexities can often only be understood correctly when

examined in ecologically valid environments [141], and mental workload

appears to belong to this category. Progressing this research to in-the-wild

studies of mental workload will enable further understanding of the research

and challenges associated with the sustained measurement of mental work-

load in daily life with fNIRS as a potential candidate. Our further work
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aims to make progress towards being able to track cognitive activity as a

form of personal informatics.

3.4.3 Conclusion

Through using personalised tasks and verbal interruptions in a workplace-

like setting, we show that fNIRS placed over the PFC alone was able to

detect the differences in mental workload experienced by participants dur-

ing personalised reading tasks, but was not sensitive to the reported differ-

ences in writing tasks. This finding could be due to the PFC not exhibiting

mental workload levels for all tasks. Thus, careful consideration of optode

placement over a larger region of interest is emphasised for naturalistic

studies, and this highlights challenges surrounding the sensitivity of physio-

logical measures in real-world environments. Verbal interruptions appeared

to cause within task mental workload variation, causing increased load if

done in parallel with tasks and decreased load if becoming the primary task

temporarily. These findings demonstrated the complexity of mental work-

load as concept that is non-quantifiable and often affected by situational

factors reliant on interpretation. With the goal in mind of the sustained

objective monitoring of mental workload in daily life for self-improvements,

further work is needed to establish the sensitivity of fNIRS for further gen-

eral tasks and to build on understanding of the factors involved in these

measurements for future machine learning studies.

Future work from this study generally implicates the field of machine learn-

ing. A different but related direction for this research concerns the field of

personal informatics, in terms of investigating the use of and interaction

with the data once machine learning has the ability to accurately measure

mental workload levels from physiological sensors. In this respect, under-
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standing mental workload as a form of personal informatics will be the

focus of studies 2 and 3 in this thesis.
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Chapter 4

A Longitudinal and Holistic

Approach to Mental Workload

4.1 Introduction

Study 2 aimed to address research questions (b), (c), and (d):

(b) Can a longitudinal and holistic approach to mental workload improve

understanding of how mental workload could be valuable as a form of

personal informatics, and mental workload as a concept itself?

(c) How can objective mental workload tracking data be meaningfully

communicated to users?

(d) What should be ethically considered when developing mental workload

pBCI devices, or neurotechnology in general?

Stemming from the conceptualisation of mental workload in the literature

as a notion only relevant for isolated work tasks in predominantly safety-
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critical environments, there is a lack of a more holistic understanding re-

garding the function of mental workload in daily life, and hence what types

of goals we could be setting in that regard.

As mentioned previously, this research question is multifaceted. This is

because in order to understand mental workload holistically, specifically

in relation to the development of pBCI devices, there is a need to explore

individual perspectives about the concept as well as developing a more

longitudinal view.

An empirical study was therefore conducted that explored a holistic ap-

proach to mental workload from a quantitative and a qualitative perspec-

tive. The same participants took part in both phases. In the quantitative

phase, participants were subject to a 5-day longitudinal data tracking, in

which subjective mental workload ratings and diary data were inputted into

an app at frequent intervals from Monday-Friday. Alongside this, mobile

phone usage data was continuously collected throughout the week, and

evening questionnaires were completed each day, which regarded aspects

such as perceived stress and mood levels. The aim of the questionnaires

was to quantitatively investigate how mental workload impacts certain as-

pects of our lives.

There is limited research on the consequences that mental workload has on

aspects of our daily life. Literature also often refers to physical workload

and mental workload interchangeably, meaning it is often unclear if research

is referring to the sheer amount of work that an individual is required to

complete (workload) or whether the subjective experience of responding to

the task demands are considered as well (mental workload). Differentiating

between these terms is essential in the human factors research field [240],

but seems to be less practiced in other fields.
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However, there is some evidence that higher mental workload levels are

associated with feelings of fatigue, shown by rail workers feeling more fa-

tigued immediately after their work shift [70]. Additionally, a large labo-

ratory study run over a five night period subjected participants to three

daytime periods of either moderate mental workload levels or high mental

workload levels before monitoring nighttime sleep [101]. The authors found

that higher mental workload levels during the day was associated with in-

creased feelings of fatigue at the end of the day and longer sleep onset

latencies. In another study on midwives at work, some factors of men-

tal workload were found to predict mood, such that higher task demands,

effort, and frustration contributed to more negative moods during their

work shift [181]. To the best of our knowledge, the relationship specifically

between mental workload and food cravings has not been researched, but

some research has used high mental workload situations to indicate feelings

of stress and then investigated how stress is related to food cravings and

intake [99]. In this sense, links between stress and food cravings have pre-

viously been identified [190]. Finally, it has been established that there is

a relationship between mental workload and stress [8]. This is in terms of

mental workload and stress models having overlapping aspects that mean

physiological measurements often struggle to differentiate between them,

especially as high mental workload tasks can often induce feelings of stress

[8]; the longer term impacts of mental workload on stress levels, however,

do not appear to be established.

Thus, in order to understand how pBCI devices that track mental work-

load could facilitate life improvements, it is important to develop a deeper

understanding of the impact of mental workload in daily life.

The qualitative phase took place the week following the quantitative phase

and involved in depth interviews about participants’ perceptions of mental
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workload, including personal experiences, conceptualisation, contextualisa-

tion, and ethical considerations. The same participants were included in

the qualitative research as the quantitative tracking as it was speculated

that including participants that had specifically considered their own men-

tal workload data in their lives would enable a deeper and richer insight

during the interviews.

Study specific contributions from the qualitative phase included:

• We identify mixed and changing perceptions of mental workload.

• We identify the importance of fluctuating between mental workload

levels in daily life in terms of performances, perceptions, and wellbe-

ing, and reasons why this might not always be possible.

• We identify the characteristics of metaphors that resonate with poten-

tial neurotechnology users, as well as colours, shapes, and descriptors.

• We identify ethical concerns and perceptions of potential neurotech-

nology users regarding privacy, data validity, personal identity, data

misinterpretation, and enforced tracking.

Study specific contributions from the quantitative phase included:

• We develop a broader view of the mental workload levels and transi-

tions experienced in daily life and how these can differ from qualita-

tive preferences.

• We further develop an understanding of the daily life impact that

mental work has, in terms of distractions and perceptions related to

wellbeing.
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These findings are used to provide higher level contributions:

• Developed of the Mental Workload Cycle as a model of mental work-

load. The Cycle both indicates how mental workload data can be

useful as personal informatics, and develops understanding of mental

workload as a concept. (Study 3 and Study 2)

• Produced design recommendations for the development of pBCI men-

tal workload devices. (Study 3)

• Expanded ethical considerations specifically for the development of

pBCI devices. (Study 3)

The data from the qualitative phase was analysed first, and the insights

from that study were used to guide the analysis for the quantitative phase.

More specifically, the qualitative personal experiences section identified the

Mental Workload Cycle. During the interviews, participants frequently re-

flected on and referred back to their experiences during their time in the

quantitative phase. It was therefore decided that the analysis for the quan-

titative phase would be an opportunity to quantitatively investigate the

qualitative experiences, as well as further develop the model of the Men-

tal Workload Cycle. Thus, the results relating to the Cycle are presented

in the same chapter (Chapter 5); the qualitative findings relating to the

design and ethical perceptions surrounding mental workload pBCI devices

are outlined in Chapters 6 and 7 respectively.
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4.2 Quantitative and Qualitative Experiment

Design

4.2.1 Participants

19 purposive participants took part in the study, recruited by opportunity

sampling. Participants responded to advertisements put out through email

groups and social media channels. To be included in the studies, partici-

pants were required to (a) complete office work as part of their jobs, (b)

be Android users, and (c) have no clinical history of anxiety or depression.

Out of the 19 participants, 9 were based in academia and 10 were industry

workers (see Table 4.1). Ages ranged between 21 and 45. Office workers

were chosen as a sample considered representative of our wider focus on

tracking cognitive activity in daily life as a form of personal informatics;

work tasks in this sample were considered to be primarily cognitively based

as opposed to shop or factory style work which may e.g. include more influ-

ence from physical workload and fatigue. Ethical approval was granted for

the studies [CS-2019-R13] and all participants provided informed consent

before data collection began.

Participants were automatically awarded £75 as remuneration for partici-

pation in both studies. If their data response was considered good by the

researcher, an additional £25 was provided. All participants did receive

the full £100 for their participation.
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Table 4.1: Table showing participants by ID, along with the occupation,
age, and self-identifying gender.

Participant Occupation Age Identify as

P1 PhD Candidate 25 Male
P2 Regional Account Manager – Field Sales 24 Male
P3 PhD Candidate 45 Female
P4 Post-Doctoral Researcher/Teacher 32 Male
P5 Research Fellow 35 Male
P6 PhD Candidate 28 Female
P7 PhD Candidate 30 Male
P8 MSc Candidate 27 Male
P9 PhD Candidate 27 Female
P10 Commercial Finance Manager 44 Female
P11 PhD Candidate 31 Male
P12 Copywriter 33 Male
P13 Ecologist 26 Female
P14 Business Support Administrator 32 Female
P15 Software Engineer 21 Male
P16 Programme Support Officer 41 Male
P17 Software Engineer 33 Male
P18 Voluntary Deputy Services Manager 35 Female
P19 Senior Health Economics Manager 33 Male

4.2.2 Materials

All contact between the researcher and participants was virtual. Partic-

ipants were provided with a total of 5 documents via email at different

stages. Firstly, before committing to participation in the study, potential

participants were provided with an information sheet (Appendix A) which

contained details about the two phases, such as the different measures that

would be taken and the advantages and disadvantages of taking part. A pri-

vacy notice (Appendix A) was also provided at this time with information

about how participants’ data would be protected alongside detailing their

rights and their risks. Once participation in the study had been confirmed,

written consent was obtained (Appendix A).

After this, participants were provided with a ‘pre-study’ document (Ap-
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pendix A). This document provided participants with more insight about

the background behind the study, the research aims from the researcher’s

point of view, and what we hoped to ‘get’ out of each participant.

The pre-study document aimed to maximise the contribution of each par-

ticipant by increasing their understanding of the study and encouraging

them to consider mental workload in their lives before being probed in

depth about their opinions, experiences, and concerns during the quali-

tative phase. We considered it beneficial to share the information in the

pre-study document to increase the richness and validity of data, and en-

sure that mental workload was considered in a way that aligns with what

is established about the concept in the literature.

In terms of the background behind the study, an introduction to mental

workload was outlined, in which it was stated that no definition is univer-

sally agreed, but the characteristics of mental workload were provided. It

mentioned how mental workload is not the same as stress (in which the

researchers have previously experienced participant confusion), and briefly

described how we are interested in whether mental workload might be use-

ful for us to track in our daily lives, in a similar way to which we can track

physical activity.

The research aims of the study were outlined following on from the study

background, including how we wished to investigate mental workload varia-

tions in daily life, the impact of mental workload, and how it is qualitatively

conceptualised.

In regards to what was asked from each participant, it was described that

aside from full commitment to the study, we were creating the opportu-

nity to have very in depth insights into mental workload as a concept,

and thus we hoped participants would ‘tune in’ to their mental workload
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experiences and opinions during the quantitative data collection phase so

that they could provide insightful data for the interviews. The different

interview sections were then outlined (personal experiences, conceptualisa-

tion, contextualisation, and ethical considerations - described below) and

examples were provided.

The day before data collection began, participants were provided with a

‘practicalities’ sheet (Appendix A). This sheet was a help sheet designed

to provide practical information about the measures being taken (outlined

below) and situations participants may encounter during the quantitative

phase. Along with the practicalities sheet, software instructions were also

provided which detailed how to set up the measures for the quantitative

phase.

Once this information had been provided, data collection began. Informa-

tion about participants was gathered using a participant bio questionnaire

(Appendix A), which asked participants specific details about themselves.

This included their age, gender identity, their area of work or study, their

work or study responsibilities, and their usual working hours.

The measures outlined above were administered in relation to both phases.

Outlined below are the phase-specific measures and procedures.
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4.3 The Quantitative Phase

4.3.1 Design and Materials

Mental Workload Ratings App

An app was designed to collect subjective mental workload level data from

each participant (Appendix B) . It operated only on Android phones, hence

the inclusion criteria that required Android users. Participants activated

the app each morning upon waking, and closed the app fully each evening

before sleeping. Upon opening the app for the first time, participants were

instructed to input their general working hours. This was because the app

changed the frequency of notifications depending on work hours; during

working hours, the app requested data entry every 30 minutes, and out-

side of working hours, it requested data entry every 1 hour. Once working

hours had been inputted, participants could begin entering their mental

workload data. The app stored the working hour information, such that

participants did not have to enter the information each time the app was

opened. When the app was opened at the beginning of each day, par-

ticipants selected ‘start’ in order to start their day of data input. The

first question participants were asked was ‘What is your current level of

mental workload?’. The response options were those of the ISA scale [36]

(outlined in the literature review). The display showed a rating number

and the corresponding mental workload key: 1-under-utilised, 2-relaxed,

3-comfortable, 4-high, 5-excessive. Participants selected the response that

applied to them and were taken to the end page which outlined how long

it would be until they received the next notification.

After the first rating of the day, participants were presented with three
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more questions each time they entered data into the app. This was because

these questions related to the time period between the current rating and

the last rating, and thus would not have been appropriate to include for

the first rating of the day that had no previous ratings to refer to. The

second question asked ‘What has you overall mental workload level been

since the last rating?’ and again used the ISA scale. The third question

related to performance, and there was a 5-point likert scale for participants

to respond to. The question asked ‘What would you rate your overall

performance since the last rating?’ and the likert scale outlined: 1-very

poor, 2-poor, 3-average, 4-good, 5-very good.

The final question requested diary data input, and asked participants to

‘Please use the space below to report a summary of the tasks performed

since the last rating.’ Participants could then provide text entry and were

advised to use a bullet point entry style in the pre-study document. The

notification times started from the time of the last data entry. Participants

were only notified once when it was time to provide the next data entry,

and notifications were standard in that they popped up on the partici-

pant’s phone screens. Each data entry could be completed quickly, taking

approximately 1 minute.

In the pre-study document, it was outlined that the ISA scale is a widely

used scale, and like all available mental workload scales, it had been de-

signed specifically for work tasks. Participants were therefore advised to

make logical decisions about how to enter ratings referring to activities

outside of work tasks. An example was provided outlining: ‘E.g. if you

rate your mental workload level as Under-utilised, you should feel that you

have very many spare mental resources that are not being allocated to the

activity/activities that you are doing/have done.’
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Stress Questionnaire

The Perceived Stress Scale (PSS) [55] (Appendix B) was used as a daily

dependent measure alongside the other questionnaires outlined below. It

is the most widely used measure to assess levels of perceived stress, and

is a measure of how stressful situations in a person’s life are appraised

as stressful [55]. Questions relate to how unpredictable, uncontrollable,

and overloaded participants find their lives currently. Questions apply to

general situations instead of context-specific, and thus can be applied to any

population. The scale has 10 questions and asks about participants’ feelings

and thoughts over the past month. For the purpose of the current study,

this was changed to ask about participants’ feelings and thoughts over the

past day. For example, ‘Today, how often have you been able to control

irritations in your life?’. Answers were on a 5-point likert scale: 0-never,

1-almost never, 2-sometimes, 3-fairly often, 4-very often (Appendix B).

Mood Questionnaire

A widely accepted measure of current mood is the Profile of Mood States

questionnaire (POMS) [61]. The length of the original scale was 65 items,

which was time consuming. A short version was later developed, consist-

ing of 37 items [61]. However, these scales are under copyright, meaning

permission and payment are required for use. Additionally, many experts

believe these scales have been superceded by other mood measuring scales

[202].

An abbreviated Profile of Mood States was developed by Grove and Pra-

pavessis (revised POMS) [104] (Appendix B). The revised POMS ques-

tionnaire has been thoroughly validated as a measure of current mood
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[214; 104]. It has 40 items and referring to measures of tension, depression,

fatigue, vigor, confusion, anger, and esteem-related affect. Total mood dis-

turbance is measured by combining these measures. It is freely available

and was the measure of mood used in this study. The questionnaire asks

participants to select the answer that best describes how they feel ‘right

now’. The answer options are on a 5-point likert scale: 0-not at all, 1-a

little, 2-moderately, 3-quite a lot, 4-extremely.

Fatigue Questionnaire

The Visual Analogue Scale to Evaluate Fatigue Severity (VAS-F) [144]

(Appendix B) was used as a measure of fatigue and energy levels. It consists

of 18 items which measure participants’ subjective levels of fatigue and

energy. It compares favourably to other measures of subjective fatigue

[144] and has high internal reliability [144; 202].

The scale again asks participants to circle the response which best describes

how they are feeling ‘right now’. The responses options use a scale from

1-10, with the extreme answers on each side of the scale. For example,

‘not at all sleepy’ is placed beside a rating of 1, whilst ’extremely sleepy’ is

placed beside a rating of 10. Participants circle the number along the scale

relating to how they feel in that moment.

Appetite Cravings Questionnaire

Two food craving questionnaires have been widely used and validated,

called the Food Cravings Questionnaire-Trait (FCQ-T) and the Food Crav-

ings Questionnaire-State (FCQ-S). [43; 169]. The FCQ-T measures food

cravings as a stable and unchanging traits within individuals or popula-
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tions. The FCQ-S measures food cravings as state-dependent, meaning

that cravings are measured in terms of variable responses to specific and

changing situations, or psychological and physiological states [169]. For the

purpose of this study, the FCQ-S was used (Appendix B).

The FCQ-S has 15 items relating to how participants feel ‘at this very

moment’. It has a 5-point likert scale: 1-strongly disagree, 2-disagree, 3-

neutral, 4-agree, 5-strongly agree. The scale measures 5 factors relating

to food cravings, and 3 questions relate to each factor: an intense desire

to eat, anticipation of positive reinforcement that may result from eating,

anticipation or relief from negative states and feelings as a result of eating,

obsessive preoccupation with food or lack of control over eating, and craving

as a physiological state.

Sleep Diary Questionnaire

Morgan et al 1 developed a daily sleep diary that is recommended for use

by the NHS in order to monitor the quality and quantity of sleep. Sleep

diaries keep track of sleep quality over time, whereas sleep questionnaires

are usually used in sleep clinics as a one time measure [123]. There are

several types of sleep questionnaires and diaries which vary in length and

are often used to diagnose sleep disorders.

The sleep diary developed by Morgan et al was used in the current study

due to its convenience for completion (Appendix B). The diary has 8 ques-

tions that require text input. For example, ‘How long did you spend in

bed last night?’, for which participants enter the amount of time in hours

and minutes. The last question on in the diary is, ‘How would you rate the

quality of your sleep last night?’ and the scoring system is a likert scale

1https://www.nhs.uk/livewell/insomnia/documents/sleepdiary.pdf
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from 1-5, where 1 is outlined as very poor and 5 is outlined as very good.

The diary has different columns for the different days of completion.

Post-Study Document

A post-study document (Appendix B) was provided that thanked the par-

ticipants for their participation in the quantitative phase and provided

instructions for sending their data to the researcher and uninstalling the

downloaded software. Specifically, participants were asked to email the

questionnaires to the researcher. For the mental workload ratings app,

participants’ data was saved to a .csv file that could be located through

the search function and emailed to the researcher. Once receipt of the data

file had been confirmed, participants could delete the app and file from

their phones.

4.3.2 Procedure

Data was collected from Monday-Friday from wake until sleep. Partic-

ipants installed the mental workload ratings app on either the Sunday

before data collection began or Monday morning, at their discretion. As

mentioned, participants were notified for mental workload ratings every 30

minutes during specified working hours and every 1 hour outside of work-

ing hours. This was in order to aim to control for data entry intrusiveness

and fatigue. Each evening, participants were asked to complete the set of

questionnaires outlined above (PSS, revised POMS, VAS-F, and FCQ-S);

participants were asked to complete the questionnaires around the same

time each evening, which should be after their evening meal and close to

their bedtime. The sleep diary was started on Tuesday and finished on
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Saturday, in order to collect sleep data from Monday-Friday. All ques-

tionnaires were completed on Microsoft Word and instructions for how to

input their answers was provided in the pre-study document. Participants

could choose to send their questionnaire responses to the researcher after

completion each day, or at once after they had all been completed. The

post-study document was emailed to participants on the Friday.

4.3.3 Data Analysis

As mentioned, the analysis for the quantitative data was guided by the

findings from the personal experiences section of the qualitative phase.

Therefore, the methods for analysis are outlined after the qualitative per-

sonal experience results in Chapter 5.

4.4 The Qualitative Phase

4.4.1 Design and Procedure

The interview design was semi-structured and typically lasted between 1-2

hours. All interviews took place over Microsoft Teams or Zoom and were

recorded. The semi-structured nature of the interviews meant that the

researcher was guided by a set of pre-defined questions but participants

were probed on individual topics that they mentioned and encouraged to

talk at depth. Examples from participants’ lives were encouraged whenever

appropriate. When encouragement was needed, the interviewer used the

participant’s time in the quantitative phase as a prompt, by referring to a

graph of their mental workload ratings throughout the week (Figure 4.1)

and pointing out relevant sections that may help answer the questions; the
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diary data was also used as a prompt if needed, such as to ask how it felt

when performing certain activities.

The pre-defined set of questions concerned 4 topics, and these were briefly

outlined to participants.

Figure 4.1: An example graph showing the subjective mental workload
ratings given by P1 which was used as a prompt during the interview (red
points indicate the first rating of each day).

Personal Experiences

The first section of the interviews regarded participants’ personal experi-

ences of mental workload (Appendix D). For each mental workload level

(high, medium, and low), participants were asked to talk about their feel-

ings, perceptions and attitudes about mental workload and the believed

implications it has in their lives. For example, participants were asked

questions such as how it felt to experience a high mental workload level,

whether they are happy to maintain a high mental workload level, and

whether they enjoyed periods of high mental workload.
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Conceptualisation

The next section was more creative in nature (Appendix D). Participants

were first asked for word associations for how it felt to experience the

different mental workload levels (high, medium, and low) and for mental

workload as a general concept. The researcher asked participants for ‘a few’

words that popped into their heads in association with the questions. Par-

ticipants were then asked about any metaphors that they associated with

mental workload and were asked (where appropriate) to make a sketch of

these after the interview and send an image to the researcher. After out-

lining their own metaphor, the interviewer informed participants of other

metaphors that had previously been manifested by prior research ([237]):

Others have used metaphors which describe mental workload as: on a spec-

trum that changes throughout the day, walking up a mountain where the

steepness of the walk reflects the mental workload level, a thermometer, a

brain filled with a set number of bubbles and the number of bubbles that

pop depend on the mental workload level, and an input-output relationship

where you put in a certain amount of mental workload and expect to get a

return. Do any of these resonate with how you would think about mental

workload?

Participants were then asked about the colours and shapes that they as-

sociated with their experience of being at the different mental workload

levels.

Contextualisation

The third section was the shortest and simply related to why participants

would like to track their mental workload data (Appendix D). The re-
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searcher provided participants with a hypothetical situation, stating:

Imagine that you owned an actual Fitbit for the brain – that is, a tracker

that can objectively measure your mental workload levels in your life. You

can reflect on that data by opening an app wherever and whenever you like.

Questions then regarded the reasons why participants would like to track

this data (if they were in fact interested in tracking the data).

Ethical Considerations

The final section regarded participants’ opinions about their ethical con-

cerns and perceptions about the introduction and development of mental

workload trackers (Appendix D). Participants were asked about data pri-

vacy, data sharing, and enforced mandatory tracking of mental workload

data. For example, ‘Would you be willing to share your data with people

who might be interested in viewing it, such as your boss?’

4.4.2 Data Analysis

For the sections about personal experiences, contextualisation, and ethical

considerations, an Interpretive Phenomenological Analysis (IPA) approach

was used [207]. IPA is a qualitative approach that aims to understand how

people make sense of their personal and social worlds in regard to their

lived experiences and personal perceptions. [207]. Thus, the data from

these three sections, strongly surround these aims.

IPA is modelled on people as self-reflective and self-interpretative beings

who reflect on their experiences and try to interpret them [207]. In IPA,

each participant’s data is considered in depth to enable an idiographic
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approach before more general claims about the data are made [207]. Ad-

ditionally, the use of IPA is especially suitable for topics that are contex-

tual, subjective, and relatively under-studied [206]. IPA was favoured over

thematic analysis for these sections because thematic analysis focuses on

patterns across the data set; it does not provide a sense of contradictions

within individual accounts, and the voices of individual participants can get

lost [35]. Indeed, IPA does consider data patterns, but is also concerned

with individual experiences [207].

A systematic approach for IPA has been outlined by Smith and Osborn

[207], and has been adopted for this analysis. The interview data was tran-

scribed verbatim. The lead researcher firstly familiarised themselves with

the transcript. Comments were then noted in relation to first impressions

and interpretations of the participant’s account; different ink colours were

used to indicate whether the comments were descriptive or interpretive.

These notes were then translated into emergent codes. Once all emer-

gent codes had been created, connections between them were identified

and emergent themes were grouped together to materialise as initial sub-

themes umbrellaed under their superordinate themes. This was repeated

for each participant, whilst using the themes from previous transcripts to

orient the analysis. Respecting divergences as well as convergences in the

data remained a priority throughout the analysis. After all transcripts had

been analysed, a final set of superordinate themes and their subthemes

were identified across the full set of data; the number of subthemes for

each superordinate theme was reduced to only be representative of either

rich or frequent data.

For the more creative conceptualisation section of the interview, IPA was

not deemed as the most appropriate analysis method. This is because

the data was less about understanding participants’ lived experiences and
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deep personal perceptions, and more about identifying how mental work-

load data can be meaningfully communicated to a wide range of users.

Thus, a thematic analysis approach [34] was used to analyse the interview

data. This is a qualitative method which allows insight into collective or

shared meanings or experiences by systematically identifying, organising,

and offering insight into patterns of meaning across a dataset [34].

For the conceptualisation data, the data was firstly transcribed verbatim.

The researcher familiarised themselves with each transcript, making notes

on their initial interpretations or observations. For each transcript in turn,

codes were generated which labelled portions of data in relation to our

research questions. The transcripts and codes were handed to two other

researchers (supervisor and colleague) for review to ensure credibility. All

three researchers then worked collaboratively to identify themes from simi-

lar and overlapping codes. Themes were then reviewed to ensure they were

representative of the codes and were supported by extracts from the tran-

scripts. Any codes or themes not backed up by multiple data extracts were

discarded.

Across the results section, each participant is referred to by a number, e.g.

P15 refers to participant 15. The personal experience results are presented

last as those findings guided the analysis for the quantitative phase, which

are presented after the qualitative findings.

Quality Assurance and Positionality

To ensure good qualitative research practice, guidelines by Elliott et al [76]

were followed. This involved verifying the credibility of the results by all re-

searchers (supervisors) checking the data and collaboratively working with

the data once transcribed. In particular, pairs of researchers discussed and
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challenged the emerging structure of themes and how subthemes related

to each other, such that they went through several stages of refinement.

Final themes were also subject to a team review, where the themes and

their implications were presented and questioned. The final themes and

data presented here are grounded in examples from participants to illus-

trate each theme and descriptive data about participants is also outlined.

The perspective [76] and positionality [33] of the researchers are important

to consider in qualitative research, as these are factors that can influence

the research process [33]. This research falls within a WEIRD2 context

[149] represented by all researchers; 18 participants were UK based - 5 UK

based participants were from South America and 1 participant was from

and based in India. The researchers in this study all have a level of ex-

pertise pertaining to mental workload as a concept and it is reasonable to

assume they have considered their own views on mental workload in daily

life more than the usual office worker. Further, two of the research team

self-described as hyper-organised, aiming to maximise their workload at

work, and equally at home managing family life. The researchers recognise

that their personal interests and assumptions about the topic may naturally

play a role in their approach and understanding of the research outcomes

[76].

2From their critique of HCI research: Western, Educated, Industrialized, Rich, and
Democratic.
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Chapter 5

Mental Workload for Personal

Cognitive Informatics

This chapter aims to address research question (b):

Can a longitudinal and holistic approach to mental workload improve un-

derstanding of how mental workload could be valuable as a form of personal

informatics, and mental workload as a concept itself?

5.1 Qualitative Contextualisation

To introduce the qualitative findings, this chapter begins by outlining the

context for why participants were interested in objectively tracking their

mental workload data in their daily lives as a form of personal cognitive

informatics. Firstly, there was clear enthusiasm for tracking this data.

The reason for this emerged to be for personal improvements, in terms of

tracking for improved wellbeing and tracking for the optimisation of work

habits.
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5.1.1 Improved Wellbeing

Many participants reported their desire for the data to be used to improve

their lives from a wellbeing perspective. Participant 13 provides an example

of this:

“I guess I keep thinking about physical symptoms of mental workload –

stress, pressure, feeling like less healthy and more stressed and stuff because

you’re under a higher mental workload. Like [the data could say] how much

capacity you have to take on new stuff and deal with new stuff or, ‘You need

to just slow your mental workload down, lower your mental workload for a

bit, recentre yourself’ . . . so you don’t burn out so you can manage your

work and personal life.” (P13)

The passage above represents a common consensus amongst participants

that the data could be useful for managing the affects that work can bring

in terms of wellbeing. By adapting work based on the negative wellbeing

effects that might result, such as burn out, the data was considered as

having the potential to mitigate these factors.

5.1.2 Optimising Work Habits

As well as using the data to improve wellbeing, participants also frequently

reported that they believed the data would be useful for improving their

working habits, in terms of optimising productivity and results. Participant

11 described how they would use the data to improve their habits:

“I think I could use that information to change my habits of work, or like

to be aware what I do, because it’s something that I’m trying to change.

I think we feel the more hours we are in front of our computer the better,
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and I think that I’ve been realising lately, with the use of this app that I use

on my phone, that sometimes I spend like twenty minutes on my computer

being stressed and I don’t do anything; I will just like waste my time on the

internet and if I’m in those long periods with low levels of mental workload

[and] I was not very productive, maybe I can think, ‘Ok, what happened in

that time?’ And then I can think, ‘Ok, what can I do to be more productive?

Or to maybe work for less hours a day? Or work differently? Or try to

experiment with other stuff.’ So yeah, I think it will be awareness.” (P11)

So Participant 11 reflects on how they would use awareness of their mental

workload levels during particular times to improve their habits at work

to increase their productivity and efficiency. Whilst we have outlined two

examples of using the data for improving wellbeing and improving work,

participants often reported that they believed the data could be used to

improve both of these factors in their lives. Participant 2 provides an

example of this:

“I think if you can look at an app or whatever and it lets you know that your

brain says relaxed and it’s most ready to do high levels of intense workload,

for applying to things like work and stuff like that I think that would be

interesting . . . Is your brain relaxed? Is it feeling highly strained at the

minute? And things like that, and then you use that read out to determine

what you’re gonna do next. So if it’s at a low level of mental output then

you might think, ‘Ok, this is a perfect time to go and do that really intense

rowing session,’ or you know, ‘Smash out a load of work,’ or if you look

at it and it’s really high then you might wanna take some time to go for

a walk or switch off or something like that. So I think having a current

read out would be one thing and then using that to determine historic levels

throughout the day . . . and you’d then be able to tell, you know, ‘We

recommend that at, I dunno, half nine till half ten is the optimum time for
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you to be doing your intense work, that’s when your brain’s most suited for

it,’ then it almost becomes a bit of a planner for you ... So knowing when

you’re going to be most productive but then also a wellbeing point of view.

So it might tell you that you’ve been at a high level of mental activity for a

long period of time, almost telling you that you need to stop basically, you

need to take a break, so both productivity and also general wellbeing.” (P2)

In Participant 2’s rich account, they bring together both subthemes and

describe the potential of the data collected to be useful for improving both

wellbeing and working habits in terms of productivity and results.

5.2 Qualitative Personal Experiences

These findings were published in the Conference on Human Factors in Com-

puting Systems (CHI):

Serena Midha, Max L Wilson, and Sarah Sharples. 2022. Lived Experi-

ences of Mental Workload in Everyday Life. In Proceedings of the 2022

CHI Conference on Human Factors in Computing Systems (CHI ’22).

In terms of the interview section relating to personal experiences, four

master themes were identified from the transcripts (Table 5.1): 1) general

perceptions of mental workload, and 2) changing perceptions of mental

workload, which together outline the fundamental perceptions of mental

workload and the factors that can change these perceptions. Theme 3) the

mental workload Cycle, is where we present a Cycle regarding the necessity

to fluctuate between mental workload levels in certain patterns, and 4) the

Cycle can’t always be facilitated, outlines the factors that prevent these

fluctuations.
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Table 5.1: Table showing the final superordinate and subthemes from the
Interpretive Phenomenological Analysis

Superordinate Theme Subthemes

1) General Perceptions of Mental
Workload
Describing the feelings associated with
different levels of mental workload

Positives high
Negatives high
Positives low
Negatives low
Positives medium

2) Changing Perceptions of Mental
Workload
Describing factors that can affect
perceptions of different mental
workload levels

Pressure
Enjoyment
Outcome
Location

3) The Mental Workload Cycle
Describing how people use, combine,
and manage the levels of mental workload.

The cycle
Sustainment is an issue
Each level serves a purpose

4) The Cycle Can’t Always be
Facilitated
Describing factors that can disrupt
access of different levels

Life factors
Internal factors
External factors

5.2.1 General Perceptions of Mental Workload

Participants were probed about their general perceptions of low, medium,

and high mental workload levels. For high and low mental workload, partic-

ipants’ perceptions were either positive or negative. Different perceptions

at the same level (for high and low) were found among participants. For

medium mental workload, participants’ perceptions were rarely described

negatively.

High Mental Workload

High mental workload was conceptualised by participants as either a state

of deep concentration, or by a state of ‘busyness’ in terms of managing a

large quantity of tasks. Indeed, some participants, such as P19, conceptu-
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alised high mental workload as having both of these dimensions: “I would

probably split it up into two where I gave high mental ratings I would say

one where I was trying to do lots of different things at the same time . . .

but then there’s the other side where there’s a high mental workload where

you are really focused on a particular activity and generally I perform better

in that instance like if there’s a high mental workload because I can focus

on one thing and really dig deep and think about it.”

Alongside reflecting on what participants perceived high mental workload

as ‘being,’ several positive and negative feelings were associated with op-

erating at this level. Many participants described feeling fulfilled during

and after periods of high mental workload: “I think it’s actually one of the

things that in my opinion makes work a lot of times rewarding you know

being able to think hard about stuff” (P5). Similarly, P9 said “I think when

you solve things that are challenging it’s like you feel comfort at the end and

you feel like you did something like well and I feel relaxed after the day if I

say that I had really high mental workload but I was able to overcome it.”

Participants also felt enjoyment, positively stimulated, and less distracted

(which were each recorded as codes in the analysis) and thus it is clear that

positive associations are often made with being at a high mental workload

level.

Significant negative feelings were also associated with being at a high men-

tal workload level. Participants often described high mental workload as

feeling like pressure, and could be experienced as stressful and sometimes

overwhelming: “I just feel like stressed and I know that I need to prioritise

and maybe I’m struggling to prioritise at that time cause I feel like there are

too many tasks that I need to look at the same time” (P6). “I never really

long to be at a five [the highest mental workload rating]. I think it feels

quite out of control being at a five for any long period of time” (P16). As a
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result of these negative feelings, participants may avoid operating at that

level. Taken together, high mental workload can be perceived at opposite

ends of the spectrum in terms of positive and negative feeling associations,

and this is individual to each person. As maybe to be expected, this was

also true for feelings associated with being at a low mental workload level.

Low Mental Workload

Low mental workload was typically described as the feeling where one can

operate on autopilot, or as a state where one feels like there is a lack of

activity (whether good or bad). “I wanna say it’s just sort of like the

default feeling I guess nothing interesting’s really happening it’s just sort of

I wanna say sort of tedious” (P15). P14 described it as when everything

has been achieved for the day: “See I think that [low mental workload]

counts as when you’ve not got anything to do so like at 10 o clock when

the kids are like in their bed that’s when I would say I have a low mental

workload because I’ve not got anything else to do.”

These two conceptualisations of low mental workload appear related as

they are both associated with low levels of demand, and like the associa-

tions with high mental workload, operating at a low mental workload level

was generally associated with both positive and negative feelings. Partici-

pants positively described low mental workload as relaxing, enjoyable, and

indeed more manageable: “[A low mental workload day] it’d be an enjoy-

able chilled day just recharging chilling enjoying yourself” (P13). Perhaps

more surprisingly, some participants reported low mental workload had an

impact on how they view the world around them in terms of manageability:

“If I’m just bumbling along I feel like my whole life feels a bit more in order

like personally and at work like it feels a bit more manageable.” (P13)
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Participants also reported a considerable amount of negative feelings gen-

erally associated with being at a low mental workload level, being boring at

the least. “When you’re operating at a low level it becomes quite mundane.

Everyday just feels a little bit the same, I suppose that’s how it is” (P16).

Many participants felt unsatisfied and unproductive at a low mental work-

load level: “Oh my gosh I would try to fill it in with anything . . . just to

feel like ‘Ok I did something a little bit productive today’.” (P7)

Participants often reported feeling more prone to distraction when at a

low mental workload level: “I have a lot of distractions and I look at my

phone like too many times on the social media like Instagram, Snapchat or

Facebook. Even though I know that I have no messages I’m just opening

them, I see I have nothing and then I just close the apps” (P8). This

supports related research that showed people self reporting as more easily

distracted were more likely to be so at low mental workload [92]. As specific

codes, the feelings of boredom, unproductivity, dissatisfaction, a lack of

enjoyment, and distractable were negative feelings generally associated with

experiencing a low mental workload level.

It is worth noting that there was no consistent form of polar trend be-

tween perceptions of high mental workload and perceptions of low mental

workload; for example, participants that generally had positive feelings

associated with high mental workload did not necessarily have negative

feelings associated with low mental workload.

Medium Mental Workload

Whilst high and low mental workload levels were associated with both pos-

itive and negative feelings, medium mental workload was overwhelmingly

associated with positive feelings. Medium mental workload seemed to be
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perceived as ‘a happy medium’ which counteracted the negative associa-

tions of the high and low levels, whilst retaining in some form their positive

associations: “You’re in danger in the low to procrastinate on stuff to other

things because you don’t feel mentally challenged and then conversely on the

high you might wanna try and avoid it because of the taxation of it. I think

medium’s a sweet spot if that makes sense where you know that you’re using

a bit of mental load but you’re not overdoing it” (P19). Here Participant 19

described medium mental workload as having the right balance of intensity

and activity; given their earlier account of high mental workload, it can be

assumed that this passage applied to activities related to either quantity or

mental absorption. The association of medium mental workload as being

the ‘sweet spot’ was reflected by other participants who further disclosed

that the balance between low and high levels generated feelings of comfort,

enjoyment, and control. E.g: “It’s comfortable it’s like you are not at your

high level of stress or things to do but you are not without doing anything

I think it’s cool to be there.” (P9)

5.2.2 Changing Perceptions of Mental Workload

Where the previous theme outlines underlying perceptions of mental work-

load at each level, this theme outlines certain caveats (pressure, enjoyment,

outcome, and location) that can change these perceptions.

Pressure

Participants reported that high mental workload tasks that were associated

with pressure, in the form of external pressure or time pressure, resulted in

negative feelings towards the task: “If I’ve got a busy workload and it’s not
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like super intense deadlines I don’t mind that it kind of makes time pass

quicker, [and you’ve] got things to focus on but yeah if it’s like I have to do

everything now I don’t enjoy that at all. I don’t think I deal very well with

stress and intense pressure so I don’t think I enjoy that” (P13). In this

case, Participant 13’s experience of a high mental workload level is turned

more stressful by the time pressure associated with the task, to the extent

where a fairly positive experience of high mental workload is turned into

a negative one that is associated with stress and pressure. Indeed, when

stress was mentioned in interviews in relation to mental workload, it was

typically in relation to immediate or consequential pressure.

Enjoyment

Whilst pressure is a reported factor that seemingly affects perceptions of

high mental workload, task enjoyment was described as a factor that af-

fected the perceived feelings of all mental workload levels: “If it’s something

like work or whatever home task that requires a medium mental workload or

if it’s something like sports or playing a competitive game then it definitely

feels different, probably to do with the enjoyment that’s associated with it”

(P15). So enjoyment of the task or activity affected the experience of being

at a medium mental workload level for Participant 15. This caveat did not

necessarily mean that Participant 15’s medium mental workload experience

went from negative to positive when participating in an activity that they

associated with more enjoyment, as they reported simply the change in

experience between activities.
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Outcome

Perceived experiences of different mental workload levels were often found

to be affected by the outcome of the task or activity, particularly as a factor

associated with the negative low mental workload experiences reported

above. Participant 8, however, reflects on this in terms of amount of work

produced from high mental workload periods: “If I’m being productive I

do [enjoy high mental workload] . . . but if I feel like I haven’t advanced or

progressed that much I feel stressed cause I feel like I’m wasting my time,

I have no good results” (P8). So Participant 8’s whole experience of being

at a high mental workload is dependent on whether they are progressing

through the task(s) at a satisfying rate, and thus the outcome, or ongoing

outcome, of the task is a key factor in the perception of mental workload.

This finding was also identified for the low and medium mental workload

levels.

However, it is not only personal assessment of the task output that might

affect how the mental workload level is perceived. Participant 1 described

how the external response to the output can influence how the level is

perceived: “So I feel better in meetings when there’s some kind of positive

feedback of some sort . . . When I talk my eyes wander a lot or I look around

my room cause there’s not a person to look at, and when I look back, some

calls I just see a bunch of blank faces staring at screens or like at their

own thing, and sometimes I look back and they’re smiling and nodding and

I’m like, ‘I’m doing alright, the point I said’s valid’ and those ones feel

better at the same workload. So I’m trying just as hard to make a point

and there’s like an extra good feeling that comes from looking back and

someone’s smiling or nodding and like ‘ok that was a good point’” (P1).

This passage indicates that not only does the internal assessment of the
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output affect the perception of the mental workload level, but the internal

assessment of the external response affects the perception of the mental

workload as well.

Location

The environment in which a low mental workload level is experienced was

a recurring code that affected how participants perceived being at a low

mental workload level: “It feels less guilty when I’m outside work because

when I’m doing work and I’m rating myself low it almost feels like it means

I’m not doing much or I’m not doing enough and I think it brings about

some sort of guilt which is weird because it shouldn’t but it still does” (P5).

As an interesting example of reflection on this kind of data, Participant 5

describes how being at a low mental workload level at work (as a Research

Fellow) generates feelings of guilt which is not present when outside of work

hours. They acknowledge that there is no basis for that association, but

reflect on how it almost cannot be prevented in that environment.

Location was also often reported to affect the enjoyment factor, above, of

being at a low mental workload level: “If it’s [low mental workload] at

work I become apprehensive, maybe a bit irritated and I am anticipating

the boredom. But if it’s personal life then yeah probably quite happy [to be

at a low mental workload], so I’ll spend the day doing the cleaning washing

the pots doing some laundry watching the telly going for a walk all very low

mental workload stuff but I’m quite happy to do that” (P10). As reported

in several places so far, it is evident that some people alter their priorities

for low and high mental workload for different parts of their life, as well as

within parts of their work; Participant 10 has negative associations of low

mental workload when working (as a Chartered Accountant) but reported
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more enjoyment of being at a low mental workload level in their personal

life.

Summary

Taking the two themes presented above together, we can reflect on the

different perceptions at the same level for high and low mental workload.

The positive feelings high mental workload was associated with included

feeling: fulfilled, enjoyment, stimulated, and less distracted, whereas the

negative feelings included feeling: pressured, stressed, and overwhelmed.

The positive feelings associated with low mental workload included feeling:

relaxed, enjoyment, and manageable, and the negative feelings included

feeling: bored, distracted, unsatisfied, and unproductive. Medium mental

workload was only perceived positively, as a “happy medium,” in terms

of feeling comfort, enjoyment, and in control. These initial perceptions

are subject to change, however, with the presence of caveats (pressure,

enjoyment, outcome, and location) which can completely change the mental

workload perceived experiences.

5.2.3 The Mental Workload Cycle

Theme 3 presents an apparent Cycle in which fluctuations between mental

workload levels are important for increased wellbeing, optimal performance,

and positive mental workload perceptions. This is because each mental

workload level serves a different and important purpose to the individual,

and negative consequences are likely to happen if any level is sustained for

too long.
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The Mental Workload Cycle

The Cycle describes how participants fluctuated between the different men-

tal workload levels in specific patterns. “Whether it’s low, medium, or high,

you have to have variety to be the most efficient person. If I was to define

a perfect day it would be a mix, so some low mental tasks, some medium

mental tasks, some high mental tasks. That’s kind of the days I’d prob-

ably define myself most efficient” (P19). P19, a senior health economics

manager, described fluctuating between mental workload levels in terms

of efficiency; they feel like it’s the balance between the levels that enables

an efficient self. What the passage echoes from many participants, is that

they deliberately seek out fluctuations in mental workload levels, often in

particular patterns:

Firstly, after experiencing a high mental workload level, participants would

typically transition directly to a low mental workload level: “I do seek out

low mental workload breaks so if I’m doing something that’s going to take

me a long time but is at a sustained high level, probably every couple of

hours I will go and look at my emails and just reply to a few things and then

come back to it” (P10). While P10 described the fluctuations within tasks

as a break, some described transitioning to longer periods of low mental

workload after longer periods of high mental workload had been completed:

“I have a band and we sometimes record in a studio. We have to do it for

the whole day because I mean it’s hard to get people into the same room on

the same day so we have to go there from like I dunno, 9am in the morning

to 9pm or 7pm in the evening. So it’s constantly high mental workload,

listening and getting comments and feedback and everything . . . After I’m

done I’m just gonna chill, just find something that really disconnects me,

like reality TV or something like that.” (P7)
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Next, participants actively sought out higher mental workload levels when

experiencing a low mental workload level: “I would seek high mental work-

load [when at a low mental workload level] . . . I often have a lot to things

on my to do list so I can create high mental workload by not doing things

in my own mind cause they’re there playing on my mind, so by doing them,

A, I’ll get some reinforcement out of whatever it is, but it can dial down

that anxiety about not getting things done” (P18). Similarly, Participant 1

described that they seek to raise their mental workload level to seemingly

anything above a low level: “I could sit in front of the TV all day not really

doing much, flicking through my phone or watching YouTube or whatever

. . . but it doesn’t feel very good... If it’s in my power I’ll put tasks in there

to make it higher. It’s the reason that I book meetings in or find new op-

portunities I guess... I’ll put something in on purpose to stimulate myself”

(P1). Whilst Participant 1, like many of the participants, did not specify

which mental workload level they would transition to from a low mental

workload level, it is clear that they aim to transition to a ‘higher’ level.

Further passages described activities that are undertaken after experienc-

ing a low mental workload level, we interpret that participants did seek out

medium mental workload levels as well as high mental workload levels after

a period of low mental workload: “I do yeah most definitely [seek higher

mental workload levels when experiencing low mental workload]. I’ve al-

ways been a big reader, always read a lot of books and they’re not always,

you know, highly cerebral or anything, they are trashy novels quite often,

but just to keep the brain working I got through about 40 different books last

year so I will always seek out something.” (P10)

Whilst the general consensus in theme one was that participants were more

happy sustaining a medium mental workload level compared to a high or

low level, participants did eventually seek out either a high or low level.
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Interestingly, each participant had a clear preference about whether they

would seek up or down from a medium mental workload level. Participant

14, for example, tended to seek out a high mental workload from a medium

mental workload level: “I’d probably be quite happy there [at a medium

mental workload level] but I would probably always tend to seek for the

higher workload rather than the lower one” (P14). On the other hand,

Participant 13 preferred not to transition to a high mental workload level

from a medium level; instead they would seek for a low level of mental

workload. “I think I’m happy to stay at a medium mental workload for a

relatively long period of time. I think eventually you probably would seek

out low levels, I don’t think I’d ever feel like I need to seek out high levels.”

(P13)

From the findings in this subtheme, participants aim to fluctuate between

mental workload levels and this occurs in specific patterns. Specifically,

from a high mental workload level, participants seek out a transition to a

low mental workload level. From a low mental workload level, participants

seek out a higher mental workload level. And from a medium mental

workload level, preference for transitioning to a high or low mental workload

level varied by participant, but each participant had their own preference.

Sustainment is an Issue

It seemed as though a reason that participants sought fluctuations between

mental workload levels was driven by experiences of sustaining any men-

tal workload level for ‘too long,’ which resulted in negative consequences.

These related to wellbeing, work output, mood, and perceptions. Burnout,

for example, was a commonly reported consequence: “Up until very recently

I would literally say ... ‘this is what I want to achieve at the end, this is
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what I need to do to get there’ and then I’ll just do it regardless of whether

I’ve worked a long day ... But then I think that’s ended up leading me to get

burnt out before so actually since I’ve be furloughed, I’m trying to aim for

more of a balance. So for instance on that Thursday [during the previous

week] when I had a really hectic morning, or a really intense morning, I

just decided to put everything away and just went out for a really casual jog

... It was quite a good way to switch off” (P2). The passage above from

Participant 2 is an interesting reflection on the consequence of prolonged

mental workload and other experiences in their life, and the kind of goal

forming that we think may develop in more detail with future wearable

technology. Now, P2 purposefully inputs periods of low mental workload

as breaks in order to counteract the negative effects they have recognised.

Sustaining a high mental workload level was also commonly associated

with feelings of fatigue: “I remember a couple of weeks ago there’s one day

where I was really focused on something, and I think it was a four hour

meeting that I was in, and I had to be on the ball all the way through that

four hour meeting, and I remember at eight o clock that night sitting there

and going ‘I need to go to bed,’ because I’d just kind of completely gone”

(P19). After sustained periods of high mental workload, many participants

reported feeling more likely to put off non-essential life tasks, such as the

washing up: “Things like cooking dinner I suppose you have to do it, you

have to just get on with it but I will, if I’ve had like a really long day and

then it’s been like a long evening, I’d probably just be like ‘No I’ll leave the

dishes and I’ll leave the washing’ things like that I do have less motivation

to do [after sustained periods of high mental workload].” (P14)

Participants reported experiencing negative moods as the product of sus-

tained high mental workload. Participant 17, for example, said: “I might

not be at my best behaviour with others. I don’t vent out but still I don’t
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reply quite politely or if anyone asks multiple things I get irritated, so that

is a downside of high mental workload.”

Participants also reported resentment towards their work, or a loss in the

quality of work output as a consequence of sustaining a high mental work-

load level; this consequence is different to the other consequences outlined

so far in the sense that its affects take place during the high mental work-

load level itself rather than as a wider implication. Participant 12 described

both of these consequences: “With copywriting I love it but I feel if I just

spend ridiculous amounts of time doing it without a break I’d become al-

most, not detested, but I wouldn’t feel as passionate or as loving towards

it, for want of a better word. And after a certain amount of time, I think

my output and quality of work would definitely decrease as well due to not

having that rest or time away from the screen to focus.” (P12)

Some participants even reported physical health consequences from sus-

taining a high mental workload level: “Last week I had a really urgent

deadline and because I knew it had to be with a client by the end of the

day, I was working super efficiently and the director was doing it along-

side me, but at the end of the day I was just dead, like exhausted, had a

headache ... after feeling the pressure all day by the end of it yeah I had a

headache and I kinda felt a bit spaced cause I was just focused on one thing

all day and it was very intense and then yeah, I really think the headache

was really related to concentrating on one thing so solidly all day” (P13).

So by the end of Participant 13’s period of sustained high mental workload,

they were not only feeling fatigued, but also suffering from a headache and

not functioning to their perceived normal level. This really captures the

type of physical health consequences that sustaining a high mental work-

load can have. Not only were physical health consequences reported, but

Participant 16 related sustained high mental workload with mental health
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consequences: “I don’t think it’s something [being at a high mental work-

load level] that’s sustainable for huge periods of time ... I don’t think it’s

something that’s particularly healthy for long periods of time . . . I think

people can really suffer in terms of their mental health when you’re operat-

ing at such a high level for a long time ... It’s such a high pressure because

you’re just operating at a level where you’re just waiting for something to

go wrong.” It appears P16 associates high mental workload with pressure

(see theme two), and sustaining the pressure is the factor which can have

negative mental health consequences for them.

Sustaining low mental workload levels also had negative consequences for

our participants in terms of how they perceived their experiences of the

level. Participant 2 reflected on their recent experiences of how their per-

ceptions of mental workload were shaped by sustaining a low mental work-

load level for too long: “Whilst I was furloughed basically everything was

just a low mental workload, I didn’t really have much to do, and I don’t

find that enjoyable because I feel like you’re not achieving something or

like there’s not really not much purpose to it. But then since I’ve started

working again and since I’ve started training more again, I think when you

have lower periods balanced with higher periods it makes the lower periods

more enjoyable, more relaxing, cause you’ve actually got something to relax

from and almost they feel like earnt or deserved . . . I think you need to

have the highs and the lows to enjoy both and I don’t think life would be

rewarding or enjoyable if you are constantly sat at either end of the spec-

trum” (P2). Participant 2, while furloughed, found themselves operating at

a low mental workload level constantly, and their experience of that level

was perceived negatively in terms of unproductivity and dissatisfaction.

When their normal activities resumed again, and their daily mental work-

load levels were varied, the low mental workload experience was perceived

120



5.2. QUALITATIVE PERSONAL EXPERIENCES

in a much more positive way. Participant 16 reported a similar experience:

“I think I can enjoy it [low mental workload] when I can put it in context

to a high mental workload. I think for me it’s a bit like if every day was

Christmas I wouldn’t enjoy Christmas” (P16)1. Participant 16 was going

through a quiet period at work (as a Programme Support Officer) which

predominantly consisted of low mental workload levels. They describe how

without the balance of high mental workload, low mental workload loses its

enjoyability (see theme two). Thus, both of these passages highlight that

the low mental workload feeling can be influenced by how long the level is

sustained for.

In terms of medium mental workload, while it was considered as the most

sustainable level (see theme one), sustaining it for ‘too’ long still left some

participants missing the full level of excitement which was associated with

operating at a high mental workload level: “Being at that medium is good,

but it’s even better when you’ve got the context of the thrill of sometimes

having to be at that greater capacity” (P16). Participants who sought out

low mental workload from medium mental workload (as described in The

mental workload Cycle) seemed to require low mental workload levels as a

break, suggesting that sustaining a medium mental workload level is still

fatiguing: “I feel like medium mental workload you’re kind of balanced but

eventually I’d be like, ‘yeah I just need a little break’.” (P13) However, the

reasons for seeking out a low mental workload level from a medium mental

workload level were not fully established, and thus issues with sustaining a

medium mental workload level were not revealed in detail within our data.

To summarise this subtheme, sustaining any mental workload level for too

long resulted in negative consequences. These related to wellbeing, work

1For clarity, in this case Christmas was being referred to as a special occasion, which
wouldnt be special if it was regular, as opposed to referring to Christmas as being
specifically high workload or low workload
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output, mood, and perceptions. Specifically, sustaining high mental work-

load for too long was associated with: burnout, fatigue, negative mood,

increased resentment, reduced work quality, and decreased physical and

mental health. Sustaining low mental workload was associated with: de-

creased enjoyment, decreased productivity, and decreased satisfaction. Sus-

taining medium mental workload was associated with a lack of excitement

and potential fatigue.

Each Level Serves a Purpose

The final subtheme outlines the reasons why each mental workload level is

important to include in the mental workload Cycle. We found that each

level of mental workload serves a different purpose.

High mental workload was related to positive implications for work and

internal perceptions. Many participants associated high mental workload

with increased work output: “I feel the most productive, I get more things

done. So like times when we used to go into the office, it sounds like a long

time ago, I could go in and if I had like three hours of really high mental

workload, I could be really productive [and] I could come back home by lunch

because I finished what I wanted for that day” (P7). As well as speed of

output, quality of output was also associated with high mental workload in

our participants: “Often by operating at a high level of demand on yourself

I found the pace of it brings a greater quality in your work that isn’t there

when you’re operating at a two or three as well. I find that demand often

spurs me into doing some really great pieces of work.” (P16)

Perhaps more important than ‘better’ output, high mental workload was

also associated with harder tasks that cannot be completed at a lower level

of mental workload: “I think when I’m at a medium mental workload it
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refreshes your brain enough to feel up for taking the plunge with some higher

mental workload tasks. I think sometimes you go, ‘Alright, I am going to

find some time to do this other thing,’ because you’re not being overloaded

by loads of stuff, you can start to think again a bit more creatively which,

in some instances you can do in low mental workload as well, but I think

it’s quite a nice feeling to feel like you’re enthused about doing some harder

things” (P18). From the passage above, Participant 18, along with several

participants, associated high mental workload with challenging tasks, and

indeed sense of achievement: “I think if you’ve done something in the high

space generally if you were to evaluate at the end of the day, if you’ve

managed to achieve something when you’ve had a high mental workload,

generally you feel more exhausted, but you almost feel more happy that

you’ve managed to achieve something which is generally quite taxing. So,

I’d probably say there’s more of a degree of self worth at that high mental

workload element” (P19). Feeling that sense of achievement was almost

like an indirect effect of high mental workload for many, as the high level

is associated with taxing output which is then associated with a sense of

achievement if the task is completed satisfactorily.

We also saw that low mental workload is an important level to obtain for

a number of reasons. Firstly, for our participants, low mental workload

was important for a mental rest and recovery: “Now that I’m working

at home I just make sure that I build in tea breaks and loo breaks and

things like that so I can refresh” (P10). Participant 10 describes how they

actively ensure there are periods of low mental workload in order for them to

refresh and recharge before entering higher mental workload levels again.

Equally, participants often reported that low mental workload could be

used in preparation for a high mental workload level: “There are days like

last Thursday where I need to go home without anything to do so I can
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use that day to be more relaxed and get energy for the next one” (P9).

Participant 12 described these breaks, in particular, as ‘clearing the mind’:

“I do definitely try and seek out tasks or moments where I can just lower my

mental workload level . . . If I do have a break the first key thing is to just

get away from my screen, that mental disconnection from work, from being

in front of the computer, from being sat down in a set position looking at the

same windows and walls. Yeah, just even just going outside to grab some

fresh air, it gives me time to just come back with a different perspective or

if I’m struggling to get motivated or get my workload at a decent output,

just coming back with a different perspective, different mindset ... Recharge

the batteries.”

In many cases, low mental workload was used as a reward: “Something

I’ve noticed [during] lockdown, I kind of set myself one or two large tasks

each day, or a large task, and if that’s done, I’ll just chill out rather than

trying to get loads more” (P1). This is important given that reward-based

behaviour is often intrinsically motivating for some people.

For medium mental workload, the level served to balance the characteristics

of the low and high levels. It was regarded as the most sustainable level and

had positive implications in terms of productivity and personal perceptions;

Participant 6 sums up the implications of medium mental workload: “I

think it’s the best place to be from a personal and a productivity point of

view I guess.” (P6)

In summary of this subtheme, it appears that different mental workload

levels do different and important jobs. High mental workload was associ-

ated with increased work output quantity and quality, harder tasks, and a

sense of achievement. Low mental workload was associated with rest and

recovery, preparation, and reward. Medium mental workload was associ-
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ated with productivity and positive perceptions.

Summary

In the theme presented, our findings show that there is a Cycle for mental

workload (Figure 5.1), where individuals require mental workload fluctua-

tions in particular patterns. There are negative consequences of sustaining

levels for ‘too’ long (particularly low and high levels), and there are reasons

why each level is important to incorporate into the cycle. This theme fur-

thers our understanding of what type of goals we should aim for in terms of

our mental workload lives, as identifying the cycle right for each individual

could result in a more sustainable, efficient, and satisfying way of living

and working.

Figure 5.1: Diagram showing the apparent Mental Workload Cycle expe-
rienced by participants, and the consequences of sustaining each level for
too long.

5.2.4 The Cycle Can’t Always be Facilitated

We have outlined that fluctuations between mental workload levels are

important, but it appears that they are not always possible. Life, internal,
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and external factors were found to interfere with achieving the required,

or desired, mental workload levels. This was typically by either causing

participants to remain operating at a certain level, or preventing them

from achieving desired changes.

Life Factors

Two participants provided particularly rich accounts of how their perceived

ability of mental workload was affected by medical factors. Participant 18,

a Voluntary Services Deputy Manager, reflected on how they felt that their

capacity for mental workload was decreased: “I started IVF treatment last

week so it was really interesting for me that my capacity for mental work-

load went through the floor. So you’ll see I had a few really bad days [in

the subjective ratings], but there was nothing bad that happened on those

days that’s out of the ordinary for my work. There were peaks and troughs

in the mental workload coming in, but when there was a small peak, to me

it was a massive peak and my brain just went, ‘Ahhhh.’ Last week, might,

in hindsight, not have been the best week for me to study for you because

it was very visceral, it was very physical, the feeling of complete overwhelm

that came with like three people asking me things at once, which I would

normally need a lot more things for that to happen to me I think. Yeah,

pile hormones into your body, who knew it would change your personality

a bit ((laughs))” (P18). From Participant 18’s passage, we see that under-

going hormonal medical treatment seemed to implicate their experience of

operating at ‘normal’ mental workload levels. They found that tasks which

would normally require lower levels of mental workload instead were expe-

rienced as high mental workload, which felt overwhelming. On the other

hand, Participant 3 did seem to have perceived control over their mental

workload levels, but purposely avoided operating at a high mental work-
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load level due to exacerbated negative consequences: “I’m on long term

medication and the main side effect is somnolence, which is tiredness, but

not a feeling that you’re about to fall asleep. I’ve lived with it long enough

now that I just take it in my stride, I don’t feel like I change anything day

to day, but I have had to adapt and I think that might explain one of the

reasons why I avoid fives [the highest mental workload level] because I’ll just

get exhausted. I aim for three [medium mental workload] and I’m happy

with a three, because I know I can sustain it. In my previous job, when I

was probably under a lot more periods of four [high mental workload], I had

to come home midweek and sleep for the entire Wednesday afternoon ...

It’s a permanent state of being slightly subdued and I think it has been re-

ally interesting to see for me this week how much I seem to, without having

realised it, maybe I adapt my workload levels to what I feel I can actually

achieve and sustain” (P3). So Participant 3 described their perceived in-

ability to operate at high mental workload levels due to the side effects of

prescribed medication; if they did reach a high mental workload level, they

feared the consequences that would have on their life.

Some participants reported that exercise affects their perceived ability to

operate at a high mental workload level: “I do tend to find in the mornings

if I do go for a run prior to work my overall output and mental capacity

for workload is a lot higher. I think that I’ve started the day off well and

I’ve set out to achieve something and I’ve done it, so I seem to almost

take that into the working environment” (P12). While exercise is kind of

a pre-workload activity, it also appears that e.g. music, as a concurrent

context, might have some effect on some participants’ perceived ability

of reaching certain mental workload levels: “I play music to help me to

concentrate” (P8). With a small number of comments about the use of

music to facilitate achieving mental workload levels, this might be a factor
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that could be explored further.

Internal Factors

As well as life factors affecting the obtainment of certain mental workload

levels, internal factors were found to have the same effect. Participants

often reported that, while aiming for low mental workload, their level was

elevated by internal thoughts which were unrelated to the activity they

were doing: “I’ll go to sleep, well not go to sleep, I’ll think about work in

bed which is always annoying, and particularly when you have very transac-

tional work cause it’s not always one story line that you’re thinking about.

You’re not thinking about a project, you’re thinking about, ‘Do this, do that,

do this, do that,’ and that’s really annoying cause it’s like a cacophony of

thoughts all at once, it’s just not conducive to sleep . . . Literally just in

my head whilst I’m in bed I have a mental workload which is ridiculous.”

(P18) An increase in mental workload level due to internal thoughts was

reported by many participants, and was shown affect obtaining certain

mental workload levels.

Another factor that participants often reported as being a barrier to achiev-

ing a high mental workload level was that reaching a high level requires

effort: “When I have high mental workload I have to be fully concentrated,

so it’s something that I have to plan and something more about will power

. . . Sometimes it’s difficult to get to that and I find it difficult to concen-

trate, I get distracted” (P11). So Participant 11 reflected on how achieving

a high mental workload level takes effort in terms of planning and internal

will power. Sometimes, they struggle to reach the high mental workload

level, even though they try. Enjoyment of the task was often the factor

that affected whether this effort barrier was easily overcome: “ If I’m en-
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joying it [a high mental workload task] it’s like intrinsic motivation . . . I

do enjoy some PhD work and that’s the stuff I’ll keep doing, the stuff’s

that’s sustained longer is because I’ve enjoyed it” (P1). For future work,

we could speculate that enjoyment could result in either not maintaining

mental workload levels for long enough if it is a task that they do not enjoy,

or possibly maintaining certain mental workload levels for too long if it a

task they do enjoy, both affecting the balance of the cycle.

External Factors

As well as life and internal factors potentially affecting the mental workload

Cycle, external factors also appear to interfere with the balance of levels.

External demands were reported by participants which required sustaining

mental workload levels: “I had to do it [maintain a high mental workload

level] in the lab sometimes, it’s like you go there [at] nine o clock in the

morning and you can’t go home till five in the afternoon without lunch be-

cause you cannot turn off the reactor.” (P9) From Participant 9’s passage,

it appears that they are sometimes placed in a situation where because of

the demands of the task, a high mental workload level must be maintained,

which does not facilitate the balance of mental workload levels.

As initially reported in theme two, pressures were reported to result in

sustaining mental workload levels rather than fluctuating. Participant 19

noted that a period of leave from work left them feeling unable to avoid

sustaining a high mental workload level when they returned. “Sometimes

you can’t avoid it [sustaining a high mental workload level] like, perfect

example, so I’m on holiday from Sunday to Wednesday this week and I’m

back Wednesday night. I’ve got really important meetings Thursday and

Friday, external meetings and internal meetings, my diary is full. I couldn’t
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really get away from that because I’m away Monday to Wednesday.” (P19)

Similarly, many participants reporting having to sustain high mental work-

load levels simply until their task was completed (regardless of cause): “I’m

happy to maintain those [high mental workload levels] until it’s done. Usu-

ally I do allow myself buffer time, for example if I think that this specific

section is going to take me two days, in my mind if I enter in a high men-

tal workload area then I finish in one day or half a day, I’m like, ‘Ok this

is good, I’m fine with it,’ so I believe it’s more goal orientated than time

orientated in my case” (P7). Thus it seems that Participant 7 was willing

to maintain a high mental workload level for as long as it took to produce

what they perceived as a satisfactory amount of output (as discussed in

theme two). We could speculate again that this could result in sustaining

a certain mental workload level for too short or too long for the individual.

It is worth noting that sustaining mental workload levels instead of fluctu-

ating between mental workload levels does not only apply to high mental

workload with our participants; for example, as previously mentioned, Par-

ticipant 2 had a period of sustaining low mental workload levels because

of external factors as they had be furloughed from work and their sporting

activities had been paused.

Summary

Whilst participants benefited from fluctuating between mental workload

levels, this was not always possible. Life factors, including medical reasons,

exercise, and potentially music, internal factors, including thoughts and

effort, and external factors, including circumstances and task completion,

often interfered with fluctuations. This was likely to result in the negative

consequences described in theme 3 as levels were either sustained or not
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achieved.

5.3 Quantitative Data Analysis

This section will outline the decisions made about the data collected and

the methods for analysis, in terms of how the data was handled and the

statistical tests used. The results section will then adopt more of a com-

mentary style; it will briefly provide each part of the analysis with context

in terms of how it relates to aspects of the qualitative findings, and then

outline the specific analysis that was done in relation to this. This was

intended to benefit the flow and clarity of the results by limiting the need

to refer back to the previous section in order to understand the results.

The vast amount of data collected was firstly reviewed to determine what

data could be useful to further develop the qualitative findings. The variety

and quantity of data could be used and analysed in countless directions, so

following an analysis plan that was within scope of the qualitative findings

was a priority.

In terms of the ratings app, which collected responses to 4 questions, it was

decided to not go forward with questions 1 (‘What is your current level of

mental workload?’) and 3 (‘What would you rate your overall performance

since the last rating?’), and only consider data from questions 2 (‘What

has you overall mental workload level been since the last rating?’) and 4

(‘Please use the space below to report a summary of the tasks performed

since the last rating.’). This was because considering ‘current’ mental work-

load levels could have captured data of largely varying lengths, such as a

few seconds to several minutes (up to an hour), and the analysis would not

have been able to differentiate between this potentially critical difference.
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Thus, that data did not seem useful for understanding the fluctuations that

people have in their days or the impact that mental workload has on their

lives. Additionally, evaluating subjective performance was considered out

of scope for this analysis as it was not closely related to the qualitative

findings or thesis research questions. Thus, reviewing subjective data in

isolation from questions 2 and 4 was the initial point of data exploration.

Scope of Analysis

Based on the qualitative findings from the personal experiences section,

there were two points of investigation that our quantitative data could build

upon. The first one involved the patterns of fluctuations that participants

had between different mental workload levels, which could be explored by

the data collected from the ratings app. The second involved investigating

the impact that mental workload had on other factors, including evening

questionnaire data (e.g. fatigue levels) and phone usage data.

A challenge for this second area of investigation that explored the rela-

tionships between variables, was the different time intervals between the

measures. The mental workload ratings data was sampled multiple times

each day (approximately every 30 minutes or 1 hour), data was collected

once a day for the questionnaires, and every hour for phone usage data.

We therefore needed a way to make connections between the different types

of data. To do this, we aimed to quantify the mental workload data into

values that would represent a certain amount of time. For example, a ‘men-

tal workload day’ would consist of one value that represented the type of

mental workload day a participant had experienced, and would enable the

data to be explored in relation to the evening questionnaire data.

A time-weighted average was selected for this purpose of quantifying mul-
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tiple mental workload ratings into one value. Time-weighted averages are a

way of getting an unbiased average when there is irregularly sampled data.

Our data is irregularly sampled due to the 30 min rating requirement dur-

ing working hours compared to the 1 hour requirement outside of working

hours. Additionally, participants did not always rate as soon as they were

prompted; there were large variations in times between responses for all

participants. A typical average does not account for time, and the data is

therefore distorted as more frequent ratings would carry more weight.

A weighted average was therefore used to account for time. It was calcu-

lated by taking the area under the curve and dividing it by total time. This

way, each value is given a weight depending on how much time it represents.

The longer the time interval, the bigger the weight. Mixed models were

then used to investigate the relationship between mental workload levels

and the other factors, outlined below.

Mixed Model Analysis:

The purpose of linear mixed models is the same as typical linear models

such that the factors that are having an impact on an outcome variable can

be investigated. Typical linear models have an assumption of independence

of data points, such that they are not suitable for repeated measures de-

signs. Linear mixed models are an extension of typical linear models, such

as linear regression, and are often used with more complicated sampling

designs. As well as fixed effects, which are the variables of interest, mixed

models include random effects. Random effects are effects that can create

random variance in the sample. For example, in a repeated measures design

there are multiple data points from the same participant. This means that

observations are nested in subgroups that could vary by sample. Random
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effects therefore account for certain factors that could explain some of the

random variance in the sample.

To estimate the value of an outcome variable from the predictor variable,

a standard regression line could be plotted, which places the intercept at

the population mean. However, the data points in the sample may be

far away from the plotted line because it does not take into account the

differences that random effects might have on the data. Mixed models,

however, take into account these random effects by fitting a regression

line for each random effect, e.g. each participant. These lines likely have

different intercepts as each participant will have a different value of the

outcome variable. The slope of the line is often fixed, with the researcher

making the assumption that the population has the same slope trend, and

the slope is therefore estimated from the slopes of the sample data points.

The different intercept values detail the distance each intercept is from the

mean intercept. Because each participant has their own regression line,

the error of the model fit will be low, and the error residuals should be

uncorrelated to each other.

A mixed model can therefore be performed, which includes the random

variance in the data caused by the random effects, as well as the random

variance from the error term that is already accounted for in typical linear

models. Mixed models can account for ordinal data as well as continuous

data.

Because our study design violated the assumption of independence, mixed

models were performed to investigate the relationship between mental work-

load and other variables of interest (including questionnaire data and phone

usage data). Because of the input requirement for detailing the predictor

variable and outcome variable, mental workload levels were assigned as the
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predictor variable, due to our primary aim of investigating the impact that

mental workload has on our lives. One exception was sleep data, which

was investigated as both the outcome and predictor variable, in order to

investigate not only the effect of mental workload on sleep the following

night, but also the effect that sleep quality and duration the night before

may have on people’s mental workload abilities the following day.

In order to run the models, each pair of variables were first investigated by

fitting a regression model to determine whether a linear, quadratic, or cubic

fit produced the least error in the model. The residuals were then evaluated

to determine the distribution of the data. Our data contained Gaussian

distributions and Beta distributions. For Gaussian distributions, linear

mixed models (LMMs) were performed. For Beta distributions, generalised

mixed models (GLMMs) were performed, in which the algorithm required

the data to be standardised between 0-1. Due to the non-independence of

the data, participant was inputted as a random effect; participant and hour

were inputted as random effects for the analysis of phone usage data only.

Standardized parameters were obtained by fitting the model on a stan-

dardized version of the dataset. The model was estimated using REML

and nloptwrap optimizer for Gaussian distributions and ML and nlminb

optimizer for Beta distributions. 95% Confidence Intervals and p-values

were computed using lme4 and glmmTMB for LMMs, and the Wald ap-

proximation for the GLMM output.

The output of the models included the R squared values, the beta values,

95% confidence intervals, and the P value of the model.

For significant findings, scatterplots with a simple regression line were pro-

duced in order to visually display the data trends. However, these plots

display one regression line, whereas the mixed models apply a different line
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for each random effect (participant), which means the visualisations do not

capture the full and accurate story.

Participant 15 was excluded from the analysis of the questionnaire data

due to poor data response.

5.4 Quantitative Findings

Figure 5.2: Frequency of each mental workload rating.

Figure 5.2 outlines the frequency of the different mental workload ratings

from all participants across the whole 5 days of data collection. As the

graph depicts, out of a total of 1384 ratings mental workload, participants

rated level 3 the most frequently with 636 ratings, level two was next with

425 ratings, level 4 then followed with 253 ratings, level 1 was next with

47 ratings, and then was level 5 with 23 ratings.

It is notable how few ratings were made for levels 1 and 5, which were the

extreme ends of the rating scale. When exploring the use of the rating scale,

only 3 participants used the full rating 1-5 rating scale during their week of

data collection; 10 participants used a rating of 1, and 7 participants used

a rating of 5. 18 participants used ratings 2, 3, and 4, and 1 participant
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did not input a rating of 4.

Diary data gave an indication of the types of activities that participants

inputted alongside their mental workload level ratings. These are outlined

in word clouds (Figures 5.3a, 5.3b, 5.4a, 5.4b, and 5.4c).

Because the qualitative interviews were discussed in terms of ‘low’, ‘medium’,

and ‘high’ mental workload, the data presented in this chapter considers

ratings of 2 as ‘low’ mental workload, ratings of 3 as ‘medium’ mental

workload, and ratings of 4 as ‘high’ mental workload in order to enable

comparisons between the qualitative and quantitative finding. Because of

the terminology of the ISA scale [36], ratings 1 and 5 were interpreted as

underload and overload respectively, despite not specifically stating this

in the scale terminology; the ratings in between seemed to align smoothly

with the levels in between these extremes.
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Figure 5.3: Word clouds of diary data associated with mental workload
ratings 1 and 2. Words included were a minimum of 4 letters in order to
largely filter out contaminating filler words such as ‘the.’

5.4.1 Patterns of Fluctuations

Figure 5.5 broadly summarises the ratings data in a boxplot that outlines

all the weighted average ratings for each hour, across all participants and
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Figure 5.4: Word clouds of diary data associated with mental workload
ratings 3, 4, and 5.

days. The most concentrated rating hours were between 7am and 10pm.

Within this, there was a large distribution of ratings between the different

mental workload levels. Generally, the plot depicts that average mental

workload levels were lower before work, highest at work, peaking between

10am and 12pm, and then dropped lower again after work; average levels

did not reach much higher than a level of 3.

The qualitative findings identified participants’ preferred patterns of fluc-

tuations between the mental workload levels (The Mental Workload Cycle

subtheme). We therefore explored the types of transitions that were present

in their subjective ratings data over the 5 days of data collection. Figure 5.6

displays the proportion of transitions for all subjective data, i.e. the rating

after the previous rating.
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Figure 5.5: Boxplot of the weight average mental workload ratings for each
hour. The continuous line represents the mean. The values on the x-axis
represent the hour of the day, e.g. the data points between 11-12 represents
data between 11am-12pm. As depicted, there were no ratings between 3am-
5am on any of the days.

As shown in the diagram, the most frequent transition was the rating of

another 3 following a 3, supporting the sustainability of medium mental

workload. The data reflects lots of transitions between ratings 2, 3, and

4, which would be expected based on the qualitative findings. In terms of

the patterns of fluctuations between these levels, participants transitioned

more frequently from low mental workload levels to medium levels com-

pared to high levels, though both transitions were often represented in the

data. From a medium level, participants transitioned to both low and high

mental workload levels frequently, reflecting the individual qualitative pref-

erences that participants had about whether they would seek up or down

after a medium level. From high levels, participants transitioned more fre-

quently to medium levels than to low levels; this is the opposite of what

the qualitative findings suggested.

From Medium to:

The qualitative findings identified that participants found medium mental

workload to be sustainable, but still had their own preferences about which
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Figure 5.6: Diagram shows the amount of transitions that participants
made between mental workload levels with their corresponding percentage.
The upper half of the diagram (blue) represents ‘upwards’ transitions (such
as transitioning from a 1 to a 2) and the bottom half (red) represents
‘downward’ transitions (such as from a 2 to a 1). The circles (green) around
the rating levels represent the transition to the same level (such as a 1
to another 1). The thickness of the lines represent the frequency of the
transition.

mental workload level they would transition to after time spent at a medium

mental workload level (The Mental Workload Cycle subtheme). This al-

lowed for the comparison between the stated qualitative preferences and

the quantitative patterns in the mental workload ratings data. From the

qualitative findings, 2 participants did not explicitly state their preference,

and thus the comparisons include the data from the 17 participants who

stated their transition preference. The visualisations that are presented

outline the frequency of ratings that occurred following a 3 (a medium

mental workload level); unsurprisingly, there were many instances of a 3

rating following a 3, and then the visualisations reflect the frequency of the

other ratings.

11 participants expressed that they would seek to spend time at a higher
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mental workload level after a medium. Out of these, only 1 participant’s

data reflected that (Figure 5.7a). 6 participants’ data actually showed more

low ratings after medium ratings (Figure 5.7b), and 4 participants had an

even split of ratings between low and high (with a maximum difference of

2 ratings between high and low levels).

6 participants outlined that they would prefer to spend time at lower mental

workload levels after medium mental workload. Out of these, no partici-

pants achieved that. 3 participants clearly rated more high mental workload

after medium ratings (Figure 5.7c), and 3 participants had even ratings be-

tween high and low levels (with a maximum difference of 2 ratings between

them).

(a) P12 had a preference for tran-
sitioning to high mental workload
after a medium mental workload,
which is reflected in the data.

(b) P4 had a preference for transi-
tioning to a high mental workload
after a medium mental workload,
but their data reflects more transi-
tions to low mental workload.

(c) P19 preferred to transition to a
low mental workload after a medium
mental workload, but their data re-
flects more transitions to high men-
tal workload.

Figure 5.7: Transition patterns after medium mental workload level.
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Summary

This section considered mental workload ratings of 2, 3, and 4 as mental

workload levels corresponding to low, medium, and high. There were no-

ticeable observable similarities and differences between the activities that

were reported for each mental workload level. Participants generally had

the highest mental workload levels in their days during work hours from

around 9am-4pm. There were lots of transitions between low, medium, and

high mental workload levels, which supported the qualitative findings of fre-

quent fluctuations; the most frequent transition between ratings was from

a medium level to another medium level, which supported the qualitative

findings regarding the sustainability of medium mental workload. However,

the patterns of fluctuations were often not in the preferred patterns that

participants had qualitatively expressed. Notably, from a medium mental

workload level, participants frequently appeared to to transition in the op-

posite direction to their qualitative preference. Reasons and implications

for these discrepancies will be discussed further in Section 5.5.

5.4.2 Questionnaire Analysis

A weighted average was calculated for each participant for each day. The

values ranged between 1.84 and 3.85 (mean = 2.87, standard deviation

(SD) = 0.43). Ratings are displayed in Figure 5.8.

The qualitative findings identified the negative consequences that could

arise from sustaining any mental workload level for too long (Sustainment is

an Issue). To further the exploration into the impact that mental workload

has on our lives, we ran mixed models to investigate the how different

overall amounts of mental workload effect the factors measured by the
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Figure 5.8: Weighted average mental workload ratings for each participant
for each day.

evening questionnaires. The data for each questionnaire is outlined in turn.

Fatigue

(a) Fatigue ratings for each partici-
pant for each day. Overlapping data
points of the same values have been
shifted slightly for visualisation pur-
poses.

(b) Mental workload levels could sig-
nificantly estimate perceived fatigue
levels at the end of the day. The
relationship was linear, as shown by
the line.

The scores for the fatigue section of the VAS could be between 0 and 143.

Participants responses ranged between 0-130, mean = 60.01, SD = 28.17

(Figure 5.9a).

A linear model was the best fit for the data. We fitted a linear mixed

model with mental workload as the predictor and fatigue as the outcome

variable. (Figure 5.9b). The model included participant as random effect.
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The model’s total explanatory power was substantial (conditional R2 =

0.36) and the part related to the fixed effects alone (marginal R2) was of

0.05. Within this model:

The effect of mental workload was statistically significant and positive (beta

= 13.89, 95% CI [-0.02, 27.81], t(86) = 1.98, p = 0.050; Std. beta = 0.21,

95% CI [-3.29e-04, 0.43]).

To add explanation to these values, the fixed effects R2 value (0.05) indi-

cates the amount of variance (5%) in the outcome variable (fatigue) caused

by the predictor variable (mental workload). The beta value (13.89) is

the slope coefficient and indicates the amount of change in the outcome

variable for every one unit of change in the predictor variable. The 95%

confidence intervals next to this defines the range of values that the slope

coefficient plausibly falls into. The t-value (86) and its significance value (p

= 0.050) then concerns whether the slope coefficient value is significantly

different to 0. After this, the standardised beta (0.21) and its confidence

intervals enable the comparison between predictors if they vary in measure-

ment units; standardised betas show standard deviations, such that for 1

standard deviation change in mental workload level, there is an expected

0.21 standard deviation increase in fatigue.

Thus, these results suggest that as daily mental workload levels increased,

fatigue at the end of the day also increased. This is perhaps an intuitive

finding, but appears to have limited previous research.

Energy

The scores for the energy section of the VAS could be between 0 and 55.

Participants responses ranged between 0-41, mean = 18.17, SD = 8.88
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(Figure 5.10).

Figure 5.10: Energy ratings for each participant for each day. Overlapping
data points of the same values have been shifted slightly for visualisation
purposes.

We ran the linear mixed model with a linear fit for energy and mental

workload and the effect of mental workload was statistically non-significant

and positive (beta = 0.06, 95% CI [-4.35, 4.46], t(86) = 0.03, p = 0.979;

Std. beta = 2.80e-03, 95% CI [-0.21, 0.22]). Thus, our quantitative findings

did not find a significant relationship between daily mental workload levels

and energy levels at the end of the day. This is perhaps surprising as it

could be expected that as mental workload was associated with increased

fatigue, it would also be associated with decreased energy levels. Indeed,

a Spearman’s correlation found a significant negative correlation between

fatigue and energy, rs = -.385, p = .001.

Perceived Stress Scale

The response to the PSS could be between 0-40. The responses from par-

ticipants ranged between 0-27, mean = 12.09, SD = 7.80 (Figure 5.11a).

For stress, a quadratic model was the best fit for the data. We fitted a
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(a) PSS data for each participant for
each day. Overlapping data points
of the same values have been shifted
slightly for visualisation purposes.

(b) Mental workload levels could sig-
nificantly estimate perceived stress
levels at the end of the day. The re-
lationship was quadratic, as shown
by the line.

linear mixed model with mental workload as the predictor variable and PSS

as the outcome variable (Figure 5.11b). The model included participant

as random effect. The model’s total explanatory power was substantial

(conditional R2 = 0.65) and the part related to the fixed effects alone

(marginal R2) was of 0.11.

The effect of mental workload was statistically significant and positive (beta

= 1.06, 95% CI [0.53, 1.59], t(86) = 3.97, p = .001; Std. beta = 0.33, 95%

CI [0.17, 0.50]).

Thus, mental workload explained 11% of the variance in the perceived

stress data. This is interesting, as it suggests that increased stress levels

are associated with too much low mental workload as well as too much high

mental workload. Speculatively, reasons for this might include people find

that avoiding work causes increase stress, or that not finding work or daily

tasks mentally challenging is a source of stress to people.

Mood Disturbance

POMS responses could be between -44 and 116 (higher scores indicate more

negative mood). Participants responses ranged between -35 and 75, mean
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(a) Mood disturbance ratings for
each participant for each day. Over-
lapping data points of the same val-
ues have been shifted slightly for vi-
sualisation purposes.

(b) Mental workload levels could sig-
nificantly estimate perceived mood
disturbance (higher values corre-
spond to a more negative mood) at
the end of the day. The relationship
was quadratic, as shown by the line.

= 2.01, SD = 17.16 (Figure 5.12a).

We fitted another linear mixed model with a quadratic fit, where mental

workload was the predictor and mood disturbance was the outcome vari-

able. (Figure 5.12b). The model included participant as random effect.

The model’s total explanatory power was substantial (conditional R2 =

0.40) and the part related to the fixed effects alone (marginal R2) is of

0.06. Within this model:

The effect of mental workload was statistically significant and positive (beta

= 1.62, 95% CI [0.19, 3.05], t(86) = 2.25, p = 0.027; Std. beta = 0.23, 95%

CI [0.03, 0.44]).

To a significant extent, mental workload levels during the day were associ-

ated with mood disturbance in the evening. Similarly to the stress findings,

more negative moods were associated with both low and high daily levels

of mental workload. This could also speculated to be for similar reasons

as the stress findings, as these factors seem related in terms of negative

perceptions. In this respect, a Spearman’s correlation found a significant

positive correlation between stress and mood disturbance, rs = .750, p =

0.001.

147



5.4. QUANTITATIVE FINDINGS

Sleep Quality, Duration, and Onset - Following Night

Sleep quality scores could be between 1-5. Participants responses ranged

between 1-5, mean = 3.46, SD = 1.05 (Figure 5.13a). Sleep duration re-

sponses ranged between 4.5 hours to 10.25 hours, mean = 7.94, SD = 1.02

(Figure 5.13b). Sleep onset time ranged between 2-91 minutes, mean =

31.87 minutes, SD = 21.86

(a) Sleep quality ratings for each
participant for each day.

(b) Sleep duration data for each par-
ticipant for each day.

(c) Time to fall asleep after settling
down data for each participant for
each day.

Figure 5.13: Sleep data for each participant for each day. Overlapping
data points of the same values have been shifted slightly for visualisation
purposes.

Assessing the impact of daily mental workload levels on sleep in terms of

quality and onset was the area of investigation that had been most robustly

grounded in previous research.

The linear mixed model was ran to investigate the impact of mental work-

load on sleep duration. A quadratic fit was most suitable for the model,

but the effect of mental workload on sleep duration was statistically non-
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significant and positive (beta = 0.03, 95% CI [-0.05, 0.12], t(86) = 0.74, p

= 0.464; Std. beta = 0.08, 95% CI [-0.13, 0.28]).

As this was real world data, it is unsurprising that this result was non-

significant. It can be assumed that participants were not left to sleep for

as long as they naturally would because of their morning commitments to

e.g. childcare or work.

The linear mixed model was performed to investigate the impact of mental

workload and sleep quality (the following night). The best fit for the model

was linear. The effect of mental workload was statistically non-significant

and negative (beta = -0.13, 95% CI [-0.67, 0.41], t(86) = -0.49, p = 0.623;

Std. beta = -0.06, 95% CI [-0.28, 0.17]).

A generalised mixed model was ran with a linear fit for time to all asleep

after settling down and mental workload. The effect of mental workload

was also statistically non-significant and positive (beta = 0.29, 95% CI

[-0.34, 0.92], p = 0.364; Std. beta = 0.13, 95% CI [-0.15, 0.40]).

These latter findings are not what would have perhaps been expected as

they suggest no relationship between mental workload and sleep quality

or onset. The discussion section interprets these results further based on

previous research.

Sleep Quality and Duration - Previous Night

A linear mixed model with a linear fit was performed to investigate the

effect of sleep quality and duration on mental workload the following day.

The effect of sleep duration was statistically non-significant and negative

(beta = -9.18e-03, 95% CI [-0.29, 0.28], t(66) = -0.06, p = 0.949; Std.

beta = 0.18, 95% CI [-0.04, 0.40]). The effect of sleep quality was also
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statistically non-significant and negative (beta = -0.18, 95% CI [-0.84, 0.48],

t(66) = -0.55, p = 0.585; Std. beta = 0.01, 95% CI [-0.17, 0.20]).

In line with the findings relating to the effect of mental workload of sleep the

following night, when sleep was used as the predictor variable to investigate

the effect of sleep the previous night on mental workload the following day,

no significant relationship was found.

Food Cravings

Each subsection of cravings data responses could be between 3-15.

Craving as a Physiological State Responses ranged between 3-15,

mean = 5.35, SD = 3.21 (Figure 5.14a).

(a) Craving as a physiological state
ratings for each participant for each
day. Overlapping data points of
the same values have been shifted
slightly for visualisation purposes.

(b) Mental workload levels could sig-
nificantly estimate physical craving
levels at the end of the day. The
relationship was linear, as shown by
the line.

We fitted a generalised mixed model to investigate the effect of mental

workload on cravings as a physiological state. The best fit was a linear

model.

(Figure 5.14b). The model included participant as random effect. The

model’s total explanatory power was substantial (conditional R2 = 0.29)

and the part related to the fixed effects alone (marginal R2) is of 0.11.
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Within this model:

The effect of mental workload was statistically significant and positive (beta

= 0.86, 95% CI [0.22, 1.50], p = 0.008; Std. beta = 0.37, 95% CI [0.10,

0.65]).

Interestingly, this finding indicated that mental workload could explain

11% of the variance in the physiological cravings data. The three questions

related to this type of craving were: ‘I am hungry,’ ‘If I ate right now, my

stomach wouldn’t feel as empty,’ and ‘I feel weak because of not eating.’

This can reasonably interpreted as feelings of hunger, such that daily mental

workload levels were linearly associated with hunger levels at the end of

the day. Participants were instructed to fill out the questionnaires at the

same time each day after their evening meal, meaning the results should

not be because of differing situational factors. Thus, it could be speculated

that like physical activity that burns energy and hence requires the body

to refuel properly, there may be a similar effect (perhaps a perceived effect)

with mental workload.

An Intense Desire to Eat Responses ranged between 3-12, mean =

5.38, SD = 2.85 (Figure 5.15a).

(a) Intense Desire to Eat ratings for
each participant for each day. Over-
lapping data points of the same val-
ues have been shifted slightly for vi-
sualisation purposes.

(b) Relief from eating ratings for
each participant for each day. Over-
lapping data points of the same val-
ues have been shifted slightly for vi-
sualisation purposes.
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A linear mixed model that accounted for the beta distribution of the data

was performed with a linear fit for an intense desire to eat and mental

workload. The effect of mental workload was statistically non-significant

and positive (beta = 0.58, 95% CI [-0.07, 1.23], p = 0.083; Std. beta =

0.25, 95% CI [-0.03, 0.53]).

Relief from Negative States and Feelings as a Result of Eating

Results ranged between 3-12, mean = 5.31, SD = 2.78 (Figure 5.15b).

The same was performed for anticipation of relief from negative states and

feelings as a result of eating and mental workload. The effect of mental

workload was statistically non-significant and positive (beta = 0.52, 95%

CI [-0.07, 1.11], p = 0.081; Std. beta = 0.23, 95% CI [-0.03, 0.48]).

Obsessive Preoccupation with Food or Lack of Control Over Eat-

ing Responses ranged between 3-11, mean = 5.20, SD = 2.38 (Figure 5.16a).

(a) Food preoccupation ratings for
each participant for each day. Over-
lapping data points of the same val-
ues have been shifted slightly for vi-
sualisation purposes.

(b) Anticipation of reinforcement
ratings for each participant for each
day. Overlapping data points of
the same values have been shifted
slightly for visualisation purposes.

The same model was applied for obsessive preoccupation with food or lack

of control over eating and mental workload. The effect of mental workload

was statistically non-significant and positive (beta = 0.38, 95% CI [-0.27,

1.03], p = 0.254; Std. beta = 0.16, 95% CI [-0.12, 0.45]).
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Anticipation of Positive Reinforcement that may Result from

Eating Responses ranged between 3-13, mean = 5.01, SD = 2.32 (Fig-

ure 5.16b).

The same model but with a cubic fit was performed for anticipation of

positive reinforcement that may result from eating and mental workload.

The effect of mental workload was statistically non-significant and positive

(beta = 0.01, 95% CI [-0.02, 0.04], p = 0.449; Std. beta = 0.11, 95% CI

[-0.18, 0.40]).

Thus, the rest of the cravings data showed no significant relationship re-

garding the impact that mental workload had on aspects of cravings.

Summary

The results in this section outlined the relationship between mental work-

load and the questionnaire data. There were four significant findings. Daily

mental workload levels were found to contribute to fatigue, stress, mood

disturbance, and feelings of hunger at the end of the day. For fatigue

and hunger, this relationship was positive an linear, such that increasing

daily mental workload levels were associated with increasing fatigue and

hunger levels. The relationship was quadratic for stress and mood distur-

bance, where low and high daily mental workload levels were associated

with higher stress and more negative mood when measured during the

evening.
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5.4.3 Mobile Phone Usage

The qualitative findings identified that periods of high mental workload

were associated with feeling less distracted, and periods of low mental work-

load were associated with feeling more distracted (General Perceptions of

Mental Workload theme). In relation to this, we analysed phone usage

data as a indication of distractedness.

The two categories of interest were time spent on social media, and total

phone usage time (minus system usage data, which included background

apps etc). The phone usage data was available to analyse in one hour

chunks. Social media usage time ranged between 1 second an hour and 2598

seconds (43.30 minutes) an hour, mean = 315.69 seconds (5.26 minutes),

SD = 362.82. Total usage time ranged between 63 seconds (1.30 minutes)

an hour and 2613 seconds (43.55 minutes) an hour, mean = 905.61 seconds

(15.09 minutes), SD = 719.67.

Initial inspection of the data indicated a relationship between mental work-

load ratings and phone usage. Figure 5.17 shows the initial visualisation

that was plotted for P1 on their first day of data collection. The plot shows

that when mental workload levels rise, phone usage time drops, and when

mental workload decreases, phone usage increases.

We then statistically evaluated the relationship across all participants be-

tween mental workload ratings and social media usage in terms of the effect

that weighted average mental workload levels at each hour of social media

usage had on social media usage. A mixed model was performed to as-

sess this relationship with hour of day added as a random effect alongside

participant. (Figure 5.18a).

A generalised mixed model was fitted due to the beta distribution of the
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Figure 5.17: A plot of mental workload ratings and phone usage time for
P1, day 1. A general trend can be seen as mental workload ratings become
lower, phone usage time becomes higher, and vice verse.

data. A linear fit was most suitable for the model. Mental workload was

again used as the predictor variable and social media usage was used as

the outcome variable. The model’s total explanatory power was moderate

(conditional R2 = 0.20) and the part related to the fixed effects alone

(marginal R2) was of 0.02. Within this model:

The effect of mental workload was statistically significant and negative

(beta = -0.15, 95% CI [-0.25, -0.05], p = 0.004; Std. beta = -0.11, 95% CI

[-0.19, -0.04]).

(a) Mental workload levels each
hour was significantly related to so-
cial media usage.

(b) Mental workload levels each
hour was significantly related to to-
tal phone usage time.

The relationship between mental workload and total phone usage was in-

vestigated in the same way (Figure 5.18b). The model’s total explanatory

power was substantial (conditional R2 = 0.33) and the part related to the

fixed effects alone (marginal R2) was of 0.02. Within this model:
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The effect of mental workload was statistically significant and negative

(beta = -0.13, 95% CI [-0.23, -0.03], p = 0.010; Std. beta = -0.10, 95% CI

[-0.17, -0.02]).

Although there is a small amount of variance in the data explained by

hourly mental workload levels for both social media usage and total phone

usage, these findings were significant and indicate that there is a reliable

relationship that shows mental workload levels do contribute to phone us-

age. If this is considered in terms of distractions, it can be speculated that

mental workload would be a large predictor of time spent doing distracting

activities if they were all added into the model. This trail of speculation is

expanded in the discussion section.

Because some data for social media time usage indicated that for some

hours, participants had spent 1 second on social media, this model was

also performed for data starting at 10 seconds of social media usage. The

output was the same as the first model. As a following exploration, we

wanted to evaluate the relationship between very short uses of social media

(up to 2 or 5 seconds) on mental workload levels. The quantity of data

we had was not sufficient for statistical analysis, and a boxplot did not

indicate much difference between short uses and longer uses (Figure 5.19).

5.5 Discussion

This chapter investigated mental workload in daily life with the aim of fur-

thering our understanding of how tracking such “brain data” could be used

to improve our work performance and lives. Three sections contributed to

this. Firstly, the qualitative analysis of the contextualisation section pro-

vided insight into the overarching reasons for why participants believed that
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Figure 5.19: Boxplot showing descriptives for different social media usage
time conditions on mental workload ratings, including usage for 2 seconds
or less and 3 seconds or more, and usage for 5 seconds of less and 6 seconds
or more. Mean mental workload rating values are indicated by the position
of the diamonds.

tracking this type of data might be valuable to them as a form of personal

informatics. This section was brief and broad, provided validation for in-

terest in tracking cognitive activity, and perhaps set the scene for a deeper

insight into mental workload provided by the following two sections. The

qualitative analysis of the personal experiences section investigated lived

experiences of mental workload, and the quantitative analysis investigated

the function and impact of mental workload from a longitudinal life per-

spective; these sections provided a rich insight into mental workload as a

concept.

We aimed to build upon the qualitative analysis by designing the quantita-

tive analysis around the findings from personal experiences section, which

had provided an initial understanding of the function of mental workload

in daily life and how it may be useful as a form of personal informatics.

More specifically, four themes from the personal experiences section were

identified in regards to this. Theme 1 outlined that there were different
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general perceptions of high and low mental workload levels, in that dif-

ferent participants had either positive or negative perceptions of the same

level. In contrast, all participants regarded medium mental workload pos-

itively. Indeed, the quantitative data in terms of the mental workload rat-

ings app showed that medium mental workload (rating 3) was rated most

frequently, arguably supporting medium mental workload as a positively

regarded revel.

Theme 2 identified four factors (pressure, enjoyment, outcome, and loca-

tion) that could change the initial perceptions of the high and low mental

workload levels from positive to negative, or vice verse. These themes

further our understanding of how experiences of mental workload are per-

ceived.

Theme 3 presents an apparent Mental Workload Cycle, where findings iden-

tified the necessity of fluctuating between mental workload levels which

tended to occur in specific patterns. Fluctuations prevented sustaining

any level for too long as this could have negative consequences on one-

self or work output (e.g. fatigue or feeling unproductive); medium mental

workload was considered the most sustainable level, but still appeared to

result in negative consequences after a longer period of time. Fluctuating

between levels also allowed individuals to benefit from the different pos-

itive characteristics of each level (e.g. a sense of achievement or time to

recover). The findings from this theme contribute largely towards under-

standing the impact that mental workload may have on our lives and work

(and the impact that our lives and work may have on our mental work-

load performances), and increases our understanding of what we should

aim for in terms of mental workload. Theme 4 identified three factors (life,

internal and external) that could prevent individuals from achieving their

Cycle fluctuations by decreasing the opportunity to fluctuate or affecting
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the ability to operate at certain levels.

The quantitative data was analysed predominantly in relation to the Men-

tal Workload Cycle. Patterns of fluctuations showed frequent transitions

between low, medium, and high levels. The data supported medium men-

tal workload as the most sustainable level by showing that transitioning

from a medium level (rating 3) to another medium level was the most

frequent transition in the data set (28.13%). The patterns of transitions,

however, did not always align with the qualitative findings in terms of par-

ticipant preferences. Additionally, the questionnaire data supported the

findings regarding the negative implications that can occur from spending

too much time at certain mental workload levels, and phone usage data

could somewhat be useful for indicating mental workload levels based on

level of distractedness. These findings are discussed more below.

Whilst our main contributions derive from qualitative themes 3 and 4,

themes 1 and 2 are important for two reasons. Firstly, as far as we are

aware, no research has investigated mental workload from a ‘people per-

spective,’ in terms of how mental workload is qualitatively conceptualised

by those who experience it; there is a large body of mental workload re-

search [204; 240; 176], but the focus remains on isolated tasks measuring

quantitative data. Increasing our understanding of the experiences behind

the numbers may contribute to greater progress in these research areas,

such as increased understanding of what contributes to overload and un-

derload. Secondly, themes 1 and 2 lay the foundations for understanding

people’s approaches to mental workload in their lives, such as high men-

tal workload avoidance because of associations with stress, or which level

people prefer to transition to after a medium mental workload level. When

developing the Mental Workload Cycle, having an understanding of the

different perceptions of mental workload enabled a richer insight into why
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having mental workload fluctuations are preferable, how Cycle preferences

may vary between individuals, and how preferences do not always translate

to observed behaviour, discussed in more detail below.

5.5.1 Personal informatics and BCIs

Current pBCI neurotechnology available to consumers (to help people e.g.

focus or meditate) are tailored around helping users to achieve a certain

state in the present moment. What we have investigated is how tracking

mental workload data over longer periods of time (days/weeks/months)

could contribute towards making improvements in our lives, as a form of

personal informatics [82; 145; 194; 196].

Mental workload was chosen as a concept that is fundamental in our daily

lives and has a large body of research aimed at accurately tracking it in

the real-world. It is likely that this tracking technology will be available as

type of pBCI in the relatively near future [14; 16]. Its current application

applies to improving performance at work, especially in safety-critical jobs

[16; 240], but our qualitative findings suggest that tracking mental workload

from a broader life perspective could have positive implications for our

wellbeing and performance on tasks. This is because if we keep track of

our mental workload levels and aim to adhere to the Mental Workload

Cycle that is optimal for us in terms of fluctuations between levels, we

could avoid the negative consequences that come from sustaining levels for

too long, and reap the rewards of the benefits that each level can have on

our work and lives.

However, as seen in the quantitative analysis, optimal fluctuation patterns,

as well as preferred fluctuation patterns, were not always achieved. Firstly,
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participants expressed that they would ideally transition from a high men-

tal workload to a low mental workload. Whilst this did occur in the data,

participants more often transitioned to a medium mental workload from a

high mental workload. Additionally, participants had their own preferences

about which level they would ideally transition to after a medium mental

workload level. However, the data indicated that only one participant’s

actual behaviour followed their expressed preference; the ratings data of-

ten indicated that participants transitions from a medium level were the

opposite of their preference, or at least evenly distributed between low and

high transitions.

These findings suggest a dissociation between participant preferences and

actual behaviour. Speculatively, this could be explained in a few ways.

Firstly, because the ratings app data represents ‘overall’ mental workload

levels since the last rating, it is sensible to consider that fluctuations within

that time period often occurred and were lost within the rating, meaning ac-

tual transitions may not have been represented fully in the data. However,

on a broader level, the data does provide insights into mental workload

fluctuations. This is especially clear in the data that shows the partici-

pants who preferred to go to a high mental workload level after a medium

level frequently went to a low level instead, whereas the participants that

preferred to go to a low level frequently went to a high level instead.

It is therefore also conceivable that participants qualitatively expressed be-

havioural intentions that they believed were desirable for them to do, but

did not actually align with their behaviour in practice. This could be at-

tributed to a general discrepancy between desirable intentions and actual

behaviour, or participants being unable to facilitate their preferences in

practice. In relation to a general discrepancy between desirable intentions

and actual behaviour, there are many instances of inconsistencies between
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intentions and actions in a wide variety of domains, referred to as the

intention-behaviour gap [205] or a hypothetical bias [6]; an example of this

is in the health domain, where people often intend to participate in an

exercise or rehabilitation programme, but not act on this intention. This

general discrepancy is believed to be explained by the belief-disparity hy-

pothesis [6; 7]. This outlines how hypothetical and real-life contexts are

construed in very different ways, where favourable beliefs and attitudes are

expected in hypothetical contexts because of the lack of salient contextual

cues. In this sense, it could be hypothesised that participants expressed

their transition preferences based on what they believed was the most de-

sirable behaviour as opposed to their commonly performed actions. For

example, believing it is more productive to reach a high mental workload

after a medium but actually tending to drop down to a low level; or believ-

ing it is healthier to drop to a low level after a medium level, but commonly

actually operating at a higher level.

Alternatively, participants may not have been able to facilitate their inten-

tions in practice because of their circumstances. Theme 4 of the qualitative

findings outlined how there are internal, external, and life factors that can

prevent people from operating at their intended or desired mental workload

levels. In this case, the discrepancy between the preferred (qualitative) and

observed (quantitative) findings could be because of situational contexts

that did not enable participants to execute their preferred fluctuations or

levels, such as the demands of their jobs. In relation to this, previous re-

search found that even though participants were educated about how many

hours sleep they should get each night, many did not translate this into

action because of their circumstances [106]. The authors suggested that

help to implement strategies and modify lifestyle factors was important for

helping people to achieve their sleep goals. Research like this alongside
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our qualitative findings in theme 4 suggests that even if we know what we

‘should’ typically aim for in terms of mental workload, there may need to

be other goals set to prevent the negative outcomes that may arise from

not fluctuating between levels in those people who struggle to achieve the

ideal fluctuations because of their circumstances.

The two potential reasons outlined above regarding why actual behaviour

may not have aligned with preferred behaviour indicate that being able to

reflect on mental workload data and be guided by actionable insights could

help people to achieve their mental workload aims in terms of facilitating

their Mental Workload Cycle. As mentioned, our qualitative findings sug-

gest that adhering to a Cycle could prevent the negative consequences that

arise from sustaining any level for too long. In this sense, perhaps people

would, for example, feel less burnt out and resentful, and feel more rested

and efficient. A large part of the quantitative analysis also regarded inves-

tigating the impact that overall mental workload levels during a day had

on participants’ daily lives. The weighted average value that represented

the ‘amount’ of mental workload that participants had experienced in their

day, enabled an understanding of how experiencing a lot of, e.g., high or low

mental workload during the day may impact certain wellbeing or cognitive

aspects. The qualitative analysis identified several factors that experienc-

ing too much of any mental workload level could negatively impact; again,

medium mental workload was considered the most sustainable, with par-

ticipants generally content to experience a lot of that level in their day,

despite indications that too much medium mental workload could also lead

to negative consequences. The quantitative phase was designed before the

findings of the qualitative phase, meaning that the measures could not be

guided in this regard. However, there were some measures taken during the

quantitative phase that emerged as findings in the qualitative phase; three
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of the four significant findings in the quantitative analysis were identified

qualitatively as negative effects from sustaining different mental workload

levels for too long. These included stress, fatigue, and mood.

In terms of stress, the qualitative findings identified that too much high

mental workload was specifically associated with increased stress; too much

low mental workload was associated with decreased enjoyment, decreased

productivity, and decreased satisfaction, which are factors that could ar-

guably be associated with feelings of stress. The quantitative findings fitted

a quadratic model, where experiencing a lot of either low mental workload

or high mental workload significantly contributed to increased stress levels

at the end of the day. Mid-range levels, which could represent either a lot

of time spent at a medium mental workload level or a lot of fluctuations

that could balance out to levels around a 3, were shown to be associated

with less stress than the more extreme levels.

These findings were very similar for mood, where participants qualitatively

expressed that too much high mental workload was associated with a more

negative mood; decreased enjoyment and decreased satisfaction, two of the

negative associations with too much low mental workload, could sensibly

be assumed to be associated with more negative moods. Quantitatively, a

quadratic model also showed that daily mental workload levels significantly

contributed to perceived mood at the end of the day, where low and high

mental workload levels were both associated with more negative moods

compared to mid-range levels.

Fatigue was identified in the qualitative findings as another factor that is

negatively impacted by a lot of high mental workload. The quantitative

data supported this by finding a linearly positive relationship between daily

mental workload levels and fatigue levels at the end of the day.
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Additionally, quantitatively, mental workload levels were also found to lin-

early contribute craving as a physiological state, where higher daily mental

workload levels were associated with higher cravings at the end of the day.

This finding did not emerge from the qualitative analysis.

Interestingly, these four findings relating to stress, negative mood, fatigue,

and an aspect of food craving, had somewhat previously been linked to

mental workload levels [70; 101; 181; 190; 8]. With the exception of a fa-

tigue study [101], which our findings supported, however, previous research

has been limited in terms of quantity, and seemingly constrained to lab-

oratory environments, measuring the effect of mental workload only over

the period of work tasks, and analysing only quantitative data. This re-

search broadened this view to the impact that mental workload levels have

over a period of a day, qualitatively and quantitatively. It quantitatively

collected messy real-world data, and yet relationships between variables

still emerged, suggesting that we can be confident in the findings that did

emerge. The quadratic curve for the stress and mood data indicates ex-

tended amounts of low mental workload has a similarly negative impact

as extended amounts of high mental workload. Mental workload was not

found to contribute to sleep in terms of quality, duration, or onset. Sleep

duration could be sensibly assumed to be affected by life commitments,

such as waking for work, and thus it is unsurprising that a relationship be-

tween mental workload and sleep duration was not identified in this study.

Previous research by Goel et al [101] did find that mental workload levels

during the day predicted sleep onset at night. Sleep in that research was

measured objectively, and thus it could be hypothesised that there were

vast mis-recollections in regards to subjectively inputting data relating to

sleep onset and quality in our study. Indeed, subjective sleep recollections

commonly do not match up with objective measurements [29].
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Taking the qualitative and quantitative findings from this chapter together,

we have strong indications of the impact that mental workload has on as-

pects of our wellbeing and performance. Our early data does seem compa-

rable to physical activity, in the sense that if you don’t exercise enough, or

you exercise too much, there can be negative implications for your health,

but striking the right balance of physical activity has endless health benefits

[222].

Speculatively, once we have access to such brain data as personal data,

habit formation may be interesting to study [210]. Notably in this chapter,

we saw that people had goals to actively break up high mental workload pe-

riods, and designing technology to help people measure or recognise the im-

pact of break taking on subsequent mental workload or productivity could

be beneficial. Equally, as with people living a sedentary physical lifestyle,

technology could help people to comprehend the scale of their prolonged

low mental workload periods so they can work towards improving their

mental workload activity. A common concern in research at the moment

is the impact of mobile phones on e.g. mental health and sleep [173], or

ability to work or study because of their distractable nature [71; 64]. In

this regard, David et al [64] found that the amount of time spent social me-

dia and texting was positively correlated with students’ ability to study;

Douglas et al [71] found that students who spent more time distracted on

their phones during lectures had lower grades compared to students who

spent less time on their phones.

In terms of mental workload, it is well-known that the state of underload

can lead to performance errors because of distraction [240; 204]. Our qual-

itative findings that looked more holistically at low, medium, and high lev-

els, found that level of distractibility changes with level of mental workload

(higher mental workload was associated with lower distractibility and vice
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verse). This finding was supported with the quantitative analysis, which

showed mental workload could somewhat predict level of phone usage in

terms of social media and total usage time. In the context of the findings

from Study 1, this suggests that performance on lower mental workload

tasks could be negatively affected. This is because if an individual is not

able to multitask effectively when dealing with a distraction, they may ei-

ther stop engaging with the primary task (which could, for example, mean

they miss important information or take longer to complete the task) or

make mistakes on the primary task due to not managing with the demands

of both tasks. In daily life, this might not always have large implications,

such as whilst watching TV, but in the same token could mean poorer

performance on more important tasks such as making an online payment.

Thus, mental workload tracking pBCI technology may enable people to

track the effects of activities on their behaviours, e.g. the impact that dis-

tractions have on their mental workload and subsequent ability to carry out

their activities. Whilst there is much more we need to understand before

detailed specific, individual mental workload goals can be determined, the

results so far show the nature of the goals we could set and how they may

contribute to life improvements.

5.5.2 One mental workload size does not fit all

As the primary contribution from this chapter outlined an apparent Cy-

cle, where we ideally vary our day-to-day mental workload in particular

patterns, it enabled the identification of the types of goals we should set

in our ‘mental workload lives’ (outlined above). We generally know what

is healthy for everyone in terms of physical activity; e.g. walking 10,000

steps each day is, even if an oversimplified goal, good for us. But it is clear
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that participants had different preferences in their mental workload lives,

such as those who regarded low mental workload as positive vs those who

regarded it as negative. It should therefore be considered that the ‘right’

amount of mental workload might differ between people. We saw that

some participants perceived high mental workload as overwhelming, and

so these individuals might benefit from less high mental workload fluctua-

tions compared to those participants who perceived high mental workload

as exciting. So as cognitive activity is not tangible like physical activity,

there is added complexity in tracking data and future BCI technology that

passively tracks cognitive activity for use as personal informatics will only

suit the needs of all users if the preferences for each individual are taken

into account. As some research has noted though, keeping generally active

is better for cognition and cognitive health with ageing [88; 87], and we

speculate that this would also be true in terms of mental workload; older

participants were not the focus of the current study, but investigating how

mental workload tracking could be used to avoid a cognitively sedentary

lifestyle in this population would be an interesting area for future research.

One insight from our work further emphasises the ‘subjective’ mental work-

load experiences. Much mental workload research relies on the subjective

reports of participants, and our work explicates further a well established

principle that this is individual, and different people’s experience of the

same demand may vary dramatically, even for themselves depending on

their recent mental workload levels. Maior et al [153] reported anecdo-

tal evidence that some people found the same air traffic control demand

stressful and difficult, while others reported it as challenging and fun. Our

second theme expanded on these differences, and perhaps sense of pressure,

for example, should be an element that is also captured to better interpret

mental workload ratings.
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Mental workload ratings are often used as the ‘ground truth’ for labelling

states for machine learning, for classifying mental workload state according

to physiological data. The variation between people, and between the expe-

riences of the same work on different days by the same person, emphasises

the challenge machine learning mental workload, and would strengthen the

reasoning as to why it often achieves low classification accuracy for men-

tal workload tasks [27]. Indeed, the consumer technology that is available

tries to apply generalised initial machine learning models to work well for

all users, before learning more data from the individual user. More im-

portantly, though, the contextual experience of mental workload highlights

the challenge of taking many examples of a same subjective rating even

from the same person, and presuming that the same physiological response

levels will be present. These factors highlight Sharple’s recommendations

[203] that to understand workload, we (and any consumer neurotechnol-

ogy) need to understand a lot more about the ‘whole system’ that impacts

a given moments experience of workload, rather than focusing purely on

the relationship between controlled task demand and resources needed to

achieve it.

5.5.3 Limitations and Future Research

Although we currently lack the exact wearable devices to measure mental

workload longitudinally in everyday life, this research has contributed to

understanding the nature of how tracking mental workload data could be

useful as a form of personal data. However, the study was initial and

exploratory; much more research is needed to build upon these findings.

The participants selected for this study were office workers as we believed

this sample would be likely to have mental workload variety in their lives
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due to work being cognitively based rather than physical. We also pre-

sumed that those with mental workload variety in their lives would be most

inclined to track that data as personal informatics. The qualitative con-

textualisation findings did show that participants were unanimously keen

on tracking this data for personal improvements to their work and wellbe-

ing. It would be useful to investigate whether similar themes emerged from

other types of worker, and whether similar improvements could specula-

tively be made from tracking mental workload. Similarly, office workers as

a sample was very broad, so research could look more narrowly into mental

workload within different office-work professions.

For an IPA study, our sample size was considered large [207] which might

have sacrificed some richness of individual accounts. We saw benefit in

transferring each participant who had previously experienced mental work-

load tracking to the qualitative phase as they each carried over an unusual

insight into their mental workload experiences, and we aimed to remain as

idiographic as possible.

The Mental Workload Cycle appears to reveal a lot about the impact of

mental workload in our lives, but more research is needed to develop un-

derstanding at a finer level. An arguably common consensus is that having

lots of high mental workload in our lives is ‘good’ in terms of work out-

put; our findings did somewhat validate that high mental workload does

improve work output in terms of quality and quantity. But we lack un-

derstanding about how much high mental workload (and low and medium

mental workload) would benefit us before they begin to negatively impact

our wellbeing and work. Research into the length that individuals should

sustain each level for and the amount of fluctuations that is healthy to

incorporate into each day would provide a better understanding of what

we should aim towards in terms of mental workload.
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From the qualitative findings, it was also not established which level of

mental workload participants sought out after low mental workload or if

a specific one is the most beneficial; it was clear that higher levels were

pursued, but not whether these levels tended to be high or medium mental

workload. The quantitative findings showed that both medium and high

levels were transitioned to after a low level, but as mentioned, these results

did not always align with the preferences for transitions expressed qualita-

tively. And though medium mental workload was consistently described as

sustainable, were breaks still needed at that level? Theme 4 also perhaps

opened up more questions than answers, in the sense that it tells us the

circumstances in which people are not able to fluctuate in their Cycles, but

it does not answer what can be done to mitigate the effects of this. Finally,

when considering the design of mental workload trackers, it is important

to consider the different perceptions of mental workload between individu-

als, in terms of how some consider (e.g.) low mental workload as positive,

and other consider it negatively. In these instances, the ways that data is

presented to users could benefit from differing between types of user; for

example, providing more positive reinforcement when people with negative

perceptions incorporate the level into their Cycle.

More specifically in terms of the quantitative data, it is important to out-

line that the analysis was very exploratory in nature. Although statistical

tests were performed and some conclusions were drawn, analysis relating

to such an uncontrolled study should not be considered robust. In some

sense, especially in relation to to the questionnaire analysis, relationships

between mental workload and other variables emerged, and were somewhat

supported by previous research; thus, perhaps here we can more confidently

draw the conclusion that having ‘too much’ of both low and high mental

workload in a day can contribute to negative feelings and perceptions in
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the evening.

The way that mental workload was quantified into one value that repre-

sented the period of time over several ratings, was by calculating a weighted

average. Whilst this seems effective for gathering a general understand-

ing of how much high or low mental workload people had in their day,

the downside of this method was that it did not capture the fluctuations

between levels that participants had experienced. For example, one par-

ticipant may have fluctuated between levels 4 and 2 all day, and another

participant might have stayed at a 3 all day; in this case, they would have

had very different experiences, but their weighted averaged value would be

the same. Therefore, as our qualitative findings showed the importance of

fluctuations, calculating a weighted average was not able to consider this,

and thus findings may have differed between participants who fluctuated

and participants who did not.

The size of the R squared values for the mixed model analysis should also

be acknowledged, which ranged between 0.02 and 0.11. These values do not

explain a huge amount of variance in the data. However, the significant

findings from the model outputs indicate a reliable relationship between

the variables regardless of size, meaning that mental workload was deemed

to be a contributing factor to the questionnaire and phone usage output.

As mentioned, real world data is messy, and it is intuitive to recognise

that many factors alongside daily mental workload levels contribute to

certain states, such as stress. In regard to phone usage time, it cannot

be expected that going on one’s phone is the only method of distraction;

it could be hypothesised that more variance in the data could have been

explained by mental workload level if all form of distracting activities were

incorporated into the model, such as laptop social media time or time

spent daydreaming. The significant relationships, then, suggest that mental
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workload is a contributing factor towards the data measured in the outcome

variables.

A final point regarding the quantitative analysis is that, as mentioned, the

mental workload ratings app captured an overall level of mental workload

over 30 minute or 1 hour intervals (as well as longer intervals when par-

ticipants did not enter their rating as soon as prompted). Therefore, if

fluctuations occurred within those intervals, they will have been missed.

As this study was exploratory, the data collected in regards to the ratings

app provided a broad insight into the types of levels and fluctuations par-

ticipants experienced in their days. Future research could explore this on a

more granular level by asking participants to enter their mental workload

rating every time their mental workload level changes as opposed to at

regular time intervals.

It will be exciting to see further research progress the understanding of

mental workload from a life perspective so that we can further develop our

knowledge about how the data can be used to optimise areas of our lives.

We expect future work, when more generalised mental activity tracking de-

vices are available in practice, to unravel a lot about lived mental workload

experiences [196; 82], especially in relation to other devices in a quantified

self ecosystem.

5.5.4 Conclusion

With the bloom of consumer pBCI technology on the horizon, it is im-

portant to establish how the data can be used to facilitate life improve-

ments. This chapter moved away from considering just short instances of

mental workload within a task and provided detailed insights into lived
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experiences of mental workload. Findings suggest that considering mental

workload from a holistic and person-orientated perspective is important for

understanding aspects of our wellbeing and task performances. Based on

an apparent Mental Workload Cycle, healthy and efficient outcomes come

from aiming to fluctuate between mental workload levels in particular pat-

terns, as this prevents the negative implications resulting from sustaining

any level for too long whilst enabling the positive implications that each

level can provide. However, actual behaviour often appears not to follow

desired behaviour, and negative implications are likely to result from this

if not mitigated. Whilst more research is needed, an understanding of the

nature of goals we can set in terms of mental workload has been developed.

By taking into account people’s perceptions and the factors which affect

their mental workload ability, this study strongly suggests that tracking

mental workload data is not just useful to measure during isolated work

tasks.
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Chapter 6

Design Perceptions

6.1 Introduction

This chapter aims to address research question (c):

How can objective mental workload tracking data be meaningfully commu-

nicated to users?

As previously outlined, the development of consumer pBCI devices is pro-

gressing rapidly. Technologically inferring cognitive activity from brain

imaging measures is progressing towards a machine learning challenge, as

physical activity tracking once did [236]. Just as importantly, however,

is designing meaningful and safe interactions with these systems. In the

previous chapter, we addressed how mental workload data could provide

useful insights for people as a form of personal informatics [145; 82], where

tracking, reflecting, and setting goals in terms of individual Mental Work-

load Cycles might facilitate improvements to certain aspects of welling and

daily performances. As well as addressing ‘what’ type of data could be use-

ful for meaningful interactions, there is a need to address ‘how’ meaningful
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and safe interactions between people and pBCI devices can be facilitated.

Therefore, the next two chapters regard qualitative research into the per-

ceptions of potential users of pBCI devices about what should be considered

in terms of designs and ethics during the development of these devices. The

findings in relation to communication of data are outlined in this chapter,

followed by the findings relating to ethical perceptions in Chapter 7.

In terms of meaningfully communicating data, as discussed in more detail

in Section 2.2.2, in order to meaningfully present personal informatics data

to users, there is a need to understand domain-specific insights that are of

particular interest to users [49]. If done effectively, visualisations can be a

powerful tool for helping people gain insights into their behaviour, which

encourages long-term tracking [84]. Thus, we investigated how potential

pBCI users consider mental workload such that design recommendations

could be produced based on these insights.

6.2 Findings

Below we present two sets of themes, first those relating to metaphors,

followed by themes relating to colour and shape.

6.2.1 Metaphors

Four themes emerged regarding the metaphors our participants used to

describe mental workload. These included intensity, sustainability, balance,

and capacity.
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Intensity

This theme captures metaphors that related to the degree of intensity be-

tween mental workload levels (low, medium, and high). For example, Par-

ticipant 1 considered mental workload in terms of a sprung coil: “For low

workload I feel like mentally relaxed or like unsprung, like I had been like

coiled up to do what I was doing before. Not that I hate the high workload

but [it] feels like pressured or compressed or tightly sprung. I didn’t use that

in a negative way being like tightly coiled ... It’s the idea of the pressure

and then the release.” (P1, Figure 6.1a). Similarly, another example of

mental workload metaphors relating to intensity is provided by Participant

15 (see also, Figure 6.1b): “You know in the old little kids cartoons you

used to watch when someone’s working really hard you see the gears grind-

ing away in their head and it gets to a super high temperature and starts

steaming? That’s probably like a high mental workload, and a lower one is

like not much really happening - the cogs aren’t really turning as quick kind

of thing.”

(a) Metaphor from Participant 1
showing a tightly (high mental
workload) and loosely (low mental
workload) sprung coil.

(b) Metaphor from Participant 15
showing gears grinding with temper-
ature element.

Figure 6.1: Sketches relating to Intensity as a theme.

So Participant 15 imagines mental workload in the context of a cartoon,
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where the intensity of the cogs turning in a character’s mind relates to

the mental workload level. From the two examples given above from Par-

ticipants 1 and 15, mental workload is described, perhaps as expected, as

relating to intensity. Interestingly, however, they are described in com-

pletely different contexts that show added complexity than simply high

levels. Participant 1’s sketch involves a network of activity, and that in-

tensity is related more to tightness perhaps related to tension (e.g. tensing

and relaxing of muscles), rather than something of a larger size.

Sustainability

Many participants described mental workload in terms of metaphors relat-

ing to the ability to sustain each level. In all the sustainability metaphors,

the ability to sustain the mental workload level decreased as the mental

workload level increased. Interestingly, most metaphors that related to

sustainability also related to intensity, and most metaphors relating to in-

tensity also related to sustainability (except the two metaphors outlined in

the first theme). In this vein, the less sustainable equalled the more intense,

and vice verse, and the less intense equalled the more sustainable, and vice

verse. Participant 6 provided a metaphor relating only to sustainability:

Responder: “I relate it to as if every task had a weight, as if it was heavy

or light weighted.”

Interviewer: “Can you tell me more about the weights?”

Res: “So if every task was like a rock and I need to fit it in a basket, a

low mental workload task would be a small rock and a high mental

workload would be very big. And it’s as if my mental capacity was

one of these nests or a bag or something, and there were several tasks
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(a) Metaphor from Participant
6 showing basket with varying
weights.

(b) Metaphor from Participant 9
showing the journey up a mountain.

Figure 6.2: Sketches relating to Sustainability as a theme.

that I could fit in a day. And I guess the size of my basket changes

according to how far I’ve been walking with that basket or if I’ve slept

properly.”

Int: “So does the basket represent time or your mental capacity?”

Res: “I think it represents my mental capacity. Yes, I think the basket

represents my mental capacity. If I can extend my metaphor, I could

be walking with my basket [and] there might be short distances that I

could carry a heavy basket and maybe there would be longer distances

that I could carry with a medium weighted basket.” (P6, Figure 6.2a)

Participant 6 above described mental workload in relation to carrying

weighted objects – the heavier the object, the less distance one can walk

with it, and the bigger the object, the less objects one can carry. In other

words, sustainability decreases when the mental workload level increases.
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The next two metaphor examples regard metaphors that fit into both the

intensity and sustainability themes, as described above. Participant 9 com-

pared mental workload to walking up a mountain (Figure 6.2b): “[it] could

be like a high lake or a high mountain. So maybe a low level would be like

the lake at the base of the mountain, and high mental workload at the top,

and the medium maybe the way up the mountain ... You don’t need to walk

or anything in the lake, you just get a bath and relax. It is harder to get

to the top, so [the] beginning of the way is easier, but then you feel more

tired when you are getting to the top, it’s like you need to focus more to

get there, so that will be the high workload for me. And the medium is

like the beginning of the walk, the beginning of the way.” Participant 9

described mental workload in terms of the journey up a mountain, where

the increase in mental workload correlates to increased intensity and de-

creased sustainability. We have somewhat interpreted the link to decreased

sustainability, making this assumption due to the increasing fatigue experi-

enced at a high mental workload level, which is unlikely to be sustainable.

Interestingly, after each participant had produced their own metaphor, pre-

established metaphors based on the research by Wilson et al. [237] were

put to participants to establish whether any particularly resonated. One

of these metaphors regarded a mountain, where the steepness of the walk

reflected the mental workload level, in the same way to what Participant

9 described. 11 participants named the mountain as a metaphor that they

found to resonate with their mental workload views.

A more explicitly linked metaphor to intensity and sustainability is pro-

vided by Participant 4: “High [mental workload] would be a sprint, a

medium would be like a reasonable 5k or jog, and a low would be like walk-

ing to the park or having a hike ... Which I think might be the reason

why I define it in terms of sustained effort because you can’t maintain a

180



6.2. FINDINGS

sprint. If you can maintain a sprint more than some amount of time then

by definition it is not a sprint anymore.” Participant 4 described mental

workload in terms of running, where there increase in intensity resulted

in a decrease in sustainability. A number of other participants also used

running metaphors to describe mental workload in this manner. A final

metaphor example is shown from Participant 2: “I’d guess it would almost

be like a fuel tank for the day ... At the start of each day, you start with a

full tank and similar to a car, where if you put your foot down all the time

you use that fuel up quicker, so if you do more intense activities throughout

the day you will use it up quicker and then you’ll have less left over for later

on in the day.”

Balance

Figure 6.3: Metaphor from Participant 13 showing weights to denote bal-
ance.

Another way that participants described mental workload using metaphors

related to balance. This related to finding an equilibrium between mental

workload levels in order to achieve positive outcomes, and Participant 13

provided an example of this: “I think it’s like scales, I’m gonna use scales.

You want the right amount of balance between high workload and low work-

load - too much of high [you] burn yourself out, too much of low you might

just become not very motivated and freeze and not like achieve much. Yeah,
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I feel like it’s scales that you want to be balanced.” (see also, Figure 6.3).

Participant 13 used their metaphor to highlight the importance of balanc-

ing mental workload levels to avoid the negative effects that accompany

sustaining low and high mental workload levels for too long.

Similarly, Participant 14 used a chess example to describe the balance of

mental workload levels: “You know when people play chess and they’ve got

that wee box that you pat, so when you’ve made your move and then it’s the

other person’s turn, kinda like that but between [mental workload] levels. So

you’re really busy [at a high mental workload] and then you would like press

a button and then you would have a break or you would be on a low level and

then something happens and the button would get pressed and then it would

be your [high mental workload] turn again.” In this more abstract example

above, Participant 14 used the context of chess to describe the fluctuations

between different mental workload levels that are experienced throughout

the day. From this theme, we can see participants using metaphors to

describe the balance between different mental workload levels.

Capacity

This theme captures metaphors relating to capacity that participants used

to describe mental workload. In this regard, an increase in mental workload

was represented by a decrease in capacity. This is demonstrated by Partic-

ipant 10: “Holding a lot of things in your head at one time and still being

able to function ... It’s jumbled up, there’s lots of images, lots of different

images, and it’s work, and it’s home, and it’s friends, and it’s family, and

it’s life, and it’s chores, and it’s everything at once but it’s all of a jumble

... For low [mental workload] there are more distractions popping up all the

time, but they go away quite quickly, it’s less chaotic.” (Figure 6.4a). The
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passage from Participant 10 shows a metaphor relating to the quantity of

‘things’ that someone is processing. High mental workload was associated

with a high quantity of chaotic thoughts or tasks, and low mental workload

was associated with more available capacity, represented by less chaos and

perhaps less significant items to process.

(a) Metaphor from Participant 10
showing a high mental workload
state with many things represented
in the mind.

(b) Metaphor from Participant 18
showing building blocks represent-
ing the mental workload levels.

Figure 6.4: Sketches relating to the Capacity theme.

Participant 18 also used a metaphor relating to capacity: “I think it’s

probably like building blocks that you’re trying to balance and if you have too

many then you start to get nervous and worried about it, whereas if you’ve

got a medium amount then you’re like, ”Yep, my tower’s pretty sturdy,” and

if you don’t have very many you’re probably a bit sad cause you don’t have

enough blocks to build a wall - it’s not very productive just having a block,

that’s not making a wall.” (Figure 6.4b). Participant 18 used the context of

building blocks to describe how the higher the mental workload, the more

blocks there are which get harder to manage. Interestingly, a medium

amount of building blocks was considered an ideal quantity to create a

desired outcome, but a small amount of blocks (representing low mental
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workload) was considered unproductive, and a large amount of blocks (for

high mental workload) was considered unmanageable.

In terms of capacity metaphors, Participant 17 demonstrates another ex-

ample:

Responder: “I think it’s like filling a bucket with sand and I think there’s a

point of mental workload where the bucket starts both leaking sand and

overflowing sand, and so it’s your ability to deal with the sand that’s

going into that bucket in order for it to not overflow or leak. I think

that’s how it feels because I think often when you’re operating at that

higher level of mental workload it’s like there’s lots being demanded of

you and it’s your ability to deal with things quickly enough that you

don’t reach beyond the capacity of your mental workload.”

Interviewer: “So am I right in thinking that when you’re at a low mental

workload the bucket isn’t very full of sand?”

Res: “Yeah, it’s not got anything in it, there’s not very much for you to

deal with.”

Int: “So as the bucket gets fuller that represents the increase in your work-

load?”

Res: “Yep, absolutely.”

6.2.2 Colours and Shapes

Three themes were found in relation to the colours and shapes that our

participants associated with mental workload.
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“A colour is as strong as the impression it creates”

This theme regards the colours that participants associated with the mental

workload levels (low, medium, and high). It comprises three subthemes,

including: the traffic light system, green for medium, and vibrancy is key.

The Traffic Light System Perhaps as could have been expected, the

colours that many participants associated with the mental workload levels

were red, orange/yellow, and green, representative of traffic lights. For

example, Participant 2 said: “Literally the first thing that comes to mind

is the same colours as on a traffic light.”

For a large gorup of participants, mental workload was often associated

with the colour red, medium with the colour orange, and low with the

colour green. The account from Participant 4 demonstrates this: “I would

say I feel I’m not being very original but red [for high mental workload] . . .

Orange [for low mental workload] . . . Green [for low mental workload].”

Participant 5 further illustrates this:

“It’s difficult to imagine it as something other than red. But yeah, it feels

so biased by the society we live in, so I can only imagine it from the normal

spectrum going from green to red through some colours”.

From the passages above it is clear that participants commonly associated

the mental workload levels with colours representative of a traffic light.

But this wasnt always the case.

Green for Medium Another subtheme that emerged from the data was

that many participants described their association with a medium mental

workload level with the colour green. Participant 7 outlines this simply:
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“I would say medium is green.” Participant 6 shared the same view, and

indicates the reason behind their choice: “I think green is a good colour

for medium mental workload . . . Green is peaceful.” Perhaps interestingly,

Participant 3 expanded this explicity when they associated the colour green

with a medium mental workload level, but incorporated that within the

traffic light colours outlined in the previous subtheme: “I would say red

is high [mental workload] . . . Low would be yellow . . . Green [would be

medium mental workload].” (P3)

The passages above demonstrate that medium mental workload was the

most desirable state to be in (not bored or overworked) and so the colour

green was associated with this rather than low levels. This somewhat

contrasts to the participants that defaulted to a traffic light system.

Vibrancy is Key In comparison to focusing on choice of colour, par-

ticipants consistently discussed colour preferences in terms of brightness.

High mental workload was often regarded as dark or bold, medium mental

workload was bright, and low mental workload was pale or muted. Some

participants outlined how they would choose one colour at different levels

of vibrancy depending on the mental workload level, and other participants

outlined different colours of different vibrancies for different mental work-

load levels. An example of selecting one colour at different vibrancies is

shown by Participant 11: “I was thinking that because I perceive mental

workload as like on a spectrum, I think about mental workload [as] only one

colour but like different shades of the colour. So the colour that I associate

[with mental workload] is blue, and I think it will go [from] like the blue

you have in the background in the sky, that would be like [a] low [mental

workload] level, very close to white. And it will just increase until it will

get [to a] very dark blue or like navy blue.”
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From the passage above we see that Participant 11 associates the colour

blue with mental workload, and the vibrancy of the blue changes depending

on the mental workload level, where a pale blue is associated with a low

level which gets brighter until it darkens at a high mental workload level.

Participant 1 also discusses one colour in terms of vibrancy: “I think [low

mental workload is] more muted colours, like grey. I’d just pick any colour

and make it like pale and muted - it’s not a vibrant colour to be at a low

workload in my opinion ... Whereas at the other end of the spectrum is like

brighter more bold colours.”

As well as participants that associated mental workload levels with one

colour at different vibrancies, Participant 16 provides an example of using

different colours depending on the mental workload level: “I think grey,

muddy brown, possibly black [for high mental workload] . . . I think white

[for low mental workload] . . . Medium [mental workload], I think perhaps

green.” Participant 16 associated different colours with different mental

workload levels, but similarly to Participant 11, the colours selected were

pale for low mental workload, brighter for medium, and darker for high

levels. This appeared to be a trend for participants that selected different

colours depending on the mental workload level. Participant 8 provides

another example of this: “Black and red [for high mental workload] . . .

Yellow and blue [for low mental workload] . . . Green [for medium mental

workload].” Although Participant 8, similarly to other participants, did

not specify the vibrancy of the colours that they selected, the colours out-

lined did seem in line with the impression that high mental workload was

associated with darker or more bold colours, low mental workload was as-

sociated with more pale or muted colours, and medium mental workload

was associated with brighter vibrancies.
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“I Paint with Shapes”

Two subthemes were identified that concerned the shapes that participants

associated with the different mental workload levels (high, medium, and

low). These included: smooth to spiky, and nature.

Smooth to Spiky Participants frequently associated ‘smooth’ shapes for

a low mental workload level and ‘spiky’ shapes for a high mental workload

level. Participant 5 outlines this: “I would say that low mental workload

is a smoother shape, whatever that is, you know, [a] circle, sphere, it’s

smoother, and the more difficult it gets it starts being less symmetrical -

less smooth and more spiky.” Similarly, Participant 14 outlines this again

in terms of a high mental workload level: “It [high mental workload] would

probably be a kind of triangle shape. I feel like it would be a triangle because

it would be pointy.” Participant 14 again places less emphasis on the shape

that they chose, instead outlining how it is the pointy characteristic of the

shape that is the important factor. Participant 10 outlines this further:

“[High mental workload] would probably be quite spiky.”

For the high mental workload level, participants rarely focussed on specific

shapes, but instead consistently identified the level as involving shapes with

spiky characteristics. For a low mental workload, however, participants did

often specify shapes, but these shapes had smoother characteristics, or as

Participant 10 outlined: “Very rounded shapes.” Participant 14 provides

an example of a specific shape: “It [low mental workload] would be a circle,

just like a never-ending line.” While Participants 5, 10, and 14 opted for

more circular shapes, other participants opted for flat lines. For example,

Participant 9 outlined: “I will describe it [low mental workload] as a line

without too many figures or anything.”
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The passage above from Participant 9 still shows the smoother characteris-

tics associated with being at a low mental workload level with the absence

of any sharp corners of angles, but is expressed in terms of a straight line

instead of with rounded shapes. Participant 4 also described this: “[Low

mental workload is] a flat line.”

Nature Shapes associated with nature was another subtheme that emerged.

Participant 13 incorporated the smooth and spiky characteristics as de-

scribed above in terms of sea waves: “Waves, like starting off really [par-

ticipant mimics smooth waves] and then getting really like choppy.” So Par-

ticipant 13 implied that being at a low mental workload level was associated

with smooth waves, whilst a high mental workload level was associated with

more pointy waves. Whilst this is links to the previous subtheme, many

participants associated a star shape with mental workload, and this associ-

ated varied between medium and high levels, and also as mental workload

as a general concept. For example, Participant 8 outlined in relation to

mental workload as a general concept: “The first shape that came to my

mind was a star, I don’t know why.”

Participant 8 above represents several accounts which associated a star with

an aspect of mental workload, but without depth of conscious reasoning.

Participant 14 outlined how a star shape was not as severe as a pointy trian-

gle, which is why they selected a star for a medium mental workload level:

“It [medium mental workload] would be like a star probably. It wouldn’t be

quite as severe as a triangle.”

The passages above represent a common theme across the data where par-

ticipants associated aspects of mental workload with shapes relating to

nature, in particular a star shape. For the participants that associated

189



6.2. FINDINGS

stars with mental workload, the associations varied between medium and

high levels, and mental workload as a general concept.

”Life is all about perception. Positive versus negative.”

The final theme relating to the colours and shapes that our participants as-

sociated with mental workload surrounds the way in which the colours and

shapes associated with mental workload can change depending on partici-

pants’ experience of their activity at that mental workload level. This was

described in different contexts, including colours and shapes at a high men-

tal workload level and low mental workload level. Participant 18 describes

how they associate different objects and colours with a high mental work-

load level depending if they are having a positive or negative experience:

“It [high mental workload] depends on the context. Some spiky red object

when it’s bad, probably looks a bit like a Covid, it’s pretty angry because

that’s when everyone’s at you and you’re feeling prickly and just stressful.

Whereas when you’re doing high mental workload and you’re sort of in flow

and everything’s brilliant, you’re a genius, and you feel like you’re doing

amazing work, then that’s more of like a swirl I suppose it’s probably blue.”

Participant 18 above provides insight into how there can be different ex-

periences at the same mental workload level, and how this can be asso-

ciated with different shapes and colours. Participant 1 describes similar

associations in terms of colours: “I want to say both red and green [for

high mental workload]. Green because it’s a positive thing to be at a high

workload, like learning and probably achieving something as well, but red

in terms of there’s like a speed dial getting near the top end and capacity

would be red.” Participant 1 describes different colours depending on how

close to the high mental workload limit they feel. They associate green
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as a positive colour when the high mental workload remains within their

capabilities, but when the high mental workload is almost exceeding their

capacity, they associate this with the colour red.

For a low mental workload, Participant 6 describes how they associate

different colours and shapes with the level depending on their experience:

“I think low mental workload, depending [on] if it’s a sense of being relaxed

and just like resting, I do like the colour of sky blue for that and a drop

of water or maybe a fountain, or something to do with water. And I think

when it comes to boredom, maybe purple could work and I think I could

associate it with the night.” So the passage from Participant 6 describes

how being at a low mental workload level can either feel relaxed or boring,

and different colours and shapes are therefore associated with the level

depending on the experience. From this theme, it is apparent that the

colours and shapes that our participants associated with different mental

workload levels could vary, and their associations depended on whether

their perceived experience was regarded as negative or positive.

Resonating Metaphors

In terms of the pre-established metaphors that were described to partic-

ipants based on the research by Wilson et al. [237], the clear favourite

resonating metaphor was the mountain (named by 11 participants), fol-

lowed by the bubbles metaphor (6 participants). 3 participants specifically

mentioned dislike of the thermometer metaphor. The passages below out-

line their reasons why:

“The issue with a thermometer is that the most enjoyable mental workload

is when you’re having fun [at a low mental workload level] and you’re not

working. Zero degrees is not the most enjoyable temperature, so I find it to
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be a bit of a flawed metaphor.” (P4)

“I feel like the thermometer one would give you numbers, but I feel it’s

lacking time and the spectrum, that is something that changes I think.”

(P6)

“The thermometer is perhaps a bit too linear for my liking because I think

it’s a bit more complex than just on scale.” (P2)

The passages above highlight the reasons that the thermometer metaphor

specifically did not resonate with a few participants. These included that

the scale is flawed and too simplistic. The mountain metaphor resonated

most with our participants, and the bubbles metaphor also resonated with

several participants.

6.2.3 Word Clouds

Four word clouds were produced portraying the most common words that

participants used to describe what it feels like to experience different mental

workload levels and mental workload as a general concept. The bigger and

bolder words represent the most frequently used descriptors.

What is of note for the high (Figure 6.5a) and low (Figure 6.5c) men-

tal workload levels is how both positive and negative descriptors are used

frequently. For example, boring and relaxing were used frequently to de-

scribe how it feels to be at a low mental workload level. Boring may be

interpreted as a negative descriptor, whilst relaxing may be interpreted as

positive. For high mental workload, positive words such as satisfying and

productive were used alongside more negative words such as draining and

overwhelming. Interestingly, the frequently used descriptors for a medium
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(a) [High mental workload. (b) Medium mental workload.

(c) [Low mental workload. (d) Overall mental workload.

Figure 6.5: Word clouds from participant descriptions of mental workload.

mental workload level (Figure 6.5b) were heavily weighted towards more

positive descriptors.

6.3 Discussion and Design Recommendations

Our research was motivated by the not-unexpected and imminent arrival

of consumer neurotechnology, where we will soon be able to track our cog-

nitive activity in similar ways to which we can now ubiquitously track

our physical activity. Our aim was to consider how to make such data

meaningful to users in terms of data displays. To achieve this, section in-
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terviewed participants with the aim of understanding how they perceive

their cognitive activity data. From building an understanding of how peo-

ple conceptualise their cognitive data, and considering the maturation of

personal informatics for physical activity tracking, below we present and

discuss design recommendations that we hope can guide the initial design

of software that accompanies consumer neurotechnology. To do this, we

first characterise the key considerations and design space of personal activ-

ity tracking software in Section 6.3.1 before presenting recommendations

in Section 6.3.2.

Based on research that has investigated visualisations of personal informat-

ics data for non-experts [49; 50; 59; 120; 84; 95; 148; 81; 26; 237] to form the

topics under investigation, we identified the characteristics of metaphors,

colours, shapes, and descriptors that can be translated into effective in-

terface designs that enable users to meaningfully reflect on their cognitive

data.

Before outlining recommendations for design, an interesting aspect to note

about the findings from this section is the consistency across the different

topics. This can firstly be demonstrated from looking at the results for

a medium mental workload level. For associated colours, a theme that

emerged was how medium mental workload was associated with the colour

green. Green tends to denote positivity and positive emotions [54] which

was firmly reflected in the medium mental workload descriptors outlined

in the word clouds. Medium mental workload was also found to have

categorically positive associations in the personal experiences qualitative

findings presented in the previous chapter.

Additionally, another theme that emerged from the colours and shapes top-

ics was how participants visualised mental workload differently depending
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on their experience of the level (from Life is all about perception. Positive

versus negative) - for example, high mental workload could be visualised

differently depending on whether it was a stressful experience or a success-

ful one. This was again represented in the word clouds for high and low

mental workload, which both had positive and negative descriptors; this is

also in line with the personal experiences qualitative insights that found

perceptions of high and low mental workload levels could change from pos-

itive to negative (and vice verse) depending on certain factors, such as

performance outcome.

We consider these to be important factors to keep in mind that should

steer design away from simply implying that e.g. more activity is good

or that positively associated colours should link to specific levels. Indeed

as we found in the previous chapter, changing between levels, and being

at optimal levels for the occasion or desired outcome, was important, and

that deliberate movement through a Mental Workload Cycle is good, and

that being stuck in the cycle is bad.

6.3.1 Grounding the Design Space

To ground discussion of design for personal cognitive informatics, we pro-

pose that it is helpful to first consider the maturation of design for physical

activity tracking user interfaces. This is especially relevant as we consider

which aspects of the themes in our findings should lead to design recom-

mendations. Two dimensions are of note: time and technology. For

time, we see interfaces for 1) current activity, such as a workout, 2) daily

activity, which often shows both overview and the most detail across ac-

tivity from the day, and 3) historic week and month long history views

of activity, which aim to show trends and long term achievement. It has
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been noted how short-term feedback is valuable as it creates awareness of

the users’ current status, and long-term feedback is valuable for revealing

data trends and patterns [145]. Li et al. [146] also outlined that access

to personal informatics data providing details about the users’ current sta-

tus is important for informing users about whether they are meeting their

goals or whether they need to act to correct their behaviour. The authors

also outlined how a historic view is also important for establishing trends

and patterns which enables users to reflect upon whether they are making

progress towards their goals.

For technology, it is also valuable to consider the device ecology for per-

sonal informatics for physical activity trackers to ground aspects of design

for cognitive activity trackers: wearables, smartphones (and tablets), and

computers. On Apple devices, for example, current activity is captured

by wearable technology, and personal devices (such as phones and tablets)

show daily and historic1 data for reflection. Conversely, for app usage

tracking, Apple tracks behaviour on both smartphones and computers, and

primarily delivers activity data through smartphone summaries in daily de-

tail and history weekly summaries. Similarly, sleep trackers like the Oura

Ring2 capture data from dedicated hardware with no interface, and deliver

daily detail and monthly history views through smartphones. It is often

the smartphone interfaces that allow us to set goals.

It is also valuable to consider, in respect to these examples, what data is

being captured and how it is being processed. Wearable physical activity

tracking technology captures accelerometer/gyroscope data as well as skin

sensor data (typically PPG), and processes these into recognised activities.

Current workout views typically show this data as being recorded. Daily

1At the time of writing, Apple does not provide this data on computers.
2https://ouraring.com/
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activity is often abstracted into a summary view, typically in relation to

daily goals and historic views typically show only high level daily goal

achievement per view, showing for how many days goals have been achieved.

Choe et al. [50] outlined how the inclusion of immediate feedback and

historic reflection is an important feature for users, but the level of detail

could be improved. They argue that currently, personal informatics tools

do not enable users to specify time durations on a more granular level (such

as differentiating data between work and non-work hours), compare time

frames, or remove outliers. For personal cognitive informatics, consumer

neurotechnology will be tracking e.g. electrical activity (EEG) or blood flow

(fNIRS) levels in different regions of the brain; these brain imaging methods

have shown promise in their ability to track brain activity in real-world

environments [187; 115]. Current consumer neurotechnology processes this

data to identify equivalents to physical ‘workouts’, such as e.g. mediation

sessions which show how often, and for how long, people have meditated;

smartphone apps typically prompt people to record these sessions and help

to guide their activity. It is interesting to note that, currently, most of

these consumer neurotechnology devices aim to help people interrupt work,

meditate, and relax, which is more in line with app usage tracking, and

in opposition to physical activity tracking that encourages us to do more

activity.

In this research, however, we are considering near-future pBCI devices that

can track longitudinally, similarly to how smart phones and watches record

steps and heart rate data across the day and outside of actively recorded

workouts; this is opposed to just short instances of specific cognitive ‘work-

outs’. While head-based neurotechnology might not be worn longitudinally,

it is likely that more common wearable technology will be able to detect

changes in cognitive concepts like stress and mental workload. Indeed,

197



6.3. DISCUSSION AND DESIGN RECOMMENDATIONS

research shows that changes to stress and mental workload levels can be

detected from a range of physiological responses [8] and so it is does not

seem impossible that future wrist-worn technology and advances in ma-

chine learning activity recognition may infer changes in cognitive activity

from the wrist, by tracking the difference between skin and blood response

in comparison to an absence of movement in accelerometer and gyroscope

data. Finally, where physical activity tracking converts raw data into steps,

neurotechnology typically tries to classify e.g. mental workload as being

either Low, Medium, or High, for periods of time and in different regions

of the brain. This is a fundamental difference that moves us from count-

ing discrete events to tracking continuous change in a set of locations over

time, and means that common visualisations of physical activity data can-

not necessarily translate.

Using the context outlined above, we now look at design recommendations

for future mental workload tracking neurotechnology. As mentioned, the

previous chapter has outlined what goals people should aim towards in their

daily lives in terms of mental workload, and further research has identified

that tracking mental workload in a work environment is of tremendous

benefit [14; 16; 240; 204; 160]. To enable meaningful reflection on this

personal data, however, visualisations need to be effective in how they

display current and historic cognitive activity data to users.

6.3.2 Design Recommendations and Implications

Our metaphor themes provide four key insights about how people under-

stand their mental workload. In particular, sustainability implies a key

design issue that is not evident in physical activity trackers, but does have

mirrors in app usage that try to help people set limits on e.g. their phone
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usage. We now know that sustaining any mental workload level for ‘too’

long has negative implications for work and wellbeing. In particular, this

implies that it is not total amount of mental workload that is important to

show, but what the longest sustained period is without a mental workload

change. Physical activity tracking typically shows more activity as good

in a day, displaying a total sum. Current mental workload activity views,

therefore, should focus on how long a user has been at their current men-

tal workload level, as an increasingly bad outcome. Similarly, daily detail

views may aim to show the number of, and length of, overly sustained men-

tal workload periods. And finally, history views could, for example, show

how many days participants managed to reach their goals of e.g. avoiding

sustained activity, or achieving a desired ratio of levels across the day. This

principle would lend itself primarily to a view of current activity or daily

detail, highlighting to user when their behaviour is undesireable.

Generally, where metaphors are an effective way of displaying personal in-

formatics data to non-expert users [84; 95; 148], our participants were read-

ily able to create mental workload metaphors. In particular, the mountain

metaphor resonated with many participants which could be generalised

further to steepness. This steepness may also lend itself to the current

activity view, and combine effectively with notions of sustainability. How-

ever, metaphors of that nature most likely resonate most with users who

consider mental workload in terms of sustainability or intensity. Partici-

pants also considered mental workload in terms of balance or capacity. Of

these, balance may lend itself effectively to a historic view or day-detail

view, showing how well a user has utilised states across the day.

Huang et al. [120] noted how users should be able to customise a visuali-

sation enough such that they feel almost as if they have created it them-

selves. In these terms, it may be an effective feature to create three types
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of metaphor, in terms of sustainability and intensity (which can be made

into one due to their overlap), balance, and capacity. The user can select

their preference, depending on how they conceptualise mental workload,

and thus the data can be displayed in the way that most resonates with

them. Because each person is individual, the desired length that each men-

tal workload level should be sustained for will vary, as well as the balance

between different mental workload levels (Chapter 5). It seems evident that

setting goals, such as an ideal ratio or balance of mental workload levels,

would enable people to aim for better behaviours for them. Further, this

means that if a social element to reflection is incorporated, displays might

benefit from showing who has reached their goals, instead of showing the

raw data as that might have different meaning for different individuals.

In terms of our colour and shape themes, there is a common societal de-

fault association that green stands for good, yellow stands for OK, and

red stands for bad. The qualitative personal experience findings showed

that all mental workload levels are important and good for when they are

needed, to achieve balance, and that sustained activity is bad. We con-

clude that using traffic light colours may miss-imply that certain levels are

good or bad. Instead, our findings imply that vibrancy may be a better

communicator of type of mental workload. And that colour can commu-

nicate fresh mental workload periods as good, and that visualising decay

over time may communicate that sustained periods are bad. Shapes may

benefit from consistently remaining smooth to denote low mental workload

levels, getting spikier as the level increases. These could be translated into

e.g. the design of icons or even the texture of more traditional bar chart

views.
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6.3.3 Limitations and Future Research

Research is clear that it is important to incorporate different feedback types

depending on the users’ experience. While our participants were not able

to experience real personal cognitive informatics, future work should study

the impact of feedback on cognitive activity tracking. Findings from the

personal experiences section and the word clouds in this section highlight

that it should not always be assumed that a user perceives a mental work-

load level in a certain way, e.g. that being at a low mental workload level

is always positive. This is because there can be different experiences at the

same level, in the sense that someone may generally perceive low mental

workload positively because it is relaxing, but they sometimes might have

a boring experience at a low mental workload which is negative. In these

instances, users might benefit from more positive reinforcement, such as

rewards for still incorporating that level into their Mental Workload Cycle.

Future work should also further investigate ways to individualise personal

cognitive informatics data for reflection. As outlined already, different peo-

ple have different perceptions of mental workload in terms of generally

positive or negative feelings about each level, as well as how they cate-

gorise it (from the metaphors), how long they should sustain each level for,

and how they approach their daily Cycle. Personal cognitive informatics

devices that track this data need to be individualised to each user in these

aspects in order to meaningfully communicate data for long-term use and

positive behaviour change.
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6.3.4 Conclusion

Cognitive activity trackers are a realistic prospect for the near future. As

well overcoming the technological challenges of tracking brain data in the

real-world, further challenges lie in establishing what data is useful for users

to reflect upon. In parallel with advances in consumer neurotechnology, the

pressing and imperative research challenges are now how we are visualising

cognitive activity data effectively for encouraging long-term use and mean-

ingful reflections. We have identified the characteristics of metaphors that

are likely to resonate with neurotechnology users, as well as colours, shapes,

and descriptors. These metaphors and design associations highlight in par-

ticular the way that cognitive activity tracking will be different such that

assumptions from physical activity tracking cannot be directly translated.

In combination with the numerous guidelines regarding general features to

make personal informatics tools effective, however, this research can inform

the visual design of mental workload trackers to develop a meaningful and

useful form of personal cognitive informatics.
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Chapter 7

Neuroethics

7.1 Introduction

This chapter aims to address research question (d):

What should be ethically considered when developing mental workload pBCI

devices, or neurotechnology in general?

Whilst there are many current and required active and ongoing discussions

about ethics and regulations in the development of pBCI devices, there

is a gap in research relating to the ethical concerns and perceptions held

by the end users of this technology. Thus, we wished to further research

into the ethical considerations of consumer pBCI devices by investigating

the ethical concerns and perceptions of potential consumers. In doing so,

further ethical, legal, or social considerations of neurotechnology might be

established, and the already established guidelines mentioned previously in

Section 2.4 might be further validated. Addressing ethical considerations

at a relatively nascent stage of development is an aim in neuroethics [100].
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7.2 Findings

These findings were published in the ACM Conference on Fairness, Ac-

countability, and Transparency (ACM FAccT):

Serena Midha, Max L. Wilson, and Sarah Sharples. 2022. Ethical Con-

cerns and Perceptions of Consumer Neurotechnology from Lived Experi-

ences of Mental Workload Tracking. In 2022 ACM Conference on Fairness,

Accountability, and Transparency (FAccT ’22).

Three superordinate themes were identified (Table 7.1): 1) fear of the data,

2) the negative effect of the data on the self, and 3) the spectrum of sharing.

The first thing to note about the data is that participants frequently made

comparisons between this ‘Fitbit for the brain’ data and data collected

from physical activity trackers, where the concerns expressed and points

made were considered as similar or comparable. For example: “I guess it’s

[tracking objective mental workload data] similar to the sense that like I

wear my watch, my sports watch, literally 24/7 for the last three years that

I’ve had it . . . you can have it track all your data and see how far you’ve

been, see where you’ve gone to, the places you’ve travelled to and things like

that. I enjoy that level of data.” (P2).

The passage above highlights that Participant 2 considers the level and

type of data collected from their sports watch to be of a similar nature to

the mental workload data that could be collected in daily life. This notion

was apparent throughout multiple transcripts, and suggests that tracking

brain data is considered a similar concept to tracking physical data.
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Table 7.1: Table showing the final superordinate and subthemes from the
qualitative analysis.

Superordinate Theme Subthemes

1) Fear of the Data
Describes concerns relating
to data judgement.

Fear of personal judgement
Fear of consequences
Fear of inaccurate judgement

2) Negative Effect of the
Data on the Self
Describes concerns relating
to the negative personal
effects of data tracking.

Being controlled by the data
Data exacerbating negative states

3) The Spectrum of Sharing
Describes concerns and
views about data sharing.

What concerns?
Controlled sharing for positive change
It depends on the risk
An absolute no

7.2.1 Fear of the Data

The first theme presented regards participant’s concerns about the judge-

ments arising from the data and include the subthemes 1) fear of personal

judgement, 2) fear of consequences, and 3) fear of inaccurate judgement.

Fear of Personal Judgement

Participants often reported that they were concerned about people in their

lives viewing their mental workload data and making assumptions about

them as individuals. This is demonstrated by Participant 2: “I wouldn’t

want someone having that [personal MWL] information on like a daily or

weekly basis and then them making criticisms off that basis.” (P2)

Participant 2 described their judgement concern in terms of being criticised

based on their data. Participant 1 reflected on their opinion similarly in

terms of their data being viewed by employers: “It shouldn’t be any concern

of an employer or supervisor as to how hard I’m working if I can produce
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the results. My concern would be someone seeing it and then judging the

workload based on their perception of their own workload.” (P1)

As well as describing their concern in a workplace environment, Participant

1 also outlined their concern surrounding their fear of judgement by friends

and family members too: “I don’t think my friends or family need to see it

cause I don’t know what they’d think of the workload. They’re like ‘Oh a

lot of high workload on Friday evenings 7-9, what are you doing?’.” (P1)

The passages above represent a common feeling of concern across the data

set of being judged on a personal level by the mental workload levels that

have been tracked in their lives. This applied to both a social and work

environment and was perceived negatively.

Fear of Consequences

Another frequent concern from participants regarding the tracking of men-

tal workload in their lives was the negative repercussions that might arise if

their data was accessed and judged by people with authority in the work-

place: “They [the boss] could use it in the wrong way and use it as like

a punishment. Like, ‘You’re not being very productive,’ or like,‘You can’t

cope with your new promotion,’ or whatever.” (P13)

From the passage above it is apparent that Participant 13 is concerned

about their data being used against them in the workplace to affect their

position in the company. Participant 5 provided another example of this:

“I think I would be worried that workplaces might judge people by this sort of

thing [mental workload data] and might discriminate based on that.” (P5)

As well as concerns relating to consequences in participants’ places of work,

Participant 15 described a situation in which the data could have negative
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repercussions even in the recruitment process: “I’d have issues if it became

a widely available thing because the data collected would be so accessible.

Like in the scenario where I’m applying for a job and the employer asks me

for my mental Fitbit data because you know, in 20 years it’s just become the

norm - you attach your mental Fitbit results for the last week or whatever

on your CV . . . I think it’s not necessarily representative of how good of

an employee you would be. I think a lot of people that would make great

employees would miss out on a job just because their numbers aren’t as high

as the others.” (P15)

So Participant 15 describes how the data being accessed by employers might

have negative consequences for employment opportunities, as they believe

the data might be used to make negative assumptions which then have

negative consequences.

As well as concerns about consequences related to the workplace, partic-

ipants expressed concerns about the data collected being exploited. This

can be shown in the following passage: “They introduced those watches

to track your health and all that, and it’s a great idea but it took, what,

maybe a month before an insurance agency used that as a way of increas-

ing premiums on you. So there’s no limit to how much those kind of tools

could be exploited for other things, like someone denying you a raise cause

apparently your workload is not very high.” (P4)

So here Participant 4 highlighted a data exploitation concern relating to

how mental workload data could be misused against individuals in terms of

discrimination; participants also expressed a data exploitation concern in

terms of companies taking advantage of the data through targeted adver-

tising: “I’m kind of relating that to the online activity you have. Like it has

happened to me that I have talked to someone like,‘Oh I’m thinking about
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buying a flight,’ and then it just suddenly appears the ads on Facebook and

on Instagram and all the things about flights . . . I don’t know really why I’m

worried, but I know that’s the way it shouldn’t be, that they have access to

all the data and they can use that for their advantage.” (P8)

So whilst participants may not yet be clear how the objective brain data

might be exploited exactly, it is clear from this subtheme that participants

are concerned that it will be used in ways that is considered intrusive and

discriminatory.

Fear of Inaccurate Judgement

Participants often reported how important context is for interpretating

the mental workload data accurately, and were concerned that inaccurate

assumptions might be made if the data is viewed by an external person

without understanding the context. A passage from Participant 2 high-

lights this: “I guess the worry would be that you get to the point of it

[tracking mental workload] becoming mandatory for work and someone’s

regularly looking at it and analysing all your data, and then uses that as

justification at work. I don’t like that. I think then you’d get to the point

of micromanagement and stuff . . .Whilst I like having that information for

myself, I wouldn’t want other people to look at it and make assessments off

the basis of it . . .There’s more to it than just a number, you know, like a

number ranking or a rating, something like that. It’s only half the story

I guess. So it’d be useful for just you personally to have a look at, but if

someone whose got no context looks at it, you know, something bad might

have happened . . .There’s no context for it.” (P2)

Participant 2 demonstrated concerns which regarded the importance of

the context of the data. Participant 3 demonstrated the same concern:
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“[I would be concerned] that it [the mental workload data] would be mis-

understood or misconstrued because out of context you could make some

assumptions about the data that may or may not be correct.” (P3)

As well as the context being important for understanding mental workload

data, participants were also concerned that the data itself is complex to

understand and hence can be easily misinterpreted by employers viewing

the data: “I think there is a lot of nuances with brain activity so there has

to be a lot of understanding, conceptualisation and training to understand

it. So I feel if we give this data to employers, to industries, they don’t

have the skills to understand this and I think they will make a simple use

of the data; they will look for high levels,‘Ok we are looking for high levels,

high levels are good,’ which is not true and yes that will be used against

employees. I think it’s a lack of proper understanding of the data, it’s a

lack of 100% relationship between brain data and the outcome we have in

the work, and the potential of negative effects on employees.” (P11)

Here Participant 11 described a scenario in which employers have access to

their employees’ mental workload data yet are not equipped to interpret

it correctly, which could result negative outcomes for certain employees.

Similarly, concerns were also expressed regarding the effect of inaccurate

data or inaccurate assumptions on those tracking the data for personal use.

Participant 18 demonstrates concerns relating to inaccurate data: “I think

it [a mental workload tracker] would just need to be quite robust in terms

of its science. So for example, Fitbits and lots of those devices have got

cautions in them, so say the ones that take your pulse . . . they have to have

threshholds so high that people who might be a bit tired cause they overdid

it on a run don’t just pitch up at A&E like ‘I’m dying,’ it’s like, ”No, just

calm down have a glass of water.” So I think this would have to be grounded

in some really good sort of cognitive science to know some of the differences
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between high flow states and high anxiety states.” (p18)

Participant 3 outlines concerns relating to misinterpretations of data: “If

something as well understood as heart rate can be misconstrued in a medical

setting for my benefit then I think this sort of data [mental workload] could

be misconstrued.” (P3)

From the passages above we can see common concerns surrounding how

devices that track mental workload data might lack validity or remain open

to interpretation. Participant 13 captured these concerns in one passage:

“Maybe it’s hard for an app technology to fully understand how you are. I

guess it would make assumptions and I dunno, it’s technology isn’t it, it’s

an app, it’s like not like, you know what I mean, you might take things too

seriously. Like a Fitbit for your body, you take it too seriously like,‘Oh it’s

telling me that my heart is permanently, I dunno, too fast,’ you take that

too seriously and it might make you make big life decisions based on yeah,

assumptions.” (P13)

So this subtheme describes the concerns expressed by participants about

judging the data inaccurately which could result in negative outcomes.

From the importance of context, to the inability to make correct interpre-

tations, and lastly, as Participant 13 outlined, basing personal decisions

on data that is either inaccurate or misinterpreted, these factors are all

speculated to potentially result in negative outcomes for individuals.

7.2.2 Negative Effect of the Data on the Self

This theme describes participant’s concerns about the personal effects that

tracking this data might have. It includes the subthemes 1) being controlled

by the data and 2) data exacerbating negative states.
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Being Controlled by the Data

A number of participants reported feeling concerned that the data could

result in individuals becoming obsessive. Participant 10 demonstrates this:

“One [concern] is if you become too obsessed with it and it becomes a fixa-

tion and you can’t stop looking and tracking. I know people have done that

with heart rate monitors, they’re like,‘What’s my heart rate now? Oh my

gosh it’s 72, 62,’ so you know you can get obsessed with it. So finding a

way to make sure that doesn’t happen would be a concern.” (P10)

The passage above outlines how Participant 10 feels apprehensive about

the personal impact that tracking objective mental workload data might

have on individuals in terms of displaying obsessive behaviour. They refer

to knowledge they have about the experiences of people they know and

their relationships with their physical activity trackers and draws similar

concerns for the mental workload data being discussed.

Participant 19 also discussed their concern of being controlled by the data,

and similarly draws upon comparisons of physical activity trackers: “I think

you’ve gotta be careful because if you are relying on it too much as a valida-

tion strategy for what you’re thinking then it could have an adverse impact.

For example . . . it might be that ‘We’ve noticed your mental workload’s been

high for a long time’ . . .There is an inherent danger of relying on it . . .You

wouldn’t hold any reliance on a fitness app, you’d only use it for support,

and the same goes for a mental workload app.” (p19)

Data Exacerbating Negative States

Participant 18 provided a rich account, again based on their knowledge

of their friends’ relationships with their physical activity trackers, detail-
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ing their concern that tracking this data in our everyday lives might be

unhealthy for some people with mental health difficulties:

“I suppose your only concern is if you’ve got somebody who if they have

anxiety or if they have depression or something like that, are you giving

them a rod to beat themselves with? So you know how some people they

have a really negative relationship with their Fitbit, they’re like,‘I didn’t

close my rings today, I’m such a fat this and I’m disgusting that and I’m

never gonna this and blah blah blah blah.’ I have a few friends who just

use it to beat themselves and it’s very hard to watch, it’s very hard to

stop. So I think it’s about if you have high mental workload . . . I think it’s

about how you share those messages whether or not it can be interpreted

positively in a kind, reassuring way rather than,‘My Fitbit says I’m having

a mental breakdown,’ so I think that’s where your risks lie that when it

flags, how do people feel when it flags? What do they do? Does it have

coping mechanisms? Does it give you advice? Because otherwise you can

just reinforce people and escalate their worrying about workload so then

they feel like they’ve got more workload and less able to deal with it. I think

that would be the difficult side of it to navigate.” (P18)

From Participant 18’s passage, we see a speculated comparison between

their experiences of how physical activity trackers can exacerbate negative

cognitive states, and how tracking mental workload data might result in

the same difficulties amongst people with mental health problems. They

outline their belief of how important it is to present the data in a way

which can only be interpreted positively, instead of providing some people

with “a rod to beat themselves with.”
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7.2.3 The Spectrum of Sharing

There were some stipulations as well as black and white views that arose

from discussing the collection and sharing of data. The subthemes that

emerged included 1) what concerns?, 2) controlled sharing for positive

change, 3) it depends on the risk, and 4) an absolute no.

What Concerns?

Some participants simply had no privacy concerns about their brain data

being tracked in their everyday lives: “I’m fully aware that I’ve got a digital

footprint that is far flung, I see no real issue with it. In fact, I’m forever

selling my personal data. I’m someone that will happily do, you know,

surveys for things and no doubt give too much of my personal data and

information but no, no issues.” (P16)

The passage from Participant 16 reflects a number of other participants

who seem to have no concerns about their data being tracked in their daily

lives. Participant 7 provides another example of this: “I don’t think I

have that many issues. I don’t have issues - like if you could get like the

Neuralink implant tomorrow, if you could volunteer for a free trial, I would

be like, ‘Elon [Musk] put me one, I just wanna be part of the trend.’”(P7)

Controlled Sharing for Positive Change

In regards to sharing their data with their workplaces, participants often

reported that they would do so if they were in control of who could access it:

“I think I would be prepared to share it with some people but I’d like control

over who I share it with, and that would not necessarily be my boss.” (P10)

213



7.2. FINDINGS

Participant 5 also demonstrated willingness to share if in control of their

data: “I wouldn’t want it shared with anyone unless I give my consent

. . .Maybe if it allows you to have a better conversation with your manager

or something like that to improve your experience or your quality of life, I

think then it would be good. But again I think that should be an individual’s

decision.” (P5)

With several participants requiring control of who their data is shared with,

the reasons for sharing their data emerged to be for the purpose of personal

improvement or company improvement. Participant 8 provided an example

of personal improvement: “I know that he [supervisor] will handle the data

like correctly and maybe that would help me to improve my productiveness.”

(P8)

So Participant 8 would be willing to share their data to improve their

personal productivity levels. Participant 16 also described how they would

share their data for personal improvement in terms of reaching their poten-

tial: “Particularly if you’re being under utilised, for example, or your men-

tal capacity is being under utilised unintentionally, then it [sharing data]

might bring some benefit.” (P16)

The passages above show how participants would share their mental work-

load data for personal improvements. Participant 7 described the sharing

of data for company improvement: “Maybe it [sharing data with their boss]

can drive the company. Especially now after the lockdown and quarantine

periods, maybe they can get to know like, ‘Ok this group of people are ac-

tually quite effective working fewer hours, they still get everything done,’

maybe they can change the working hours or the working environments to

actually benefit people in that sense. If they’re really conscious and really

people orientated, if they want people who aren’t enjoying it or are unhappy
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and are struggling to meet deadlines, they can tell, ‘Ok how can we help

them? Because if we help them, we help the company,’ so I like to think

they would make good use of it.” (P7)

In the passage above, Participant 7 reflected on how sharing their data

with the company might lead to changes of how the company operates and

this might have a positive effect on the employees’ lives.

It Depends on the Risk

When discussing the tracking of objective mental workload data in pilots,

participants were widely more accepting of mandatory tracking in safety-

critical jobs: “I think if you’re a pilot then maybe yes [mandatory tracking

is acceptable] just because you have lives in your hands. It’s not like you

didn’t submit an Excel spreadsheet that you were asked for.” (P8)

We can see that Participant 8 deemed the difference between safety-critical

workers and office workers as significant for the right of employers to ac-

cess their data. Participant 4 compared mental workload data to other

performance checks that pilots are routinely subject to: “It wouldn’t be too

dissimilar as someone checking that the pilot is not drunk before flying a

plane and that would be very intrusive in many jobs, but for a pilot it’s

fine.” (P4)

So whilst the consensus was that mandatory objective tracking in safety-

critical workers was more acceptable than office workers, it was also fre-

quently reported that even in these areas of work, the data must not result

in personal negative consequences for employees.

“I think the whole structure of how society operates around this type of high-

risk jobs should change. As in not say, ‘Well you’re off the job and obviously
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you can take less than the other pilot so then I’m either going to fire you

or just going to pay for, you know, you can only work three hours today

rather than six . . . ’ So, I think obviously that would again lead to some

sort of discrimination. But if the data is used to better understand these

limitations at the impersonal level, so it might end up that you can see that

for 95% of the pilots five hours is too much usually, so then without pointing

fingers at individuals you might overall change the policy of the company

to, ‘Ok no one ever has to work more than five hours,’ or whatever that

time is so that statistically you reduce that risk . . . So maybe the company

should make decisions based on large data sets statistical decisions.” (P5)

The passage above from Participant 5 reflects on how tracking mental work-

load in safety-critical jobs in the context of pilots should not be used on

a personal level, but instead be used to make company improvements to

improve the safety in these jobs. Therefore, whilst this subtheme outlines

how the risk of the job affects how participants viewed the enforcement of

compulsory tracking, it was still deemed important that the data should

not be used on a personal level.

An Absolute No

Some participants were firmly unwilling to share their data with their work-

places. Participant 4 described their reasoning: “Scientists yes [I would

share my data] obviously, boss absolutely not because it shouldn’t be to be

shared . . . It could be used for good, like you could have a good boss saying,

‘Oh my gosh, my employee’s always at a four [high mental workload level],

I need to do something before they crack down and kill themselves,’ and

that would be good. However, for each good boss doing this, you would have

a bad boss saying, ‘You’re still at a two [low mental workload level] are you
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just not working enough? I’m gonna give you more work.’ As long as the

task gets done the mental workload shouldn’t be tracked or it shouldn’t be a

concern.” (P4)

From Participant 4’s passage, we can see that whilst potential positive

outcomes of sharing the data were acknowledged, they believe the data

simply should not be shared because of the negative outcomes that have

the potential to arise. This black and white unwillingness was shown by

a few other participants; for example, Participant 1: “I wouldn’t want an

employer to have it. I don’t think they should be able to see that kind of

thing for various performance reasons, like it being used for review.” (P1)

7.3 Discussion

Neurotechnology devices are starting to become available to users and lit-

erature is increasingly producing guidelines aiming to mitigate the nega-

tive implications that consumer neurotechnology will unintentionally bring

[139; 73; 228; 125; 124; 216]. That research has generally operated by

identifying gaps in existing ethical and legal frameworks that do not ac-

commodate for the addition of consumer neurotechnology into the market,

and discussions and guidelines are outlined in relation to this. We ran

empirical research, however, which researched the views of potential end

users of consumer neurotechnology; participants were not made aware of

the current status of discussions and regulations, and this contributed to an

uncontaminated insight into the ethical concerns and perceptions held by

those who may be future end users. The aim of the research was to ground

current guidelines in further evidence and investigate whether there are any

further factors that should be considered in relation to the development of
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neurotechnology.

We hypothesised that our findings would relate to concerns regarding pri-

vacy, data validity, and personal identity, as these have been recurring

concerns outlined by various authors [139; 125; 124; 216]. Indeed, these

concerns were prominent in the analysis. Firstly, concerns about privacy

were widespread across our findings, and issues relating to privacy are also

perhaps the area given the most concern in previous research [125; 124; 216].

Specifically, as well as the explicit wish to keep their data private (from

theme 3), theme 1 (concerns relating to personal judgement, personal con-

sequences, inaccurate data judgement) and sharing data if in control (a

subtheme from theme 3) all related to the concern of data privacy. This

finding further validates previous research which outline major concerns

relating to privacy [139; 125; 124; 216]. If privacy is regulated properly,

many of the ethical concerns identified in our findings could be mitigated,

enabling consumers to enjoy the many potential benefits of tracking their

brain activity. Additionally, this finding is interesting as it provides insight

into the daily applications of privacy concerns that consumers might have.

This provides a different angle to what is commonly seen in the literature,

where discussions tend to centre around how privacy should be approached

(such as suggesting it should be treated in the same way as other sensitive

personal data [216]), with less explicit links to experiences in daily living

and the explicated implication in peoples lives.

Secondly, concerns relating to data validity have also been outlined nu-

merously [139; 125; 124; 216]. It has been noted that a number of current

consumer neurotechnologies have limited precision [124]. Our findings also

outlined concerns from participants regarding the data being inaccurate,

and decisions being made based on inaccurate data. This highlights the

requirement for transparent and regulated claims about validity, so that
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consumers do not experience harm from misleading data.

Theme 2 (negative effect of the data on the self ) related to issues surround-

ing personal identity. This has previously been outlined; for example, Kre-

itmare [139] described two guidelines relating to the self (firstly changing

people’s views of the world and secondly altering people’s self-identity) and

the IBC report [216] described how algorithms can dilute the sense of self

due to helping to make a person’s decisions. Our findings align with this as

they regard to how the data may alter the self. The subthemes being con-

trolled by the data and data exacerbating negative states both highlighted

specific applications from participants’ lives about how neurotechnology

might negatively change the state of individuals. This is important if it

will affect Mental Health (rather than help people as is often advertised)

and again helps to ground previous research in further evidence, and sug-

gests there needs to be regulations surrounding the presentation of data

(discussed more below).

There were two findings from our data that appear novel. The first one re-

lates to the use of neurotechnology in safety-critical jobs, where privacy was

deemed less of a concern if mandatory brain tracking could increase safety.

This indicates a distinction between workplaces regarding what may be

acceptable for the way that data privacy is handled. Secondly, participants

were concerned (fear of inaccurate judgement, from theme 1) that even if

their data was transparent and valid, themselves or their workplaces may

not interpret it correctly, especially as the context of the data is essential

for its understanding. Proper regulations surrounding data privacy might

again mitigate the effects of external individuals (such as workplaces) mis-

interpreting the data, but that does not counter the concern that the data

may remain open to misinterpretation by whoever views it.
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7.3.1 Current Status of Concerns

The technological progress we are seeing has been coined the ‘neuro-revolution’

by Ienca and Andorno [124], which is expected to follow in the footsteps

of the ‘genetic revolution’ that reshaped some of our ethical and legal no-

tions. Currently, however, no mandatory governance framework specifically

for brain data has been established in supranational or international law

[125]. The European Union’s General Data Protection Regulation (GDPR)

is legally binding and concerns regulations for how personal data must be

handled, from collection to processing. However, even if brain data is con-

sidered as sensitive personal data, Ienca [125] noted how the GDPR in its

current state leaves gaps for brain data vulnerable to breaches of privacy;

they suggest regulations that consider brain data in its own category, which

could protect against vulnerabilities that are unique to this type of data,

as is the case already with genetic data [125; 124]. The lack of regulations

around privacy for brain data are so severe that there are currently no

safeguards to protect brain data from the same data-mining and privacy

intruding measures that we see with other types of data [124].

In light of the finding from this research, in which participants viewed

safety-critical workers as having less rights to brain privacy compared to

other jobs and individuals in order to improve safety at work, this sparks a

discussion about different regulation requirements for different consumers.

It appears that it may be in our better interests to shape privacy regula-

tions around circumstances, such as for those purchasing neurotechnology

for personal use compared to safety-critical workplaces purchasing neu-

rotechnology to monitor their employees. However, guidelines from the

IBC Report [216] strongly recommended legislation which requires all em-

ployees to have the right to refuse the use of neurotechnology without
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being excluded or devalued. Our exploratory finding does suggest, how-

ever, that there is the potential that for certain situations (safety-critical),

neurotechnology use could be categorised similarly to other required but

intrusive measurements that safety-critical workers are subject to, such as

drug tests. However, tracking brain data is complex, and if workers did

provide consent for their data to be tracked, neurotechnology may access

brain data that is outside of the users’ awareness, meaning traditional in-

formed consent processes may not be suitable for the use of brain data

[216].

Regarding concerns about data validity identified in the current research

and previous research [139; 125; 124; 216], there are stringent regulations

around the use of medical devices (the EU’s Medical Device Regulation, or

approval from the US Food and Drug Administration), but most consumer

neurotechnology companies avoid classifying their devices as medical by

marketing them for wellness, relaxation, and other non-medical purposes

[228]. This means that they are not subject to the stricter regulations

[125] and users are not guaranteed that the data is valid and representa-

tive of true cognitive function [73; 125]. Progress in enforcing responsible

innovation is being made [98] as ideas surrounding its governance are being

discussed (such as the suggestion of neurotechnology developers subscribing

to taking a responsible innovation oath [216]), but regulations surrounding

data validation have not yet been fully established.

Concerns relating to personal identity are perhaps more of a grey area when

it comes to regulation as it relates more to the characteristics of individu-

als as opposed to the rights that each person should have. Participants in

this research drew parallels between physical activity trackers and cognitive

activity trackers to describe their concerns surrounding personal identity

by describing their experiences with the trackers and extending these to
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neurotechnology. Similar personal identity concerns have been shown to

apply to physical activity trackers [140; 83], such as users feeling decreased

enjoyment associated with their physical activity [83]. Neurotechnology

could therefore explore the approaches taken in regard to physical activity

trackers which aim to mitigate the effects of using the technology on factors

relating to personal identity. It has been suggested that to mitigate com-

pulsive, addictive, and distracted behaviour in regard to physical activity

trackers, the technology could incorporate periods each day where access

to quantified data becomes unavailable to users [140]. With physical activ-

ity trackers already arguably ubiquitous, however, it would be sensible for

consumer neurotechnology to be attentive to the issues and solutions sur-

rounding personal identity in the physical activity wearable field in order to

account for these effects at an earlier stage of growth. Understanding these

negative affects of tracking is especially important for technology that is

advertised as helping mental health and wellbeing; neurotechnology could

have the opposite effect especially if it is measuring cognitive activity that

is directly involved in mental health conditions.

The concern relating to the misinterpretation of neurotechnology data iden-

tified in the current research appears novel and thus it is not clear whether

there are active discussions in terms of identifying guidelines aimed at less-

ening the negative effects of this. Again it seems sensible to draw on the

similar issues between consumer physical activity wearables and consumer

neurotechnology, especially when considering newly established concerns.

Choudhury et al. [51] outlined how misinterpreting physical activity data

can negatively affect wellbeing by causing a sense of panic; this can also lead

to seeking unnecessary healthcare that can put strain on health services.

Due to the risk of negative implications arising from data misinterpreta-

tion, designing user-friendly interfaces has been strongly emphasised along
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with clear user manuals [51]. This is a simple and yet important consider-

ation for the development of consumer neurotechnology. Indeed, an aim of

our research involves investigating ways to effectively communicate mental

workload brain data to users; the findings from this section will help to

emphasise stringent checks for potential data misinterpretation.

7.3.2 Limitations and Future Research

This research was valuable in the sense that it enabled real-world insights

on a granular level from potential users into the ethical concerns and per-

ceptions of neurotechnology. By using this approach, we were able to pro-

vide tangible evidence supporting several concerns that have been discussed

based on robust theories, and provide a different perspective to raise fur-

ther ethical concerns which may not yet have been considered. Indeed,

the IBC Report [216] highlights the necessity to anticipate the effects of

implementing neurotechnology by using scenarios where society and future

technologies are imagined and how they will interact. However, by running

an empirical study, we have approached the research from an HCI perspec-

tive, which may lack understanding and detail into the depth of the topics

under discussion in the ethics field.

Based on our novel finding regarding the privacy rights of safety-critical

workers, this perhaps raises more questions than answers. The result was

only based on a small sample of office workers, which may differ to the

opinion of other samples and those safety-critical workers who would be

tracked. And if safety-critical workers did consent to tracking, the effect

that tracking may have on performance should be considered. Therefore,

whilst the finding certainly raises an interesting point for discussion, much

more research is needed before being able to establish potential legisla-
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tion that has both human rights and safety maximisation at its core. It

should also be noted that the type of neurotechnology under discussion in

the interviews was narrow, as only mental workload trackers were consid-

ered. For the design of the study that involved interviewing participants

about their experiences, it was necessary to focus on a type of neurotech-

nology. This narrow focus differs to what is commonly seen in literature

concerning the ethics of consumer neurotechnology, which discusses issues

associated with all types of consumer neurotechnology. Whilst this paper

regards a certain type of consumer neurotechnology, the results should be

generalisable to other consumer neurotechnology; this is supported by our

overlapping findings to other research, as outlined above.

7.3.3 Conclusion

This chapter presented a novel empirical approach to understanding ethical

concerns and perceptions surrounding the growth of consumer neurotech-

nology. To ground the interview discussions, people that had experienced

tracking their own mental workload were probed about their views, which

enabled insights into the concerns of potential neurotechnology end-users

and examples of daily scenarios to which these concerns applied. The

results relating to privacy, data validity, and personal identity provided

further validation for concerns that are currently under discussion. The re-

sults relating to privacy in safety-critical jobs and misinterpretations of data

highlight further important factors that should be explored further.With

the introduction of mass consumer neurotechnology on the horizon,it is im-

perative that progress is swift to regulate its use in order to mitigate any

unintended consequences and enable users to flourish.
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Chapter 8

General Discussion

Consumer pBCI devices are arriving, and we are largely unprepared. Alarm-

ingly, consumers are not yet protected through brain data regulations. Peo-

ple are worried that the data they are tracking is not valid [139], and their

concerns cannot currently be eased by researchers in the field. Further,

currently available devices focus on tracking cognitive activity over short

instances of time. Arguably, however, physical activity trackers have moved

on from this stage, and are now ubiquitous in day-to-day life instead. In

this regard, a more longitudinal approach to physical activity monitoring is

taken. Within this, people may adjust the way that they track, such that

they treat the data collected from isolated workouts differently to the data

collected from their wider lives (e.g. closely scrutinising heart rate data

related to their workouts, but not reflecting on heart rate data outside of

these workout windows). In addition, the goals set by people in regard

to their data may have different facets, such as aiming to walk a certain

amount of steps over the course of the day, but also aiming to burn a specific

amount of calories during an isolated workout window. Crucially, physical

activity trackers facilitate these different ways of tracking and treating the
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data by providing numerous and personalisable options, such as switching

between more passive tracking and specific workout monitoring.

It is therefore plausibly proposed that these days, physical activity is gener-

ally no longer tracked just for short instances of time. Instead, people who

track their workouts also track their daily data in order to build a broader,

life-based understanding of their physical state. Indeed, even when we are

working, talking, or eating, we are constantly producing quantifiable data

for collection that could increase our understanding of our physical wellbe-

ing and produce actionable insights for how to improve on it. And based on

its widespread adoption, this data is clearly meaningful to people; technol-

ogy that does not produce such meaningful insights will not be adopted by

users [145; 80]. In terms of cognitive activity tracking, there is a lot of room

for growth for identifying what data could provide meaningful insights to

users and allow them to set goals. This can especially be considered from

a longitudinal perspective, where users could track, reflect, and manage

their cognitive activity in daily life in a similar way to ubiquitous physi-

cal activity tracking. Technology is advancing rapidly [14; 240] and it is

speculated that we will be able to monitor cognitive activity in real-world

environments as intricately as we can currently monitor physical activity.

It is therefore an opportune time to consider how cognitive activity data

might fit into our lives from an HCI perspective.

This narrative is the crux of this thesis, which has investigated the longi-

tudinal tracking of cognitive activity in daily life. In this regard, mental

workload was the cognitive activity of interest based on its prevalence in

our daily lives and ever growing relevance. We primarily investigated men-

tal workload in daily life as a form of personal informatics, which was a

multifaceted topic.

226



8.1. THESIS SUMMARY

8.1 Thesis Summary

A first step towards understanding life-tracking of mental workload data

was to take measurements out of tightly controlled laboratory or safety-

critical environments and into more uncontrolled environments with general

life tasks. The aim of this was basically in respect to ‘Can we do it?’ and

‘What do we need to consider?’ To address this, an empirical study using

fNIRS for naturalistic reading and writing tasks was conducted and was

outlined in Chapter 3. From this research, challenges were identified for

real-world measurements of mental workload data. These related to the

sensitivity of the measures and the interpretation of the data, both of which

can be situationally dependent.

While future work for Chapter 3 generally concerns challenges for machine

learning research, we then considered the next big HCI question - what

will tracking this data mean for our lives? How can we meaningfully gain

insights? What will our goals be? This is a concern relating to personal

informatics [82; 145; 194; 196]. Thus, from a qualitative and quantita-

tive perspective, a novel longitudinal approach to mental workload was

taken. Qualitative insights from the personal experiences section identified

individual perceptions of mental workload, how people optimally approach

mental workload in their lives and why, and factors that can be a barrier

to executing this. The quantitative analysis built on this by furthering our

understanding of the mental workload implications on life and the types of

mental workload levels actually experienced day-to-day (Chapter 5). Chap-

ter 6 and Chapter 7 regarded the practical development of future mental

workload tracking pBCI devices, and provided guidance surrounding how

the data could be meaningfully communicated to users and what should

be ethically considered during their development.
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8.2 Contributions and Implications

Taking the findings presented in this thesis together, this thesis could some-

what be considered as a package that improves understanding of the human

(computer interaction) side of developing future mental workload personal

informatics tools. Indeed, sophisticated technology systems are worthless if

users cannot meaningfully interact with them in order to accomplish their

desired goals [133]. In this respect, the package relates to information re-

garding how and why mental workload data could be useful to track, how

the data could be meaningfully communicated to users, what should ethi-

cally be considered in the development of tracking tools, and challenges for

real-world measurements of mental workload data.

8.2.1 Contribution 1 - Measurement considerations

for general life tasks

More specifically, the first contribution identified challenges for measuring

mental workload across general work tasks (Chapter 3). In other words, we

showed support for objectively measuring mental workload in real-world

environments when certain factors are considered. This is because after

creating an ecologically valid environment in which participants were sub-

jected to different and personalised general tasks and verbal interruptions,

and mostly unrestricted coffee drinking, we found that fNIRS was still sen-

sitive to mental workload levels to a large degree. By identifying how the

sensitivity could have further been improved through carefully considering

or expanding the measurement region and how relating findings to theo-

retical backgrounds can help to make sense of the data, we speculated that

fNIRS would be effective for measuring real-world mental workload levels.
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Tracking mental workload data in the real world is developing into a ma-

chine learning problem, comparably to how physical activity made the tran-

sition in the 2000s after the proof of concept stage and laboratory tracking

stage [236]. Machine learning research for the measurement of mental work-

load is largely still at a laboratory stage, where research is working towards

the accurate classification of levels using controlled data sets [27]. Research

in this sense is increasing in quantity and accuracy [198; 27; 3; 163]. Our

findings from Chapter 3 could be used to guide machine learning research

when it progresses to real-world measurements.

This is because we identified factors that may affect the transition between

laboratory environments to more uncontrolled environments. In this re-

spect, we illustrated how real-world measurements are comprised of tasks

of varying natures that may not always provoke responses in overlapping

regions of the brain. In addition, when evaluating the accuracy of the clas-

sifications in real-world environments, we outlined how theoretical frame-

works should be taken into account for the interpretation of data; unlike

physical activity data that can quantify e.g. 500 steps, mental workload is

not a tangible concept [66]. Indeed, the Multiple Resource Model [231] was

an important tool for making sense of the data regarding the effect that

interruptions had on mental workload levels in our study. Taken together,

this chapter highlighted that 1) sensitivity will be one of the key challenges

for automatically detecting mental workload changes from physiological

data in the future, and 2) interpreting data in relation to mental workload

models may be valuable for determining the accuracy of real-world mental

workload measures.
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8.2.2 Contribution 2 - The Mental Workload Cycle

The second contribution is the development of the Mental Workload Cycle,

a new model that describes how people should aim to fluctuate between

different mental workload levels in certain patterns, as sustaining any level

for too long results in negative consequences, and each level serves a differ-

ent and important purpose. This contribution emerged from approaching

mental workload in a unique way in terms of taking a longitudinal, holis-

tic, and person centred perspective. This is in contrast to the controlled,

short-term, and isolated task based perspective that is widely adopted in

research, and thus led to different types of insights than what has previously

been seen in the literature. This improved understanding of mental work-

load progresses understanding for personal informatics (and future pBCI

devices) and human factors, described below.

For Personal Informatics

The personal informatics field [82; 145; 194; 196] has not yet identified what

cognitive data could be valuable to track and set goals for longitudinally in

daily life in order to make life improvements. The Cycle findings, however,

suggest that people could aim to follow a Mental Workload Cycle that is

personalised for them in terms of levels and fluctuations; this could result

in improvements to wellbeing and daily performance on tasks by prevent-

ing the negative consequences from sustaining any level for too long and

by benefitting from the positive implications that each level can provide.

Therefore, it seems as though finding the right balance of ‘mental exercise’

could be the main goal in terms of mental workload; similarly to physical

activity, we should aim towards incorporating periods of rest, intense, and

moderate activity into our lives.
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Conceptually this way, performance on certain daily tasks could be op-

timised if people aim to structure their mental workload fluctuations in

accordance with these tasks. For example, if someone wanted to optimise

their performance on a high mental workload gaming session, they could

self-moderate by limiting the amount of high mental workload they have

before they game in order to make sure they do not get fatigued from spend-

ing too much time at that level. Instead they could structure their time

before the gaming session to include a period of low mental workload to

serve as a period of mental recovery and preparation before performing the

high mental workload task. Thus, the identification of the Mental Work-

load Cycle has contributed to our understanding of how mental workload

impacts our daily lives and what goals we should set.

These findings in terms of how mental workload impacts our lives are in-

tuitive to understand. The link between mental workload and wellbeing

factors, such as stress, is not such groundbreaking news. However, with

the exception of sleep implications and fatigue [101], research has not pre-

viously identified the effect of daily mental workload levels on other factors

relating to our lives. We have qualitatively and quantitatively identified

several implications of mental workload. Companies concerned with de-

veloping pBCI technology, which is rapidly developing and increasingly

filtering onto the consumer market [14; 16], could be guided by these early

findings for the development of future pBCI devices in terms of what data

would be valuable for users to reflect on. Our data also indicated that

people frequently do not fluctuate in the patterns they prefer. Therefore,

features of future devices should help users to modify their habits in or-

der to implement their Cycles, and also create strategies that mitigate the

negative effects for people who are not able to facilitate their Cycles.

Personal informatics tools that are already in existence could help to inform
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the initial design of a mental workload personal cognitive informatics tool.

This is because we can draw on features of current psychological tracking

tools that seem to reflect aspects of the Mental Workload Cycle.

In these terms, it is known that including moderate and vigorous phys-

ical exercise into our lives brings a myriad of health benefits1, and also

resting our bodies is needed for repairing and recovering. Physical activ-

ity tracker company Fitbit2 provide users with a Daily Readiness Score,

which combines recent physical activity data with sleep scores and heart

rate variability in order to assess whether the user is ready to participate

in physical activity or should prioritise rest instead. Similarly, another

physical activity tracker company, Whoop3, provides a daily recovery score

by assessing heart rate variability, resting heart rate data, respiratory rate,

sleep performance, blood oximetry, and skin temperature to determine the

level of physical activity intensity the user could cope with (moderate or

intense), and indeed whether they would benefit from resting instead.

In both of the above examples, the higher the readiness or recovery score,

the more physically prepared the user is for taking on a larger and more

vigorous physical load. This can be translated to the Mental Workload

Cycle, as an individual should be more prepared to take on a higher mental

workload load when they have achieved their proper Cycle fluctuations.

In contrast, when, for example, an individual has over-sustained a high

mental workload level, they might benefit from incorporating more low

mental workload, or ‘rest’ into their day in order to recover. Thus, the

idea of a daily recovery or readiness score might be useful for the design

of a mental workload tracking device. This could be calculated from the

1https://www.nhs.uk/live-well/exercise/exercise-guidelines/physical-activity-
guidelines-for-adults-aged-19-to-64/

2https://www.fitbit.com/global/us/technology/daily-readiness-score
3https://www.whoop.com/experience/recovery/
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previous day’s data (and perhaps sleep data), and could advise people

about the type of ‘mental workload day’ that they are ready for, suggesting

a Cycle based around that. The examples also reflect the notion that

‘more’ physical exercise is not always better, and we should not always

aim for increased load. In terms of mental workload, our findings reflect

this notion, as balance is key in order to benefit many big-picture aspects

of ourselves (e.g. improved heart health for physical activity or reduced

stress for mental workload) as opposed to the instant gratification from an

immediate outcome (e.g. achieving a personal best for physical activity or

completing a difficult task for mental workload).

Fitbit and Whoop also offer a sleep tracking function. Fitbit explains that

humans go through several sleep cycles each night that each last for about

90 minutes, first consisting of light sleep, then deep sleep, and then Rapid

Eye Movement (REM) sleep4. It is also explained that each sleep stage

serves an important purpose, such as light sleep is important for physical

and mental recovery, deep sleep is important for learning and memory, and

REM sleep is important for mood regulation. Whoop mentions that get-

ting enough sleep is important for cognitive functioning, stronger immune

system, and overall metabolic health5. The characteristics of the Mental

Workload Cycle share similar properties to these aspects of sleep cycles

in terms of fluctuating between low, medium, and high levels in certain

patterns, as each level serves an important purpose, and achieving a good

Cycle appears to positively benefit several aspects of wellbeing and perfor-

mance. Based on the sleep data, Fitbit provides a ‘sleep score’ that informs

users about how well they slept, and information is offered for improving

their scores and trends can be shown over time. These features could also

be used to guide the design of a mental workload tracking device in terms

4https://help.fitbit.com/articles/enUS/Helparticle/2163.htm
5https://www.whoop.com/thelocker/everything-to-know-about-sleep/
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of informing users as to whether they have achieved their Cycles, advice

for improving their Cycle adherence if they are not meeting their targets,

and their adherence trends over time. Furthermore, Fitbit offers a ‘Smart

Wake’ feature, where it wakes up the user at the optimal time in their sleep

cycle. Future mental workload tracking devices could translate this feature

to alerting users at the optimal time to take a break from their high mental

workload level. Thus, taken together, there are several relatable aspects of

currently available personal informatics tracking tools that future mental

workload personal cognitive informatics tools could initially be guided by.

For Human Factors

These findings could also have a large impact on mental workload research

in the human factors field. This is because we have illustrated how im-

portant it is to consider mental workload as a whole rather than focusing

narrowly on mental workload limits within specific tasks. The novelty of

the longitudinal approach to mental workload that was adopted in this the-

sis should be emphasised; mental workload literature traditionally consid-

ers mental workload from an input/output perspective [204]. Considering

low, medium, and high levels throughout the day, and considering them

both outside and inside the workplace, seems important for understand-

ing performance on isolated work tasks. If mental workload levels outside

of the workplace are not considered, we cannot understand the needs of

people at work, and why they approach tasks in the way that they do.

Our results suggest that sustained periods of (e.g.) high mental workload

outside of work (perhaps with coordinating family life, as was qualitatively

reported), can lead to fatigue more quickly during a work task that requires

high mental workload, as the overall time spent at that level was greater

than the time just spent on the work task. In essence, this could explain
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why performance on the same task completed on different days can vary.

Also, we identified that certain factors can interfere with people’s ability

to function at certain mental workload levels, which is also likely to con-

tribute to varied task performance. This could mean that even if tasks are

designed to be within a manageable mental workload level, factors taking

place outside of the workplace might mean that people sometimes find them

unmanageable. These findings echo work in related fields looking at the

relationships between demands at home and safety at work [128], and visa

versa [75; 74], as well as the participants who qualitatively described how

carefully managed rest, both at work during breaks, and in the evenings,

was needed to manage work. Thus, considering mental workload levels in

between the extremes of overload and underload [240; 203] and taking a

broader life perspective of mental workload could be essential for deepening

understanding of factors that contribute to the ‘redline’ of these states.

In terms of implications for industry in relation to this, participants dis-

cussed their strategies within work tasks (at work and at home) that aimed

to break up their high mental workload tasks with low mental workload

tasks. A key factor in research focusing on the Future of Work, is to de-

compose work such that different sized tasks can be handled conveniently

as e.g. microtasks [213]. This seems beneficial for people that have agency

in their work, such as many office workers or self employed people. There

are many jobs, however, such as air traffic controllers and train signal op-

erators that have been carefully organised into shift patterns with prede-

termined breaks, where it is the responsibility of the employees to manage

their ability to sustain mental workload accordingly. If mental workload is

considered from a more holistic and person-centred perspective, tracking

mental workload outside of work may enable workplaces and employees

to manage mental workload more effectively during work tasks, especially
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as our findings suggested that people were not always able to implement

their ideal mental workload strategies. Therefore, tracking mental work-

load in everyday life could be useful for improving safety and performance

in safety-critical jobs.

8.2.3 Contributions 3 and 4 - Practical Guidance for

pBCI Development

Once we know how mental workload data is valuable to track as personal

informatics, and once the technology is developed enough to facilitate phys-

iological mental workload tracking, how do we make interactions with men-

tal workload personal informatics tools meaningful and safe?

Contribution 3 is therefore design recommendations for mental workload

data. This was in terms of types of display, the use of customisable

metaphors for visualisations, colours, shapes, and terminology. In par-

ticular, the importance of considering the differences between how mental

workload cognitive activity is represented compared to how physical ac-

tivity is represented was identified. Physical activity trackers use visual-

isations to represent more activity as positive, such as encouraging users

to close their daily rings by participating in more physical activity. How-

ever, this type of visualisation does not apply to mental workload data,

as sustaining levels for too long appears to have unhealthy consequences.

The goals for mental workload compared to physical activity are therefore

very different, and visualisations should reflect the importance of includ-

ing each mental workload level alongside its optimal sustainment length.

Colours may be a particularly meaningful way of communicating this to

users. There is a propensity for traffic light colours to be used to commu-

nicate different levels of a measurable concept, yet this may misrepresent
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mental workload levels as either positive or negative, when they can be

both; instead, changing vibrancies may be an effective way of communi-

cating important aspects of mental workload data, such as sustainment

lengths and fluctuations.

Thus, these findings should specifically implicate design aspects of future

mental workload pBCI devices. Indeed, without effectively communicating

personal data to users, the most impressive technology and collected data

could be made meaningless.

Contribution 4 is the empirical identification of user ethical perceptions

and concerns surrounding the development of pBCI devices. Regarding

this, huge ethical challenges have been identified for the development of

pBCI devices [139; 73; 228; 125; 216], but no research had looked at this

empirically and from a users’ perspective. Identifying user concerns relating

to data misinterpretation and perceptions regarding safety-critical workers,

we have added these considerations ‘to the pile’ of ethical challenges for the

development of neurotechnology and further validated concerns relating to

privacy, personal identity, and data validity.

These insights are therefore useful for the neuroethics field, which is driven

by theoretical modifications of existing ethical frameworks and is lacking

in real-world studies. Our research in this area could implicate further

research and the revision of guidelines for the development of pBCI devices

in this field. These findings ‘should’ also be useful for companies developing

pBCI devices, but currently available devices have thus far found ways to

avoid being held ethically accountable [228]. In order for ethics research

regarding consumer neurotechnology to make a real difference to industry,

there is a need for new regulations to be written into law so that users can

be properly protected from ethical unintended consequences.
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8.3 Future Research

As mentioned, research is making huge progress in measuring cognitive ac-

tivity using physiological measures in real-world environments [158; 141].

Indeed, this includes mental workload measures, which are making promis-

ing progress [240]. Figure 8.1 compares the progress of cognitive activity

trackers to how physical activity trackers progressed into what we see today

[236]. What is interesting, is the division between the development of the

technology and the understanding of the users. In this respect, whilst it

is undoubtedly easier to develop meaningful uses for the technology once

it can be studied in the wild, it seems sensible to consider that a deep

understanding of how the data could be used to make meaningful life im-

provements could be developed in tandem with the development of the

technology. Thus, when longitudinal tracking of real-world cognitive activ-

ity becomes available, it may be possible to provide users with meaningful

personal cognitive informatics tools at a much greater speed.

The research in this thesis has contributed an understanding of the type of

cognitive data that could be valuable as personal informatics, in terms of

the Mental Workload Cycle. The next steps are to develop the Cycle on a

more granular level in order to progress towards being able to practically

implement the use of mental workload as personal informatics.

Figure 8.1: Where cognitive activity tracking is in relation to the develop-
ment of physical activity tracking [236].
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8.3.1 The Next Study

If this project was to be followed up with a post-doctoral fellowship, the

next proposed study would aim to improve understanding of how people try

to manage their mental workload levels in their daily lives. Our findings so

far have related to participants’ preferences for transitioning between the

different mental workload levels, and we have started to comprehend the

transitions that participants behaviourally made on a broad level. By build-

ing a more sensitive awareness of the transitions that people behaviourally

make (e.g. breaking up high mental workload periods with quick low mental

workload breaks, which would not have been captured in the quantitative

data, but was described as a preferable pattern in the qualitative data), and

supporting that data with qualitative insights specifically about manage-

ment strategies in relation to the behavioural transitions, research would

progress further towards understanding how to actually design healthy and

efficient Mental Workload Cycles for individuals.

This proposed study could use another longitudinal mixed methods ap-

proach. Participants could be recruited for 3-5 days. Experience sampling

would be used, where each day participants would be required to input

their ‘current’ mental workload level. This means that every time their

mental workload level changed, even for a short period of time, this data

would be captured. At the end of each day, the participant would be in-

terviewed by the researcher about their ‘mental workload day’ in terms of

how they managed their mental workload, the effect it had on their perfor-

mances and wellbeing, how it could have been better managed, and how

they are feeling at the end of the day. Thus, the data could be analysed to

start inferring links between more detailed mental workload patterns and

its associated outcomes.
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8.3.2 The Two to Five Year Plan

The findings from the next proposed study described above could provide

a more detailed view of the type of lengths that people should sustain each

mental workload level for before transitioning to another level, and how this

might vary between individuals. What the findings will not show, however,

is the effect on the individual after each block of mental workload (e.g. a

period of predominantly low mental workload) as the research would still

consider the data in terms of a day, which likely involves several fluctuations

between levels.

With more time over the longer term, perhaps a period of two-five years,

research could concentrate on further narrowing down on designing a func-

tional Mental Workload Cycle that can be trialled for use as a personal

informatics tool. This would require investigating the effects of different

blocks of mental workload in terms of the effects it has performance and

wellbeing and then combining the parts to develop a full Cycle that is

ready for trial. The initial research could be inspired by Mark et al [154]

who used longitudinal ethnographic observations and interviews on infor-

mation workers to determine how work tasks are fragmented, the causes of

the fragmentation, and the effect of the fragmentation on task completion.

Their method involved detailed descriptions of each participant’s activities

(such as opening a notebook) for three and and half days. Our research

could aim to collect this level of detail, but in terms of switching between

mental workload levels instead of switching between tasks/interruptions.

However, as our previous research has already informed us about the op-

timal patterns of fluctuations, and by this point should have provided an

idea of how long each level should be sustained for, we could implement a

level of mental workload manipulation. In this respect, participants could
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be asked to maintain certain levels of mental workload for a certain period

of time before the effect of that, and its cumulative effect with other mental

workload levels, is evaluated.

Thus, the study design would involve the researcher to be present whilst

the participant is at work. The researcher would then ask the participant

to stay at e.g. a high mental workload level for a designated period of time

(e.g. 40 minutes) before dropping to a low mental workload level for e.g.

5 minutes. Based on how the participant perceived the starting block in

terms of performance and wellbeing (e.g. fatigue levels), subsequent blocks

could be adapted in length or adapted depending on type of task (e.g.

enjoyable vs not enjoyable); the researcher could encourage participants

to direct the block lengths according to how they feel, but stick to the

patterns of fluctuations that have previously been identified as optimal.

Questionnaires or interviews after each block and at the end of each day

could evaluate the effect that different blocks, and the combination of blocks

deliberately dictated by the participant, had on efficiency, perceptions, and

wellbeing. A gradual, detailed understanding of how mental workload is

optimally managed in everyday life could be developed from this.

The study could also be expanded to investigate mental workload outside of

work, which may benefit from managing mental workload levels differently

to during work. This would be especially interesting to investigate from a

stress point of view. This is because, theoretically, mental workload and

stress are related concepts with overlapping characteristics in terms of per-

ceived response capability [8]. The relationship between mental workload

and stress that has been identified in this thesis could somewhat reflect

the idea that high mental workload tasks are often stressful, for example

having an element of time pressure. It would therefore be interesting to in-

vestigate the effects of high mental workload, low stress tasks (which might

241



8.3. FUTURE RESEARCH

be seen more in a home environment) and the effects of high mental work-

load, high stress tasks, in terms of general stress in life. Thus, this could

impact the insights provided for personal informatics, such that more high

mental workload tasks might be beneficial to cognitive health if they are

not associated with stress.

After developing an understanding of how we can design these Mental

Workload Cycles, a further longitudinal study could design a Cycle for

each participant based on individual characteristics. Participants could

then aim to follow their Cycle for a week, before being interviewed once

more in depth about the effects of their mental workload management.

8.3.3 The Ten to Twenty Year Outlook

In the long-term, there should be a clear understanding of how mental

workload could be used for personal informatics, and tools to facilitate

this are likely to be readily available. As we saw with physical activity

tracking (Figure 8.1), the next step is to understand habit formation. In

this respect, changing behaviour is a complex process [136], but once action

to implement change has been taken, developing habits are important for

ensuring behaviour change has long-term effects [210]. Whilst theories of

habit formation can vary, all consider habits as repetitions of behaviour in a

particular context that results in a transition from goal-directed behaviour

to automatic habitual behaviour through repeated learning [40]. Research

by Stawarz et al [210] has shown, however, that apps designed specifically to

support habit change tend to focus on self-tracking, which is an important

aspect for behaviour change but does not support habit formation. Thus,

the researchers outlined guidance for HCI researchers designing apps to

better support habit formation.
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Therefore, the long-term goal for research into mental workload for use

as personal informatics would be to support habit formation in order for

mental workload management behaviours to become less deliberate and

more embedded into everyday life. A starting point for integrating habit

formation support into mental workload personal informatics tools would

be to design features based on the recommendations outlined by Stawarz

et al [210]. In this respect, trigger events could be incorporated, which

help users to form implementation intentions by explicitly stating their

behavioural action plan in order to reinforce the association between an

event and a behaviour. In addition, the tool could explore the use of

reminders before the trigger event in order to reinforce the association but

still encourage the user to independently make the association when the

event occurs [210].

For mental workload, this could, perhaps, relate to users forming associa-

tions between mental workload fluctuation patterns and level sustainment

lengths. For example, “Don’t forget to take a low mental workload level

break after your high mental workload period.” This way, it could be

hypothesised that users would be supported in having agency over their

mental workload management, becoming more immersed and invested in

their behaviour change. This could perhaps lead to increased feelings of

fulfillment in the form of intrinsic rewards, an area that is not yet well

understood [210], but has recently been shown to play a role in habit for-

mation for healthy eating behaviours [68]. In any case, planning to support

the development of habits for mental workload management can help us to

envision a future of wide-spread mental workload tracking that supports

long-term healthy and efficient outcomes, perhaps in a similar way to how

we currently see physical activity habits often being embedded into people’s

lives.
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Chapter 9

Thesis Conclusions

As life is becoming increasingly characterised by its cognitive complexity, it

seems sensible to assume that the management of our cognitive activity in

daily life is becoming increasingly important. It appears that this need is

being recognised, and companies are beginning to produce consumer pBCI

devices en masse. This thesis was motivated by aiming to understand men-

tal workload tracking in daily life and how life improvements could be made

through using this data as a form of personal informatics. This could be

useful for the development of future pBCI devices as they progress towards

longitudinal tracking. We adopted a longitudinal and person-centred per-

spective of mental workload, which is in contrast to typical approaches that

consider mental workload as an input/output model [204]. The overarching

research question for this thesis was:

• How and why should we track mental workload in everyday life?

Two empirical studies were conducted that addressed four sub-questions,

each of which will be outlined in turn below.

The first sub-question aimed to measure mental workload for tasks relevant

244



to daily life, in terms of the ability of physiological measures to differentiate

between different mental workload levels and the challenges of doing so in

real-world environments. In this respect, the first sub-question was:

(a) Can we physiologically track mental workload levels in general work

tasks, and what are the practical concerns of doing that?

The first empirical study addressed this, outlined in Chapter 3. The study

was a laboratory study that included aspects representative of real-world

work environments. fNIRS was used as the physiological measure due to its

promise for real-world measurements [189; 115]. 19 participants completed

naturalistic reading and writing tasks at different levels of difficulty; the

tasks were personalised to each participant, verbal interruptions were in-

corporated, and coffee drinking was unrestricted. Results found that fNIRS

was able to detect differences in mental workload levels for the reading tasks

but not the writing tasks. This finding highlighted the sensitivity chal-

lenges that real-world mental workload measurements might face. Further,

mental workload models were instrumental for understanding the impact

that verbal interruptions had on mental workload levels. Taken together,

these findings could impact future machine learning research and made the

following contribution:

• Identified challenges for measuring mental workload across general

work tasks.

The aim of the second sub-question was to adopt a novel longitudinal ap-

proach to mental workload in order to investigate how the data could be

used for personal informatics, whilst also developing a deeper understand-

ing of the mental workload concept. Thus, the second sub-question was:
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(b) Can a longitudinal and holistic approach to mental workload improve

understanding of how mental workload could be valuable as a form

of personal informatics, and mental workload as a concept itself?

The second empirical study addressed this sub-question. The study has a

quantitative and qualitative phase and was outlined in Chapter 4. The

quantitative phase involved 19 participants that subjectively tracked their

mental workload levels at regular intervals from Monday-Friday; phone ac-

tivity was recorded and questionnaire data relating to wellbeing aspects

was collected each evening. The qualitative phase involved the same par-

ticipants and interviewed participants in depth about their personal expe-

riences of mental workload.

The qualitative phase was analysed first; the large volume of data from the

quantitative phase could then be guided in respect to the insights gained

from the qualitative research, which was beneficial for determining the di-

rection of the analysis. Data from the qualitative phase identified how

fluctuating between mental workload levels in certain patterns seems im-

portant for aspects of wellbeing, daily performances, and positive percep-

tions; this was termed the Mental Workload Cycle (Figure 9.1). Data from

the quantitative phase then indicated that actual daily life behaviours in

terms of fluctuations frequently differed to qualitative preferences, as well

as further identifying the negative impacts that mental workload can have

on aspects of our wellbeing. (Chapter 5.) Thus, these findings demon-

strate how mental workload could be used as a form of personal cognitive

informatics.

The traditional understanding of mental workload was also progressed

through identifying the Mental Workload Cycle. This was because by un-

derstanding person-centred perceptions, life approaches, and life implica-
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tions, a better understanding of the factors that contribute to the states of

overload and underload were developed.

Taken together, these findings should progress research in the personal

informatics and human factors fields, and could be used to progress the

design of future pBCI devices. Specifically, the following contribution was

made:

• Developed a new model of mental workload, specifically the Mental

Workload Cycle, which improves our understanding of mental work-

load and how that data can be used as personal cognitive informatics.

Figure 9.1: The Mental Workload Cycle, which was the main contribution
from this thesis.

The qualitative phase also explored user perceptions relating to the in-

teraction between users and objective mental workload tracking devices.

This included researching data communication aspects, aiming to facilitate

meaningful interactions between users and the technology. Therefore the

third sub-question regarded:

(c) How can objective mental workload tracking data be meaningfully

communicated to users?
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The findings were outlined in Chapter 6 and design recommendations were

developed from this, which companies could use to effectively communicate

mental workload data to users. Therefore, the following contribution was

made:

• Produced design recommendations for mental workload data.

The other interaction aspect that was investigated in Study 3 was ethical

perceptions, which aimed to facilitate safe interactions with the technology.

The final sub-question was therefore:

(d) What should be ethically considered when developing mental work-

load pBCI devices, or neurotechnology in general?

Ethical concerns from potential users of future pBCI devices were identified,

outlined in Chapter 7; these findings should be generalisable beyond specific

mental workload technologies, and could affect guidelines produced in the

neuroethics field. The following contribution from this was made:

• Explicated ethical concerns for the development of pBCIs.

9.1 Final Remarks

Physical activity trackers for use as personal informatics have reached a

stage where they can be considered ubiquitous. With rapid progress in

brain imaging technology, the next logical, realistic, and exciting stage is

to consider longitudinal cognitive data tracking for personal cognitive infor-

matics. Perhaps uncoincidentally, this progress in technology development
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9.1. FINAL REMARKS

has coincided with an increasing need to better manage the cognitive ac-

tivity in our lives in order to meet the growing cognitive demands of work

life and home life, whilst maintaining a high level of performance and well-

being. This thesis has considered mental workload from a longitudinal,

holistic, and person-centred perspective, and this novel approach has been

fundamental for understanding how mental workload can be valuable as a

form of personal informatics. In this respect, the main contribution from

this thesis is the Mental Workload Cycle, which outlines how we should

aim to fluctuate between levels in certain patterns in order to optimise as-

pects of our performances, perceptions, and wellbeing. These findings are

promising for the future and hopefully research will continue to build upon

the Cycle in order to facilitate a transition towards wide-spread tracking

of mental workload as a form of personal cognitive informatics.
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Dehais. 2014. Using near infrared spectroscopy and heart rate vari-

ability to detect mental overload. Behavioural brain research 259

(2014), 16–23.

260



[73] Margaret L Eaton and Judy Illes. 2007. Commercializing cogni-

tive neurotechnology—the ethical terrain. Nature biotechnology 25,

4 (2007), 393–397.

[74] Achim Elfering, Christin Gerhardt, Diana Pereira, Anna Schenker,

and Maria U Kottwitz. 2020. The Monday effect revisited: a diary

and sleep actigraphy study. Sleep and vigilance 4, 2 (2020), 167–176.

[75] Achim Elfering, Simone Grebner, and Coralie Boillat. 2013. Busy at

work and absent-minded at home: Mental workload, cognitive failure,

and domestic falls. Swiss Journal of Psychology 72, 4 (2013), 219.

[76] Robert Elliott, Constance T Fischer, and David L Rennie. 1999.

Evolving guidelines for publication of qualitative research studies in

psychology and related fields. British journal of clinical psychology

38, 3 (1999), 215–229.

[77] David Elsweiler, Max L Wilson, and Brian Kirkegaard Lunn. 2011.

Understanding casual-leisure information behaviour. In New direc-

tions in information behaviour. Emerald Group Publishing Limited.

[78] Daniel A Epstein. 2015. Personal informatics in everyday life. In

Adjunct Proceedings of the 2015 ACM International Joint Conference

on Pervasive and Ubiquitous Computing and Proceedings of the 2015

ACM International Symposium on Wearable Computers. 429–434.

[79] Daniel A Epstein, Clara Caldeira, Mayara Costa Figueiredo, Xi Lu,

Lucas M Silva, Lucretia Williams, Jong Ho Lee, Qingyang Li, Simran

Ahuja, Qiuer Chen, et al. 2020. Mapping and taking stock of the per-

sonal informatics literature. Proceedings of the ACM on Interactive,

Mobile, Wearable and Ubiquitous Technologies 4, 4 (2020), 1–38.

[80] Daniel A Epstein, Jennifer H Kang, Laura R Pina, James Fogarty,

261



and Sean A Munson. 2016. Reconsidering the device in the drawer:

lapses as a design opportunity in personal informatics. In Proceed-

ings of the 2016 ACM international joint conference on pervasive

and ubiquitous computing. 829–840.

[81] Daniel A Epstein, Nicole B Lee, Jennifer H Kang, Elena Agapie,

Jessica Schroeder, Laura R Pina, James Fogarty, Julie A Kientz, and

Sean Munson. 2017. Examining menstrual tracking to inform the

design of personal informatics tools. In Proceedings of the 2017 CHI

Conference on Human Factors in Computing Systems. 6876–6888.

[82] Daniel A Epstein, An Ping, James Fogarty, and Sean A Munson.

2015. A lived informatics model of personal informatics. In Proceed-

ings of the 2015 ACM International Joint Conference on Pervasive

and Ubiquitous Computing. 731–742.

[83] Jordan Etkin. 2016. The hidden cost of personal quantification. Jour-

nal of consumer research 42, 6 (2016), 967–984.

[84] Chloe Fan, Jodi Forlizzi, and Anind K Dey. 2012. A spark of activ-

ity: exploring informative art as visualization for physical activity. In

Proceedings of the 2012 ACM Conference on Ubiquitous Computing.

81–84.

[85] Martha J Farah. 2012. Neuroethics: the ethical, legal, and societal

impact of neuroscience. Annual review of psychology 63 (2012), 571–

591.

[86] Tom Fawcett. 2015. Mining the quantified self: personal knowledge

discovery as a challenge for data science. Big data 3, 4 (2015), 249–

266.

[87] Sara B Festini, Christopher Hertzog, Ian M McDonough, and

262



Denise C Park. 2019. What makes us busy? Predictors of perceived

busyness across the adult lifespan. The Journal of general psychology

146, 2 (2019), 111–133.

[88] Sara B Festini, Ian M McDonough, and Denise C Park. 2016. The

busier the better: greater busyness is associated with better cogni-

tion. Frontiers in aging neuroscience 8 (2016), 98.

[89] Frank Anthony Fishburn, Megan E Norr, Andrei V Medvedev, and

Chandan J Vaidya. 2014. Sensitivity of fNIRS to cognitive state and

load. Frontiers in human neuroscience 8 (2014), 76.

[90] Rudolph Flesch. 1948. A new readability yardstick. Journal of applied

psychology 32, 3 (1948), 221.

[91] Gianluca Di Flumeri, Gianluca Borghini, Pietro Aricò, Alfredo
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PROJECT  
INFORMATION  

Date: 12/06/2020 

Project: Low Density Data Collection 

School of Computer Science Ethics Reference: [CS-2019-R13] 

Funded by: Horizon CDT, Mixed Reality Laboratory  

We would like to invite you to take part in our research study. Before you decide whether to 
participate, we would like you to understand why the research is being done and what it would 
involve for you. One of our team will go through the information sheet with you and answer any 
questions you have. Talk to others about the study if you wish. Ask us if there is anything that 
is not clear.  
 
What is the purpose of the study? 
 
This research project aims to investigate individual variations of mental workload levels in daily 
life, how mental workload is considered, and what consequences tracking mental workload might 
have, what impact this may have, and the individual experiences of this.  
 
Why have I been invited? 
 
You are being invited to take part because you are considered to represent a profile which might 
have use in the future for a device that could track brain activity, like a Fitbit. We are inviting 
20 participants like you to take part.  
 
Do I have to take part? 
 
It is up to you to decide whether or not to take part.  If you do decide to take part you will be 
given this information sheet to keep and be asked to sign a consent form. If you decide to take 
part, you are still free to withdraw at any time and without giving a reason. This would not affect 
your legal rights. 
 
What will happen to me if I take part? 
 
You will be required to be a participant in the study for 5 full days. Throughout this time, you 
will be asked to continue with your activities as normal with the addition of completing certain 
measures and allowing further measures to be taken from you. Before beginning the study, you 
will be asked to prepare for the data collection by reading a pre-study preparation sheet. At a 
specified time the week following the data collection, you will be asked to take part in a post-
study interview. Each measure is outlined below; for the measures that you need to install, you 
will be guided through how to do this: 
 
Mobile application: We will ask you to install a file onto your phone that includes an application 
that is not commercially available. Every 1 hour outside of working hours, and every 30 minutes 
during working hours, you will be asked to answer 3 questions through a mobile application; a 
notification will alert you when your responses are due. Each question will require one button 
click and should only take about 10 seconds to complete. At the same time, a final question will 
ask you to complete a brief text summary of the activity/activities you have participated in since 
the last input; if there is information that you do not wish to share, please mention that you are 
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withholding information, or provide the nature of the information you do not wish to share. You 
are encouraged to complete these questions as soon as you are alerted, but the time for the 
next notification will begin after your last completion. You should activate the app when you 
wake up each day and deactivate it before going to sleep; compliance scores will only be counted 
during waking hours, and the practicalities sheet will detail how to activate and deactivate the 
app.   
 
Evening Questionnaires: Each evening you will be asked to complete a further 7 
questionnaires. These questionnaires should be completed using Microsoft Word and should take 
approximately 15 minutes to complete. The questionnaires will regard your stress level, sleep, 
fatigue, mood, food craving, food intake, and alcohol consumption. You will be asked to complete 
them at approximately the same time each evening – this should be after your evening meal, 
and preferably close to bedtime. We will also ask you to complete a personality and personal 
information questionnaire, but this will only need to be completed once. If possible, the sleep 
questionnaire should be started on Tuesday (at any time convenient for you) and the last entry 
should be on Saturday, so there is data from Monday-Friday on your sleep; it might be 
convenient to complete the last sleep entry on Saturday when uninstalling the software.  
 
Online activity: We will ask you to install an application called DeskTime onto your computer. 
This will track your online activity. The application will be able to track which websites and 
programmes you are using, including the website or document titles, what time you are using 
them, and how long you are using them for. The application will not be able to track the content 
of what is on your screen; this information will only be accessible to you. If you wish to stop 
your online activity from being tracked at any time or remove any data, you will be provided 
with information about how to do this. 
 
Phone activity: We will also ask you to install an application called RescueTime on your personal 
mobile device. The application will track what applications you are using, and what time and for 
how long you are using them for. RescueTime will not track what you are doing on the 
applications (e.g. which websites you are using); it will simply track what applications are open. 
If you wish to stop this activity being tracked at any time or remove any data, you will be 
provided with information about how to do this.  
 
Calendar: you will be asked to provide your schedule for the 5 days of data collection, in any 
form. You are not required to provide any sensitive information; if there is information that you 
do not wish to share you may leave the space blank in your schedule, or provide the nature of 
the information, e.g. ‘sensitive meeting’.  
 
Post study interview: The interview may take up to 2 hours and will be taken via video call. 
In order to analyse the interview, it will be recorded.   
 
Expenses and payments  
 
You will be offered £75 to participate in the study. With satisfactory participation in the study, 
the amount will be increased to £100. Participation will be considered satisfactory if all evening 
questionnaires are completed, and there is at least an 80% response rate to the mobile 
application questions.  
 
What are the possible disadvantages and risks of taking part?  
 
Your safety and confidentiality are of the utmost importance to us, and these will not be 
compromised through your participation in this study. However, a possible disadvantage of 
participation may include the disruption of your activity when required to complete the mobile 
questions; whilst we have tried to make this measure as least intrusive as we can, it will still 
require input that is separate to your current activity.  
 
What are the possible benefits of taking part? 
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We cannot promise the study will help you but the information we get from this study may help 
progress research into gaining a much deeper understanding of mental workload in an everyday 
context and identifying which measures can be used to capture mental workload levels in daily 
life.  
 
What happens when the research study stops? 
 
You will be able to return to your routine without any further requirements from the 
experimenters. You will always be welcome to contact the research team if you have any further 
queries after the study has ended. After the end of the study, the research team will spend time 
analysing the data that you have helped provide in order to answer our research questions. All 
of this data will be stored securely, remaining available to the research team for up to 10 years 
before being deleted. Data in which you cannot be identified from, such as digitalised 
questionnaire responses, may be made available on the University research dataset archive.  
 
What if there is a problem? 
 
If you have a concern about any aspect of this study, you should ask to speak to the researchers 
who will do their best to answer your questions.  The researchers contact details are given at 
the end of this information sheet. If you remain unhappy and wish to complain formally, you can 
do this by the University.  
 
Will my taking part in the study be kept confidential? 
 
Your participation in the study will be kept strictly confidential before, during, and after data 
collection. Your personal data will be protected in line with the General Data Protection 
Regulation (GDPR) and the Data Protection Act 2018; further information about this is provided 
on a separate sheet. Please be assured that your data will be anonymised and you will not be 
identifiable in any data, analyses, or publications, and any data in which you may be identifiable 
(e.g. audio recordings) will only be accessible to the experimenters. We will follow ethical and 
legal practice and all information about you will be handled in confidence.  
 
All data collected from you will comply with the GDPR guidelines. This includes DeskTime and 
RescueTime; the experimenters will delete your accounts for these applications after data 
analysis which will remove your data from their databases.  
 
Please note that the experimenters have a duty of care and are obligated to act accordingly if 
any data collected indicates endangerment to the health or life of yourself or others, or indicates 
a criminal act. If this is the case, protocol will be first for the researcher to discuss the data with 
a senior member of the research team. For this study, if questionnaire data indicates excessive 
alcohol consumption, the researcher would discuss the findings with you and provide guidance 
on where to seek help. If the questionnaire data or online activity data indicates a clinically 
relevant low mood, the researcher would discuss the data with you and provide guidance on 
where to seek help, unless this is deemed to be more harmful to you. In this case, the researcher 
may raise their concern about you directly with a mental health professional. Although the data 
collected is unlikely to identify criminal activity, if contacted by authorities about the data then 
we shall cooperate.  
 
What will happen if I don’t want to carry on with the study?  
 
Your participation is voluntary and you are free to withdraw at any time, without giving any 
reason, and without your legal rights being affected. If you withdraw then the information 
collected so far may still be used in the project analysis unless specifically requested otherwise. 
Once data analysis has started and your data has been anonymised, you can no longer withdraw 
your participation.  
 
What will happen to the results of the research study? 
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The results of the research will be used as the basis for a PhD thesis submitted in 2021. The 
results are also likely to be published in conference papers and/or journal articles, and be 
discussed in research activities, such as presentations.  
 
Who is organising and funding the research? 
 
The research is being organised by the University of Nottingham and is being funded by the 
Horizon CDT and Mixed Reality Laboratory based in the School of Computer Science.  
 
Who has reviewed the study? 
 
All proposed research in the University is looked at by an independent group of people, called a 
Research Ethics Committee, to protect your interests. This study has been reviewed and 
approved by the School of Computer Science Research Ethics Committee in the University of 
Nottingham.  
 
Further information and contact details 
 
If you have any further queries, please do not hesitate to contact the research team: 
 
Serena Midha:          serena.midha@nottingham.ac.uk 
 
Dr Max L. Wilson:     max.wilson@nottingham.ac.uk 
 
Dr Horia Maior:         horia.maior@nottingham.ac.uk 

Contact details of the ethics committee.  

If you wish to file a complaint or exercise your rights you can contact the Ethics Committee at 

the following address: cs-ethicsadmin@cs.nott.ac.uk  
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PRIVACY  
NOTICE  
The University of Nottingham is committed to protecting your personal data and informing you of your 

rights in relation to that data. The University will process your personal data in accordance with the 

General Data Protection Regulation (GDPR) and the Data Protection Act 2018 and this privacy notice 

is issued in accordance with GDPR Articles 13 and 14. 

The University of Nottingham, University Park, Nottingham, NG7 2RD is registered as a Data 

Controller under the Data Protection Act 1998 (registration No. Z5654762, 

https://ico.org.uk/ESDWebPages/Entry/Z5654762).  

The University has appointed a Data Protection Officer (DPO). The DPO’s postal address is: 

Data Protection Officer, 

Legal Services 

A5, Trent Building, 

University of Nottingham, 

University Park, 

Nottingham 

NG7 2RD 

The DPO can be emailed at dpo@nottingham.ac.uk 

Why we collect your personal data. We collect personal data under the terms of the University’s 

Royal Charter in our capacity as a teaching and research body to advance education and learning. 

Specific purposes for data collection on this occasion are to monitor and understand mental workload 

levels in daily life.  

The legal basis for processing your personal data under GDPR. Under the General Data 

Protection Regulation, the University must establish a legal basis for processing your personal data 

and communicate this to you. The legal basis for processing your personal data on this occasion is 
Article 6(1e) processing is necessary for the performance of a task carried out in the public interest.  

Special category personal data. In addition to the legal basis for processing your personal data, the 

University must meet a further basis when processing any special category data, including: personal 

data revealing racial or ethnic origin, political opinions, religious or philosophical beliefs, or trade union 

membership, and the processing of genetic data, biometric data for the purpose of uniquely identifying 

a natural person, data concerning health or data concerning a natural person’s sex life or sexual 

orientation. The basis for processing your sensitive personal data on this occasion is Article 9(2j) 

A.2 Privacy Notice

292



 

processing is necessary for archiving purposes in the public interest, scientific or historical research 

purposes or statistical purposes. 

How long we keep your data. The University may store your data for up to 25 years and for a period 

of no less than 7 years after the research project finishes. The researchers who gathered or 
processed the data may also store the data indefinitely and reuse it in future research.  

Who we share your data with. Your data may be shared with researchers from other collaborating 

institutions and organisations who are involved in the research. Extracts of your data may be 

disclosed in published works that are posted online for use by the scientific community. Your data 

may also be stored indefinitely by members of the researcher team and/or be stored on external data 

repositories (e.g., the UK Data Archive) and be further processed for archiving purposes in the public 

interest, or for historical, scientific or statistical purposes. 

How we keep your data safe. We keep your data securely and put measures in place to safeguard 
it. These safeguards include the anonymisation of all data, storage of digital data on password 

protected devices and external hard drives, secure storage of paper data kept on the University of 

Nottingham premesis, and stored on university protected servers. 

Your rights as a data subject. GDPR provides you, as a data subject, with a number of rights in 

relation to your personal data. Subject to some exemptions, you have the right to: 

• withdraw your consent at any time where that is the legal basis of our processing, and in such 

circumstances you are not obliged to provide personal data for our research. 

• object to automated decision-making, to contest the decision, and to obtain human intervention 

from the controller. 

• access (i.e., receive a copy of) your personal data that we are processing together with 

information about the purposes of processing, the categories of personal data concerned, 

recipients/categories of recipient, retention periods, safeguards for any overseas transfers, and 

information about your rights. 

• have inaccuracies in the personal data that we hold about you rectified and, depending on the 

purposes for which your data is processed, to have personal incomplete data completed 

• be forgotten, i.e., to have your personal data erased where it is no longer needed, you withdraw 

consent and there is no other legal basis for processing your personal data, or you object to the 

processing and there is no overriding legitimate ground for that processing.   

• in certain circumstances, request that the processing of your personal data be restricted, e.g., 

pending verification where you are contesting its accuracy or you have objected to the 

processing. 

• obtain a copy of your personal data which you have provided to the University in a structured, 

commonly used electronic form (portability), and to object to certain processing activities such 

as processing based on the University’s or someone else’s legitimate interests, processing in 
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the public interest or for direct marketing purposes. In the case of objections based on the 

latter, the University is obliged to cease processing. 

• complain to the Information Commissioner’s Office about the way we process your personal 

data. 

If you require advice on exercising any of the above rights, please contact the University’s data 

protection team: data-protection@nottingham.ac.uk 
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CONSENT  
FORM  
Date:  
Project: Low Density Data Collection 

School of Computer Science Ethics Reference:  CS-2019-R13 
Funded by: Horizon CDT, Mixed Reality Lab 

Please tick the appropriate boxes                       Yes  No 

1. Taking part in the study          
a) I have read and understood the project information sheet dated 12/06/2020,  o  o 
    or it has been read to me. I have been able to ask questions about the study and 
    my questions have been answered satisfactorily.  

b) I consent voluntarily to be a participant in this study and understand that I can   o  o 
    refuse to answer questions and I can withdraw from the study at any time, without  
    having to give a reason.  

c) I understand that my data cannot be withdrawn from the analysis once it has     o  o        
    been made anonymous.  
d) I understand that taking part in the study requires me to provide data and that this  o o 
    will involve questionnaires, online and phone activity data, calendar 
    information, and interview data.   

2. Use of my data in the study 

a) I understand that data which can identify me will not be shared beyond the   o o 
    project team.           

b) I agree that the data provided by me may be used for the following purposes: 
– Presentation and discussion of the project and its results in research   o o 

activities (e.g., in supervision sessions, project meetings, conferences). 
– Publications and reports describing the project and its results.   o o 
– Dissemination of the project and its results, including publication of data    o o 

on web pages and databases. 
c) I give permission for my words to be quoted for the purposes described above.  o o 
 
Please tick the appropriate boxes                       Yes  No 

3. Reuse of my data 
a) I give permission for the data that I provide to be reused for the sole purposes of  o o 
    future research and learning.   

b) I understand and agree that this may involve depositing my data in a data   o o 
    repository, which may be accessed by other researchers 

A.3 Consent Form
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4. Security of my data 
a) I understand that safeguards will be put in place to protect my identity and my data  o o 
    during the research, and if my data is kept for future use.  
 
b) I confirm that a written copy of these safeguards has been given to me in the    o o 
    University’s privacy notice, and that they have been described to me and are  
    acceptable to me. 
 
c) I understand that no computer system is completely secure and that there is a risk  o o 
    that a third party could obtain a copy of my data. 
 
d) I understand that under certain circumstances in which data indicates criminal activity o o 
    or endangerment to health or life, my data may be shared to relevant parties outside                                                  
    of the research team.  

5. Copyright           
a) I give permission for data gathered during this project to be used, copied, excerpted,  o o 
    annotated, displayed and distributed for the purposes to which I have consented. 

6. Signatures (sign as appropriate) 

Name of participant (IN CAPITALS)   Signature    Date 

I have accurately read out the information sheet to the potential participant and, to the best of my 
ability, ensured that the participant understands to what they are freely consenting. 

Name of researcher (IN CAPITALS)   Signature    Date 

7. Researcher’s contact details 
Name: Serena Midha 

Dr Max L. Wilson  

Dr Horia Maior 

Email: serena.midha@nottingham.ac.uk  

max.wilson@nottingham.ac.uk   

horia.maior@nottingham.ac.uk 
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PRE-STUDY INFORMATION SESSION  
 
To make sure we get the best out of your participation in the study, this 
sheet will explain it in more depth from what you might already know, not 
only to make sure you know what’s coming up throughout the week, but 
also to start to get you to think about the study with a particular mindset 
and start to think about certain things a bit more deeply.  
 
Study aims:  
 
What we are researching is the concept of a Fitbit for the brain. The idea 
behind this is that we can track our physical states very effectively in our 
lives now, such as the amount of steps that we have walked or our heart 
rate. We can use that information to make improvements to our physical 
health, for example by aiming to walk a certain number of steps each 
day. Perhaps if we could track our cognitive activity in a similar way, we 
could have the opportunity to make further improvements to our lives. 
 
The cognitive activity that we are interested in tracking is mental 
workload. There is actually no agreed upon definition of mental workload, 
meaning different people or researchers can interpret the meaning of it 
differently. Generally, though, it is agreed that the aspects mental 
workload is made up of are the demands of the task, the effort expended 
in responding to the task, and how well you are able to perform on the 
task. Mental workload is different to stress, as stress is the emotional 
strain an individual experiences from adverse or demanding 
circumstances; however, that is not to say that an individual can’t 
experience both high mental workload and high stress when responding 
to a task, but it is important to differentiate between the two. We do also 
know that if your mental workload is too high at a certain time, your 
performance on the task will drop. This is perhaps why mental workload 
has so far only been investigated in the workplace.  
 
But with variable levels of mental workload outside of the workplace, the 
work-life balance becoming ever more blurred, the impact that mental 
workload is thought to have on wellbeing, and a rising increase in the 
presence of technology, mental workload is also a meaningful concept 
outside of the workplace. So, we want to approach mental workload from 
a more holistic, life perspective, instead of just seeing it as something 
that is important in the workplace.  
 
Because of this, we have identified three areas to investigate in this 
study:  
 

1. Variations of mental workload in daily life and which measures can 
support this data. 

A.4 Pre-Study Document
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2. How mental workload is conceptualised. – we want to develop a 

deeper understanding of your experiences and how you think about 
mental workload in order to inform design choices for the 
presentation of brain data.  

 
3. How mental workload may be contextualised. – whilst mental 

workload is thought to be related to wellbeing, we’re really 
interested in what specific things different levels of mental workload 
may affect.  

 
 
 
What you’ll have to do: 
 
Your participation in the study will help us answer these questions. A 
more detailed description of what your participation will involve is found 
on the information sheet. But as an overview: from Monday-Friday we will 
collect a number of measures from you. These include online and phone 
activity data, your calendar, mental workload ratings with diary data, and 
questionnaire responses. We have designed the study to be as least 
intrusive to your life as possible, but effort will be required from you for 
certain measures. The following week, there will be a post-study interview 
about your experiences and views of mental workload.  
 
 
What we want from you: 
 
Aside from asking for your commitment to the study, we are creating the 
opportunity to have a very in depth look at mental workload.  What we 
really want you to focus on in regard to your approach to the study is the 
conceptual experience of mental workload - in the post study interview, 
we will really probe you about your thoughts, experiences and views of 
mental workload. So to get the best out of the week, outlined below are 
the types of questions that we will be asking in the interview to start you 
thinking about what you are actually experiencing as the week goes on – 
this doesn’t mean that you should feel the need to spend too much time 
thinking about these things, but they are just here to consider in order to 
shape your mindset. The interview will be in 4 parts: 
 
Personal experiences: this will ask about your specific experiences of 
different mental workload levels throughout the week. You’ll be probed 
about items such as how it felt to be at a high, medium, and low mental 
workload level, whether these feelings were the same regardless of the 
task, and how long you can maintain these levels for. We’ll also be 
interested in examples of your experiences of dealing with mental 
workload; for example, someone previously explained that they had been 
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experiencing high mental workload for such a long time, and all they 
could see in front of them was more high mental workload so they went 
to the toilet just because they thought they needed the relief of breaking 
up the mental workload level. Before the pandemic, another person 
explained that the process of leaving the house in the morning is the 
highest mental workload that they experience because they have so many 
things to remember; they even find themselves asking their daughter to 
be quiet because they would feel too overloaded with any more things on 
their mind. For a final example, someone else explained that they were 
going through a really tough week at work with a prolonged amount of 
high mental workload, and because of this they couldn’t bring themselves 
to get on with other aspects of life (doing artwork) when they had spare 
time that week. So these types of personal experiences with mental 
workload are something we’re really interested in and something that 
we’d like you to try and tune into during the week.  
 
Conceptualisation: if we have an understanding about how you think 
about your mental workload, we could further understand mental 
workload from a life perspective and work on a way to present mental 
workload data back to you and other users effectively. So we’ll be asking, 
for example, how you would define mental workload, and what kinds of 
metaphors and colours you would associate with different mental 
workload levels. 
 
Contextualisation: as well as tracking mental workload in the real world, 
we’re also interested in why people would want to track their mental 
workload – meaning, what are the consequences of mental workload?  
Perhaps you will notice what your mental workload levels appear to be 
affecting in, for example, your behaviour or cognition, and also what you 
would want to get from tracking your mental workload data.  
 
Ethical considerations: we’ll also touch upon whether you have any 
concerns about the concept of a device that could track your cognitive 
activity.  
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PRACTICALITIES  
 
This sheet is designed to provide practical information about the measures 
being taken and situations you might encounter. Please do not hesitate to 
contact members of the research team if you have any queries that are not 
answered here: 
 
Serena Midha:  serena.midha@nottingham.ac.uk 
Dr Max L. Wilson:  max.wilson@nottingham.ac.uk  
Dr Horia Maior:  horia.maior@nottingham.ac.uk 
 
 
Mobile Application: 
 
There are four parts to the mobile app: 
 

1. ‘What is your current mental workload level?’ 
2. ‘What has your overall mental workload level been since your last 

rating?’ 
3. ‘What would you rate your overall performance since the last rating?’ 
4. ‘Please use the space below to report a summary of the tasks 

performed since the last rating.’ 
 
The first two questions refer to your mental workload levels. The answer 
options range from Under-utilised to Excessive. The key to answering these 
questions accurately is outlined in the table below. Please note that this scale 
is a widely used scale and, like all available mental workload scales, has been 
designed with working tasks in mind; therefore, you may be required to 
make logical decisions when rating mental workload levels for activities 
outside of working tasks. In mental workload terms, spare capacity refers to 
the amount of mental resources that you have spare aside from the mental 
resources being used on the task. E.g. if you rate your mental workload level 
as Under-utilised, you should feel that you have very many spare mental 
resources that are not being allocated to the activity/activities that you are 
doing/have done. Please note in the description box, you are referred to as 
the controller. For question 1, you should rate your mental workload level 
based on how you feel at the current time of the rating. For question 2, you 
should rate your mental workload level based on your average experience 
since you last rated.  
 
The third question has a scale ranging from very poor to very good. For this 
question, your rating should reflect whether you feel as though you have 
achieved what you were meant to. E.g. you could rate well in performance if 
you have been watching TV to relax and have been relaxing, but rate lower 
in performance if you haven’t been able to relax.  
 
The fourth question can be answered in as much detail as you deem 
appropriate; the more detail, the better the data will be for the researchers. 

A.5 Practicalities Document
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It may be most efficient to use one line for each activity that you enter. If 
you wish to withhold certain activities, please mention ‘activity withheld’.  
 
 
 

Mental Workload Spare Capacity Description 

Under-utilised Very much Little or nothing to do. Rather 
boring. 

Relaxed Ample 
More time than necessary to 
complete the tasks. Time passes 
slowly. 

Comfortable Some 
The controller has enough work 
to keep him/her stimulated. All 
tasks are under control. 

High Very little 

Certain non-essential tasks are 
postponed. Could not work at 
this level very long. Controller is 
working ‘at the limit’. Time 
passes quickly.  

Excessive None 
Some tasks are not completed. 
The controller is overloaded and 
does not feel in control.  

 
 
When starting the app for the first time, you need to enter your working 
hours by selecting the ‘working hours setup’. If your working hours are 9am 
to 5pm, that should be entered as 09 and 17. Once you have entered these 
details, they will be saved in the application so don’t need to be changed 
unless your working hours change. Once entered, go back to the home 
screen and select ‘start’ to begin your ratings. When the app is activated 
each day, the first rating will only include the first question. When you finish 
your ratings, do not click ‘stop rating’ as this will deactivate the app – when 
you are taken to that screen, your rating has been logged and you can now 
leave the app until the next notification.  
 
When you receive a notification, it is important to access the app through 
clicking on the notification. If you access the app directly instead of through 
the notification, the app will be deactivated and you will need to begin the 
ratings again. If this happens, don’t worry and just begin again.  
 
The app should be turned on from the time you wake up to the time you go 
to sleep. When you wish to turn the app off before sleep, click the ‘stop 
rating’ button. When you wake, please remember to re-start the app.  
 
If you wish to change how you answered the questions on the mobile 
application, such as adding an activity or editing a rating, you can do so by 
getting in touch with the experimenter. Please send an email detailing what 
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you would like to change, and the approximate time that you submitted your 
response.  
 
 
Questionnaires  
 
The questionnaires are provided in a Microsoft Word format. Please don’t 
forget to save your responses. You may send completed questionnaires to 
the experimenter at any time during the study, whether this is each day, or 
all together at the end of the week.  
 
When filling out the questionnaires, please indicate your selected answers in 
any way that you find suitable. A suggestion for this is to select the ‘Draw’ 
option, where you are free to mark and erase your answers freely (pictured 
below).  

 
 

 
 
Other suggestions are to use the highlight option or bold text option, 
pictured below.   
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Deleting data 
 
As mentioned in the information sheet, you will be able to delete data that 
you do not wish to be analysed. Below explains how this may be done: 
 
DeskTime: as mentioned in the information sheet, the online activity tracker 
will not be able to track the content of what is on your screen. If you would 
like to stop the tracking of which websites and programmes you are using, 
including the website or document titles, what time you are using them, and 
how long you are using them for, you may temporarily disable the tracker. 
On a Mac, click on the DeskTime icon (a circle) at top righthand side of your 
screen and click on ‘Private time’. Once you are happy for this data to be 
tracked again, please remember to click on ‘Private time’ once again to re-
enable the tracker. For Windows, right click on the DeskTime icon (a circle 
clock filled with mostly green) and click on ‘Private time’. Once you are 
happy for this data to be tracked again, please remember to click on ‘Private 
time’ once again to re-enable the tracker.  
 
You can delete sections of time retrospectively by going onto the DeskTime 
interface. Navigate to the relevant date using the calendar icon, then select a 
blue horizontal section at the bottom of the ‘Productivity Bar’ graph. Adjust 
the time frame in which you wish to delete and then select delete.  
 
RescueTime: If you would like to pause this activity from being tracked, you 
may disable the tracker. In the app, go to Settings and select ‘pause 
tracking’. Please remember to uncheck this box once you are happy for this 
data to be tracked again.  
 
You cannot remove data once it has been collected through the mobile app. 
If you would like to remove data retrospectively, you can ask the impartial 
experimenter to do this for you or remove it yourself through the desktop 
interface. To do this, download the RescueTime app onto your computer. Log 
in using the details you entered into the mobile app. From the desktop 
interface, navigate to the relevant day, click ‘details’ next to the phone icon, 
and hover the mouse over the activity or activities that you wish to remove. 
Then select the square icon with the pen in the middle which appears when 
you hover the mouse. Select delete and choose the relevant option.   
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Participant Information 

 
 
Participant ID:   
 
 
Participant Name:   
 
 
Date of Birth:   
 
 
Gender: 
 
 
Handedness:  
 
 
Currently: Working from home / working from office / other  
 
 
 
Job/level of study and course or research area:   
 
 
 
 
 
Summary of responsibilities:   
 
 
 
 
 
 
Usual working hours:  
 
 
 
 

A.6 Participant Bio Questionnaire
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B.1 Ratings App
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PERCEIVED STRESS SCALE 
 
 
 

Participant ID:    Date:     Time: 
 
 
 
The questions in this scale ask you about your feelings and thoughts during 
the current day. In each case, you will be asked to indicate how often you felt 
or thought a certain way. 
 

 
 

0=Never     1=Almost Never     2=Sometimes     3=Fairly Often     4=Very Often 
 

 
 
0     1     2     3     4 
 
 
0     1     2     3     4 
 
0     1     2     3     4 
 
 
0     1     2     3     4 
 
 
0     1     2     3     4 
 
 
0     1     2     3     4 
 
 
0     1     2     3     4 
 
 
0     1     2     3     4 
 
 
0     1     2     3     4 
 
 
0     1     2     3     4 
 

1. Today, how often have you been upset because of 
something that happened unexpectedly? 
 
2. Today, how often have you felt that you were unable to 
control the the important things in your life? 
 
3. Today, how often have you felt nervous and “stressed”? 
 
4. Today, how often have you felt confident about your 
ability to handle personal problems? 
 
5. Today, how often have you felt that things were going 
your way? 
 
6. Today, how often have you found that you could not 
cope with all the things that you had to do? 
 
7. Today, how often have you been able to control 
irritations in your life? 
 
8. Today, how often have you felt that you were on top of 
things? 
 
9. Today, how often have you been angered because of 
things that were outside of your control? 
 
10. Today, how often have you felt difficulties were piling 
up so high that you would not overcome them?  

B.2 Perceived Stress Scale
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PLEASE CONTINUE WITH THE ITEMS ON THE NEXT PAGE 

Abbreviated POMS (Revised Version) 
 
 
Name:                                                                 Date:                                    
 
Below is a list of words that describe feelings people have.  Please CIRCLE THE NUMBER 
THAT BEST DESCRIBES HOW YOU FEEL RIGHT NOW. 
 
 
 Not At All A Little Moderately Quite a lot Extremely 

Tense 0 1 2 3 4 

Angry 0 1 2 3 4 

Worn Out 0 1 2 3 4 

Unhappy 0 1 2 3 4 

Proud 0 1 2 3 4 

Lively 0 1 2 3 4 

Confused 0 1 2 3 4 

Sad 0 1 2 3 4 

Active 0 1 2 3 4 

On-edge 0 1 2 3 4 

Grouchy 0 1 2 3 4 

Ashamed 0 1 2 3 4 

Energetic 0 1 2 3 4 

Hopeless 0 1 2 3 4 

Uneasy 0 1 2 3 4 

Restless 0 1 2 3 4 

Unable to concentrate 0 1 2 3 4 

Fatigued 0 1 2 3 4 

Competent 0 1 2 3 4 

Annoyed 0 1 2 3 4 

Discouraged 0 1 2 3 4 

Resentful 0 1 2 3 4 

Nervous 0 1 2 3 4 

Miserable 0 1 2 3 4 

B.3 Revised ROMS
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 Not At All A Little Moderately Quite a lot Extremely 

Confident 0 1 2 3 4 

Bitter 0 1 2 3 4 

Exhausted 0 1 2 3 4 

Anxious 0 1 2 3 4 

Helpless 0 1 2 3 4 

Weary 0 1 2 3 4 

Satisfied 0 1 2 3 4 

Bewildered 0 1 2 3 4 

Furious 0 1 2 3 4 

Full of Pep 0 1 2 3 4 

Worthless 0 1 2 3 4 

Forgetful 0 1 2 3 4 

Vigorous 0 1 2 3 4 

Uncertain about things 0 1 2 3 4 

Bushed 0 1 2 3 4 

Embarrassed 0 1 2 3 4 
 
 

THANK YOU FOR YOUR COOPERATION 
 

PLEASE BE SURE YOU HAVE ANSWERED EVERY ITEM 
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Visual Analogue Scale to Evaluate Fatigue Severity (VAS-F) 
 
 
 

Participant ID:    Date:     Time: 
 

 
 
 
We are trying to find out about your level of energy. There are 18 items we would like 
you to respond to. This should take less than 1 minute of your time.  
 
 
DIRECTIONS: You are asked to specify a number on each of the following lines to 
indicate how you are feeling RIGHT NOW. 
 
For example, suppose you have not eaten since yesterday. 
What number would you circle below? 
 
 not at all hungry   0   1   2   3   4   5   6   7   8   9   10   extremely hungry 
  
You would probably specify a number closer to the “extremely hungry” end of the line. 
This is where I put it: 
 

not at all hungry   0   1   2   3   4   5   6   7   8   9   10   extremely hungry 
 
 
NOW PLEASE COMPLETE THE FOLLOWING ITEMS: 
 
1. not at all            0   1   2   3   4   5   6   7   8   9   10            extremely  
 tired        tired    
 
2. not at all            0   1   2   3   4   5   6   7   8   9   10            extremely                   

sleepy     sleepy 
        
3. not at all            0   1   2   3   4   5   6   7   8   9   10            extremely  
 drowsy       drowsy    
 
4. not at all            0   1   2   3   4   5   6   7   8   9   10            extremely  
 fatigued       fatigued 
 
5. not at all            0   1   2   3   4   5   6   7   8   9   10            extremely  
 worn out       worn out    
 
6. not at all            0   1   2   3   4   5   6   7   8   9   10            extremely                   

energetic     energetic 
 
7. not at all            0   1   2   3   4   5   6   7   8   9   10            extremely                   

active     active 
 

B.4 VAS-F
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8. not at all            0   1   2   3   4   5   6   7   8   9   10            extremely                   
vigorous     vigorous 

 
9. not at all            0   1   2   3   4   5   6   7   8   9   10            extremely                   

efficient     efficient 
 
10. not at all            0   1   2   3   4   5   6   7   8   9   10            extremely                   

lively     lively 
 
11. not at all            0   1   2   3   4   5   6   7   8   9   10            extremely                   

bushed     bushed 
 
12. not at all            0   1   2   3   4   5   6   7   8   9   10            extremely                   

exhausted     exhausted 
 
13. keeping my      0   1   2   3   4   5   6   7   8   9   10            keeping my                   
      eyes open is    eyes open is 
      no effort at all a tremendous chore 
 
14. moving my       0   1   2   3   4   5   6   7   8   9   10            moving my                   
      body is no    body is  
      effort at all a tremendous chore 
 
15. concentrating  0   1   2   3   4   5   6   7   8   9   10            concentrating                   
      is no     is  
      effort at all a tremendous chore 
 
16. carrying on      0   1   2   3   4   5   6   7   8   9   10  carrying on a  
      a conversation    conversation is  
      is no effort at all a tremendous chore 
 
17. I have                0   1   2   3   4   5   6   7   8   9   10            I have a  
      absolutely no     tremendous  
      desire to desire to 
      close my eyes close my eyes  
 
18. I have                0   1   2   3   4   5   6   7   8   9   10            I have a  
      absolutely no     tremendous  
      desire to desire to 
      lie down lie down 
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Participant ID:                    Date:   Time: 

Right now, at this very moment… Strongly 
disagree Disagree Neutral Agree Strongly 

agree 

1 I have an intense desire to eat [one or more specific foods]. 1 2 3 4 5 

2 I’m craving [one or more specific foods]. 1 2 3 4 5 

3 I have an urge for [one or more specific foods]. 1 2 3 4 5 

4 Eating [one or more specific foods] would make things seem just perfect. 1 2 3 4 5 

5 If I were to eat what I am craving, I am sure my mood would improve. 1 2 3 4 5 

6 Eating [one or more specific foods] would feel wonderful. 1 2 3 4 5 

7 If I ate something, I wouldn’t feel so sluggish and lethargic. 1 2 3 4 5 

8 Satisfying my craving would make me feel less grouchy and irritable. 1 2 3 4 5 

9 I would feel more alert if I could satisfy my craving. 1 2 3 4 5 

10 If I had [one or more specific foods], I could not stop eating it. 1 2 3 4 5 

11 My desire to eat [one or more specific foods] seems overpowering. 1 2 3 4 5 

12 I know I’m going to keep thinking about [one or more specific foods] 
until I actually have it. 1 2 3 4 5 

13 I am hungry. 1 2 3 4 5 

14 If I ate right now, my stomach wouldn’t feel as empty. 1 2 3 4 5 

15 I feel weak because of not eating. 1 2 3 4 5 

B.5 FCQ-S
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Daily Sleep Diary 
 
Complete the diary each day (“Day 1” will be your first day). Don’t worry too much about 
giving exact answers, an estimate will do.  
 
Participant ID________________  The date of Day 1 _______________ 
 

 Enter the Weekday (Mon, 
Tues, Wed, etc): 

Day 1 Day 2 Day 3  Day 4 Day 5 

1 At what time did you go to 
bed last night? 

     

2 After settling down, how long 
did it take you to fall asleep? 

     

3 After falling asleep, about how 
many times did you wake up 
in the night? 

     

4 After falling asleep, for how 
long were you awake during 
the night in total? 

     

5 At what time did you finally 
wake up? 

     

6 At what time did you get up?      

7 How long did you spend in 
bed last night (from first 
getting in, to finally getting 
up) 

     

8 How would you rate the 
quality of your sleep last 
night? 
 
1 2 3 4 5 
 
(1=v poor, 5=v good) 
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Dear participant, 
 
Thank you for your participation in the study so far. Once you have taken part in the 
post-study interview, you will have fully completed your participation – your efforts 
are greatly appreciated.  
 
Now that the week of data collection is reaching an end, you will find instructions 
below on what to do with the measures after a full week of data has been collected. I 
suggest completing these tasks on Saturday morning, but if it is later than this rest 
assured that the data analysed will only be from Monday-Friday.  
 
 Log out and uninstall DeskTime 
 - Log out: Open the DeskTime interface. Click on your name icon (top right) and log 
out (do not delete your account as this will remove all of your data). 
- Once logged out, you can uninstall the application from your device(s) (Windows – 
right click on DeskTime icon and select uninstall; Mac - locate application in Finder, 
then right click and move to trash). 
 
Log out and uninstall RescueTime 
- Open application on phone. Go to settings and log out (do not delete your account 
as this will remove all of your data).  
- Once logged out, you can delete the application from your device.  

 
Send questionnaire application data and delete app 
- Use search function on phone to locate .csv file called AnalysisData. Email this file 
to [ serena.midha@nottingham.ac.uk ] as the file contains all of your app input data. 
- Once you receive an email confirming the receipt of the file, you can delete the file 
and app.  

 
Send evening questionnaires 
- Complete the final sleep diary questionnaire and email it to  
[ serena.midha@nottingham.ac.uk ]. If you haven’t already emailed the rest of your 
questionnaire responses, please do that also.  
 
If you have any queries please don’t hesitate to get in touch. 
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Personal Experiences 
 
 
Before going into more specific questions, did anything in particular stand out to you 
about your mental workload experiences?  
 
High mental workload: 
 

- What did it feel like when you were experiencing a high mental workload 
level? 

- Was the feeling the same for different instances of high mental workload? Or 
did the feeling of high mental workload depend on the task? 

- (If answer depend on task) Why? 
- Do you enjoy periods of high mental workload? 
- Why? When? Etc 
- Could you maintain a high mental workload level for a long time? 
-  Does it depend on task? Why? Does anything affect your ability to maintain 

the level? Etc 
- When you're at a high mental workload level are you happy to stay at that 

level or do you seek out different levels? 
- (If seek change) When? Why? Would anything happen if you couldn't change 

level? How would you feel? Would your task be affected? etc for follow up 
- (If happy to maintain) Why? What would happen if you were made to change? 

How would you feel? Would your task be affected? Etc 
- How would you feel if you realised that you may have a whole day of high 

mental workload levels ahead of you?  
- Would you take any actions? Etc 
- When you've had periods of high mental workload, would you say it affected 

any aspect of your behaviour or cognition or life? 
- Follow up eg if yes then what impact, methods to mitigate etc. 
- When you've had periods of high mental workload, do you feel as able to 

address life tasks? Such as the washing up. 
- Follow up why, how to manage, etc 
- Before we move on, are there any particular experiences of high mental 

workload that you would like to talk about?  
 
 Low mental workload and Medium mental workload: 
Same set of questions asked for low and then medium mental workload levels. 
 
 
We’ve been through your personal experiences of mental workload, and now we’re 
going to look a bit deeper at how your experiences can be conceptualised.   
 
 
 
Conceptualisation 
 
 
Definitions: 
 

C.1 Interview Questions Loose Guide
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• There is actually no agreed upon definition of mental workload. Could 
you think of a definition that fits in with your experience of mental 
workload in daily life? If you need a starter, perhaps start with ‘mental 
workload is….’ 

• Even though there is no agreed upon definition, the components that mental 
workload is comprised of is generally agreed to be the cognitive and physical 
task demands (so the characteristics of the task) and the operator’s 
experience of responding to the task, both of which can affect how well the 
operator is able to perform on the task. Could you think of a definition that fits 
in with these factors? If you are happy with your original definition you don’t 
need to think of a different one.  

• Can you describe mental workload in general using a few key words? 
• Can you describe what it feels like to experience high mental workload 

using a few key words? 
• Can you describe what it feels like to experience low mental workload 

using a few key words? 
• Can you describe what it feels like to experience a medium level of 

mental workload using a few key words? 
 
Metaphors: 
 

• If we become a bit more creative, can you think of a metaphor to 
describe mental workload as a concept? It can be as a whole, or it can 
consider different levels separately. Just to remind you, a metaphor is a 
reference to one thing by mentioning another thing, e.g. a hairy dog could be 
described as a ball of fluff.  

o If appropriate, draw it 
• Can you expand that metaphor to describe how it feels to experience low and 

medium mental workload levels?  
• Others have used metaphors which describe mental workload as: on a 

spectrum that changes throughout the day, walking up a mountain 
where the steepness of the walk reflects the mental workload level, a 
thermometer, a brain filled with a set number of bubbles and the number 
of bubbles that pop depend on the mental workload level, and an input-
output relationship where you put in a certain amount of mental 
workload and expect to get a return. Do any of these resonate with how 
you would think about mental workload?  

• Do you prefer your metaphor?  
• Ok, so the final metaphor is….  

o If CONTINUOUS – is described as continuous, as if mental workload is 
on a scale. Would you agree with that? Do you believe that mental 
workload levels don’t have a limit, but any level can be used for any 
length of time? Do you believe that mental workload levels aren’t 
categorised as low, medium and high, but are on more levels, like a 
scale? 

o If DISCRETE – is described as discrete, as if mental workload levels 
are separate and not related. Do you agree with that? Do you believe 
that mental workload levels have a limit, where different mental 
workload levels can be used a limited amount of times and for a limited 
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amount of time? Do you believe that mental workload levels are 
categorised into low, medium and high, instead of being on more of a 
scale level?  

 
 
Colours and shapes: 
 

• What colour(s) and shape(s) would you associate with your experience 
of being at a high mental workload level? There are different coloured 
pens here if it helps you. Why that colour? 

• What colour(s) and shape(s) would you associate with your experience 
of being at a low mental workload level? Why did you make that choice?  

• What colour(s) and shape(s) would you associate with your experience 
of being at a medium mental workload level? Can you explain your 
choice(s)?  

• What colour(s) and shape(s) would you associate with mental workload 
as a concept? Can you explain why you chose that?  

 
 
 
Contextualisation 
 
Now we’re going to look a bit deeper into the contextual side of tracking mental 
workload in daily life.  
 
Hypothetical:  
 

• Imagine that you owned an actual Fitbit for the brain – that is, a tracker that 
can objectively measure your mental workload levels in your life. You can 
reflect on that data by opening an app wherever and whenever you like.  

• What would you use that data for? Would you like to track that data? 
 
 
 
Ethical considerations 
 
For the last part of the interview, let’s talk about the ethical side of tracking cognitive 
activity.  
 

• If you were using the app for own personal improvement, would you have any 
concerns?  

o Do you have any concerns specifically about privacy?  
o Would these concerns be different to the concerns you may have about 

tracking physical activity data? 
• What would your concerns be if this sort of data ended up in the wrong 

hands?  
• Would you be prepared to share your data with people who might be 

interested in it, such as your boss?  
o Why?  
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• Imagine that you are a pilot and your boss wants to monitor your mental 
workload through this Fitbit for the brain. Their reasoning is that if your data is 
not optimal, you are putting other people at risk. What do you think about this? 
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