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Abstract

Concussion is an increasing concern in society, especially with the popularity of con-

tact sports. New research continues to show the dangers of letting concussions go

undetected and untreated. Current assessment methods are lacking in their reliabil-

ity to detect concussions and track healing. Electroencephalography (EEG) consists

of data measured from electrical signals from the brain that can give insight into the

activity and health of the brain. It would benefit many to achieve an objective assess-

ment method for concussion. The first step in assessing concussion through EEG is

to understand the signal properties while performing different cognitive tasks. While

these signals are often displayed graphically, they can be converted to sound (au-

dification) to translate the data into a more intuitive medium. By using EEG to

understand how the brain processes information under different levels of cognitive

load and interpreting this data through audification, this research can pave the way

for audified EEG being used to assess brain health, specifically concussion. Untrained

participants were asked to differentiate between high and low cognitive load by lis-

tening to audified EEG data relating to different tasks. The data were conveyed in

ten-second audio samples; each related to tasks of varying cognitive demand. Eighty-

six percent of participants were able to detect the difference between high and low

cognitive load, when listening to a total of sixty-four audified samples of EEG data.
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This study is presented as a proof of concept that shows audified EEG can be used by

novices to differentiate between high and low cognitive load. This approach provides

initial evidence to support the theory that EEG could be used to objectively detect

changes in brain activity due to concussion.
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Chapter 1

Introduction

1.1 Context and Motivation

Traumatic brain injury (TBI) is caused by sudden damage to the brain by a blow to

the head that is associated with damage to either the frontal, temporal or parietal

lobe of the brain. TBI is 44 times more common than spinal cord injuries and 30 times

more common than breast cancer [4]. Most of these brain injuries are concussion

related. A concussion is a type of TBI caused by a hit to the body or head, causing

the brain to move rapidly in the skull potentially damaging brain cells [5].

The most common methods for concussion diagnosis and assessment rely on sub-

jective measures of cognitive function such as memory tests or a checklist of symptoms

[6]. These tests are conducted by a trained professional, such as a doctor or sports

team medic. Current methods of testing can lead to failed reporting of up to fifty

percent of concussions [6] due to misunderstanding of symptoms or intentional mis-

reporting by the injured party [7, 8, 9]. Mis-diagnosis of concussion increases the

risk of repeated injury and permanent damage [9]. More accurate diagnostic tools

are available, such as Functional magnetic resonance imaging (fMRI), which detects
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change in blood flow of the brain. However, fMRI methods may be inaccessible to

patients, especially patients with only a suspected concussion, as fMRI machines are

uncommon and very expensive.

EEG is a method of measuring the electrical activity of neuron cells and has been

shown to be effective at detecting concussion [10, 11, 12]. There are various tools

available for the detection of EEG, ranging from consumer grade to clinical grade,

and costing anywhere from hundreds to hundreds of thousands of dollars [13, 14, 15,

16, 17, 18, 19, 20, 21, 22, 23, 24, 25, 26, 27, 28]. EEG detection is becoming more

available, with more consumer grade devices being made for use at home. TBI can

alter brain activity [11] which can be seen in EEG data, but it can be extremely

difficult to interpret the signal.

One method of displaying information to a user of an EEG system is to audify

the signal. Audification is the conversion of an electrical signal into the auditory

range [29]. By audifying an EEG signal, the human ear can detect fluctuations in

the signal, conveyed by sound [30], rather than relying on complex graphical outputs

that require expertise to decipher. It is expected that audifying the EEG signal will

allow detection of variations in the brain activity by untrained observers and decrease

the time taken for assessment of potential TBI.

Before attempting to assess brain health, it is important to show that the aud-

ification of EEG enables the detection of changes in electrical activity of the brain.

Changes of electrical activity can be observed by focusing on cognitive load. Cogni-

tive load refers to the amount of working memory that is required to perform a task,

imposing on one’s mental resources [31]. Low cognitive load refers to a task that

is not demanding of mental resources, whereas high cognitive load refers to a more
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demanding task that requires more mental resources to accomplish. Cognitive load

is commonly measured using psychometric tests [32, 31], but EEG can be used to

measure cognitive load with existing technology [33, 12].

The purpose of this research is to evaluate the use of audified EEG in differen-

tiation of cognitive load by novice observers. Future work will ideally involve the

audification of EEG signals of persons who have experienced a concussion to evaluate

whether a novice can detect differences in that population.

The motivation behind this work started from research revealing that there is a

lack of reliable and accessible diagnostic tools, when it comes to concussion assess-

ment. In looking for effective methods, it became clear that EEG is being used in

various avenues but is still exclusive to those with medical expertise. The drive for

this research is to show a proof of concept for alternative concussion diagnostic meth-

ods that are not only more reliable, but also more accessible to individuals without

medical training.

1.2 Research Objective

This research was conducted to evaluate the effectiveness of detecting and converting

brain signals into audified representations to identify differences in cognitive load by

novice listeners.

1.3 Hypothesis

Audification will allow the detection of differences between high and low cognitive

load, by novices who listen to the signal, without the requirement for extensive

training or understanding of graphical representations. If successful this will lay
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the groundwork for using EEG to assess brain health.

1.4 Thesis Layout

To address the research objective and evaluate the hypothesis a survey was conducted.

The following chapters of this thesis include:

Chapter 2: Background

Background information is introduced by describing the dangers of concussion, show-

ing the risks and prevalence of mis-diagnosis and leads to a description how audifica-

tion can provide a solution.

Chapter 3: Methods

This chapter begins with outlining the original plan to design and construct a device

to be used for collection and assessment of our own data. However; when COVID-19

restrictions affected the ability to do human research, the focus changes, and as a

result a description of the the process of audification using open-source EEG data as

an alternative to a hardware device is described. A description of the data, methods

of audification, and the formatting of the signal to enable files to be used in an online

survey are discussed. The online survey assessed the efficacy of audifying differences

in cognitive load. This chapter describes the approach and methodology used for the

survey.

Chapter 4: Results

Displaying the results from the survey, this chapter reports percentages and averages

of correct answers with a statistical analysis of agreement between participants.

Chapter 5: Discussion
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This chapter discusses the results from the survey and how these results are supported

by existing literature, highlighting some issues and shortcomings.

Chapter 6: Future Work and Conclusions

Future work and conclusions are highlighted within this final chapter.
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Chapter 2

Background

2.1 Concussion

Concussion can be described as a swelling of the brain caused by trauma or pressure

exerted on the brain. Concussion is generally less severe than other brain injuries and

is a subset of TBI (traumatic brain injury) [6]. Concussion is often caused by impact

from an external object or rapid deceleration, causing the brain to push against the

skull [5]. More research is coming to light about the long-term risks of concussion

and the dangers of repeated concussion, such as changes in behaviour and overall

deterioration of mental health.

2.1.1 Statistics

Each day 452 Canadians suffer a serious brain injury [4]. Brain injuries are partic-

ularly common in sports, where players are at continued risk of repeated concussion

[34]. Concussions in a sporting context have been estimated to account for 300,000

of the 1.54 million mild-to-moderate TBIs that occur each year in Canada [35, 36].
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Approximately 46,000 concussions were diagnosed by Canadian emergency depart-

ments between 2016 and 2017, in youth aged 5-19 [37]. During the same time-frame,

over 17,000 sport-related brain injuries were seen in Ontario and Alberta emergency

departments. This is an increase of 28% over the previous five years [38]. It is es-

timated that as many as 3.8 million concussions occur in the USA per year during

competitive sports and recreational activities; however, as many as 50% of the con-

cussions may go unreported [6]. Kerr (2015) asked athletes to reflect on times they

believed they had concussions but a diagnosis was not given after assessment. Kerr

(2015) concluded that 21% of these athletes admitted to not disclosing the injury at

all, 91% deemed their injury not serious, 73% did not recognize their symptoms at

the time, and 73% did not disclose the seriousness of their injury for fear of being

taken out of play/performance [39].

Once diagnoses, concussions may be taken seriously but the overwhelming major-

ity of head injuries are classified as mild traumatic brain injuries and are treated with

less concern. Despite these injuries being deemed less severe than a concussion, they

can still result in significant cognitive, emotional, and functional disabilities [40].

The severity of TBI is continually underplayed and has only recently been seriously

investigated [41].

A concussion has been shown to affect mood and self-esteem in later life [42].

This is particularly common in retired players of contact sports. The incidence of

concussion correlates with an earlier onset of Alzheimer’s disease in retired football

players compared to the general American population [43]. Recurring incidence of

concussions can dramatically increase the risk of long-term and permanent damage

related to head injuries. Three or more concussions leads to a 2.4 greater likelihood of
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severe depression and higher aggression compared to zero concussions [34]. Retired

players with three or more reported concussions had a threefold prevalence of reported

significant memory problems compared with retirees without a history of concussion

[43]. Retired rugby players, when tested twenty years after their career, showed a

higher rate of depression and mild cognitive impairment compared to other sports

players [41]. Adults with diagnosed concussion have an increased long-term risk of

suicide, showing the need for greater long-term care post-injury [44]. These issues

highlight the need for reliable diagnosis and assessment tools that would facilitate

sufficient treatments and resting times.

2.1.2 Diagnosis

Concussions, especially sport-related, can be difficult to diagnose. Concussions pro-

duce a combination of somatic, cognitive and neurobehavioral symptoms that are

typically most severe within 24-48 hours post injury [45]. A concussed brain can

struggle with regular levels of neural activity and if additional activity occurs before

adequate recovery, the brain may be more vulnerable to prolonged dysfunction [6].

Accumulative damage can occur from multiple impacts to the head, even when clin-

ical symptoms are not observed [46]. As a result, it is vital to be able to assess

concussion as soon after suspected injury as possible to treat the systems and reduce

the likelihood of repeated injury and long-term damage.

Standardized assessment tools provide a helpful structure for the evaluation of

concussion, although the efficacy can vary. Clinical practise guidelines [40] and

graded symptom checklists allow for objective assessment of the existence and severity

of concussions [6]. The care of athletes with head injuries is ideally performed by
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health-care professionals with specific concussion-focused training.

Recognition and initial assessment of a concussion should be guided by a checklist

of symptoms, cognitive evaluations, balance tests and further neurological physical

examination. See Appendix A.1 for an example of a checklist used by the National

Football League (NFL) [6, 47].

Standardized tests to be used on the side-line of a sports field are useful, but

the validity of these tests can vary due to bias [48]. Concussions frequently go

unreported due to lack of recognition of symptoms or intentional mis-reporting [7, 8,

9]. These tests are more reliable when a baseline of expected behaviour is established

for the individual being assessed. There are also situational factors of which to be

aware whilst conducting side-line tests. For example, balance disturbance is a specific

indicator of a concussion despite tests for balance disturbance not being very sensitive.

Imbalance tests at the side-line could differ from baseline tests due to differences in

surface, footwear, or injuries unrelated to the head. Some symptoms are immediately

observable on the side-lines where the injury occurred, but some require continued

observation. Medical imaging for athletes is reserved for situations in which there is a

strong suspicion of bleeding in the brain [6]. Even if there is no indication of bleeding

in the brain, athletes suspected of concussion need to be monitored post-injury for

deteriorating condition.

2.1.3 Recovery

Once a concussion is diagnosed, current procedure recommends 24-48 hours rest [37]

and a one week time-out from play. Recovery is deemed sufficient when the cognitive

ability of an individual returns to normal levels, using the same tests that originally
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diagnosed the concussion. The majority of cognitive recovery occurs during the 3-7

day interval post-injury [49]; however, as discussed above, there are ongoing effects.

Two-thirds of concussed individuals will regain 80% of cognitive function within six

months [41] of recovery and continue to improve over 18 months [10]. There is also a

link between longer resting times and improved cognitive function, whereas increased

cognitive activity before appropriate rest leads to a longer recovery from concussion

(significantly reducing activity of one’s body and brain will aid recovery) [50]. How-

ever, it has been shown that 15% of high school athletes diagnosed with concussion fail

to comply with recommended return-to-play guidelines [51]. These findings highlight

the importance of continued support, observation, and adequate rest.

Post-concussion syndrome is used to describe a range of symptoms that persist

beyond twelve months (after the injury). These symptoms often persist despite a lack

of brain abnormalities detected by magnetic resonance imagery (MRI) and computer

aided tomography (CAT) scans. On the other hand, quantitative EEG has been

shown to be highly sensitive (96%) in identifying post-concussion syndrome [52].

Sub-concussive events, defined as events that do not result in concussive symp-

toms, can also lead to motor impairments and cognitive changes especially when these

events occur multiple times. Symptoms of sub-concussive events are persistent in up

to half of all patients during follow-up assessments conducted at six weeks and six

months [53, 54].

The aforementioned diagnostic and monitoring tests can have issues in terms of

bias, potential interference from a coach, or informed denial from the injured party

themselves. While improvements on current assessment methods can be achieved,

one issue is that a normally twenty-minute procedure often needs to be extended to



2.2. EEG 11

facilitate continued observation and more detailed diagnosis. Participants in many

athletic environments are reluctant or unable to accommodate this extra burden

[49]. It is important to minimize the subjectivity involved in assessing a concussion.

The subjective element allows tests to be swayed by ignorance or deliberate mis-

reporting. An individual may be able to pretend their symptoms are less severe or

non existent, especially if they are familiar with the assessment tools. By developing

an assessment tool that is both objective and time-saving, one can minimize bias

and maximize detection. This will ensure that the results of a concussion diagnosis

are consistent whether or not the injured party (or a third party) is trying to hide or

downplay symptoms. One approach that may be effective for objective and immediate

assessment is the use of EEG.

2.2 EEG

Electroencephalography (EEG) was first detected in 1875 by Hans Berger, who was

attempting to discover a mechanism of the brain that would explain extra-sensory

phenomena. Clinical EEG was not developed until 1935 [55, 56, 57]. EEG is the

method of detecting electrical fields produced by electrochemical signals passing be-

tween neurons in the brain. Billions of these signals are required for the electrical

field to be powerful enough for detection outside of the brain itself [57]. EEG allows

one to gain insight into brain activity as electrical activity of the brain will differ,

due to a changing number of neurons firing, depending on the task that the individ-

ual is undertaking [58]. EEG is used in the evaluation of dynamic cerebral function

and is particularly useful for evaluating patients with suspected seizures and epilepsy

[55, 59].
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Isolating and using the electrical signals from the brain relies on fundamental

circuit theory [58]. EEG can be collected using internal and external electrodes

[60]. Internal electrodes are probed directly into the brain and give much higher

resolution and less noise because they detect the signal at its source; however, this

requires the help of a neurosurgeon and has a higher risk of infection. These factors

cause internal electrodes to be more expensive and used less frequently compared to

external electrodes. External electrodes can measure the brain activity when applied

to the scalp. External electrodes are more common, as they are safer and cheaper.

Ideally the location is prepared by being shaved and/or swabbed with alcohol. This

minimizes impedance of the signal caused by tissue, bone, and hair that is between

the brain and the electrode.

There are two main types of EEG signal used in practise and research: spontaneous

responses and continuous rhythms. Spontaneous responses, or evoked potentials,

focus on peaks in the signal, associated with specific tasks. One example of this is

the N400 signal which results in a large negative amplitude observed 400 milliseconds

after a stimulus [61, 62]. Continuous rhythms are known as sensorimotor rhythms

(SMR). These are continuous signals observed as changes in relative band power over

the sensorimotor cortex and relate to the planning of cognitive tasks. SMR will be

the only method of EEG collection discussed in this research.

SMR can be split into bandwidths that have been identified as different brain

signals. It is important to understand that these are arbitrary, and the values differ

slightly among literature sources.

These brain waves are described and visualised in fig. 2.1 as follows [1, 63, 64, 65]:
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• Delta waves (0.1–4 Hz) are most common during dreamless sleep but are com-

mon throughout other actions. Delta waves are more prominent at the temporal

lobe.

• Theta waves (4–8 Hz) are dominant in sleep but also common in deep medita-

tion and are more prominent at the frontal lobe of the brain. The amplitude of

theta waves increases with increasing mental load.

• Alpha waves (8–13 Hz) are most common when awake but best observed when

eyes are closed as alpha waves can be saturated by mental effort. These frequen-

cies represent the range for observing the resting state of the brain. Alpha wave

power is increased with increasing mental load. Alpha waves are prominent at

the temporal, occipital, and frontal lobes during complex tasks.

• Beta waves (13–30 Hz) are observed with increased alertness and focus. Beta

waves are used for measurement of mental workload and are more prominent

at the temporal and occipital lobes.

• Gamma waves (above 30 Hz–100Hz) are observed with high cognitive load,

usually information processing that involves communication between different

areas of the brain. Gamma waves are associated with the somatosensory cortex

and are more prominent at the centro-midline of the brain.

It is important to note that these brainwave bandwidths are arbitrarily decided

for classification. All brainwaves discussed can be detected in any part of the brain

but some areas allow for more frequency-specific detection of specific brainwaves de-

pending on the type of behaviour being measured. For example, motor movement

relates to an increase in theta and gamma waves. In this instance the theta and
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gamma waves would be best detected in the central areas of the brain (the area be-

tween the two ears, as shown in fig. 2.2). The amplitude of EEG signals is typically

1-100 microvolts for a healthy brain, although these can be observed at higher levels

in certain circumstances, for example, an epileptic brain may display amplitudes an

order of magnitude higher [58]. When measuring EEG, amplification must occur

to allow for observation. The signal must also be filtered to reduce the effects of

electrical artifacts. Artifacts result from other biological signals interrupting the one

being measured [66]. Eye [67], sweat gland [68] and muscle activity [69], as well

as heartbeat and movement are all elements that affect the signal when trying to

Figure 2.1: A visual representation of brainwaves in terms of frequency
bandwidths and their associated behaviours. This example is
from MuseTM; a commercial EEG headset company [1].
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accurately measure EEG. There is also significant noise resulting from background

electronic devices, including household power supply outlets. The noise from exter-

nal sources can be minimized by reducing the number of wires that attach to ground

in the circuitry, reducing the lengths of wire, and choosing batteries rather a mains

power outlet.

Filtering is performed with internal circuitry or software specific to the device

being used. While development of custom EEG systems is feasible, many solutions

exist on the market. When using devices currently available, the method of collecting

EEG is known, but how it is translated into a usable signal is less obvious. The

translation method usually involves some sort of “black box” hardware or software

that is unknown to the public, making it harder for people to use the device for

research beyond its original purpose, even if it would be beneficial to the client base.

Less expensive devices tend to have a free version of the software or a computer

application. There are also ways to access this data with third party software [70],

but this assumes the EEG signal collected is reliable. The device may use a method

to filter and amplify such that it produces a signal that looks like EEG but is not

necessarily a realistic representation of the EEG signals from the user.

Expensive devices require the purchase of specific software. This is understand-

able under the premise of intellectual property, but it hinders potential research and

possible benefits. This black box method of collecting and filtering the data can make

it hard to replicate findings among devices. It would be advantageous for a device to

collect raw data and facilitate use across various users.

It is suggested that the main reason for the lack of EEG applications to facilitate

health monitoring in daily life is the minimal understanding of the concept of EEG
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itself and the current reliance on specialists [71]. EEG is a tool derived from multiple

specialities, such as electrical engineering and medical practise which are not common

knowledge [24]. We believe that by having a user-friendly set-up and translation of

data, combined with obvious benefits to one’s health, the adoption and application

of EEG would have fewer roadblocks.

When looking at tools to measure EEG, it is important to make the distinction

between medical grade technologies and consumer grade technologies. The main

difference between medical and consumer grade is the data that is collected by the

technology. Medical grade technologies can provide data that facilitates suitable

treatment whereas consumer grade technologies give us insight into patterns that

require further investigation or intervention. There is strong research showing the

value of investing in more expensive EEG headsets, but also showing that good quality

EEG data can be collected from consumer grade EEG headsets [72]. For reference, a

list of available EEG headsets can be seen in Appendix B.1. There are certain issues

that are more common with consumer EEG headsets, such as eye twitching artifacts,

but these can be minimized, and will only effect readings from the frontal cortex.

Consumer headsets have the advantage of reduced set up times and portability. Some

users may not have a problem with longer set up times [26] but, in cases of emergency

treatment such as concussion (TBI), time is an important factor for diagnosis and

treatment [20].

Another distinction between consumer and medical grade EEG headsets is the

number of electrodes used. Some less expensive models may only have one electrode,

whereas a medical grade system will have dozens of electrodes [72]. Devices can have

fixed electrodes or a cap in which the electrode placement can depend on the intended
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measurement purpose. As different areas of the brain are associated with different

brain activity, consistent electrode placement is important especially for comparative

research and medical purposes. A widely used reference for electrode placement is

the international 10-20 system [73].

2.2.1 Scalp Location

The international 10-20 system is a universally recognized tool when referring to

locations of electrodes on the scalp, and can be seen in fig. 2.2. The 10-20 system

facilitates measurement at specific brain locations by having electrodes spaced out

at 10% or 20% of the total front-to-back or left-to-right measured distance of the

skull. This layout allows for consistency among participants when evaluating the

effect of different tasks on brain signals. Certain areas of the brain are also associated

with different brain frequencies. This study will focus on motor imagery and mental

arithmetic tasks. Motor imagery involves a user imagining the movement of a limb

or muscle. Mental arithmetic involves problem solving, usually mathematically based

questions or puzzles [64, 74].

Motor imagery or movement can elicit signals over central areas, annotated by

‘C’ [75, 76]. Vision is best detected over the central areas and posterior areas, anno-

tated by ‘P’ [56]. Auditory function is best recorded over temporal areas, indicated by

a ‘T’ [77]. Frontal and fronto-temporal areas, annotated by ‘F’ and ‘FT’ are especially

susceptible to TBI due to the proximity of the cranial vault [78].

In summary, rhythms appear to reflect the functions of the specific cortical areas

from which they originate. The 10-20 system allows us to identify the location of

detection, allowing for repeatability and consistency among participants or across
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research studies.

Figure 2.2: Layout of the International 10-20 Electrode System [2].

2.2.2 Measuring Concussion With EEG

Research shows that it is possible and effective to assess the existence of a concussion

using EEG. A concussion can lead to abnormal patterns when an injured party is

assessed with EEG. EEG has been shown to be more reliable than MRI or CT scans,

which detect cortical damage such as bleeding or skull fractures; however a concussion

may be present without the existence of cortical damage [79, 80, 81, 64]. EEG has

been shown to be greater than 90% accurate in the detection of mild concussive head

injuries [82].

Effects on SMR have been observed in concussed individuals to give some EEG

based indicators of an existing concussion:

• Alpha wave activity and the higher end of beta activity (20.5-36 Hz) is less promi-

nent, while lower beta activity (14-20 Hz) is unchanged [83].

• Amplitude of alpha waves is reduced, but only in posterior regions [84].
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• Amplitude of delta waves were significantly decreased [64].

• Normally theta bands would differ between regions of the brain, but these dif-

ferences are not observed in concussed individuals. There was no difference

observed between the bands of high alpha and high beta, but there was an

overall decrease in amplitude across the SMR spectrum [64].

• Suppression in the range of 7-13 Hz [11].

• Power of the theta band is overall reduced [85].

• The ratio of alpha to theta decreased significantly for the first 10 days, post-

injury [86].

The majority of EEG medical applications focus on epilepsy, showing that EEG

gives valuable insight into brain health. There is more research emerging using EEG

to assess brain health in concussed individuals. EEG assessment for concussion is

advantageous compared to the checklist approach as it relies on computer data, mak-

ing it easy to store the data for later research and assessment. It also minimizes the

number of professionals required to assess multiple injured parties as the method can

be replicated with minimal training, making the process more efficient [87]. Devel-

opment of a system to allow EEG collection on-site would be valuable. The system

must be portable and robust, with simple but reliable output, ensuring that EEG can

be integrated into the current standard procedures for assessment and treatment of

concussion [88].

We propose that the use of audified EEG will allow novices to detect differences in

brain signals. If effective, this work establishes a proof of concept leading to the use

of EEG in the detection of concussed brain function compared typical brain function.
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Before attempting to assess concussion with audified EEG, it is important to show

that audification of EEG can be used by novice participants to identify differences

in brain function. This thesis will focus on the ability of novice users to identify

differences in audified EEG signals between tasks that are of high and low cognitive

load. Changes in SMR can be used to measure cognitive load, without the need for

an existing injury.

2.3 Cognitive Load

The term cognitive load is used to refer the amount of working memory resources

that performing a task imposes on the cognitive system [89]. Once the demands

of a task exceed mental resources, performance and learning begin to decline [90].

It is theorized that external stimuli are sensed and filtered through sensory memory,

before progressing to working memory, where the bulk of critical thinking and decision

making takes place [91]. Therefore cognitive load can be defined as the amount of

working memory employed for a task [92]. A task analysis is required to translate

cognitive load into valid indices of mental effort [93].

2.3.1 Measuring Cognitive Load

“Measuring cognitive load has been an area of research for the last thirty years. While

self-reported measures of cognitive load are reliable and sensitive to changes in task

difficulty, they cannot be employed in real time without interrupting work-flow” - Erika

Johannessen (2019) [32].

The definition of cognitive load revolves more around a person’s ability to under-

take a task than the task itself, meaning that a task performed by two individuals
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may not elicit the same amount of cognitive load [94]. The two most widely used ver-

bal reporting techniques are concurrent and retrospective reporting [95]. Concurrent

reporting requires participants to verbalize the amount of effort they believe they are

putting into a task; however, potentially interrupting cognitive flow. Retrospective

reporting means the assessment of effort is done after the test, relying on memory.

Both rely on participants being honest and knowledgeable about the subjective term

“effort”. Subjective measures such as these can be unreliable because they depend

on the user understanding how to convey their cognitive load. Accuracy of reported

cognition differs among each user, based on whether they understand the question,

or just want to appear less strained [93, 96]. Defining and measuring cognitive load

in increments of low or high is itself an element of subjectivity. It is important to

make the measurement of cognitive load as objective and quantitative as possible.

In this research cognitive load will be measured in terms of low and high cognitive

load, exhibited by tasks that involve the brain processing motor imagery tasks and

mental arithmetic tasks. Carrying out different tasks is a reliable way of eliciting

different levels of cognitive load. By having tasks that have different demands, a

varying cognitive load can be measured. For example, by not focusing on anything

or relaxing, a low cognitive load can be elicited and observed. By undertaking a task

such as computing the response to a mathematical equation (mental arithmetic) a

high cognitive load can be elicited and observed. The cognitive load or demand that

a task elicits depends on the information elements that are required to be held in

the working memory. Working memory can process up to around seven information

elements at the same time before no new information can be processed. This number

of elements decreases when the information not only has to be remembered, but



2.3. COGNITIVE LOAD 22

processed [97, 98, 99]. If an individual is resting, there are few elements of information

required; that individual is not processing anything new. If the individual is moving

their arm (motor movement) to grasp an object there is more information to process,

by seeing where the object is, grabbing it, judging the weight, and moving it. These

are all elements of information that need to be processed, even if we are not aware

of the processing itself. These information elements lead to the brain exhibiting a

higher cognitive load. If an individual is undertaking a mental arithmetic task they

may have to process new information such as an unexpected number, whilst relying

on long-term memory of theory related to the task. More information elements are

added to the task, thus increasing the cognitive load. The cognitive load reflects the

complexity of the task, and the complexity of the task can be used to elicit cognitive

load. Having prior knowledge of a task lowers the cognitive load imposed by that

task. To compare, humans use their limbs for motor tasks from early childhood,

whereas processing new concepts such as mathematics is not expected from such a

young age, or as frequently. These elements lead to cognitive load increasing along

with task complexity; rest results in low cognitive load, mental arithmetic tasks elicit

a high cognitive load, while motor tasks fall between these high and low cognitive

load categories [97, 98, 99].

2.3.2 EEG as a measure of Cognitive Load

Certain elements of EEG can be used to assess cognitive load, otherwise referred to

as cognitive demand. Like any electrical signal, EEG is a periodic signal composed

of amplitude and frequency. The amplitude changes during tasks, but the frequency

indicates the task being undertaken [100]. Essentially, the higher the cognitive load,
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the higher the frequency of the EEG signal [101]. EEG is a physiological index that

can serve as a continuous measure of cognitive load, while detecting subtle fluctuations

in instantaneous load. Functional magnetic resonance imaging (fMRI), which detects

change in blood flow of the brain could also be used. However, compared to fMRI

(mm range), EEG has low spatial resolution (cm range), making it more difficult

to draw precise inference of brain location [101]. This should not affect assessment

of cognitive load, as the brain location does not need to be precise for the proposed

method. A central advantage of EEG over behavioural indices and other neuroimaging

methods lies in its high temporal resolution, which also allows for the assessment of

the time-course of cognitive load during execution of the learning task [102]. EEG is

advantageous over verbalized tests as the brain wave rhythms reflect the changes in

information processing, even if the participant is unaware of these changes or unable

to reflect on them [97, 98, 99].

One of the earliest examples of EEG being used to assess cognitive load was carried

out by Penfield and Jasper (1954) by measuring the EEG output of Albert Einstein.

Einstein showed continuous alpha rhythm while conducting complex mathematical

operations, although they were quite straightforward by his standard. A sudden drop

in alpha waves was detected when Einstein found a mistake in a calculation he had

made the day before [33]. This assessment did lack experimental value in terms of

only having one participant, but it did give a fascinating insight into a very famous

professional thinker and gave insight to how EEG can detect changes in thought

process. This investigation was just one element of Wilder Jasper’s extensive work in

neurophysiology. Jasper and Penfield (1943) showed how EEG can be used to detect

changes in electrical brain activity indicative of epilepsy, caused by damage to brain
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tissue [103]. At this time, treatment for seizures was surgery, but this method allowed

for detection and localization of the damage. This enabled immediate intervention

without the risk of exploratory surgery. This research shows the value of EEG as a

tool to understand and treat neurological conditions. There are certain patterns in

research that show the validity of using EEG in terms of SMR, to assess cognitive

function, as well as directing future methods. Some of these are shown in table 2.1.

Brainwave Observation Cause Citation

delta More prominent in temporal region Visual attention [104]

delta Power increases Arithmetic tasks [105]

theta Increase Episodic and working memory [106]

theta Increase in magnitude Difficulty of task [101]

theta Band power decreases Encoding new information [101]

theta Increase Higher working memory [101]

alpha Suppressed Increasing cognitive load [107]

alpha Band power decreases Encoding new information [101]

alpha Increased band power in Increased mental workload [104]

temporal and parietal regions

alpha (high) Increase Semantic information processing [106]

beta (low) Increase Higher working memory [101]

beta Increased band power in temporal, Increased mental workload [104]

occipital and fronto-central areas

Table 2.1: Observed effects on specific brainwaves and the cause.
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2.4 Audification

We propose that EEG can be audified to enable detection of differences in the signal

by novice users. Audification is the process of converting an electrical signal to an

auditory signal. This can be done directly by using the electrical signal to drive a

speaker. The key to successful audification is successful categorization of the infor-

mation being conveyed [108].

Scientific data analysis and communication is usually conducted through visual

mediums such as databases and graphical interfaces [29]. This can be counterintuitive

and complex, especially with large amounts of data. The support for audification is

grounded in various applications that have shown audification can be more effective at

detecting small changes in data [30]. Seismic data, for example, can be audified and

the resulting sound produced is similar to natural environmental sounds, allowing

for easily detectable differences. This is because sounds transmitted through air

(acoustic waves) have similar physics to seismic vibrations transmitted through the

earth (elastic waves) [109].

Medical students are taught to rely on their hearing when understanding the hu-

man body. The best example of this is the use of a stethoscope to listen to tissues

rubbing in the lungs, gases bubbling in the intestines, and blood pumping through

the veins [110]. Medical students perform better in a simulated operation when the

variables related to the patient’s condition are displayed with sound compared to

graphical displays. This performance is better with sounds alone, rather than a com-

bination of sounds and graphs [30]. By mapping image texture to sound, unhealthy

regions of a brain scan can be identified when hovering a mouse cursor over them [111].

This data supports that humans are better at multitasking and deciphering separate
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variables when transmitted with sound, as compared to visual mediums.

Human hearing can filter out the sounds that are not useful. For example if

someone is trying to navigate a busy town, they can focus on the continuous line

of traffic over the commotion of people talking to each other [112]. The human ear

has access to a single pressure wave which is a combination of all individual pressure

waves. This allows for easy detection in changes of time and order, when they are

encompassed in one audible stream [113].

Audification of EEG for detecting abnormal brain activity has been shown to

be feasible but has not been researched extensively. For example, audification has

been used for neonatal seizure detection by using a probabilistic method to assess the

likelihood of a seizure [114]. Human hearing is used to accurately assess spatial and

temporal evolution of the frequency characteristics, by translating these aspects of

the original signal into change in pitch and tones in the audio signal. This method can

be of benefit to clinicians and help increase the detection rate of neonatal seizures.

A similar method used the placement of two electrodes to measure and audify

EEG [115] by compressing the data into a higher sample rate. EEG data were recorded

from patients with temporal lobe epilepsy and converted to an audio file using open-

source software. Participants underwent minimal training – between 2 and 17 hours.

They were then able to detect seizures using the audified signals alone, when compared

to healthy signals. An improvement on false detections was also observed when

compared to other methods of detecting seizures.

An earlier study showed that auditory representations of biological signals can

complement visual representations [116]. Data was taken from sleep clinic patients

and compressed, allowing for a whole night of sleep to be observed in a few minutes
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of audio data. The researchers developed a simple method of converting EDF files,

which is a very common format of EEG data, into WAV audio file format. This helped

assess the relationship between different phenomena during sleep, whilst showing how

the different wave bands of SMR behave. This method allowed the measure and

distinction of SMR in specific bands during different types of brain activity, mainly

REM and non-REM sleep.

2.4.1 Parameter Mapping

While audification converts the direct signal to an auditory range, a more common

approach is for the data dimensions to be mapped onto an auditory parameter, known

as sonification which can include duration, loudness, position, frequency and bright-

ness. The key distinction is that audification encompasses a signal that is comprised

of the original data, with minimal interference or editing. Sonification is an integra-

tion or translation of the data into another medium, compiled of new and synthetic

variables. Different variables can be mapped to different parameters at the same time

to produce a complex sound. Existing software allows for straightforward mappings

of many auditory parameters. The advantage of this method is that multidimensional

sounds can be produced to translate more complex data; however, this can produce

unpleasant sounds [114]. Sonification comes with its own potential pitfalls, such as

the sound itself causing distraction, fatigue from unpleasant sounds, and comprehen-

sibility of sounds differing significantly between users [117].

It is possible to detect ongoing seizures by sonifying EEG data [118]. Early inter-

vention of seizures is crucial to avoid prolonged damage to the brain. Two recent
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studies have shown that untrained individuals can successfully identify the soni-

fication output related to seizures, when compared to the sonification of healthy

brains [119, 71]. Detecting seizures through visual techniques, such as reading EEG

outputs, can take hours to complete and requires professional expertise. The sonifi-

cation method achieved a ninety-five percent successful identification rate with non-

experts, compared to a fifty percent success rate of reading visual EEG outputs.

Audification differs from sonification in the way that the signal is converted to the

auditory range. Sonification depends on a mapping of sound chosen by the researcher.

The method of audification relies on changing just the frequency of electrical signal an

the audible range. Audification is beneficial for detecting these fluctuations because

human hearing has great acuity when comparing slightly mismatching sounds [120].

However, this is not a straightforward process as the power spectrum of EEG decays

much faster than the audio signals we are more commonly exposed to, such as music.

Music is developed and tuned specifically for our ears, whereas natural electrical

signals, such as the ones exhibited by one’s brain, are not produced for the audible

spectrum [121].

Sonification can involve the use of machine learning, which is advantageous in

terms of repeatability and automation [122]. However, this may lead to inadvertently

cutting out important data. Audification is chosen for this research because the brain

is better at processing EEG data than an artificial intelligence system would be. The

aim is to audify an electrical signal with minimal manipulation. This allows for a

realistic representation of the source data without sacrificing elements that could be

deemed irrelevant, but may lead to unexpected findings.
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The next section of this thesis describes the work undertaken in the initial design

of a device to detect EEG and audify the signal. It discusses a hardware approach to

audification and leads to a software method. The software method to audify signals

that already been collected was necessary in light of the COVID-19 pandemic when

research with human participants was halted. The chapter ends with a description of

the different signals developed for audified presentation to novice observers at varying

levels of cognitive load.
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Chapter 3

Methods

3.1 Preliminary Device Design

The first step in designing a device for the audification of EEG post-concussion is

to understand the user needs and specifications. The idea was to develop a stand-

alone device that could measure EEG with surface electrodes and play the audified

version of the EEG signal through a speaker or earphones. A design process was

followed as discussed below starting with the identification of the user group and user

requirements.

3.1.1 Identifying Target User Group

The target user group was identified as individuals who are the first to assess an

individual who suffers a brain injury. In everyday life, this could be a paramedic. If

someone calls emergency services after losing consciousness or bleeding, the paramedic

could assess the likelihood of a concussion before arriving at the hospital. This would

save precious time for the doctors in the emergency room.

In a sports setting, this device could be used by a team medic when a player has
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suffered a suspected head injury. When a player is injured, quick diagnosis is key to

judging the need for further treatment. Access to objective assessment is expensive

and rare, so sports teams and players rely on subjective assessment. The issue with

this approach is that it can be influenced or interfered with by a coach, or the player

themselves. This device would facilitate an objective assessment as soon as possible,

allowing a medical professional to make a judgement call about investigating further.

Having a warning system in place to assess the of risk and likelihood of concussion

would help reduce the prevalence of mis-diagnosis, repeated injuries, and long-term

effects.

3.1.2 Design Criteria

Here we outline the design criteria for an intended prototype of the device:

• Self-contained, it should not rely on external hardware or software to operate. This

will facilitate plug-and-play assessment, causing minimal confusion and room

for error.

• Compatible with simple and mass-produced electrodes that can be plugged into

the device and can be easily replaced.

• Use minimal number of electrodes so that the system is easier to set up and use.

The required placement of these electrodes must be achievable without in-depth

understanding of the structure and function of the brain.

• Output system that allows for direct listening, even in noisy and busy environments.

• The circuitry of this device must be insulated against noise, to avoid disturbances

from external sources.
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• The circuitry must encompass minimal connections that are resilient to movement

and will not loosen easily. This will help reduce noise within the circuit.

• The circuitry will be housed in a rigid material that is not prone to fracturing,

allowing for portability.

These criteria were determined by the researchers to focus on the hardware used

for data collection. Future iterations would involve the target user group in a co-

design effort to ensure that usability is embedded in the design process from early

on.

3.1.3 Device Design

The device was to include a method to collect EEG signals from two different electrode

locations, using a differential operational amplifier to eradicate noise from the raw

EEG signal. A differential amplifier is an effective method for reducing noise on

input, and requires a minimum of two input signals. The EEG signal would then

be amplified using an isolation amplifier that is specifically designed for use with

biological signals. This would amplify the EEG signal to a voltage capable of driving

a speaker. The hardware design allows the EEG signal to be combined with another

signal generated by the device. This would allow merging of EEG signals with an

audible signal to result in auditory signals. The research later focused on software

manipulation, allowing us to focus on a single electrode location and filter out the

noise using Matlab. The design aspect of combination was later removed, and replaced

with compression using a software approach.
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Components and Construction

The circuit design construction can be found below matched by number with the

schematic in fig. 3.1 to fig. 3.6. The schematic as a whole can be seen in fig. 3.7. The

PCB layout of the design is shown in fig. 3.8.

1. Two EEG inputs are connected to the AD210, with a differential operation

amplifier connected at input. The input to the AD210 includes a potentiometer,

allowing for immediate change of gain for the EEG signal. The strength of

the EEG signal will vary slightly between connections, so a variable gain is

important.

Figure 3.1: A potentiometer is a type of resistor that allows for real time
change of resistance. Set up in this way, with another standard
resistor, creates a differential amplifier. A differential amplifier
will remove noise from both input signals and amplify them,
based on a controlled gain.

2. The AD210 is an isolation amplifier specifically designed for biological signals

that reduces the noise that may saturate the EEG input. The AD210 requires a

dedicated power supply of 15 Volts. Ideally this would be a set-up that includes

combining conventional 9V batteries, rather than mains supply as mains power
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would contribute significantly to noise.

Figure 3.2: The AD210 isolation amplifier uses a chosen gain to amplify
the signal to the desired range, whilst removing noise.

3. The circuit design allows for testing post-amplification and at every section on

the circuit.These test bridges would be removed when moving to manufacture

the full system.

Figure 3.3: These test points allow for troubleshooting the initial proto-
type, and can then be connected to the inputs seen in fig. 3.6.

4. An Arduino was used to produce a digital signal connected to a digital to analog

converter (DAC). This produces an analog carrier signal that can be combined

with the EEG signal.
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Figure 3.4: An Arduino is programmed from a computer and powered by
a dedicated battery.

5. Potentiometers are connected to the output of the DAC to allow for amplitude

adjustment to allow the carrier signal to be produced at the optimal magnitude

for the headphone output. This amplification can also be changed to evaluate

the effect it has on the audification process.

Figure 3.5: A combination of potentiometers allows for testing of the gen-
erated signal before combing with the EEG signals.

6. Both signals are then combined and passed through the earphone output, to

enable the listener to interpret the signals from the audification process of the

combined EEG signal and carrier signal.
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Figure 3.6: Here an earphone output is used, for direct listening to the
combined signals in one audio signal.

Figure 3.7: Circuit schematic for design of the prospective device.

EEG, even when amplified, is comprised of frequencies between 0 and 100Hz.

Human hearing can only detect sounds of roughly 20Hz and above, so an audified

signal of EEG would not be fully detectable by the human ear. The carrier signal from

the Arduino is fed through a digital to analog converter to produce an alternating

current signal that is powerful enough to drive a speaker. The theory is that the
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carrier signal would combine with the EEG signal for a unique signal comprised of

both the carrier and EEG signals.

Figure 3.8: Circuit layout for design of the prospective device.

Preliminary testing was conducted using a breadboard circuit and basic compo-

nents. Electrodes were attached to the researcher’s head. The signal was amplified

and connected to a speaker. Despite changing the amplification, no detectable differ-

ence was observed. The artifact noise, as a result of using a breadboard, was signif-

icantly greater than the brain signal, causing lack of detectable differences. Further

testing was conducted using a protoboard, soldering the parts in place, to determine

whether more secure and dedicated wiring would reduce the impact of noise. This did

not appear to make any notable difference to the noise saturation. The EEG signal

itself was too weak, in comparison, and was saturated by external noise. Future work

would involve designing a circuit board that isolates the EEG signal from external

noise, ensuring that amplification of EEG signal allowed for detectable differences.
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The method of collecting and measuring EEG using circuitry proposed was unre-

liable. The plan was to develop a reliable and accurate circuit, and then fine tune the

EEG collection process. However, the inability to conduct in-person testing during

the pandemic led to the use of an open-source dataset with software compression as

a means to audify the signal.

3.2 Audifying EEG Signals

When COVID-19 restrictions reduced access to the lab, it became ap-

parent that building a device would not allow for the best outcome since

testing with participants would not be possible. This led to an experi-

mental change in which access to a database of previously collected EEG

signals from tasks of varying cognitive load [3] were audified and provided

to novice listeners to evaluate ability to detect changes in that cognitive

load. The same method of detection could be used in the future to test

signals collected within our own laboratory setting.

The purpose of this chapter is to explain the process of audifying previously col-

lected data from an online open-source database which was then provided in sound

files to novice listeners in the following chapter.

3.2.1 Preparation of Data

The dataset used for this study consisted of EEG measurements taken during rest,

mental arithmetic, and motor imagery tasks [3], where motor imagery refers to the

task of imagining the movement of a limb without carrying out the movement itself.

The data was collected according to the protocol shown in fig. 3.9. From this dataset,
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four types of audio files were generated, one associated with each: mental arithmetic

task, rest portion of this data, motor imagery task, and the rest portion of this data.

EEG data of 29 participants were collected and made available through an online

database. Each participant had been tested with 30 active electrodes and data were

collected with an EEG headset (Brain Products GmbH, Gilching, Germany). The

placement of electrodes was in accordance with the international 10-20 system [123].

The data encompassed EEG activity from two tasks assigned to each participant. The

first task was a visual mental arithmetic task, involving equations being displayed on a

screen in front of the participant. The second task involved the participant imagining

the opening and closing of their hands, as if they were grabbing a ball. This action

is known as kinaesthetic motor imagery.

Figure 3.9: Visual representation of the task and rest data, as it was
recorded for the open-source dataset [3].

3.2.2 Matlab Processing

Fig. 3.9 demonstrates the method of collecting the data provided through the online

dataset. Matlab (TheMathWorks, Inc., Natick, MA, USA) was used to extract data
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from the dataset in terms of task data and rest data. Aligning with the times identified

in fig. 3.9, data extraction was undertaken to separate specific tasks and rest sections.

The methods outlined in Shin et al (2017) were very detailed and were integral to

successful extraction and use of the data. Based on the described methodology, the

specific time stamp of a data cell was measured which allowed for the separation of

data for each task. The dataset was organized so that different files contained the

data from each task (see fig. 3.10). Data were extracted from these files in two steps:

Figure 3.10: Demonstrating how the data were extracted from the dataset
for use in Matlab.

1. Extract the data relevant to the task itself.

2. Extract the data relevant to the rest section.

The next step was to save the relevant data to a file for processing. Four files of EEG

data were created. There were two tasks, but each task required two files:



3.2. AUDIFYING EEG SIGNALS 41

1. Motor imagery task data.

2. Motor rest data.

3. Mental arithmetic task data.

4. Mental rest data.

3.2.3 Amplification

Fig. 3.11, fig. 3.12, fig. 3.13, and fig. 3.14 show the time series plots of the amplified

EEG outputs of different tasks. The examples of data used in this thesis are all

from participant one of twenty-nine that were available from the dataset. The data

collected from the dataset was in the range of hundreds of microvolts. For these time

series plots a gain of 20,000 was required to get the signal to an appropriate level of

voltage for driving a speaker or earphones, which require between two and five Volts.

This amplitude did not affect the simulation and software audification process, but

was important to show the proof of concept of manipulating the signal in a realistic

manner. Time series plots of the data pre-amplification can be seen in Appendix C.
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Figure 3.11: Amplified EEG data relevant to the rest portion of the motor
imagery task.

Figure 3.12: Amplified EEG data relevant to the motor imagery task.
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Figure 3.13: Amplified EEG data relevant to the rest portion of the mental
arithmetic task.

Figure 3.14: Amplified EEG data relevant to the mental arithmetic task.
This data is observed over a slightly longer time because these
sections of the data set were recorded over a slightly longer
time frame.

The two rest phases show little difference in amplitude; however, both cognitive
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tasks show more high and low peaks compared to rest. Mental arithmetic produces

data that embodies more peaks and troughs, compared to other data. The data

changes more rapidly in the same amount of time and exhibits a higher average

amplitude. These two factors may be key to audification:

1. Higher average amplitude (compared to average of other tasks/data).

2. Variable data, rapidly changing between higher and lower amplitude.

3.2.4 Filtering and Compression

Compression can be viewed as a generic and technical term. In data manipulation it

is commonly associated with reducing the size of a file, by removing some elements

of the data that are unnecessary. In this research, we use the term compression to

refer to a compression in the length of time over which a sample is recorded. This

allows us to view all the data in a shorter amount of time and audify the data in a

frequency that is detectable by the human ear. No data is removed in this process

rather, it is just displayed in a different time scale. The sampling frequency of the

original data was 1000Hz, until we compressed it by a factor of five, leading to a

new sampling frequency of 5000Hz. For example, any data originally recorded at a

frequency of 10Hz, could now be observed at a frequency of 50Hz, allowing it to be

within the range of human hearing. Fig 3.15 shows an example of compressing a 1Hz

signal by a factor of five. The lower frequency signals are chosen purely as a visual

aid.
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Figure 3.15: Showing compression of an arbitrary signal.

Extraction of the different wave types (delta, theta, alpha, beta, and gamma)

was important as each represents differing degrees of cognitive load. Beta waves are

common in various types of behaviour that require little cognitive processing, whereas

gamma are only observed during tasks that are cognitively demanding. Beta is also

observed at a higher amplitude so gamma can be saturated or overshadowed by the

existence of beta, when observed in the same medium [124]. When audifying it is

important to filter the gamma waves separately to allow for detection of small changes

in gamma, that would otherwise be saturated by other wave types.



3.2. AUDIFYING EEG SIGNALS 46

Matlab was used to simulate a fourth order Butterworth bandpass filter to split

the data into separate bandwidths defined by the SMR waves. Plots were used to

visualize the behaviour of each type of brain wave during different task - fig. 3.16,

and fig. 3.17.

To be audified, the signal needed to be modified to provide a sampling frequency in

the order of 5000Hz. 5000Hz was determined to be the minimum sampling frequency

for successful audification. This is supported by research using Fletcher-Munson

curves stating that the human ear is most responsive to sounds between 500Hz and

5000Hz [125].

The auditory files were generated using Matlab, with five different filter band-

widths, associated with the different brain wave bandwidths (roughly) – delta (0-4Hz),

theta (4-8Hz), alpha (8-12Hz), beta (12-30Hz), and gamma (30 – 100Hz) [64].

As seen in fig. 3.16, and fig. 3.17 no discernible differences were visible in the delta

band wave, at least not in the representation. That can be attributed to delta mainly

being present during deep sleep, an activity not recorded in this dataset [65, 1]. From

fig. 3.16, and fig. 3.17 it does appear that theta is the most prominent and therefore

would be more effective for audification. Presence of the data and strength of the

signal appears to decrease from theta to gamma, with gamma being the weakest

signal apart from delta. The data shows that theta waves are present during any

type of cognition, with increased presence in the mental task compared to the rest

section. Higher cognitive load leads to increased presence of all types of brain waves,

and some elements are consistent through, such as the peaks that are visible during

24 seconds and 77 seconds on fig 3.16.
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Figure 3.16: EEG data relevant to the mental arithmetic task filtered into
brainwave bandwidths.
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Figure 3.17: EEG data relevant to the mental arithmetic rest filtered into
brainwave bandwidths.

3.2.5 Audification of the online Dataset

The individual signals of the EEG data were filtered and then compressed to a sam-

pling frequency of 5000Hz, maximizing the data transmitted in the audible spectrum,

whilst still having a sample of about ten seconds to allow for attentive listening to

changes in the signal. The Matlab “audiowrite” function was used to save the signal

as an audio file. This was done in WAV format. The audio file was saved with the

normalized data at the compressed sampling frequency.
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Once the audio files were generated, they were trimmed. The original length of

the audio file was fourteen seconds, but two seconds at the beginning and two seconds

at the end of the file were removed. The purpose of this was to remove any data that

may be reflective of an adjustment period or expectancy for the task to end. When

a participant begins a task, they may take a second or two to adjust, meaning the

beginning of the data stream isn’t an accurate representation of the impact of the task.

A participant may also stop paying attention toward the end of the task, meaning

that end of the data is also not an accurate representation. Trimming resulted in a

ten second audio file, consisting of the middle ten seconds of the original file.

Initial observations of data and decisions about audification were carried out by

the researcher. With time constraints and pandemic related restrictions, it was not

feasible to get further input from observers not involved in the research. To reduce

experimenter bias, these audio files were listened to in a blind manner. It was im-

portant to determine that a difference was detectable after audification, as well as to

clarify which files exhibited these differences, and compare for consistency. All the

audio files were generated in a systematic manner. Four audio files were generated,

one for each task - mental arithmetic task, rest between mental arithmetic tasks, mo-

tor imagery task, rest between motor imagery tasks. These four files were generated

for each type of brainwave, for each participant of the dataset data. This resulted in

twenty audio files for each electrode, per participant.

3.2.6 Electrode Location

Thirty different electrode test sites were used for the source dataset. However, for a

device to be used in a timely manner, only one or two electrodes should be required.
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Audification of the signals from all test locations was performed and the researcher

evaluated each location to identify the greatest discernible differences between cogni-

tive load when a participant undertook a motor imagery or a mental arithmetic task.

It was expected that both the mental arithmetic and motor imagery data would have

an audible difference when compared to the rest data.

The focus for being able to identify differences in motor imagery and mental

arithmetic was on the central and parietal lobes as these areas are associated with

motor and mental processing, respectively [75]. It was ideal to focus on areas away

from the frontal region, as recordings from the frontal lobes are more likely to contain

eye twitch artifacts. This pilot testing by the researcher included audification of

compressed gamma waves. This provided evidence that increased cognitive load was

more prominent with mental arithmetic data in the parietal region of the brain. The

research further focused on mental arithmetic data as high cognitive load appeared

to be the only data that gave a reliable difference in terms of audification. Multiple

scalp locations were tested to determine the location at which mental arithmetic was

best measured.

The researcher assessed which scalp locations provided the most notable differ-

ence between audified data from the tasks. This was a very subjective approach

to see which areas appeared to give an audible difference in data was shown to be

unique during the time series plots. The researcher listened to all twenty audio files

generated for one participant, for each electrode location. Tables were used to track

participant, brainwave bandwidth, and scalp location. This was a time consuming

task, motivated by Andres et al. (2012) who found the most reliable locations for
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detecting mental arithmetic activity are F3, F4, F8, P4 and Pz [126]. After exhaus-

tive auditory assessment of these audified files, it was decided that the location of Pz

facilitated consistent results across participants. The focus of all further research was

on the Pz, in the centre of the parietal area of the scalp, as shown in fig. 3.18- which

could allow for easy placement even if a user is not familiar with the international

10-20 system. The Pz location is also surrounded by other areas associated with

mental processing [126], therefore accurate placement of the electrode is not integral

to this process.

Figure 3.18: Highlighting the Pz location that is the focus of the work
going forward [2].

One problem with collecting EEG from parietal regions is obstruction caused by

hair. There is already significant impedance to the electrical signal of the brain

activity, as this signal needs to travel through tissue and bone before reaching the

scalp. The additional obstruction of hair can cause difficulties in achieving a strong
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and reliable connection when most people will have hair on that area of the scalp. The

hair may get stuck in between the electrode and the scalp, significantly increasing the

impedance of the connection, and making it more difficult to detect the small electrical

signals observed in EEG. However, given the strength of the signal at this location,

the ability to detect differences in behaviour, and the ease of location, this electrode

site was deemed to ideal for the purpose of this research.

3.2.7 Audified Output - Researcher Observation

An audible difference among brainwaves was observed using the Matlab audification

process. This was consistent across all the subjects in the dataset. It was expected

that each SMR bandwidth would sound different because each is of a different fre-

quency. The only discernible difference through audification was the prominence and

volume of the unique attributes in the task data, when compared to rest data. This

difference increased along with the frequency i.e., changes in sound were loudest in

gamma, compared to theta, supporting the decision by the researcher to focus on the

gamma region for the study. The audible difference between the beta and gamma

waves is minimal but gamma appeared to be the clearest sounding, so the focus of

the audification process was on the gamma region.

The main outcome of the audification process was that mental arithmetic data was

more identifiable compared to other tasks. It was expected that mental arithmetic

would result in a sound difference when compared to rest, because the time series plots

show that it is of higher amplitude and higher frequency. It was was also expected

that motor imagery data would create an audible difference, compared to rest. This

was not observed by the researcher, and the motor imagery data appeared the quietest
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of all.

Audification of the theta, alpha and beta waves could be further investigated

but would require much greater compression than gamma, requiring longer recording

sessions. Gamma is useful with shorter data sets as it is comprised of the highest

frequencies and minimal compression is required to make data within that bandwidth

audible. To investigate the presence and use of the lower frequency brainwaves for

audification, more data would need to be collected. It would be useful to analyze data

collected over an extended period, as this would allow for compression idealized for

each bandwidth so that audification can be assessed relative to each type of brainwave.

However, we are seeking the minimize the time required to identify concussion, and

taking longer readings limits the applicability for our purpose. For this study, only the

gamma band audio files were used because these samples showed the most discernible

difference during initial observations mentioned above.

After the researcher reviewed audified files from all participants, at various scalp

locations, and for all brain wave bandwidths, the assessment focused on audified data

in the gamma region and collected at the Pz location. After reviewing the gamma

region audio files that were collected from Pz for each participant, the researcher

observed that there was a clear distinction between the mental arithmetic data and

all the other data. Mental arithmetic data appeared to create a sound that varied

temporally, whereas the other data created a mostly monotonous continuous sound.

3.2.8 Time Series Linked to Audification

Fig. 3.19 and fig. 3.20 show the output for both versions of the rest data. From here

we can see that they are very similar and do not vary much in terms of amplitude.
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They show similar peaks and troughs. These similarities translate to the audification

process, and they sound almost identical. The anomaly in the motor rest data of

low amplitude, circled in fig. 3.19, does not seem to affect the audio output of the

data. This suggests that a one-off peak or supposed anomaly will not impact the

audification process and that a trait in the data has to be consistent to impose an

affect on the audified output.

Figure 3.19: Amplitude of motor rest data with trough highlighted

Audified motor imagery data sounded similar to the rest data, in terms of being

a constant hum with a few peaks in sound. The motor imagery plot has similar

peaks so the lack of variance in sound makes sense; however, the overall volume of

the motor data was lower than the others. This is because of the troughs exhibited

in fig. 3.21 bring the average amplitude down, which relates directly to the volume

of the sound file. Mental arithmetic created the most identifiable audio file, rather
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Figure 3.20: Amplitude of mental rest data

than a constant sound it created a signal that varied rapidly in terms of amplitude,

analogous to a heartbeat. This is presumably due to the presence of multiple peaks,

as seen in fig. 3.22. These peaks bring the average amplitude up, but this affect is

balanced with the few large troughs. The key difference is the number of peaks which

show the data is changing on a bigger scale and far more rapidly than data from the

other tasks. This large and rapid oscillation of amplitude creates the oscillating sound

on the audio file. This shows that even a relatively small difference in amplitude and

oscillation can have a significant effect on the audifed signal.
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Figure 3.21: Amplitude of motor task data with troughs highlighted

It was expected that both motor imagery and mental arithmetic data would pro-

duce similar audified outputs because they both exhibit a higher cognitive load than

rest. However, the plots and audification show that the cognitive demand exhib-

ited by a mental arithmetic task is significantly higher than the demand of motor

imagery. This is supported by cognitive theory in terms of processing information

elements [97, 98, 99] and also suggests that only a sufficiently high cognitive load will

produce a difference when audified.
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Figure 3.22: Amplitude of mental task data with peaks and troughs high-
lighted

Fig. 3.23 and fig. 3.24 show the difference between high cognitive load and low

cognitive load when the signals are filtered into each brainwave bandwidth. These

plots are the same scale and show that rest data produces fewer peaks in all regions

when compared to mental arithmetic task data, other than delta which is undetectable

in both. This is another demonstration of the amplitude of the data relating to a

unique audified signal. When a subject is undertaking a cognitively demanding task,

EEG will detect an in increase in theta, alpha and beta brainwaves. This is in line with

relevant literature [104, 105, 106, 101, 107] and shows that this method of audification

is sensitive to changes in cognitive load.
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Figure 3.23: Filtered mental rest data showing comparatively less promi-
nent signals in each brainwave bandwidth
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Figure 3.24: Filtered mental arithmetic data showing comparatively
stronger and more unique signals in each brainwave band-
width.

3.2.9 System Error Detection

While analyzing the dataset, it was evident that the data from some subjects ex-

hibited erroneous variation. One possibility is the data collection process for these

participants was faulty, caused by a loose connection or temporary fault in the soft-

ware. Originally it was planned to not use these, but the initial analysis showed that

these data, although flawed, allowed for valuable analysis. Below (fig. 3.25, fig. 3.26,

fig. 3.27, and fig. 3.28) you can see the difference in magnitude of the erroneous data

compared to the expected data. It appears that the data may start as flawed (fig. 3.25

and fig. 3.26) as seen by the section of larger amplitude at twenty-five seconds and

below which then returns to the nominal range. Fig. 3.27 seems to exhibit expected
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behaviour when compared to fig. 3.20, suggesting that the section of collection per-

taining to this data may have been performing as expected. Fig. 3.28 seems to have

a lot of its data cut off at positive integers, whilst still exhibiting negative ampli-

tudes and having an overall smaller amplitude and variance in data when compared

to fig. 3.22. Although these data show different kinds of unexpected behaviour that

could be caused by any error during the collection phase, they do show that outlying

data can be observed. A combination of time series plots and audification allow for

detection of system errors early on in the analysis or evaluation of the participant.

Figure 3.25: Erroneous data for motor rest data.
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Figure 3.26: Erroneous data for motor imagery task data.

Figure 3.27: Erroneous data for mental rest data.
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Figure 3.28: Erroneous data for mental arithmetic task data.

3.2.10 Summary

In summary, twenty-nine sets of WAV files were generated by filtering data from

open-source data set into the gamma bandwidth and then compression by a factor

of five, resulting in a file with only the gamma region EEG data at a sampling

frequency of 5000Hz. Each set of audio files pertaining to one of the twenty-nine

original participants consisted of four audio files; one for motor imagery task data,

one for mental arithmetic task data and one for each rest section, related to the tasks.

This resulted in 116 files that were then trimmed down to ten seconds to facilitate

audification of the core data in each task section.

In the next section these files were used to evaluate whether novice participants

were able to detect differences in cognitive load by listening to audified EEG data.
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This was tested by constructing a survey where participants were asked to listen

to audio samples generated by audifying EEG data relating to different tasks and

different levels of cognitive load.

3.3 Survey

3.3.1 Purpose

The survey was developed to evaluate the use of audified EEG to detect differences

in cognitive load by novice observers.

3.3.2 Survey Methodology

To be recruited to participate in the survey, people had to be over the age of 18 with

no hearing impairment. Participants included students at Queen’s University and the

public. An advertisement was sent out by a survey link sent out from the Building

and Designing Assistive Technology (BDAT) lab social media (Twitter, Facebook) as

seen in Appendix D.1. The link contained a Letter of Intent (LOI - Appendix E) and

a link to the survey, hosted by Qualtrics (Provo, Utah, United States). The entire

survey was done using Qualtrics, which anonymizes and compiles the results. This

study was approved by Queen’s University Graduate Research Ethics Board (GREB)

(Appendix F).

Once informed consent was given, participants were asked to listen to the audio

files generated from the EEG dataset [3]. The survey was estimated to take no longer

than 20 minutes. Section 1 entailed listening to four audio samples of ten seconds

each, and section 2 entailed listening to a total of sixty audio samples of ten seconds

each. This equates to just over ten minutes of listening time, so twenty minutes was
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provided as the expected time to complete the study.

The data used for section 1 of the study was collected from participant 1 of

the dataset. This is the same data used for the plots and graphs throughout this

thesis. For section 2 of the study, twenty questions were provided to the listeners.

While data from 29 participants were available, there was a possibility of participant

fatigue when listening to too many samples. It was determined that twenty would

be sufficient to enable effective statistical confidence. This also allowed for some

minimal randomizing. A random number generator was used to generate twenty

numbers between 1 and 29. These numbers were used to choose which participants’

data would be used for each question.

The study consisted of two sections. The first section asked participants to listen

to four audio files and identify the odd one out. There was no explanation of the

theory before this task. The first section was intended to prepare participants for the

types of audio files they were expected to listen to, while ensuring that individuals

were able to select a unique audified sample with minimal instruction. The odd one

out represented the higher cognitive load. There was only one question in this section.

The question from section 1, as it appeared on Qualtrics, can be seen in fig. 3.29

The second section was designed to evaluate whether participants could correctly

assess cognitive load based on sound alone. There was minimal instruction given,

hoping to confirm that even untrained people have intuition as to what the brain

sounds like during higher cognitive load. There was a brief explanation of cognitive

load before the questions: “The sound that was different in the previous question was

the one file associated with high cognitive load. Cognitive load essentially refers to how

hard your brain is working. High cognitive load means that the brain is working harder



3.3. SURVEY 65

Figure 3.29: Section 1 of the Qualtrics Survey.

processing information, such as when focusing hard on an arithmetic task. Now I am

going to ask you to go through a series of grouped sounds. One audio sample will be

associated with higher cognitive load than the other.” The second section of the study

included 20 questions. Each question required participants to listen to three audio

files and identify the option that appeared to be associated with higher cognitive

load. Three audio files were chosen, one related to each type of task; motor imagery,

mental arithmetic, and rest. Two audio files of rest data (as there was in section 1)
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was deemed unnecessary as it may lead to fatigue when repeated twenty times. In

total, there were 20 questions (60 audio files) comprised of mental arithmetic, rest,

and motor imagery data. The participants were able to listen to each audio sample

as many times as wanted before answering. Fig. 3.30 shows the construction of the

survey. An example of the questions from section 2, as it appeared on Qualtrics, can

be seen in fig. 3.31

Figure 3.30: Structure of the survey consisting of section 1 and section 2.
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Figure 3.31: Question 1, of section 2, of the Qualtrics Survey.

Anticipated Risks and Discomfort

The survey entailed little to no risk, although there may have been some unpleasant-

ness due to listening to a large amount of samples. The participant was able to listen

using earphones or speakers, and control volume as desired by controlling output of

their computer. This study was conducted remotely, so there was no danger from

interacting with other participants. One potential hazard was the volume being too

high and damaging a participant’s hearing. To reduce this risk to a minimum, there

was a warning at the beginning of section two: “PLEASE TURN VOLUME DOWN

ON YOUR DEVICE. IF YOU CANNOT HEAR ANY SOUND AT ALL, PLEASE

EXIT AND TRY USING A DIFFERENT DEVICE. Then adjust volume on your

device to the appropriate level for this survey.”
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Chapter 4

Results

4.1 Survey Results

Seventy-five participants consented to taking part in the study; only 56 participants

answered section 1. This is 74% of the original number. A total of thirty-eight

participants finished section 2, completing the study in its entirety. This is just over

50% of the original 75 participants. Only 67% of participants who completed section 1

continued to complete section 2 and finish the study. This is possibly due to confusion

about the concept, or fatigue caused by repetitive questions. There were also some

issues with audio not playing on certain devices.

Section 1 of the study asked participants to listen to four audio samples and

select the odd one out, or state that there was no difference. The odd one out was

an audio sample generated by the mental arithmetic data, whereas the other files

were associated with rest data and motor imagery data. In this instance the ‘correct’

answer, and answer we were expecting participants to select was sample 3. Results

from section 1 are summarized in table 4.1.
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Sample Sample Sample Sample No Total Percentage Chance of guessing

1 2 3 4 difference correct correct

1 0 47 2 5 55 85.45% 20%

Table 4.1: Results from Section 1 of the survey.

Section 2 asked participants to select the audio file they perceived to be associ-

ated with higher cognitive load. There was a choice of 3 audio files, where one was

associated with mental arithmetic, one was associated with rest data, and one was

associated with motor imagery data. There were 20 questions of this type, with each

question containing data from a different subject of the online dataset, as shown in

fig. 4.1 and table 4.2. Numerical details of the results for section 2 can be seen in

Appendix G.1.

Figure 4.1: Showing the percentage of answers selected for each question.
Mental Arithmetic (blue) is the correct answer.
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Correct answer % Question number Dataset participant

Average 86.45

Lowest correct 76.32 11 17

Highest correct 94.74 3, 6 6, 9

Difference 18.42

Chance of guess 33.33

Table 4.2: Average responses from Section 2 of the survey.

4.1.1 Inter-Rater Reliability

Inter-rater reliability assesses the level of agreement between the participants of the

study. For this study the Fleiss’ Kappa was used [127], measuring the agreement

between more than two raters, where agreement due to chance is factored out. Fleiss’

Kappa was used to determine how consistently different participants correctly identi-

fied high cognitive load using the audified EEG signals. Values closer to one indicate

better agreement between raters. Table 4.3 shows the suggested interpretation of

kappa values [128].
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Kappa Interpretation

<0 Poor agreement

0.01 - 0.2 Slight agreement

0.21 - 0.40 Fair agreement

0.41 - 0.60 Moderate agreement

0.61 - 0.80 Substantial agreement

0.81 - 1.00 Almost perfect agreement

Table 4.3: Inter-Rater reliability depending on values of Kappa.

Fleiss’ Kappa is calculated using the eq. 6.1 below:

k =
Po− Pe

1 − Pe
(4.1)

Where k = the Fleiss’ Kappa result,

Po = observed agreement = proportion of agreeing units.

Pe = expected agreement = proportion of units for expected chance agreement.

The observed value, Po, is calculated by summing the square of all the observed

values. Pe is the same calculation compared to the expected value, and in this instance

it would be 38 because we would expect that everyone agrees on the same selection.

From this, we calculated a Kappa of 0.56 which shows a moderate agreement.
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4.2 Alternative Data

We aimed to confirm that this method functions with other datasets. However, we

found it very difficult to obtain open-source datasets that consisted of appropriate

data. It appears that open-source datasets of EEG collection focus on motor move-

ment and motor imagery but lack any mental arithmetic data. Another issue with

open-source datasets is the difficulty of extracting the data into useful segments. All

the datasets that were obtained contained continuous streams of data that were com-

prised of multiple tasks, rest sections, and baselines. They did describe how the data

were laid out, but it was not clear enough to confidently separate the data into task

and rest, for use with this method. The dataset used for the survey was the only data

available to the researcher that allowed data segmentation for the method proposed

herein.
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Chapter 5

Discussion

5.1 Audification Process

One key observation from preliminary assessment of audifying EEG was that mental

arithmetic data exhibits a significantly higher cognitive load than motor imagery data.

This is supported by other research into cognitive theory, stating that the brain needs

to process multiple parts of information to illicit a high cognitive demand. In this

research, the importance of significantly high cognitive load is displayed in both the

visual and audible medium with mental arithmetic data generating a distinct audified

signal, that can be detected by untrained individuals.

5.2 Survey

The results from the study show that untrained participants were able to detect a

difference in cognitive load by listening to an audified sample of EEG data. On average

there was an 86% success rate of selecting the correct audio sample. Each of the 20

questions for section 2 used data from a different subject from the online dataset. This

was randomized but each participant of the study listened to the same subject on the
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same question. This allowed us to see variance among subjects i.e., were some people’s

audified signals easier to identify than others? The highest percentage of correct

answers was 94.74%, with the lowest at 76.32%. Current methods of concussion

assessment fail to report up to 50% of concussions [6] due to misunderstanding of

symptoms and individuals intentionally avoiding diagnosis [7, 8, 129]. The results of

this research serve as a proof of concept to assess concussion. We have demonstrated

that untrained individuals can detect changed in cognitive load through audified EEG.

We believe this method can be utilized to detect the abnormal neurological behaviour

consistent with concussion.

Our results show a success rate of at least 76%, which is a significant improvement

on the 50% success rate of current concussion diagnostic tools. EEG itself has been

shown to be greater than 90% accurate when assessing concussive head injuries [82].

By combining EEG with detection of audified data, it is hoped that there can be

improvement on accurate diagnoses as well as ease of use. The objective tool outlined

in this research would allow for assessment without extensive knowledge of brain

signals or EEG and would reduce the likelihood of someone intentionally skewing the

results. If this method could be used on individuals suspected of a head injury, the

chance of unreported [6], undiagnosed, and repeated injuries would decrease.

The results of table 6.1 and table 6.3 suggest that the survey participants did not

simply guess an answer and were confident in their responses. In section 2 there were

three possible answers. That means we would expect a correct guess percentage of

33.33 from guessing alone. The lowest percentage of correct answers is 76.32%. This

allows us to ascertain that there is significance in the results of this study and it is

not due to luck, but is due to correct assessment.
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An inter-rater reliability found a Fleiss’ Kappa of 0.56, translating to a moderate

agreement. Assessment of agreement would be more insightful with a larger pool of

participants, and it is hoped that the level would improve.

During the study, we received feedback from some participants that can be sum-

marized into negative (-) or positive (+):

− The explanation was confusing.

− The samples were a bit long and unpleasant.

− The concept was confusing.

+ The samples could have been shorter and still sufficient to ascertain a difference.

+ The difference between the samples is discernible right from the start.

There are certain elements that indicate further investigation and refinement

would enable and increased success rate. The issues that would have to be address

are here:

1. The sounds observed in this research are unpleasant [130] and unfamiliar to

most people, possibly leading to participants being disoriented, or in a rush to

finish. The samples used were ten seconds long. Perhaps ten seconds of audified

EEG is too long to keep participants engaged.

2. Between sections one and two the participants were given an explanation of cog-

nitive load which may have resulted in some confusion about the identification

of the distinguishable sound.
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Seventy-five participants consented to take part in the study. Only 56 participants

completed Section 1. Only 38 participants completed Section 2, finishing the study.

At the beginning of section 2, a brief description of cognitive load was provided relative

to section 1. Anecdotal evidence from people who completed the study and further

reached out to the researcher suggests that they found this description confusing. This

supports the suggestion that participants were confused by the original explanation

of the study and either chose not to continue or did not understand the instructions.

This study focused on the audification of different levels of cognitive load, aiming

to show that this method can be applied to detecting concussion. It has been demon-

strated that this method is sensitive to the changes in brain activity associated with

increased cognitive load (fig. 3.23 and fig, 3.24). There are many studies reporting

how concussions can influence EEG measurements, such as increased theta amplitude

and decreased gamma frequency [86, 10, 81, 82, 83, 84, 85, 131, 132, 133, 134, 135].

In an earlier study by Larsson (1956) it was shown that EEG displays reduced overall

amplitude and irregular theta activity in boxers 15-30 minutes after a fight, with the

results being even more prominent when the fighter was knocked unconscious [136].

5.3 Practical Application

The audification algorithm used in this research is easily to replicate as it can be

used with common file formats used for recording EEG data. The specific timings

and types of data can be changed to fit another dataset, as long as there is sufficient

detail to match specific data with its time stamp within the dataset. There could

be improvements, especially if data was recorded specifically for this approach to

make the process more automated. However; the process of audification was not
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the focal point of this research. The purpose is to demonstrate a proof of concept

where audifying EEG data can be applied to concussion. The specific process of

audification is bound to change significantly in further research, but we did manage

to demonstrate that there is promise in using audification to assess cognitive load.

This is an application of audification that is not being widely utilized.

This study outlines a method of audification that is successful at detecting a

difference between high and low cognitive load. The process described here uses EEG

to detect the activity of the brain in terms of frequency and amplitude. The changes

of amplitude and frequency are the driving factors of the audification process. This

shows that the method of audification described here can be applied to any state

of the brain where the amplitude and frequency of EEG are influenced. Cognitive

load and concussions both influence brain activity as seen through EEG, suggesting

that this method of audification can be applied to detecting a concussion. Overall

amplitude and gamma activity decrease in a concussed brain, so it is suggested that

by comparing high cognitive activity in a healthy brain to high cognitive activity in

a concussed brain, there will be a discernible difference when the signals are audified.

It is suggested that this method could be used to establish a baseline of neurolog-

ical activity of individuals. This could be done my a team medic on a sports team.

If a member of that team is injured, this method could be used to compare their

current neurological activity with their baseline and healthy activity. If an injury is

discovered, treatment and recovery can be recommended. The same method could

be used for post-injury checks to assess the recovery of this individual. This would

ensure that the individual does not return to play before they are fully recovered.

Audified outputs of each stage could be recorded and shared with different medical
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practitioners. The objectivity of this method would allow for continued checks of an

individual’s brain health, even by multiple parties.

It is important to be careful when using this method with injured participants.

Applying this method may rely on participants taking part in tasks of a high cognitive

load. It has been shown that recovery of concussed individuals can be inhibited

and impeded if those individuals are exposed to cognitively demanding tasks before

appropriate recovery [50]. However this method may be applied, the health and

safety of the participants is a priority. A safer method would be to improve this

method to detect a difference between the resting state EEG patterns of healthy

individuals compared to injured individuals. This would allow for the comparison of

audified EEG data, related to concussion, without putting anyone at further risk or

lengthening recovery periods.

Throughout this research we have discussed the shortcomings of current concus-

sion detection and treatment, whilst highlighting how urgent it is to address. Con-

cussion seems to be consistently underestimated and underplayed. Whether or not

this research is used directly to aid in the detection of concussions, the overarching

goal is to raise awareness of the danger of concussion and offer different approaches

to give insight into the health of one’s brain. There are a variety of tools available

and the majority of brain function is still an elusive mystery. We have shown there

are ways to gain insight to the activity of the brain and thus evaluate issues at the

source. The importance of the brain’s regular function and the capacity for the body

in general to warn us of an issue is not one to take lightly; we just have to know where

to look and how to be receptive to these warnings.
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5.4 Issues and Shortcomings

This research has only been successfully tested on one dataset suggesting that the

method proposed here is dependent on the way this specific data was collected. The

method proposed here requires EEG data to be separated in a way that is not common

practise when collecting EEG data, but data can easily be transferred into appropriate

formats. The original plan was to collect our own EEG data on participants, but

this was not possible due to COVID-19 restrictions. The method proposed in this

research facilitates recording and playback of brain activity, it does not allow for

real-time assessment. It does allow for assessment for data that could be carried out

immediately after the collection process. This would allow for an overall assessment,

in a similar time frame to current concussion detection methods.

The biggest issue with this research is experimenter bias. Initial assessment and

selection of audio files was carried out by the researcher themselves, and was not

appropriately blinded. Due to the pandemic, it was difficult to seek out the involve-

ment of colleagues to further insight. This work provides the methods and procedures

based on judgement calls at the time of research. The details in this research will

allow anyone pursuing this work to adapt it to ways they see fit, and experiment with

tighter controls to move the application of audification in a direction that is beneficial

to many.
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Chapter 6

Future Work and Conclusions

6.1 Future Work

The most important first step in future work is to collect more data. This collection

of data should compare cognitively demanding tasks to tasks that are less demanding.

It would be ideal to immediately record the data in a separated way by, for example,

recording three minutes of a demanding task, and then three minutes of rest, the

data could then be reliably separated. This would allow for audification of the tasks

separately, to then be trimmed to account for the beginning and end of the tasks. It

would also be ideal to combine multiple increments of similar tasks in one dataset.

This would allow for a longer collection time of data, which can be compressed to a

greater amount.

The study revealed that untrained participants may be confused by explanations

of technical concepts, such a cognitive load, which may lead to incorrect detections

and non-compliance. To ensure ease of use, it is important to keep explanations as

simple as possible to avoid confusion or provide appropriate levels of understanding

for the concepts involved. It is also recommended to reduce the length of the audio
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samples. Ten seconds per audio file seemed more than enough time to detect changes

in the audible signal. It would also be ideal to vary the questioning to minimize fatigue

or disinterest in listening to sixty similar audio files in a row. All these considerations

can maximize adoption of audification.

This method can be improved to enable differentiation using audible signal be-

tween a concussed and a healthy brain. Audible difference is already present in dif-

ferent tasks such as mental arithmetic and rest. A concussion may create additional

variances in the data. For example, a concussion may lead to an audible difference

between low and high cognitive load that is less prominent in a concussed brain due

to the decrease in amplitude and gamma activity. It is suggested that EEG is used

to measure activity of the brain during tasks of high cognitive load on an individual

before, during, and after they are concussed. We predict that the influence of the

concussion on the EEG output will be discernible through audification.

6.2 Conclusions

To detect cognitive load through audification, the task needs to be of sufficiently

high cognitive load and compared to a task of lower cognitive load, such as rest or

a task that is less demanding, such as motor imagery. The high cognitive load task

needs to be one that encourages the individual to use many resources and process

different concepts. Mental arithmetic tasks that involve a participant processing and

memorizing data, such as complex mathematical equations are ideal.

This audification method is valuable even if the data is flawed. A familiarity

with what to expect allows detection of an issue. The audified sound would likely be

louder or more erratic than expected, warning of a poor connection or error in the
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translation, which is advantageous over plots.

Audification has not been well studied. This research shows how the application

of audification of SMR can be used to assess activity of the brain in near real-time.

There is a need for new and accessible methods of determining the existence of

a concussion. This research has shown that it is possible to detect different levels

in cognitive load through audification alone. This was carried out by untrained in-

dividuals with minimal explanation of the concepts involved in the task. This is an

important step in providing an alternative method for assessing brain activity. With

more research this method can be applied to assessing the risk of, or diagnosing, a

concussion.

The danger of concussions is becoming more apparent, so it is important to pro-

vide solutions that can compete with the current methods. The method proposed

here relies on the raw electrical signals detected directly from the brain, conveyed in

a more objective way, that can be detected by anyone with functioning hearing. By

providing alternative and more effective methods of detecting concussion, researchers

and practitioners can reduce the likelihood of undetected concussions. This will di-

rectly reduce the chance of repeated concussions, that lead to severe and long-term

damage.
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Appendix A

Background

Figure A.1: An example of a concussion checklist used by the National
Football League.
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Appendix B

EEG Technology

Manufacturer Location Citation

Advanced Brain Monitoring © Carlsbad, CA [19]

ANT Neuro© Hengelo, Netherlands [28]

Biosemi© B.V., Amsterdam, Netherlands [22]

Brain Products© San Diego, CA [22]

CGX© GmbH, Gilching, Germany [25]

Emotiv© EMOTIV, San Francisco, CA [17, 13]

EEGLAB SCCN, La Jolla, CA [137]

G-Tec© GmbH, Austria [24]

mBrainTrain© Beograd, Serbia [16]

MuseTM InteraXon Inc., Toronto, ON [1, 23]

NeuroElectricsTM Cambridge, MA [15]

Neuroscan© Compumedics, Victoria, Australia [18]

NeuroSky© NeuroSky Inc, San Jose, CA [21]

OpenBCI© Brooklyn, NY [27]

Open Vibe© Inria Hybrid Team, France [70]

Table B.1: Examples of EEG technology currently available
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Appendix C

Amplification

Figure C.1: Motor imagery rest data before amplification.



107

Figure C.2: Motor imagery task data before amplification.

Figure C.3: Mental arithmetic rest data before amplification.
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Figure C.4: Mental arithmetic task data before amplification.
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Appendix D

Recruitment Poster
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Figure D.1: Advert posted on Facebook and Twitter to recruit partici-
pants for the online survey.



111

Appendix E

Letter of Intent
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Figure E.1: Letter of Intent given to prospective participants of the online
survey.
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Appendix F

Ethics Submission, Consent Form, and Approval
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Figure F.1: Consent form that was approved by GREB and presented to
participants of the survey.
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Appendix G

Results

Figure G.1: Answers from section 2 of the survey.


