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Abstract 

The engineering design criteria for an objective test for concussion dictate that it 

should be rapid, portable, practical, robust, and sensitive over the time-course of injury. 

This is an important technical challenge, which is yet to be solved. Currently, sports 

medicine professionals who treat concussions are limited by a lack of access to 

objective measurement tools for evidence-based treatment.  

Electroencephalography-based technologies present a unique opportunity to 

address these criteria. The brain vital signs framework uses electroencephalography to 

rapidly assess electrical brain responses to auditory stimuli and make interpretations on 

cognitive changes. However, applications in electroencephalography are typically 

recorded under controlled laboratory conditions and have not been validated under the 

uncontrolled, noisy environments necessary to evaluate concussions. These clinical and 

athletic environments are fundamentally different to those found in the laboratory and 

have a unique set of constraints that make traditional methods impractical. This thesis 

addresses the technical challenges to demonstrate that the brain vital signs framework 

can be used as an objective, practical tool for monitoring concussion. 

First, the brain vital signs framework was successfully deployed in a clinical 

environment. Markers of brain function demonstrated significant concussion-related 

changes in athletes that were undetected by standard concussion protocols. This is the 

first demonstration of a portable brain technology being implemented immediately at the 

point of care for concussion. However, there are additional technical challenges to 

improve the practicality of this framework. Subsequently, an automated framework for 

numerically assessing the signal quality of electroencephalography is presented. This 

framework is highly sensitive and specific to classifying artifacts and can approximate 

the signal-to-noise-ratio of a recorded signal. Finally, a new approach for recording 

event-related potentials from distant sensor locations is presented to optimise the speed 

and practicality of portable brain technologies.  

The presented body of work incorporates novel engineering developments to 

provide robust, technical solutions for a clinical problem. These are impactful and 

important results that will allow for improved medical applications in concussion. 

Keywords:  EEG; ERP; portable technology; concussion; brain vital signs.  
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Glossary 

Accuracy 

a) In measurement: the degree to which a measured 
value agrees with the true value [1] 

b) In classification: The ratio of the sum of the number of 
true positive and true negative classifications vs the total 
population  

Acute 
Describing a medical condition that has a rapid onset and 
brief duration of symptoms [2] 

Acute phase 
The period immediately after an injury event, typically 
while a patient is symptomatic 

Artifact (EEG) 
A distortion of the EEG signal that originates from 
sources other than the brain 

Autoencoder 
A type of neural network architecture that is effective for 
noise reduction and learning representations between 
variables  

Baseline 

a) pre-stimulus interval in an ERP waveform (typically 
100ms before stimulus onset) 

b) A physical and/or cognitive assessment performed on 
an athlete at the beginning of the season 

Between-subjects factors 
Experimental factors that vary between different subjects 
or groups of subjects 

Channel 
A recording of EEG derived from the differential between 
a measurement electrode and a reference electrode 

Clinical 
Related to direct interaction or observation of a patient in 
a medical setting [2] 

Cognition 
Mental processes related to acquiring and processing 
information [3] 

Concussion 
An injury sustained through a direct or indirect impact to 
the head that causes damage to brain cells and a or 
disturbance of normal brain function [3] (see 2.4) 

Distant sensors 
Sensors that are placed some distance away from the 
source of the measurement 

Electrode 
An electrical conductor in contact with an electrolyte to 
facilitate ionic conduction (see 2.1.3 for EEG electrodes) 
[1] 

Epoch 
a) A segmented window of EEG time-locked to a stimulus 

b) a single training iteration of a neural network 

Error 
The absolute difference between an 
observation/measurement and the true or theoretically 
correct value [1] 
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Fixed effects 
An experimental design involving specific variables of 
interest [4] 

Hypothesis A proposed explanation for an observation [4] 

JMP A statistical analysis software package 

Keras 
An open source library for creating neural networks in 
Python 

Laboratory environment 
A highly controlled environment with optimal conditions 
for experimentation.  

Longitudinal Pertaining to taking repeated measurements over time 

Machine Learning 
A field of statistics and data analysis concerned with 
automated learning and interpretation of data [4]  

Mastoids 
Part of the temporal bone, the electrode location behind 
(posterior to) the ears 

Matlab A numerical computing software package 

Medical imaging 
Methods used to create visual representations of the 
structure and/or function of the body for analysis [2] 

Mixed effects A study design involving both fixed and random effects [4] 

Montage The general configuration of electrodes in a system 

Neural network 
A machine learning method that uses layers of highly-
connected nodes to learn relationships between input and 
output variables [4] 

Neurophysiological 
Pertaining to the function of the nervous system, the 
intersection of physiology and neuroscience [2] 

Non-invasive 
An approach to a medical procedure that does not require 
a break in skin or contact with internal body cavities 

Non-parametric 
A statistical test that does not rely on probability 
distributions of variables [4] 

Null hypothesis 
A general statistical statement that there is no 
relationship between a set of variables. [4]  

Objective 
Based on observed facts, pertains to remaining 
impartial/unbiased 

Physiological Pertaining to living matter in a biological system [4] 

Point-of-care 
Medical testing performed at the time and place of patient 
care (i.e. directly at a hospital, sporting area) 

Post hoc analysis 
Additional statistical testing that takes place after data 
have been analyzed 

Post-concussion 
The time period following the diagnosis of a concussion, 
and prior to a return-to-play designation [5] 

Protocol (concussion) 
A series of clinical examinations that are used to monitor 
the clinical recovery of a patient with concussion. 
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Benchmarks need to be passed before patients can be 
cleared to return-to-play [5]. 

Python An open-source, general-purpose programming language 

Radar plot A graphical method of displaying data on a radial axis  

Random Effects 
An experimental design involving variables chosen at 
random from a population [4] 

Real world environment 
An uncontrolled environment with sub-optimal conditions 
for experimentation. Sources of noise are random.  

Reference  

1) A database or sample population of measurements for 
benchmarking 

2) An electrode used in combination with a measurement 
electrode to record a differential voltage (see 2.1.3) 

Reliability  
The quality of producing consistent measurements under 
consistent conditions [1] 

Return-to-play 
The process of recovery from concussion subsequent to 
return to participation in sport (or other activity such as 
work or school) [5]. 

Robust design 
Insensitive to external noise factors to minimise 
uncontrolled variance [6] 

Semantic Related to meaning in linguistics [3] 

Sensitivity The conditional probability of a true positive result [4] 

Impedance 
The combination of resistance, inductive reactance, and 
capacitive reactance representing the total passive 
opposition to an electric current [1] 

Specificity The conditional probability of a true negative result [4] 

Stimulus/stimuli 
An event (internal or external) that excites or inhibits a 
sensory receptor in the brain [3] 

Subconcussion 
Measurable changes in brain function from repeated 
impacts but in the absence of a clinically diagnosed 
concussion [7] 

Tensorflow 
An open source software library for machine learning 
applications 

Within-subjects 
Experimental factors that vary within different subjects 
(i.e. repeated assessments) 
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Chapter 1.  
 
Research overview 

1.1. General Objective 

The goal of this research is to move towards finding a solution for objective 

concussion assessment. Current clinical care for concussion is highly subjective, where 

clinicians are encouraged to use their best judgement. This is a concern for a variety of 

reasons. Firstly, the level of care varies depending on the skill and the resources 

available to the clinician. It also requires the patients to describe their symptoms both 

accurately and honestly. Furthermore, patients might not be aware of or even able to 

describe subtle symptoms of concussion. There is no standardized, sensitive, objective 

platform for concussion management in the same way that an x-ray exists for diagnosing 

a fractured bone. 

There are a range of promising tools being researched to provide objective 

assessments of direct or indirect changes following concussion (See Chapter 2.4 for 

review). However, not all of these satisfy the criteria that are specific to concussion 

assessment. Simply being able to detect the physiological presentations of injury is not 

the only requirement. A test for concussion should also be rapid, portable, and cost-

effective. Concussions occur at sports fields, arenas, rinks, in schools, et cetera. They 

are assessed on the sidelines, in ERs, and at home. A technology that can accurately 

monitor the injury must therefore be widely accessible, practical to implement, and offer 

immediate results for interpretation.  

 Many current methods tend to focus on optimizing the sensitivity and specificity 

of diagnosis, however this is only one aspect of the clinical decision-making required for 

concussion. The monitoring of the recovery process is equally as important. In fact, the 

initial diagnosis of concussion can be viewed as the easier challenge of the two because 

that is when the symptoms are most apparent. Subsequently, the more difficult 

challenge is to be able to accurately monitor the recovery such that return-to-activity 

decisions can be made without putting the patient at further risk.  
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The brain vital signs framework (Chapter 2.3) provides a potential solution for this 

challenge. It is a portable, rapid framework for objectively assessing markers of brain 

function. The brain vital signs framework was first prototyped as a tool for cognitive 

assessment using electroencephalography (EEG). However, this has not yet been 

tested in concussion. Furthermore, the initial studies to date have been completed under 

controlled laboratory environments with experienced technicians operating the EEG 

equipment [8]–[11]. Some key challenges relate to the translation of this technology from 

the laboratory to be useful for concussion monitoring at the point of care. Therefore, the 

objective of this research is to provide this scientific and technical demonstration. This is 

an important step towards providing better concussion treatment.  

1.2. Specific Overview 

The practicality of an EEG-based approach to the evaluation of concussion is 

highly dependent on quality data being recorded in a rapid time frame [12]. Accordingly, 

this dissertation proposes to address three key, unique challenges to reject the general 

null hypothesis: 

1. Firstly, validating the brain vital signs framework as an effective and 
deployable process for evaluating concussion (Chapter 3) 

2. Secondly, developing a numeric, automated assessment for the signal 
quality of EEG for robust data collection and improving the 
interpretation of results (Chapter 4) 

3. Finally, improve the speed & practicality of the EEG measurement by 
demonstrating that electric brain potentials can be predicted using 
signals recorded from distant sensor locations (Chapter 5) 

The first study demonstrates that portable, rapid brain technologies can be used 

to assess concussions in various stages of injury. This addresses a critical gap in the 

literature, which likely has not yet been achieved to date due to a lack of solutions to 

date. The second and third studies arose from technical challenges faced during this 

study: (a) that application speed is a barrier to both practicality and obtaining quality 

signal, and (b) that signal quality is a barrier to obtaining accurate clinical information. 

These relate to the central theme of developing practical EEG solutions for assessing 

concussions in uncontrolled, noisy medical environments, where rapid application and 

portability while still maintaining accuracy are important design constraints.   
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Typically, EEG signal recordings are performed in controlled laboratory settings 

for reliability and to minimise noise from external sources [13]. However, in clinical or 

athletic environments, such as at the side of a hockey rink or a waiting room in the ER, it 

is not entirely feasible to control certain variables that are easily regulated in typical EEG 

experimental setups. Firstly, the recording locations may be very different (even for the 

same participant) between sessions and may have varying levels of external noise or 

distractions present during the scans. While design factors can be incorporated to 

minimise the effect of these uncontrolled variables, it may not be possible to eliminate 

these influences on signal quality.  

Secondly, time constraints in these environments are a major barrier. While it 

may be practical to take upwards of 30 minutes to set-up an EEG scan in the laboratory 

followed by 60+ minutes of testing [14], this is not viable at the point of care. For 

example, athletes have a limited time to be diagnosed/cleared of potential concussion 

during a game to be removed or allowed back on the playing field. Furthermore, athletes 

taking part in pre-season baseline testing and physical assessments, particularly at 

youth level, have school and work schedules that need to be organized around. 

Emergency rooms need to assess as many patients as possible as rapidly as possible, 

they simply do not have the time for complex set-up processes. The current brain vital 

signs stimulus sequence has minimized the scan acquisition time to five minutes, but the 

variable setup time (even with a low number of electrodes) remains a challenge, 

particularly for inexperienced EEG operators such as coaches or athletic trainers. 

Both the skill level of the operator and the physical attributes of the person to be 

scanned (headgear, sweat, hair length, head size, etc.) can be a barrier to obtaining 

clean EEG signals. It’s not realistic to require every athletic trainer, physician or nurse to 

be an expert in EEG and thus it’s rational to expect that there may be some variation in 

the application of the basic principles of EEG used to obtain high quality signals. 

Meticulous preparation of each electrode site is typically needed to ensure sufficiently 

low skin-electrode impedance level to optimise signal-to-noise ratio (SNR) [15]. The 

lower the SNR the larger the uncertainty in the recorded measurement.  

The technical development of a portable framework for assessing concussion in 

medical environments would address these issues and create new opportunities to 
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understand how the information-processing capabilities of the brain change with 

concussion. This is a key step to providing better concussion treatment.  
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Chapter 2.  
 
Introduction 

2.1. Electroencephalography (EEG) 

2.1.1. Physics of EEG 

Electroencephalography (EEG) is a non-invasive medical imaging technique that 

records the electrical activity of the brain using electrodes placed at the surface of the 

scalp [16]. This is different to electrocorticography (ECoG) or intracranial 

electroencephalography (iEEG), where electrodes are invasively placed directly on 

exposed brain tissue.  

The propagation of EEG signals through the head can be modeled using the 

classic theory of electromagnetism, where EEG signals are electric waves and the head 

is a volume conductor [17]. The Maxwell equations of electricity and magnetism describe 

how source currents (from neuron activations) in the head can be recorded as voltages 

on the scalp.  

∇ . 𝑬 =  
𝜌

휀0
 

∇ . 𝑩 =  0 

∇ Χ 𝑬 =  − 
𝛿𝑩

𝛿𝑡
 

∇ Χ 𝑩 = 𝜇0 (𝑱 + 휀0

𝛿𝑬

𝛿𝑡
)  

Where E and B are electric and magnetic fields, J is the total current density, 𝜌 is 

electric charge density, 𝜇0 is the permeability of free space, and 휀0 is the permittivity 

constant of free space [18]. The first equation describes how the distribution of electric 

charge relates to the resulting electric field divergence (i.e. the net direction of all field 

lines passing through a closed surface). The second equation states that the resulting 

magnetic field has a divergence equal to zero. The third equation relates the spatial 
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variance of an electrical field to the time-variance of a magnetic field, and the fourth 

equation determines the properties of the area of a magnetic field around a given current 

which is changing over time (right-hand rule). In neuromagnetism, the quasi-static 

approximation of Maxwell’s Equation are used, in which the time-derivative terms 
𝛿𝑩

𝛿𝑡
 and 

𝛿𝑬

𝛿𝑡
 are neglected [18]–[20]. 

These electric fields are damped from the Debye electric-field screening effect, 

where the presence of charge-carrying neurons repel electrons in their vicinity through 

the coulomb force [21].     

2.1.2. Neurophysiological Basis of EEG 

When neurons within the brain are activated (excitatory or inhibitory), a series of 

electro-chemical reactions occur such that local electrical and magnetic fields are 

produced [16], [22]. This post-synaptic potential can be viewed as an electrical dipole. 

Given the orientation of the electrode on the skin surface relative to the cortex and the 

size difference between the footprint of an electrode and a single neuron, EEG is 

primarily a measurement of summed synchronous activation of large groups of cortical 

pyramidal neurons [16], [23], [24]. Each synapse acts like a small dynamo driving an 

alternating current in series. The summation of synchronised activity is then slow enough 

that an electrode is able to record the activity of all the neurons in its vicinity [24].  

The recorded signal at the scalp is attenuated by the conductive properties of the 

body tissues (and electrical hardware) lying between the neurons and the electrode [24]. 

This current flow through multiple tissues is possible due to both volume and capacitive 

conduction, where volume conduction occurs within tissues, and capacitive conduction 

occurs at the boundaries between separate tissue types [23]. The arrangement of tissue 

from the neurons through the meninges, skull, skin, hair, and electrode gel through to 

the electrode thus form a capacitive stack of conductive volumes separated by insulating 

layers [23].   

The electrical potential fields at the pyramidal neurons occur in three dimensions, but are 

recorded at the surface as projected two-dimensional fields [24]. Therefore, the recorded 

EEG signal is a blend of summed synchronous neural activity from near-surface cortical 

neurons combined with both physiological and electrical artifacts. However, due to 
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volume conduction and spatial smearing, each electrode also records activation from 

deep and/or distant sources [23], [25].  

2.1.3. Recording of EEG Signals 

The physical definition of electric potential requires that it be recorded as a 

differential signal between two locations [24], [26]. The minimum configuration of an 

EEG recording system thus requires at least three conductive electrodes (measurement, 

reference, and ground), a differential amplifier, and an analog to digital converter [16], 

[27].  

The differential can be recorded as a bipolar arrangement (using multiple groups 

of paired electrodes near to each other) or unipolar with a single reference (or linked 

reference array) used for all electrodes. Individual measured-referenced signals are 

referred to as “EEG channels”, and a particular EEG setup is referred to as a “montage”. 

There are a variety of common positions for the reference electrode in the literature 

(such as mastoids, nasion, earlobe, vertex) however the choice of reference typically 

only affects the absolute electrical voltages across sites with relative voltages remaining 

constant. However it is recommended to use a relatively electrical neutral area to 

minimize topographic distortions [16], [28].  

True grounding is unsafe because it increases the risk of electrical shock to the 

subject. The ground electrode in EEG systems is used to center the differential 

amplifiers at each channel to compensate for any DC offsets as well as for common 

mode rejection, that is to compensate for the interference of power line and biological 

(cardiac) noise that is picked up at all electrodes [15], [26]. The positioning of the ground 

electrode on the subject is generally irrelevant, although most EEG systems place both 

ground and reference on the head to minimise common mode sources [26].  

A consistent conductive connection between the scalp and the electrode is 

important to recording clean EEG. Dead skin cells, skin secretions, hair, and sweat 

accumulate on the scalp and these are not strong electrical conductors [15]. High 

impedance at the skin-electrode junction can then result in electrical artifacts created by 

local currents and ambient electrical fields [29]. Skin preparation prior to data collection 

generally involves cleaning and lightly abrading the skin surface under each electrode to 
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reduce the impedance [15]. Additionally, electrolytic pastes and/or gels are added to 

serve as a conductive media to facilitate good connection to the electrode through hair 

and ensure that there are no pockets of air at the junction [16].  

The amplifiers are designed with high gains, common-mode rejection ratios 

(CMRR), and high input impedances to optimise the signal-to-noise ratio (SNR) of the 

recorded EEG signal at the skin-electrode interface and amplify the signal above the 

level of noise that might be picked up further along the recording circuit [23]. A high input 

impedance can offset the effect of skin-electrode impedance without losing signal quality 

[23]. By minimizing the ratio of input impedance to skin-electrode impedance, the current 

flow is made low enough so that the corresponding voltage drop at that interface is 

minimized and as much signal voltage as possible remains to be measured at the 

amplifier [26]. This also aids in increasing the common-mode rejection ratio to help 

minimise artifacts from other external electrical sources [15]. EEG recording systems 

often include other features to increase their resistance to external noise, such as using 

pre-amplifiers built into the electrodes (active electrodes), and active/passive shielding of 

the electrode cables, or electrically shielding the recording environment itself [15], [16], 

[30].  

The first traditional standard for electrode naming and placement, the 10-20 

electrode placement system, was adopted in 1958 [31]. This divided the head into 

proportional distances (in increments of 10 and 20 percent) from major skeletal 

landmarks to provide coverage over all brain areas after which the positions are named. 

Each electrode is labelled with letters designating their respective brain areas (e.g. F-

frontal, C-central, T-temporal, P-posterior, and O-occipital), followed by numbers 

indicating laterality. Odd numbers represent the left side of the brain, and even numbers 

designate the right side (from the point of view of the subject) [16]. Numbers increase in 

value the further they are from the midline of the skull. Electrode positions along the 

midline do not receive a number, instead given a “z”. The purpose of the 10-20 system 

was to provide a reproducible method for placing a small number of electrodes [32]. 

However, there was later a need to expand the standard to accommodate higher-density 

electrode systems for more accurate signal source localization methods [32]. The 10-10 

system (Figure 2.1) describes electrode placement up to 81 channels [33], and the 10-5 

system further expands the standard for up to 300 locations. There is no optimal number 

or placement of electrodes for EEG experiments, it is highly application specific and 
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every approach has a unique set of advantages and disadvantages [16], [34]. While 

high-density EEG is used in laboratory settings for advanced temporal-spatial analysis of 

brain function, low-density systems are increasingly being designed for more portable 

solutions.  

 

2.1.4. Applications 

One of the major advantages of EEG over other imaging modalities is application 

speed and temporal resolution; brain activity can be directly recorded with millisecond 

precision [16], [25], [30]. Even a single electrode placed at a single location on the scalp 

can record multiple independent dimensions of neural information, including frequency, 

power, and phase angle [25]. 

Figure 2.1: 10-10 Electrode Placement System Layout 
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With modern advances in transistor size and data analysis algorithms, EEG 

technology has become inexpensive, lightweight and portable [12], [28]. This makes 

EEG uniquely suitable for data collection in real-world environments where the 

technology can be taken to where it’s needed [35].  

The resulting challenges is thus to separate relevant (signal) from irrelevant 

(noise) information within the EEG signal, which increases in complexity and difficulty 

with decreasing number of electrodes and samples.  

2.2. Event-Related Potentials (ERPs) 

A standard EEG recording represents the superposition of the broad span of  

ongoing neural processes related to general sensory, cognitive, and self-regulating (i.e. 

metabolism, heart rate, breathing etc.) functions. This heterogeneous mixture of brain 

activation makes it challenging to isolate individual cognitive functions in simple EEG 

recordings [36].  

Event-related potentials (ERPs) are an application of EEG that allows for the 

brain’s evoked cognitive responses to stimuli to be extracted from the raw data. This can 

provide objective, quantifiable information of how the brain processes information to 

better understand different cognitive functions [34], [36], [37]. ERPs were first discovered 

in the 1960s and have been studied extensively since, using a range of visual, auditory, 

somatic stimuli. While there may be differences in the morphology of ERPs between 

individuals, ERPs are typically highly stable within individuals even in clinical populations 

[38]. 

An ERP is the time-domain average of multiple EEG traces that are synchronised 

to experimental events [25]. ERPs are obtained by presenting a stimulus and recording a 

segment of corresponding brain activity (Figure 2.2A). A single stimulus response is 

referred to as an epoch, with the time range of the segmented window typically starting 

some period before the stimulus (typically 100ms) and extending to some time 

afterwards (typically 900ms). The pre-stimulus interval is also known as a baseline 

because it represents “resting” brain activity preceding the stimulus event. 

Individual, single-epoch responses are typically much lower amplitude than the 

surrounding EEG, so multiple iterations of the same stimulus are repeated, and the 
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responses are averaged together to form the ERP (Figure 2.2B). This signal-averaging 

process removes random noise as well the non-time-locked background EEG activity 

and keeps only the activity which is synchronised with the stimulus. The remaining ERP 

signal then, with high temporal resolution, reflects the activation of cognitive systems 

and neuronal patterns evoked by the stimulus [16], [25], [36]. These waveforms are not 

uniform across scalp locations, so ERP studies typically provide topographical 

distributions of the waveform or record data from electrode locations where maximal 

amplitudes are known to occur [36].  

Important features within ERP waveforms are generally described with respect to 

the voltage polarity and timing of different peaks within the signal, relative to the stimulus 

onset (Figure 2.2C). For example, an N100 refers to a negative peak occurring 

approximately 100ms after stimulus and a P300 refers to a positive-going peak occurring  

300ms post stimulus [36]. ERP conventions dictate that the negative axis is plotted 

upwards. Different ERP waveforms and peaks are elicited by different stimulus types 

and paradigms, so this process is repeated for each unique stimulus type. The variables 

if interest obtained from individual peaks are usually some measure of the amplitude 

Figure 2.2: The process of obtaining an ERP from an EEG trace 
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(max amplitude, peak-to-peak, average voltage over a time range, etc.) and the latency 

(latency of max amplitude, half integral latency etc.), see Figure 2.3 [25]. The amplitude 

of an ERP feature represents the extent of synchronised neural post-synaptic activity, 

i.e. the larger the amplitude the more neurons recruited to process the stimulus. The 

latency of an ERP feature shows how quickly this activation took place, i.e. the 

physiological reaction time to the processing of the stimulus. Changes in these 

amplitude and latency measures, both within and between populations, represent 

important cognitive processes and have shown to have functional and clinical 

significance [36], [39], [40]. Importantly, a range of well-established ERPs have 

demonstrated stable test-retest reliability [41], [42]. 

Despite their demonstrated potential as a clinical evaluation of a range of brain 

functions, ERP applications have typically been confined to research environments using 

time-and-resource intensive setups [10], [43]. In addition, most clinical tests for brain 

function and/or cognitive status involve behaviour-based assessments which are 

subjective and can be influenced by external motivations or other confounding factors 

[10]. However, in recent years there has been a movement towards creating rapid, 

portable ERP applications designed specifically for objective point of care assessments 

[35], [43], [44]. Early efforts were used for a rapid assessment of neurological status 

after severe traumatic brain injuries [45]. Importantly, this required validation that ERP 

features could reliably be obtained at the individual level [46].  

Figure 2.3:  Recording baseline-adjusted amplitude and maximum-peak latency 
from an identified peak 
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2.3. The Brain Vital Signs Framework 

The brain vital signs framework is an extension of this rapid ERP concept, 

incorporating key developments designed for longitudinal monitoring [10]. A brain vital 

sign is an ERP feature (peak amplitude/latency) that has been linearly transformed into a 

score for simple clinical interpretation. This preserves the underlying ERP results but 

also incorporates a normative reference comparison analogous to existing vital sign 

metrics for heart rate and blood pressure.  

The current brain vital signs framework uses a 5-min auditory stimulus sequence to elicit 

three essential ERPs: the N100 representing auditory sensation [47], the oddball P300 

representing basic attention [48], and the verbal N400 representing semantic language 

processing [49]. This is rapid in comparison to traditional ERP experiments [10]. The 

stimulus sequence employs a block design of alternating tones and word pairs (Figure 

2.4). Auditory tones are randomly distributed into 80% standard (75 dB) and 20% 

deviant (100 dB) conditions. The word pairs (prime-target) are either semantically 

congruent (e.g. bread-butter) or in- congruent (e.g. bread-window). The N100 and P300 

Figure 2.4: The composition of the brain vital signs auditory stimulus sequence 
and the related ERP components that it is designed to elicit [10] 
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ERPs are derived from the deviant tone conditions, and the N400 from the semantic 

incongruent “target” word. Ghosh Hajra et al. [10] empirically validated this approach by 

investigating cognitive differences between healthy young and older adults. Importantly, 

it was shown that the brain vital signs framework was able to capture age-related 

changes in event-related potentials that were undetected by paper-based cognitive tests. 

[10]. This has since been expanded to a visual modality [8] as well as to incorporate a 

new auditory ERP marker for contextual orientation [9].  

One of the key differences of the the brain vital signs framework relative to traditional 

ERP methods is the scoring system. Traditional ERP metrics are presented in microvolts 

(amplitude) and millisecond (latency) units. For each brain vital sign (i.e. an individual 

ERP amplitude or latency), the measured score (𝑥) is compared to a distrubution of a 

population of priorly-recorded scores for that component. This can be age or 

demographic matched to the study population. Depending on where the measured value 

falls relative to the reference population, it is allocated a score between 0 and 100. 

Larger amplitudes and decreased latencies (i.e. faster response times) equate to higher 

scores, smaller amplitudes and increased latencies equate to lower scores. These 

scores were referred to as Elemental Brain Scores (EBS) in the original brain vital signs 

paper [10] but will be referred to simply as “scores” in this thesis.  

For this thesis, the mean (𝜇) ± three standard deviations (𝜎) of the reference database is 

used (Figure 2.5, Table 2.1). Other work in brain vital signs has also used the maximum 

and minimum values [8], [10]. Importantly, unless between-subject statistical 

comparisons are being made relative to the reference database (i.e. percentiles), this 

translation is arbitrary and does not require assumptions of normality.  

The linear translation maintains relative differences between measurements (analagous 

to a temperature conversion from celcius to fahrenheit) but outputs a score that is more 

intuitive to a non-specialist to understand and also allows for comparison of multiple 

different brain vital signs (and related changes over time) on the same scale.  
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Table 2.1:  Calculation of Elemental Brain Scores from ERP amplitudes and 
latencies 

 Amplitudes Latencies 

𝑖𝑓: 𝑥 > 𝜇 + 3𝜎 EBS = 100 EBS = 0 

𝑖𝑓: 𝜇 − 3𝜎 < 𝑥 < 𝜇 + 3𝜎 EBS = |
(𝜇+3𝜎)−𝑥

6𝜎
| EBS = |

𝑥−(𝜇−3𝜎)

6𝜎
| 

𝑖𝑓: 𝑥 < 𝜇 − 3𝜎 EBS = 0 EBS = 100 

 

This application has required literature-derived and experimentally validated 

methodological modifications from traditional lab-based ERP studies [9]–[11], [44], [50]–

[52]. In prior research in ERPs and brain vital signs, different methodological factors that 

are particularly important for individual level analyses (e.g., filter settings, baseline 

adjustment, compressed sequences, etc.) have been explored [9]–[11], [44], [50]–[52]. 

This work has led to the current optimized implementation, benchmarked to traditional 

techniques [11], and which can continue to be improved towards the application of 

individual-level monitoring.  

Figure 2.5: The referenced scoring system to generate brain vital signs scores 
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For a comprehensive review of how to design, conduct, and analyze event-

related potentials, refer to “An Introduction to the Event-Related Potential Technique” by 

Luck [53] and “Electroencephalography: basic concepts and brain applications” by 

Gawryluk and D’Arcy [37]. For more information on the specific ERP components used 

in the brain vital signs framework, refer to “The N1 wave of the human electric and 

magnetic response to sound: A review and an analysis of the component structure” by 

Näätänen and Picton [54], “Updating P300: An integrative theory of P3a and P3b” by 

Polich [55], and “Thirty years and counting: Finding meaning in the N400 component of 

the event related brain potential” by Kutas and Federmeier [56].  

2.4. Concussion 

2.4.1. Background 

Concussion in sport is a global public health issue. There are between 1.6 million 

and 3.8 million sport-related concussions per year in the USA alone [57]. Concussions 

occur frequently in collision sports such as ice hockey, where players routinely sustain 

both direct head contact and indirect force transmission to the brain as a result of body 

checking, incidental or illegal collisions, and fighting [58]. There is a growing concern 

because a history of concussion is potentially associated with persistent mental health 

and cognitive impairments later in life in some athletes [59] and may result in an 

increased risk of progressive neurodegenerative disease [60] 

Accurate clinical decision-making is important for concussion management to 

achieve the goal of safely returning the patient to activity (sport, work, school etc.). 

Neural tissue requires sufficient time to heal after injury and athletes are susceptible to 

potentially far more severe re-injury if cleared to return before fully recovered [61]. 

However, there is mounting evidence demonstrating that neurophysiological and 

cognitive impairments persist even after the observable clinical signs and symptoms 

have subsided [5], [7], [62]. This further demonstrates that direct cognitive assessments 

are important for better management of concussion [5]. 

Recent evidence suggests that subconcussive impacts can also accumulate over 

time to create functional and structural brain impairment historically thought to occur only 

in acute concussive injuries [63]–[66]. Subconcussive impacts are those which occur 
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often during regular activity (i.e. heading the ball in soccer) but fall well below the 

threshold for injury detection. There is no known objective assessment designed 

specifically to measure the effects of subconcussive impacts. Indeed, all current 

concussion protocols are based on an affirmative diagnosis or suspicion of injury. 

There is therefore a growing urgency to develop practical approaches that use 

objective, physiological measures, which are also rapidly and easily deployable in both 

sport and clinical settings. This is necessary to understand how both concussive and 

subconcussive impacts affect the brain and develop better solutions for clinical care. 

2.4.2. Concussion Testing 

Sports medicine professionals are limited by a lack of access to sensitive, 

objective measurements to assist with evidence-based treatment decisions [5], [58]. 

Currently, clinical management of concussions (i.e. confirming diagnoses and monitoring 

return-to-activity) remain highly individualized and subject to clinical judgement over 

objective testing [5]. This is a major challenge for clinicians, particularly in situations 

when patients can be highly motivated to return to activity as soon as possible such as 

with competitive sports or in the military [61]. Furthermore, reliance on patient-reported 

subjective information can result in situations where patients either do not recognize, do 

not-report, under-report, or mask symptoms to speed up the return process [58], [62], 

[67].  

It is evident that objective testing mechanisms are required to removes any 

subjective bias and provide clinicians with evidence-based information so that they can 

provide the best standard of care. This is an emerging area of research, with some 

promising research studies integrating research of objective concussion testing methods 

with clinical practices [68].  

Postural and gait assessments can provide relevant insight into changes in the 

sensorimotor systems after concussion [69]. However, many studies have failed to 

demonstrate relevant validity in detecting concussion [70], and it is recommended that 

these should be used only in combination with other measures for better specificity [68], 

[69], [71]. Furthermore, the sensitivity to detecting injury has shown to decline in the 

days post-injury [68].  
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Oculomotor function is a similarly disrupted neural system after concussion, and 

changes in rapid-eye movements and object tracking are present after brain injury [71], 

[72]. However, these are yet to demonstrate sufficient accuracy or reliability to be used 

for clinical diagnostic or monitoring purposes [72], [73]. 

Computer-based neurocognitive testing can show changes in cognitive functions 

such as verbal/numeric memory, learning, reaction time, and decision-making with 

relative ease of application. However, a  2017 meta-analysis showed that these tasks 

have low reliability [74]. While they may be useful immediately after an injury, the 

sensitivity also decreases soon afterwards making them unsuitable for long-term 

monitoring and return-to-play assessments [68].  

Another recent review also assessed the efficacy of advanced neuroimaging 

technologies, including functional Magnetic Resonance Imaging (fMRI), diffusion tensor 

imaging (DTI), magnetic resonance spectroscopy (MRS), and transcranial magnetic 

stimulation (TMS). It was concluded that these can be very useful for better researching 

the pathophysiology of injuries but require further validation as diagnostic tools [75]. 

Blood biomarkers have shown to be useful in diagnosing concussion in the early 

stages of injury, although many suffer from a lack of specificity [76]. The Food and Drug 

Administration (FDA) has recently approved a blood biomarker assessment to detect 

brain injuries in adults [77]–[79]. However, this was designed as a screening test to 

reduce the number of Computed Tomography (CT) scans performed on patients 

suspected with concussion. It is not suited for longitudinal monitoring and has limited 

utility as a sideline assessment. It is unclear if blood biomarker methods are useful for 

helping clinicians understand the recovery process.  

Finally, genetic testing has shown promise for predicting individually-variable 

outcomes related to concussion, such as susceptibility and recovery-rate [75], [80], [81]. 

While these can be useful clinical correlates, they are not useful for monitoring of injury 

status.  

Furthermore, many of these approaches are not entirely suitable as practical, 

point-of-care assessments. Besides just being accurate to the presentations of brain 

injury, an objective test for concussion should also be rapid, portable, and cost-effective. 

The tests that do satisfy these criteria are also not direct measures of brain function and 
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have limited sensitivity over the time-course of injury. This is an important challenge 

which is yet to be solved. 

2.4.3. ERPs and Concussion 

Concussions lead to neurophysiological changes and impairments in information 

processing, and these can be reliably and objectively measured using ERPs [82]. ERPs 

are sensitive to cognitive dysfunction with established test-retest reliability, making them 

well suited and empirically validated as a sensitive measure of concussion-related 

impairments [41], [83]. In fact, ERP applications in concussion have been well studied in 

the literature, particularly with the P300, but have not yet been practically adapted to 

widespread implementation in sport or clinical venues [5]. Furthermore, there has been 

no published research of concussion effects in ERPs in the early acute phase (<24 

hours) of injury. A 2018 review of the literature [84] reported the soonest evaluation of 

ERP amplitude and latency changes post-concussion occurred one week after injury 

[85], with the remainder of studies reviewed by taking place weeks [86], months [82], 

[87]–[90] and the majority years after injury [91]–[100].  
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Chapter 3.  
 
Clinical Feasibility Study – Analysis of Brain Vital 
Signs and Concussion  

The contents of this chapter have been adapted from [101]: 

Fickling, Shaun D., et al. "Brain vital signs detect concussion-related 

neurophysiological impairments in ice hockey." Brain 142.2 (2019): 255-262. 

This can be accessed at https://doi.org/10.1093/brain/awy317.  

3.1. Introduction and Objectives 

There is a well-established need for a numeric, physiology-based approach for 

concussion assessment. Brain vital signs have shown potential as a rapid and portable 

tool for evaluating metrics of brain function. Furthermore, ERPs have widely been used 

to demonstrate changes in brain processing as a result of concussion through changes 

in amplitudes and latencies. However, most of these studies have been retrospective 

and none were performed at or near to the time of injury (See 2.4.3). 

Therefore, the primary objective of this study was to validate the use of the brain 

vital signs framework at the point of care for concussion management, particularly in the 

immediate acute phase of injury. A group of Ice Hockey athletes were monitored over 

the course of a playing season. All athletes were scanned before the season started 

(baseline); if any athletes were diagnosed with a concussion, they were scanned within 

24 hours of injury, and again after they passed their independent return-to-play 

protocols. Finally, all athletes were scanned at the end of the season.  

3.2. Hypothesis 

The hypotheses for this study were: 

https://doi.org/10.1093/brain/awy317
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(I) Brain vital signs scores would change over time with clinical concussion 

status. Specifically, that amplitude and latency scores would decrease from baseline to 

post-concussion, and then increase from post-concussion to return-to-play (Figure 3.1) 

(II) After the athletes had passed their clinical return-to-play evaluations, not 

every score would have returned to baseline (i.e. some metrics may remain significantly 

different to baseline consistent with literature [5], [7], [62])  

(III) Due to the emerging evidence regarding accumulated subconcussive 

impairment, a secondary exploratory analysis also examined pre-to-post season 

changes in non-concussed athletes.  

3.3. Methods 

3.3.1. Participants 

Forty-seven, Tier III Junior-A competitive ice hockey players (age 18.49 ± 1.03 

years, height 1.82 ± 0.06m, weight 80.91 ± 6.74 kg) were recruited over two seasons, 

Figure 3.1:  Hypotheses I and II for brain vital signs changes post-concussion.  
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including twenty-seven forwards, thirteen defenders, and seven goaltenders. Seventeen 

players self-reported zero previous concussions, twenty-four reported between one and 

five prior concussions (mean: 1.71 ± 1.02), and six did not report.  

Each player provided informed, written consent obtained according to the 

Declaration of Helsinki and approved by the ethical committees of the Mayo Clinic 

Institutional Review Board and Simon Fraser University Research Ethics Board. For 

participants under the age of eighteen that were enrolled in the study, both parental 

consent and minor assent were obtained. All individuals were required to be active 

players on the team, fluent in English, and with normal hearing. Team physicians were 

the primary healthcare providers. Brain vital signs data were recorded in parallel with 

routine clinical concussion management protocols and ERP results were not used to 

inform any clinical decisions. Players were assessed within twenty-four hours of their 

concussion, and again when they passed the concussion protocol for returning to play 

as determined by the medical staff. All athletes remaining in the study at the end of the 

season were also scanned. All scans were completed at the point of care either at local 

medical facilities or rink-side in the ice-hockey arena. 

During the season, participants played between one and forty-eight games 

(mean: 26.91 ± 14.8, median: 30). Forty-three participants completed baseline testing. 

Baseline data were collected at rest, during the time of their pre-season physical 

examinations. Ten of these players were clinically diagnosed subsequently with a single 

concussion during their season, one was diagnosed with two concussions, and one was 

diagnosed with three concussions. Only the first concussion of each player was included 

(n= 12) in the analysis. The time from concussion to return-to-play ranged from four to 

seventy days (mean: 16.67 ±  17.53, median: 11). Thirty-one players were not 

diagnosed with a concussion during their respective seasons following baseline testing. 

Twenty-three of these also completed post-season testing (age 18.74 ± 0.89 years, 

height 182.8 ± 6.01cm, weight 79.97 ± 7.11kg), including fifteen forwards, five 

defenders, and three goaltenders, and played between two and forty-eight games (mean 

30.65 ± 11.66, median 31). Six of the thirty-one were traded away mid-season and two 

were unable to complete post-season evaluations because of technical difficulties. 
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3.3.2. Data collection 

EEG data were recorded from three midline scalp electrodes (FZ, CZ, and PZ) 

using a portable 8-channel g.Nautilus system (gtec Medical Engineering) and a custom 

auditory stimulus delivery system (Ghosh Hajra et al., 2016) running on a portable laptop 

(Figure 3.2). g.GAMMAsys gel was applied to each electrode location for conductivity. A 

reference electrode was attached to the right earlobe and three disposable Ag/ AgCl 

electrodes were used for ground (forehead), and electro-oculogram recording from the 

supra-orbital ridge and outer canthus of the left eye. Skin-electrode impedances were 

maintained below 20 kΩ at each site. To reduce motor and ocular artifacts, participants 

were instructed to sit motionless and maintain visual fixation on a crosshair positioned at 

eye-level two meters away.  One run of the five-minute stimulus sequence was collected 

per participant at each time point.  

3.3.3. Event-related potential processing 

Data were processed in MATLAB (Mathworks, USA). A fourth order Butterworth 

filter (1–10 Hz) and a custom Notch filter (60 Hz) were applied to the raw EEG data. 

Figure 3.2:  Experimental Setup 
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Adaptive filtering was implemented to correct for ocular artifacts as recorded by the 

electro-oculogram electrodes [102]. ERPs were derived through segmentation (range: -

100ms pre-stimulus to 900ms post stimulus), baseline correction, and conditional 

averaging [103]. Manual template matching identified ERP peaks (N100, P300, N400) 

through the assessment of polarities within expected temporal ranges [104]. ERP 

features were then evaluated for both peak latency and baseline-adjusted amplitude 

(Figure 2.3), for a total of six measures. 

3.3.4. Linear Translation to brain vital signs  

The reference transformations were derived from the entire healthy baseline 

group (n = 43), using the group mean ± 3 standard deviations to generate the six brain 

vital signs scores on a scale of 0–100 (see 2.3). Larger amplitudes and smaller latencies 

equate to higher scores, smaller amplitudes and larger latencies equate to lower scores 

(Figure 2.5). To confirm that there were no significant differences between baseline 

scores of the concussed group (n = 12) and the remainder of the baseline sample (n = 

31), 1000 iterations of a non-parametric bootstrapping test was performed. For each 

iteration, a random permutation (without replacement) of 12 datasets was drawn from 

the non-concussed group (n = 33) and compared to the 12 baseline scores of the 

concussed group with independent t-tests. The number of iterations that the t-test null 

hypothesis was rejected (i.e. that the sampled groups were significantly different) was 

recorded. If this number is below 5% then the overarching null hypothesis, that the 

baseline scores of the concussed and non-concussed groups are equivalent, cannot be 

rejected.  

3.3.5. Statistical analysis 

Statistical analysis was performed using JMP (Version 13.1.0, SAS Institute Inc., 

Cary, NC, 1989-2017). Scores were compared using a repeated-measures ANOVA [full 

factorial standard least-squares mixed-model; fixed effects: brain vital signs and time; 

random effects: subject; false discovery rate (FDR) corrected] with post hoc two-tailed 

paired t-tests. Results are presented as mean (± standard deviation). All six brain vital 

signs scores were plotted on standard radar plots to characterize group changes across 

baseline, concussion, and return-to-play time points. p < 0.05 denotes significance. 
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3.4. Results 

3.4.1. Distribution of Concussed vs Non-concussed Groups 

The non-parametric bootstrap analysis of the distributions of the baseline scores 

from the concussed and non-concussed groups showed significant differences between 

subsamples for: N100 amplitude (0.6%), N100 latency (1.4%), P300 amplitude (0.4%), 

P300 latency (2.0%), N400 amplitude (0.2%), and N400 latency (0.8%). Boxplots of 

these distributions are shown in Figure 3.3. 

 

3.4.2. Concussion Analysis 

Bar graphs (Figure 3.4A) and corresponding point-line plots (Figure 3.4B) 

indicate the changes for group mean and individual brain vital signs components for 

each participant respectively. Radar plots show grouped profiles for brain vital signs 

depicting group mean changes across the test points (Figure 3.5). Representative ERP 

waveforms from the tone (Figure 3.6A) and incongruent semantic word-pair (Figure 

3.6B) stimuli demonstrate these changes on an individual, electrophysiological level. The 

omnibus ANOVA showed significant interaction effects for brain vital signs and time 

[F(10110) = 5.55, FDR LogWorth = 5.457, FDR p<0.0001]. Post hoc t-tests indicated 

significant differences between baseline and concussion in all six elemental brain 

scores: auditory sensation (N100) amplitude increased [t(11) = 3.36, p = 0.0064], 

auditory sensation (N100) latency decreased [t(11) = -2.90, p = 0.0144], basic attention 

Figure 3.3:  Boxplots of baseline scores of the non-concussed (n = 31) and 
concussed (n =12) groups, with bootstrapped statistical results. If 
the bootstrap percentage is below 5% then the null hypothesis, that 
the baseline scores of the concussed and non-concussed groups 
are equivalent, cannot be rejected. 
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(P300) amplitude increased [t(11) = 3.32, p = 0.0069], basic attention (P300) latency 

decreased [t(11) = -3.32, p = 0.0069], cognitive processing (N400) amplitude increased 

[t(11) = 2.54, p = 0.0275], and cognitive processing (N400) latency decreased [t(11) = -

2.28, p = 0.0435]. There were significant differences from concussion to return-to-play in 

four: auditory sensation (N100) amplitude decreased [t(11) = -3.23, p = 0.0080], auditory 

sensation (N100) latency increased [t(11) = 2.65, p = 0.0227], basic attention (P300) 

latency increased [t(11) = 2.63, p = 0.0236], cognitive processing (N400) amplitude 

decreased [t(11) = -2.29, p = 0.0429]. Finally, a significant increase was observed from 

baseline to return-to-play in basic attention (P300) amplitude [t(11) = 2.24, p = 0.0466]. 
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Figure 3.4:  (A) Bar graphs of brain vital signs scores at baseline, after concussion, and return-to-play time points. (B) 
Corresponding test point comparisons for individual subjects. (C) Radar profiles  

* p < 0.05, ** p < 0.01 – relative to baseline. † p < 0.05, †† p < 0.01 – relative to post-concussion. 
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Figure 3.5: Radar profiles of grouped brain vital signs scores.  
* p < 0.05, ** p < 0.01 – relative to baseline. † p < 0.05, †† p < 0.01 – relative to post-concussion. 
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Figure 3.6:  Individual representative ERP waveform for concussion, showing 
raw ERP changes in N100, P300, and N400 ERPs resulting from 
Deviant Tones (A) and Semantic Incongruent Word Pairs (B) at 
baseline, post-concussion, and return-to-play time points 
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3.4.3. Subconcussion analysis 

For the non-concussed group, radar plots show profiles for brain vital signs 

depicting group mean changes from baseline to post-season (Figure 3.7A). The ANOVA 

showed a significant effect for time across all six brain vital signs [F(1,22) = 13.042, FDR 

LogWorth = 2.333, FDR p = 0.0047]. Post hoc t-tests identified a significant decrease in 

the cognitive processing index (N400) for latency [t(22) = -2.788, p = 0.011]. The total 

score was also significantly reduced in post-season [t(22) = -3.611, p = 0.002], as shown 

in Figure 3.7B. Figure 3.8 demonstrates representative ERP waveforms of a single 

subject, showing the N100 (Figure 3.8A), P300 (Figure 3.8A), and N400 (Figure 3.8B) 

responses. 

Figure 3.7:  (A) Radar profiles of brain vital signs scores at baseline and post-
season for the non-concussed group. *P < 0.05. (B) Test point 
comparisons for the sum of individual elemental brain scores for 
each participant in the non-concussed group. ** denotes P < 0.01. 
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3.5. Discussion  

3.5.1. Concussion  

The omnibus ANOVA test demonstrated highly significant interaction effects for 

brain vital signs and time. This means that the brain vital signs scores are changing 

significantly over the different clinical time points (baseline, concussion, and return-to-

play). This rejects the null hypothesis for Hypothesis I, that there is no difference 

between time points. 

Figure 3.8:  Individual representative waveforms for a participant in the non-
concussed group, showing raw ERP changes in N100, P300, and 
N400 ERPs resulting from Tones (A) and semantic word pairs (B) at 
baseline, and post- season. 
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Post-hoc t-tests demonstrated significant changes from baseline to concussion in 

all six metrics, as shown in Figure 3.4. Specifically, Figure 3.4 shows increased scores 

for all amplitude measures (larger averaged voltage response) and decreased scores for 

all latency measures (slower processing speed). The original hypothesis was that both 

amplitude and latency scores would decrease post concussion. However, the direction 

of score changes from baseline to post-concussion were subsequently reversed from 

post-concussion to return-to-play (Figure 3.4). This strongly implies that the directional 

changes in brain vital signs are closely associated with the diagnosis of injury as well as 

the clinical recovery and resolution of symptoms. Additionally, this reversal of 

concussion-related brain vital signs score changes during the recovery period also 

indicate that the post-concussion changes are not a result of repeated exposure to the 

stimulus sequence. Figure 3.4B demonstrates that these observed brain vital signs 

changes may be present at the individual level, although this was not uniform within the 

group with some variance across individuals.  

Few longitudinal studies have looked at ERPs immediately post-concussion. To 

date, most of the literature has focused on longer-term effects of injury. The latency of 

the basic attention component (P300) has been shown to be delayed in the acute stage 

of injury [86] as well as in athletes with a history of concussion [93]. However, to our 

knowledge, the cognitive processing (N400) latency effects are novel. N400 latency 

delays represent a delay in semantic processing suggesting the initial demonstration of 

cognitive changes post-injury [11], [35], [39], [104], [105]. 

The significant increase in response amplitudes in the acute stage of concussion 

also appears to be a unique finding. Most studies have reported decreases in amplitude 

in the N100 and P300 components in symptomatic athletes some time after a 

concussion [86] as well as in athletes with a history of concussion [97]. Ledwidge and 

Molfese [94] did report an increase in P300 amplitude in athletes with at least one prior 

concussion, but this was not recorded immediately post-injury. The authors attributed 

this increase to compensatory neural activity after injury to meet executive function 

demands. It is also possible that these amplitude increases resulted from disrupted 

excitation/inhibition networks and heightened sensitivity to noise, which are both 

commonly reported symptoms of concussion [61]. The hypothesis for this study was that 

ERP amplitudes would decrease immediately post-concussion. However, the direction of 

changes relative to clinical status (increase from baseline to concussion and subsequent 
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decrease from concussion to return-to-play) suggests that this is not a random effect and 

is instead related to the complex chain of neurometabolic events that occurs at a cellular 

level within the first hours after injury. This finding requires further validation on larger 

sample sizes with on-ice controls.  

The basic attention amplitude (P300) measure remained significantly different 

from its baseline value at the return-to-play time point (Hypothesis II). The continued 

deviation in this measure of basic attention, relative to baseline, suggests that 

concussed players who were cleared for return-to-play still had objective, physiological 

deficits as detected by brain vital signs assessment. Persistent attention impairments are 

a common symptom related to concussion [7]. These results reinforce the notion that 

current clinical protocols should be supplemented with objective measures to more 

accurately assess the concussion injury spectrum and prevent players from returning to 

play ahead of full recovery [58]. 

3.5.2. Subconcussion 

The omnibus ANOVA detected significant group-level changes in brain vital signs 

over the course of season of ice hockey in athletes that were not diagnosed with a 

concussion (Hypothesis III). This rejects the null hypothesis that there is no difference 

between time points in this group. Post-hoc testing showed a significant reduction in 

cognitive processing latency scores, as measured by the N400 component. This result is 

consistent with the post-concussion changes in the concussed group, and suggests that 

cognitive semantic processing may be a particularly sensitive indicator of 

neurophysiological processing [35], [39], [104], [105]. In the absence of a diagnosed 

concussion within this group it is possible that these changes could be related to (a) 

undiagnosed concussions that occurred during the season or (b) accumulated injury 

from repeated exposure to subconcussive head impacts.  

These changes are consistent with MRI assessments of subconcussive 

accumulation in athletes [63], [64]. In the only similar study found using EEG and ERPs, 

no differences were reported between pre-season and postseason in the P300 ERP 

[106]. This is consistent with the P300 results in this study, also showing no difference 

from pre-to-post season (Figure 3.7). No other study has yet looked at the N400 ERP 

component in healthy athletes. The observed effects are thus novel and suggest that 
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cognitive semantic processing may be a particularly sensitive indicator of head-impact-

related changes in neurophysiological processing. These changes underscore the 

importance of investigating subconcussive impairment caused by repetitive sub-clinical 

head impacts. It will also be important to understand whether the observed changes 

reflect a general reduction in cognitive information processing or a specific reduction in 

semantic processing.  

However, without a control group for comparison it is not possible to reject that 

these changes may also be caused from some experimental or physiological effect other 

than head impact exposure, but the similarity to emerging literature suggests that this 

warrants further consideration. It is possible that the N400 latency changes resulted from 

a semantic learning effect from a second exposure to the stimulus sequence, although 

this is unlikely given the lengthy time between the pre-season and post-season 

assessments.  

3.5.3. Radar Profiles 

The radar profiles (Figure 3.5, Figure 3.7A) present a unique method of 

visualizing multivariate changes in brain vital signs over time. Baseline brain vital signs 

showed a hexagonal profile, with all six metrics in healthy normative ranges. It is quite 

noteworthy that the systematic amplitude increases and latency decreases across all 

three responses resulted in a triangular profile associated with concussion. The profile 

largely reverted to a hexagonal shape at the return-to-play time point, but still displayed 

some of the persisting score impairments in relation to baseline values. While these 

were obtained from averaging across participants, these patterned profiles of healthy 

and injured states may have important potential as both a clinical visualization tool and 

injury classification tool.  

3.5.4. Limitations 

Some caveats to this study should be considered. A larger sample of male 

hockey players completed baseline testing (n=43), but these main findings are based on 

smaller groups (n=12) of players who sustained a concussion; with some evidence of 

individual variability (Figure 3.4B). Furthermore, of the 31 non-concussed players that 

completed baseline testing, only 23 completed post-season testing. These small sample 
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sizes make it difficult to generalize the results and may violate some other statistical 

assumptions for the ANOVA and t-tests. Larger sample sizes should be used to confirm 

these results and application across other populations. Additional time points should also 

be collected to better characterize recovery patterns and timelines.  

It cannot be assumed that the observed brain vital signs changes, while 

statistically significant, are clinically relevant without an empirical definition of healthy 

versus impaired brain vital signs changes. This would require a much larger sample of 

both healthy and concussed athletes to establish. Furthermore, it would be important to 

understand the differences in variance across individuals both within and between 

sessions as well as the variance between individuals.  

There are also variety of external (i.e. not related to injury) factors that could 

account for some changes in ERP amplitudes and latencies, such as differences 

environmental noise and number of audiovisual distractions present at the recording 

locations. Even varying levels of electrode impedance and sweat from cephalic skin 

potentials can have an effect on the recorded ERP [15]. Based on the nature of 

concussion injuries, particularly in those related to sporting activity, it is only possible to 

measure subacute post-concussive changes in environments that are uncontrolled. 

However, it is still possible to incorporate methodological factors to address these 

elements that may otherwise create additional noise or distractions. For example, in this 

study, data were consistently recorded in private rooms using methodologies designed 

to recreate a controlled laboratory environment as best as possible (e.g. external noise 

and light control, visual fixations, consistent acquisition conditions between sessions, 

etc.). While the level of physical activity also varied between time points, athletes were 

completing their pre-season fitness exam and active practices during the baseline exam. 

Nonetheless, there will always be a degree of uncontrollable factors in point-of-care 

deployment and future studies will help to better understand the relative influences of 

these factors. 

Finally, a major limitation in this study was related to the practical application of 

recording EEG and ERPs at the point of care. In addition to dropout from player 

transfers, some scans were lost due to poor signal quality from incorrect application of 

the EEG equipment. Finally, scheduling and maintaining the schedule of scan times for 
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preseason and post-season testing was challenging due to the inconsistent set-up time 

of the EEG equipment.  

3.5.5. Future Work 

Future studies should also verify the current concussion profile across various 

factors such as longer-term recovery, different sports, age ranges, sex differences, and 

levels of participation as well as non-athlete control populations for comparison. Athletes 

should be assessed more regularly throughout the season (before and after individual 

games) as well as into the off-season to establish if any accumulated effects resolve 

spontaneously with rest. 

Matched-control groups should be implemented to reject the possibility of 

experimental effects. Concussed athletes could be randomly paired with a non-

concussed player from the same game for comparison with “rink-side” normative 

profiles. Athletes from non-contact sports can be recruited for comparison to the non-

concussed group to validate if the changes are due to accumulated subconcussive 

impacts. 

Individual differences in brain vital signs scores should be characterized along 

with concussion frequency and symptom-related variables to better understand 

variations in individual, heterogeneous recovery processes post-injury. Brain vital signs 

changes should be compared to head impact exposure from video or accelerometry, as 

well as other structural imaging modalities such as diffusion tensor imaging. Relation to 

standardized clinical cognitive tests, brain-imaging modalities, and biomechanical factors 

will be important to further validate the brain vital signs framework. 

 The potential for integration of the radar “shape” profiles with machine learning 

methods to provide further classification at the individual level should also be explored. It 

would also be important to evaluate any differences in scores in the concussed group at 

the end of the season to monitor if the persistent attentional changes return to baseline 

while the athletes continue to play contact sports. This would also allow for a pre-post 

season comparison to the non-concussed group. Unfortunately, in this study, 4 (30%) of 

the end-of-season scans on concussed group were not recorded due to player transfers, 
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retirements, and technical challenges and thus this time point was not included in the 

analysis.   

 Changes in brain vital signs can be correlated with clinical time to return-to-play 

to assess if any variables measured post-concussion can prospectively predict recovery. 

Additionally, differences in brain vital signs measured between players of different 

height, weight, playing position, or even playing style (i.e. physical, aggressive) should 

be explored. Additional work is needed to assess normative variance of healthy 

populations to better contextualize the extent of impairment with respect to the degree of 

deviations from baseline (both within and between individuals). Furthermore, test-retest 

reliability of the brain vital signs stimulus sequence in uninjured populations should be 

established.  

Finally, a true normative reference database that is demographic matched to the study 

population should be collected and implemented for the linear transformation. Scores 

obtained from this transformation would thus represent population-normed percentiles 

and might have more clinical relevance, particularly in cases where a baseline 

measurement was not recorded [107]. 

3.5.6. Clinical relevance 

The results demonstrate the importance of an objective evaluations for 

concussion. They address a major challenge faced by clinical practitioners—the lack of 

practical, objective, evidence-based approaches deployed at the point of care to inform 

critical decisions for concussion management on sports [5], [58], [108]. (See 2.4.2). 

EEG-based approaches such as the brain vital signs framework offer a unique and rapid 

solution to this problem, based on well-established objective physiological measures of 

brain function. We have shown that this framework is sensitive to the longitudinal effects 

of concussion.  

This framework, in its current format, is not a binary diagnostic tool (i.e. 

classifying injured/non-injured). However, directional changes in brain vital signs after 

injury can be useful for a clinician seeking additional objective information with which to 

make a more informed diagnosis. This would also be useful to monitor the longitudinal 

recovery process after concussion and make more objective return-to-play decisions. 
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This is important, considering the concerns regarding the risks of returning an athlete to 

sport too early and the long-term effects of repetitive head impacts (See 2.4.1). This may 

also be useful as part of a battery of concussion tests, given that multidimensional 

assessments have shown increased sensitivity and specificity relative to univariate 

measures [109], [110].  

This also has implications for concussion research. The longitudinal time-course 

of concussion-related effects in EEG is poorly studied (See 2.4.3). Access to a portable, 

rapid framework for EEG assessment would allow researchers to form a more complete 

understanding of how concussion affects the brain both (1) immediately after injury at 

the point of care, and (2) in the weeks, months, and years afterwards. Furthermore, 

there is very little information in the literature regarding the onset of subconcussive 

impairment. A sensitive framework for detecting changes in brain function could be used 

to better understand the accumulation of subconcussive impairment over the course of a 

season. Finally, with validated objective markers for concussion, it would also be 

possible to more accurately assess the effects of any potential pharmaceutical or 

physical therapy treatments [58]. 

This emphasizes the need for continued implementation of the brain vital signs 

framework, as deployable at the point-of-care to better enable the evaluations of 

concussive and subconcussive impacts on brain function. 

3.6. Conclusion 

Brain vital signs were sensitive to the effects of concussion in hockey players, 

specifically detecting significantly increased amplitude and delayed latency scores for all 

six measures after injury (Hypothesis I). Significant changes remained in basic attention 

(P300) amplitude at return-to-play, indicating persistent impairment undetected by 

current protocols (Hypothesis II). In the non-concussed group, there was also a 

significant change between baseline and post-season with specific decreases in 

cognitive processing (N400) speed and overall total score (Hypothesis III).  

EEG is a portable tool that is well suited to applications at the point of care, and 

the brain vital signs framework has shown utility as a sensitive measure of neurological 
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changes post concussion. However, some key technical and practical challenges are 

required to be solved for this technology to be effective at the point of care.  
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Chapter 4.  
 
The EEG Quality Index 

The contents of this chapter have been adapted from [111]:  

Fickling, Shaun D., et al. "Good data? The EEG Quality Index for Automated 

Assessment of Signal Quality." 2019 IEEE 10th Annual Information Technology, 

Electronics and Mobile Communication Conference (IEMCON). IEEE, 2019.  

This can be accessed at 10.1109/IEMCON.2019.8936246. © 2011 IEEE. 

4.1. Introduction 

A key challenge for using EEG in real-world and real-time applications relates to 

the need for it to be both rapid and automated. EEG is affected by multiple sources of 

noise which can severely distort the recorded signal [112]–[116].  

Artifacts in EEG are related to either hardware or physiological interference with 

the recorded signal [16]. External artifacts arise from electromechanical interactions with 

the EEG equipment from: electrical grid interference (50-60Hz), cable and electrode 

movements, broken wire contacts, insufficient electrode gel, low battery, loss of 

communication, or amplifier drift. Internal artifacts are non-EEG physiological signals 

specific to the individual that are also recorded by the electrodes such as: eye 

movements (blinks, saccades), body or head movement, facial muscle activation (EMG), 

jaw clenching, swallowing, talking, breathing, and cardiac activity (heartbeat, 

pacemaker). Sweat can also affect the signal through changing the skin potentials over 

time. Artifacts typically present with a different shape and larger amplitude than 

background EEG [16], [23], [115]. 

Some sources of signal noise can be controlled experimentally or behaviourally 

but most are principally unavoidable [23], [34], [114]. To mitigate the effect of noise, EEG 

data processing has historically been slow, manual, and labor intensive [38]. Complex 

headsets with a high density of electrodes are used with a painstaking setup process in 

controlled environments to obtain the best connection possible. Using high-density 

https://doi.org/10.1109/IEMCON.2019.8936246


41 

electrode arrays, independent component analysis (ICA) and other statistical algorithms 

can be performed to denoise signals [114]–[116]. High-noise electrodes also can be 

removed and/or recreated using a combination of data from nearby electrodes [117]. In 

some cases, EEG can also be collected in an electrically shielded room or chamber to 

limit the influence of electrical noise [118]. Unfortunately, none of the above-listed 

techniques for reducing signal artifacts are feasible in EEG recordings in real-world 

environments using a low number of electrodes. A key design requirement of portable 

EEG is to be both rapid and practical; the setup-time and lack of portability of high-

density systems makes their use impractical for these applications [12].  

While some novel signal-processing algorithms are being developed to reduce 

the effect of certain artifacts within sparse EEG arrays [119], [120], these are typically 

only developed for single-purpose applications or for single types of artifacts at a time. 

Even-so, these methods are not able to automatically address a fundamental question 

faced by EEG experts when processing data manually, that is the question of whether 

the data is good quality and is not influenced by artifact.  

When using metrics obtained from EEG data to inform clinical decisions (such as 

with brain vital signs), it is important to have some objective process to determine if the 

measured signal is a true reflection of the underlying neural processes and not overly 

distorted by artifacts. This is particularly important if this process is automated without 

any manual verification of signal quality, which is typically the standard approach.  

Existing formal quality standards for EEG are predominantly focused on data 

acquisition and environmental parameters rather than the actual quality of the recorded 

data [121]. These traditional EEG standards typically rely on skin-electrode impedance 

as a proxy for signal quality. However, this approach has both high false positive rates 

and poor real-time capability [122]. Signal quality can also be visually inspected by an 

expert user [15], however this is time-consuming, subjective, and unscalable. Other 

measures of signal quality for general EEG are not objective assessments, merely 

relative comparisons between hardware systems [123]–[126], electrode characteristics 

[127]–[130] or environmental conditions [15], [131] using parallel and/or serial recording 

methods. These are more measures of similarity, typically using one system, or one 

environmental setup as a benchmark for comparison rather than developing a numeric 

standard against which all EEG data can be compared. 
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Automated frameworks for numerically evaluating signal quality in EEG have 

been proposed before [122], [132]–[134]. However, these approaches are either: 

univariate [132], incorporate arbitrary or user-defined thresholds for quality [122], [134], 

or are simply binary classifiers with no additional information on quality [133]. None of 

these methods are easily scalable or uniformly applicable to real-time signals as well as 

recorded signals of variable duration. Therefore, what is lacking is a general-purpose 

automated framework for the objective assessment of EEG signal quality. 

4.2. Objectives 

The objective of this study was to develop and verify a general framework for 

EEG signal quality using simulated data. 

4.3. EEG Quality Index (EQI) Framework 

4.3.1. Sliding Window 

To address this key gap, the EEG Quality Index (EQI) is designed to assess the 

quality of a recorded segment of EEG data. It uses a sliding window approach, where 

windows of 1 second in length are repeatedly advanced by one frame/sample at a time 

(Figure 4.1). For each sample in the EEG segment, the window is derived from the data 

corresponding to 500ms before and 500ms after. This window size was chosen to 

optimize the smallest time interval while still being able to investigate frequency changes 

at a 1Hz resolution. 1 second is also a standard epoch size for event-related potential 

(ERP) studies [34].  

4.3.2. Signal Quality Metrics 

The framework is designed to be versatile, to work with any numeric measure of 

a digital signal. For the proof-of-concept, six simple signal properties that would be (a) 

complementary and (b) likely to be influenced by typical artifacts in EEG were chosen. 

Each metric contributes equally to the EQI, with higher scores relating to lower-quality 

signal.  
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Average Single-Sided Amplitude Spectrum (1-50Hz range) 

The frequency range of 1-50Hz covers standard brain-wave bands of delta, (1-

4Hz), theta (4-8Hz), alpha (8-12Hz), beta (12-30Hz), and low gamma (30-50Hz) waves. 

The average signal-sided amplitude spectrum of these bands can be determined from 

the Fast Fourier Transform (FFT) of the signal. For a signal X of length 𝑁, the FFT can 

be described by (1). 

𝑌(𝑘) =  ∑ 𝑋(𝑛)𝑊𝑁
(𝑛−1)(𝑘−1)𝑁

𝑛=1  (1) 

Figure 4.1:  The EQI Z-scoring system. EQI metrics are obtained for a 1-second 
single window of EEG and then compared to a normative database 
to be scored. A score of 0 represents a segment of EEG that is 
considered normal, with an increasing score suggesting an 
increased likelihood of abnormal EEG. Comparing scores across 
EQI metrics and across multiple windows allows for more detail 
about the quality of the overall EEG signal to be objectively 
assessed. © 2019 IEEE. 
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Where  

𝑊𝑛 =  𝑒−2𝜋𝑖/𝑁 

The absolute value of the FFT is then averaged across the frequency range of 1-

50Hz.  

Line Noise - Average Single-Sided Amplitude Spectrum (59-61Hz range) 

Line noise artifact arises from electromagnetic interference with the power grid 

(60Hz in North America, 50Hz in Europe)  Most of the induced electrical noise in EEG 

experiments arises from AC devices near the recording hardware [15]. To measure the 

strength of the line noise in the EEG signal, we compute the average single sided 

amplitude spectrum of the signal (1) over the range of 59-61Hz. 

RMS Amplitude 

The root-mean-square (RMS) amplitude of the EEG signal, is a general measure 

of the magnitude of the signal throughout the window, irrespective of frequency [15]. For 

a signal X of length N, the RMS can be calculated by (2). 

𝑥𝑟𝑚𝑠 = √
1

𝑁
 ∑ |𝑥𝑛|2𝑁

𝑛=1    (2) 

Windows containing high-amplitude artifacts should have a larger RMS amplitude 

than those with amplitudes in the normal EEG range.  

Maximum Gradient 

The maximum gradient (3) of the EEG signal is the largest difference between all 

adjacent samples within the window. 

𝑀𝐺 = max [ 𝑥(𝑛) − 𝑥(𝑛 − 1)] (3) 

This is a commonly used artifact-detection method in EEG analyses, where a 

step of 10uV/ms is often used as a threshold to indicate any high amplitude/high 

frequency artifact that produces a large spike in voltage.   
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Zero-Crossing Rate (ZCR) 

The Zero-Crossing Rate (4) is the rate at which the signal changes signs from 

positive to negative [135].  

𝑍𝐶𝑅 =
1

𝑁
 ∑ |𝑠𝑔𝑛[𝑥(𝑛)] − 𝑠𝑔𝑛[𝑥(𝑛 − 1)]|𝑁

𝑛= 1   (4) 

It is an indicator of the frequency at which the majority of energy is concentrated 

in the signal spectrum [136]. The ZCR should increase in high-frequency artifacts and 

decrease with low-frequency artifacts that cause the EEG trace to drift away from the 

zero line.  

Kurtosis 

Kurtosis is a standard statistical measure of the heaviness of the tails of a 

distribution of samples, i.e. it indicates how likely the sample is to contain an outlier 

[137]. For a window X of length N, the kurtosis can be calculated by (5) 

𝑘 =  
1

𝑁
 ∑ (𝑥(𝑖)−�̅�)4𝑁

𝑖=1

( 
1

𝑁
 ∑ (𝑥(𝑖)−�̅�)2𝑁

𝑖=1  )2
 (5) 

The higher the likelihood of outliers in the sample, the larger the kurtosis value. 

Similarly, the more uniform the distribution, the lower the kurtosis relative to a normal 

distribution. Kurtosis has also been used as a means of artifact detection in EEG signals 

[112]. 

4.3.3. Scoring 

Instead of setting strict thresholds for each of the EQI metrics, the EQI values for 

each 1 second window are compared to a normative database of artifact-free “clean” 

EEG (Figure 4.1). If the measured value falls within 1 standard deviation of the database 

mean, it scores a 0. If it falls between 1 and 2 standard deviations, it scores a 1. If it falls 

between 2 and 3 standard deviations it scores a 2, and a score of 3 is allocated to any 

measurement that is greater than 3 standard deviations from the database mean (Figure 

4.1). A score of 0 thus represents a segment of EEG that is considered normal, with an 

increasing score suggesting an increased likelihood of abnormal EEG – i.e. some type of 

artifact.  



46 

With the sliding window approach, the average score for a longer segment of 

EEG is a function of the number and severity of artifacts and the total duration of the 

signal. This is a key design feature of the EQI framework because a single large artifact 

in a very short recording might affect the overall quality more than a single large artifact 

over a much longer duration. This would similarly penalize “smaller” artifacts which may 

be sustained over the entire duration of the scan.  The average scores thus represent 

the total severity of the artifacts (abnormal EEG) in the scan.  

A single window is designated as “clean” if the total score is less than 3. This limit 

is set equal to half the number of EQI metrics (6) used. In this case, an artifact will be 

registered in a window if either: (a) multiple EQI metrics score 1-2 points, or (b) one EQI 

metric scores 3 points. The percentage of clean windows over the duration of the scan 

then represents how sustained the noise is throughout the recording and should 

approximate the SNR of the signal.  

4.4. Hypotheses 

We hypothesized that:  

(I) Individual EQI Metrics would change proportionally to simulated artifacts of varying 

amplitude and duration 

(II) Combined EQI Metrics could be used to classify between simulated clean vs artifact-

contaminated windows of EEG 

(III) The EQI scoring framework can estimate the percentage of artifact present in a 

signal consisting of multiple windows of EEG  

4.5. Methods 

4.5.1. Simulated Background EEG 

All data were processed using MATLAB (Mathworks, MA). Background EEG can 

be modeled as a 3rd-order auto-regressive (AR) process as described in Equation 6, 

where x(t) is the auto-regressive process, α1-3 are the AR coefficients, and r(t) is 

Gaussian white noise driving the system [138]–[140].  
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𝑥(𝑡) =  𝛼1(𝑡 − 1) + 𝛼2(𝑡 − 2) +  𝛼3(𝑡 − 3) +  𝑟(𝑡) (6) 

55 individual 1-second segments of clean EEG were manually identified from the 

CZ channel of 55 different EEG scans [8]. To generate a segment of artificial clean EEG 

data, a “seed” dataset is randomly selected and used to estimate the coefficients of the 

AR model (𝛼1, 𝛼2, 𝛼3) for Equation 5 by the Burg method, which minimizes the least 

squares prediction errors [138], [139].  

4.5.2. Simulated Artifacts 

 Seven common EEG artifacts were simulated to be added to the clean EEG 

(Figure 4.2) Line noise was modelled as a 60Hz, sinusoidal wave. Lost signal, occurring 

in losses in connection with wireless EEG systems, is modelled as a flat line. Low-

frequency Ocular Artifact, including blinks and saccades is modeled by bandpass-

filtering random noise between 1-3Hz [112]. Transient high-frequency Muscle Artifact, 

representing jaw clenches or facial and neck muscle contraction, is modeled by 

bandpass-filtering random noise between 20-60Hz [112]. Electrode Drift and 

Discontinuity (pop) artifacts are modelled with linearly increasing and step functions, 

respectively. Finally, unfiltered Gaussian white noise is also simulated. 

The modelled artifacts are all centered on the zero line so that they can be added 

to the simulated EEG (except for the lost signal artifact, which is multiplied by 0 given 

that it always has 0uV amplitude). The ocular, muscle, gaussian, and 60Hz artifacts 

were multiplied by a sigmoidal step-up and step-down function to ensure smooth ramp 

up and down from zero and to not introduce additional large maximum gradients. 

Examples of the simulated artifacts are shown in Figure 4.2. 

4.5.3. Individual EQI Metrics (Hypothesis I) 

To assess the sensitivity of the individual EQI metrics to each of the artifact types 

of varying severity, 1000 1-second windows of artificial EEG were randomly generated 

from the clean EEG seeds. For each window, artifacts of varying amplitude (0uV control, 

1uV, 2uV, 5uV, 10uV, 20uV, 50uV, 100uV), and duration (200ms, 500ms, 900ms) were 

added and the EQI metrics calculated and plotted.  
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4.5.4. Support Vector Machine Classification (Hypothesis II) 

 A support vector machine (SVM) classifier was used to assess if the combined 

EQI metrics could differentiate between clean and noise-contaminated EEG windows. 

1000 1-second duration clean EEG datasets and 1000 1-second artifact datasets were 

randomly generated. For the artifact-contaminated datasets, the type of noise, amplitude 

(1-50uV), and duration (200-900ms) was randomly assigned from a uniform distribution. 

While 1uV is far below the typical amplitude for an EEG artifact, given that the 

background EEG alone tends to be in the range of ± 15uV (see 4.6.1), this is still 

simulated to gauge the sensitivity of the framework and test how the sensitivity to artifact 

changes along with artifact amplitude. EQI metrics were calculated for each dataset, A 

ten-fold cross-validation SVM with a linear kernel was trained to distinguish between the 

conditions, using just the EQI metrics. To test the statistical significance of the SVM, a 

non-parametric permutation method was used. Class labels (i.e. clean vs noise) were 

randomly redistributed among all datasets and the SVM classifier was retrained. This 

was iterated 500 times to generate a null distribution against which the observed 

classification accuracy can be compared with a Z-test. 

Figure 4.2: Examples of simulated artifacts, and the sigmoidal step function 
used to ensure smooth onset and offset. © 2019 IEEE. 



49 

4.5.5. Scoring Framework (Hypothesis III) 

The 1000 simulated clean EEG data used to train the SVM were used to 

generate the normative reference database for EQI scoring. To investigate how the EQI 

scores change relative to known artifacts, a 19.5-second duration clean EEG signal was 

simulated using a random seed. One of each of the seven artifact types was added to 

the clean EEG, 800ms in duration and spaced 1.5 seconds apart. While this equates to  

5.6 seconds of artifact, relative to the sliding-window framework this is actually 12.6 

seconds given than the sliding window overlaps each sample by 1 second (see 4.3.1). 

This sets up three thresholds for artifact-detection and SNR estimation using the clean 

score in the EQI framework. 

1. Best Case: The sliding-window scoring framework is sensitive to detect both 

the absolute artifact as well as the onset and offset. 

𝑐𝑙𝑒𝑎𝑛 𝑠𝑐𝑜𝑟𝑒 = 100 ∗ (1 − 
𝑎𝑟𝑡𝑖𝑓𝑎𝑐𝑡 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛

𝑡𝑜𝑡𝑎𝑙 𝑠𝑖𝑔𝑛𝑎𝑙 𝑙𝑒𝑛𝑔𝑡ℎ − 𝑤𝑖𝑛𝑑𝑜𝑤 𝑠𝑖𝑧𝑒
) = 100 ∗ (1 −

5.6 + 7

19.5 − 1
) =  31.89% 𝑐𝑙𝑒𝑎𝑛 

2. Minimum Case: The sliding-window framework is only sensitive to detect the 

exact samples where the artifact is added   

𝑐𝑙𝑒𝑎𝑛 𝑠𝑐𝑜𝑟𝑒 = 100 ∗ (1 − 
𝑎𝑟𝑡𝑖𝑓𝑎𝑐𝑡 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛

𝑡𝑜𝑡𝑎𝑙 𝑠𝑖𝑔𝑛𝑎𝑙 𝑙𝑒𝑛𝑔𝑡ℎ − 𝑤𝑖𝑛𝑑𝑜𝑤 𝑠𝑖𝑧𝑒
) = 100 ∗ (1 −

5.6

18.5
) =  69.73% 𝑐𝑙𝑒𝑎𝑛 

3. Worst Case: The sliding-window framework does not detect any artifact. Note: 

this is also be best-case estimate for the clean signal.  

𝑐𝑙𝑒𝑎𝑛 𝑠𝑐𝑜𝑟𝑒 = 100 ∗ (1 − 
𝑎𝑟𝑡𝑖𝑓𝑎𝑐𝑡 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛

𝑡𝑜𝑡𝑎𝑙 𝑠𝑖𝑔𝑛𝑎𝑙 𝑙𝑒𝑛𝑔𝑡ℎ − 𝑤𝑖𝑛𝑑𝑜𝑤 𝑠𝑖𝑧𝑒
) = 100 ∗ (1 −

0

18.5
) =  100% 𝑐𝑙𝑒𝑎𝑛 

The range between the best case and minimum case appears large, but this is 

due to the score being relative to the length of the EEG signal which is relatively short in 

this proof of concept. The longer the EEG signal, the closer these values will match.   

For both the clean simulated and artifact-contaminated signals, the EQI metrics 

were calculated at each sample using the 1-second sliding window and scored based on 

their z-scores relative to the reference database (Figure 4.1). Along with descriptive 

statistics, the total EQI score at each window was also summed and a window was 

designated as clean if the total score was less than 3. To reject the null hypothesis, the 
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estimated clean score should be between the minimum and best-case scenarios for 

SNR estimation.  

4.6. Results 

4.6.1. Simulated EEG 

The average maximum value of the clean “seed” EEG data segments was 

16.72uV, with the average minimum value as -17.56uV. A comparison of a single 1-

second segment of clean seed EEG data with a corresponding simulated segment is 

shown in Figure 4.3. Box plots showing the distributions of the maximum, minimum, and 

RMS amplitudes of the 55 real clean “seed” segments and 55 corresponding simulated 

segments are shown in Figure 4.4. A comparison of the average single-sided amplitude 

spectrum between the 55 real clean “seed” segments and 55 corresponding simulated 

segments is shown in Figure 4.5.  

Figure 4.3: Example segments of a real 1sec segment of recorded “clean” EEG 
(red) and a corresponding simulated segment (blue) using a third-
order autoregressive process, with coefficients estimated by the 
Burg Method 
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Figure 4.4: Box plots showing the distributions of Maximum, Minimum, and 
RMS amplitudes of the 55 real clean “seed” segments (red) and 55 
corresponding simulated segments (blue) 

Figure 4.5: Mean single-sided amplitude spectrum of the 55 real clean “seed” 
segments (red) and 55 corresponding simulated segments (blue) 
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4.6.2. Individual EQI Metrics 

Line plots with error bars (standard deviations from the 1000 simulations) for 

each EQI metric relative to varying artifact amplitudes and durations are presented in 

Figure 4.6-Figure 4.12. Control (i.e. no artifact) is shaded in gray. Rows represent 

different artifact types and each column is a separate EQI metric. Increasing artifact 

amplitude is on the x-axis, with separate lines for artifact duration. 
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Figure 4.6: Line plots with error bars for simulated Electrode Pop artifact to varying amplitudes and durations. Control 
(i.e no artifact) is shaded in gray. © 2019 IEEE. 
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Figure 4.7 Line plots with error bars for simulated 60Hz line artifact to varying amplitudes and durations. Control (i.e no 
artifact) is shaded in gray. © 2019 IEEE. 
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Figure 4.8: Line plots with error bars for simulated Electrode Drift artifact to varying amplitudes and durations. Control 
(i.e no artifact) is shaded in gray. © 2019 IEEE. 
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Figure 4.9: Line plots with error bars for simulated Muscle artifact to varying amplitudes and durations. Control (i.e no 
artifact) is shaded in gray. © 2019 IEEE. 
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Figure 4.10: Line plots with error bars for simulated Ocular artifact to varying amplitudes and durations. Control (i.e no 
artifact) is shaded in gray. © 2019 IEEE. 
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Figure 4.11: Line plots with error bars for simulated Gaussian artifact to varying amplitudes and durations. Control (i.e no 
artifact) is shaded in gray. © 2019 IEEE. 
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Figure 4.12: Line plots with error bars for simulated lost signal to varying durations. Control (i.e no artifact) is shaded in 
gray. © 2019 IEEE 

Note: Lost signal does not have an “amplitude” component, given that the amplitude is always 0.. 
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4.6.3. Support Vector Machine Classification 

Using the EQI metrics, the support vector machine was able to classify the clean 

(positive) vs noise (negative) conditions with 90.75% overall accuracy, 83.8% sensitivity 

(true positive rate: the percentage of artifact-contaminated EEG windows that were 

predicted as such), and 97.7% specificity (true negative rate: the percentage of actual 

clean EEG windows that were predicted as clean).1 The non-parametric statistical 

permutation test showed this to be highly significant (p < 0.0001). The confusion matrix 

 

1 Note: In the manuscript published in IEEE, sensitivity was defined as the percentage of actual 
clean EEG windows predicted as clean. This was changed for this thesis to be more consistent 
with literature, where sensitivity typically refers to the probability of correctly detecting the condition 
being tested (i.e. the presence of artifact) and specificity is the probability of correctly rejecting it 
(i.e. clean).  

Figure 4.13: Overall mean-binned classification sensitivity for simulated artifacts 
as a function of artifact amplitude (left) and duration (right). The 
sensitivity was averaged into discrete 5uV intervals for amplitude 
and 100ms intervals for duration. The typical range of clean EEG is 
shaded (+- 15uV – see 4.6.1) 
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is presented in Table 4.1. The sensitivity to classifying all artifact types - divided into 

discrete bins - for varying amplitude and duration ranges are shown (Figure 4.13). The 

sensitivity to classifying individual artifact types - divided into discrete bins - for varying 

amplitude (Figure 4.14) and duration (Figure 4.15) ranges are shown, as are grouped-

scatter plots of sensitivity relative to both amplitude and duration (Figure 4.16). 

Table 4.1: Support Vector Machine Confusion Matrix. © 2019 IEEE. 

 Actual Artifact 
(Condition Positive) 

Actual Clean 
(Condition Negative) 

Predicted Artifact 838 23 

Predicted Clean 162 977 

 Sensitivity: 83.8  Specificity: 97.7 

  

Figure 4.14: Mean-binned classification sensitivity for each type of simulated 
artifact as a function of artifact amplitude. The sensitivity was 
averaged into discrete 5uV intervals. The typical range of clean EEG 
is shaded (+- 15uV – see 4.6.1) 

Note: “Flat” signal lost artifact is not shown, given that the amplitude does not vary 
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Table 4.2: Incorrect classifications of artifacts by artifact amplitude. © 2019 
IEEE. 

 <= 5 uV 5-10 uV 10-15uV >15 uV Total 

Ocular 16 (40.0%) 8 (20.0%) 7 (17.5%) 9 (22.5%) 40 

Muscle 13 (56.5%) 6 (26.1%) 4 (17.5%) 0 23 

60Hz 10 (83.3%) 2 (16.7%) 0 0 12 

Pop 9 (100%) 0 0 0 9 

Drift 14 (32.5%) 15 (34.9%) 8 (18.6%) 6 (14.0%) 43 

Flat - - - - - 

Gaussian 12 (100%) 0 0 0 12 

Total 74 (53.2%) 31 (22.3%) 19 (13.7%) 15 (10.8%) 139* 

* Not including the flat “signal lost” artifacts – which do not have an amplitude 

  

Figure 4.15: Mean-binned classification 
sensitivity for each type of 
simulated artifact as a function of 
artifact duration. The sensitivity was 
averaged into discrete 100ms 
intervals.  
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Figure 4.16:  Grouped-scatter plots of SVM classification sensitivity (the ability to 
correctly detect artifacts) relative to duration and amplitude for each 
simulated artifact type. © 2019 IEEE. 
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4.6.4. Scoring Framework  

Histograms showing the distributions of the simulated reference database for 

each EQI metric are shown in Figure 4.17. The 19.5 second simulated EEG dataset with 

each noise type added is shown in Figure 4.18. The associated total and thresholded 

EQI scores are shown in Figure 4.19. The individual EQI metrics are shown in Figure 

4.20. The summary (mean, standard deviation, % clean) for the EQI scores over the 

entire duration is presented in Table 4.3. The clean EEG signal was assessed as 

99.71% clean by the EQI scores, with the artifact-contaminated signal assessed as 

50.26% clean. The simulated artifact EEG overlaid with the total and thresholded EQI 

score is shown in Figure 4.21. 

  

Figure 4.17:  Distribution of EQI  metrics for the simulated clean EEG 
reference (1000 samples) © 2019 IEEE. 
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Figure 4.18:  A representative example of the 19 second simulated EEG dataset 
with one of each stimulatedartifact type added  

Figure 4.19:  The  associated total and thresholded EQI scores for the clean EEG 
signal (grey) and artifact-contaminated signal (black). © 2019 IEEE. 
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Figure 4.20:  The individual EQI scores for the clean EEG signal (grey) and 
artifact-contaminated signal (black). © 2019 IEEE. 
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 Table 4.3: EQI score summary for test signals. © 2019 IEEE. 

 Mean Standard Deviation % Clean 

 
Clean 
Signal 

Artifact  
Signal 

Clean  
Signal 

Artifact  
Signal 

Artifact  
Signal 

Artifact  
Signal 

Mean 
Power 

(1-50Hz) 
0.00 0.83 0.00 1.24 100.0 64.32 

Line Noise 
(59-61 Hz) 

0.03 0.40 0.18 0.88 96.61 79.38 

RMS 
Amplitude 

0.03 0.94 0.18 1.29 96.56 60.82 

Max 
Gradient 

0.14 1.14 0.48 1.41 91.14 57.73 

Zero-
Crossing 

Rate 
0.05 0.47 0.21 0.65 95.45 61.21 

Kurtosis 0.14 0.87 0.43 1.13 88.32 55.82 

Total 0.38 4.40 0.69 4.48 99.71 50.26 

 

Figure 4.21:  Total EQI score vs simulated artifact EEG for the representative 
example. © 2019 IEEE. 
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4.7. Discussion  

4.7.1. Individual EQI Metrics  

The EQI metrics are highly sensitive to simulated artifact amplitudes, with 

increasing (positive or negative) values relative to control with increasing artifact 

amplitude (Hypothesis I). Not every EQI metric is influenced by each of the artifact types 

investigated (e.g. Line Power score does not change when low-frequency artifacts are 

introduced - see Figure 4.7), but each simulated artifact type affects directional change 

in multiple metrics (see Figure 4.6-Figure 4.12). This relationship is directional such that 

the lower the artifact amplitude, the less deviation from control. Artifacts in the 1-10uV 

range are typically still within the “control” range. Normal background EEG is around 

±10-20uV range (see 4.6.1) so this is intuitive. For reference, Figure 4.22 shows a 

simulated clean EEG window with a 5uV-maximum amplitude artifact of each type 

added. However, the Line Power and Max Gradient metrics show ability to detect higher 

frequency artifacts at very low amplitudes (Figure 4.7, Figure 4.9, Figure 4.11). The EQI 

metrics are also highly sensitive to varying artifact duration – except for the statistical 

Kurtosis measure and the Max Gradient score. Kurtosis is a measure of how many 

outliers there are in a sample, so if an artifact takes place over the entire window then it 

will likely not be recorded as a statistical outlier. Similarly, the Max Gradient score is an 

assessment of the maximum differential between consecutive samples and is should be 

independent of how prolonged the artifacts are.  

4.7.2. Support Vector Machine Classification 

The support vector machine was able to classify the clean vs noise conditions 

with 90.75% accuracy, 83.8% sensitivity, and 97.7% specificity (Table 4.1). The non-

parametric permutation analysis (p < 0.0001) showed this to be highly significant. This 

rejects the second null hypothesis, that artifacts cannot be classified using the EQI 

scores (Hypothesis II). Furthermore, given that the type, amplitude, and duration of 

artifacts used in the noise conditions were randomly drawn, including amplitudes as low 

as 1uV, this shows promise as an artifact detection framework.  
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In general, the overall sensitivity to detect artifacts increases with both increasing 

artifact amplitude and duration although this is more pronounced for amplitude (Figure 

4.13). The overall sensitivity to artifact duration is around 80-90% regardless of the 

duration. The sensitivity to detecting flat “signal lost” artifacts shows the largest effect for 

increasing artifact duration (Figure 4.15). For amplitude, the overall sensitivity to artifacts 

above normal EEG amplitude ranges is over 80% (Figure 4.13). More than half (53.2%) 

of the incorrectly classified “noise” data consisted of artifacts less than 5uV in amplitude 

and more than three quarters (75.5%) were less than 10uV – approximately the same 

amplitude as the surrounding EEG (Table 4.2). The largest number of incorrect 

classifications occurred in ocular (40) and drift (43) artifacts with the majority of those 

being smaller than 10uV (Table 4.2). This indicates that the EQI scores perform better 

for the high frequency/gradient artifacts (60Hz, Muscle, Pop, Gaussian) than the low 

frequency artifacts (ocular, drift) at low amplitudes. This is shown in Figure 4.14, where 

the sensitivity to high frequency artifacts reaches 90-100% within background EEG 

ranges (15uV), but only approaches 90% sensitivity around 25-30uV for drift and ocular 

Figure 4.22: A simulated clean EEG window with a 5uV maximum amplitude 
artifact of each type added 
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artifacts. However, given the extremely low amplitude of these artifacts relative to the 

background EEG, it is unlikely that these artifacts would be identified by inspection either 

(Figure 4.22). Most known artifacts are orders of magnitude (dB) larger than background 

EEG [115], so this may be redundant, but is important to understand the physical 

limitations of the framework. This indicates the opportunities to improve the framework.  

4.7.3. Scoring Framework 

The EQI scoring framework was able to differentiate between the clean and 

artifact-added periods within the 19.5-second simulated EEG (Figure 4.19). The 

individual and total EQI scores for the artifact-added data are larger than those for the 

clean signal (Table 4.3). The clean EEG signal was scored as 99.71% clean, and the 

artifact contaminated signal was scored as 50.26% clean. It is logical that the clean 

simulated data did not receive 100% clean score for any of the quality metrics. The very 

nature of normal probability distributions is such that there will always be otherwise clean 

data that falls outside of standard deviations from the mean. The brief period of noise in 

the clean EEG is labelled in Figure 4.19.  

The benchmark SNR estimation for the artifact-added signal is 31.89% at the 

ideal case and 69.73% for the minimum case (see 4.5.5) – depending on the sensitivity 

of the framework to the onset and offset of the artifacts. The EQI scoring framework 

estimated the SNR of the signal to be 50.26% clean. This is between the ideal case and 

the minimum case for verification. It is able to detect the exact locations of the artifacts, 

as well as some of the onset and offset with the sliding window framework (Figure 4.21). 

Therefore, we reject the null hypothesis that the EQI framework cannot approximate the 

SNR of a signal.  

4.7.4. Limitations 

This analysis was performed using simulated data. While the simulated clean 

EEG was modeled on real EEG using an autoregressive model, it is possible that the 

1000 simulated normative datasets generated from the 55 real datasets does not 

represent all EEG data. It is important to further validate this framework using real EEG 

data. Simulated data was used for this study to better quantify the validity of the 

proposed methods by controlling the levels of artifact against a known signal.  
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The normative data was also generated from EEG recorded at a single channel 

(CZ) after applying a 4th order Butterworth bandpass filter (0.1-100Hz). The range of EQI 

metrics may be very different for data recorded at other electrode locations under 

different filter parameters. In this case, different normative ranges may have to be 

established. Furthermore, different hardware platforms may likely produce different 

‘clean’ EEG signal distributions. However, EQI scores for different platforms should still 

fall within normal ranges, such that additional databases need not be regenerated for 

each platform. To account for this, the normative database should be heterogeneous 

and consist of data measured from multiple hardware platforms in different 

environments. Furthermore, a key assumption in the EQI Z-scoring system (Figure 4.1) 

is that the metrics are normally distributed in clean EEG data. The distributions of the 

simulated clean data (Figure 4.17) suggest that some of the metrics might be 

asymmetrically skewed. This might affect the sensitivity of the framework to detect 

artifacts on the sides of the distribution where the tails are shorter. The use of data 

transformations or median and interquartile ranges instead of means and standard 

deviations might be a more robust approach. 

Another limitation to this framework is that all abnormal EEG is classed as artifact 

or noise. There may be cases where abnormal EEG result from underlying brain activity 

such as interictal spikes in epilepsy [141]. This places additional importance on later 

using the multivariate nature of the EQI to classify the type and nature of artifact. 

Additional work is required to ensure that this framework is robust and can be used in a 

variety of clinical and neurologic applications. This framework is not designed to replace 

the clinical interpretation of EEG, merely to augment it and provide additional context for 

the user to better interpret the recorded EEG.  

4.7.5. Future work 

A component analysis should be performed on the EQI metrics to determine if 

linear relationships exist between scores. This could be used to optimize the framework, 

and to incorporate only the most linearly independent signal assessments. By 

inspection, (Figure 4.20) it shows that the RMS amplitude & Mean 1-50Hz Power metrics 

are highly correlated. The RMS voltage of a waveform is a measure of the total signal 

power present, so this is understandable. The benefit of splitting the mean frequency 

power from the 1-50Hz range into the independent frequency bands (delta, theta, alpha, 
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beta, gamma etc.) for more granularity should be investigated. Having independent low-

frequency components such as delta (1-4Hz) and theta (4-8Hz) may also improve the 

detection accuracy for low frequency low amplitude artifacts (Figure 4.16). Furthermore, 

line power which only appears to be useful for identifying high-frequency muscle and 

60Hz artifacts might be replaced with ZCR and Max Gradient. Entropy, skewness, or 

other statistical metrics should be explored. There is also an opportunity to incorporate 

metrics obtained form the time-frequency or wavelet transform of the EEG window. 

Finally, other metrics that are not directly related to the EEG but are known to affect 

EEG noise such as head movement from accelerometers, muscle activation from EMG, 

or even ambient light/sound sensors could be included in the framework.  

While only 7 types of artifact were tested in this analysis, the very nature of 

artifacts (being atypical) in EEG signals means that this approach should be scalable to 

other forms of noise and signal distortion. Furthermore, the normative database used is 

adaptable. Different norms could be used for different electrode channels, EEG 

hardware types or environmental scenarios, but the underlying framework remains 

consistent. The number of EQI metrics can easily be adapted without changing the 

functionality. This has potential for using machine learning approaches for analyzing 

signal quality where setting classic thresholds for noise identification might be 

impractical or impossible.  

Multiple iterations of varying duration of the simulated EEG should be run with 

varying artifact levels to optimize the “clean” threshold for the scoring framework and 

best match the known SNR of the signal. Alternatively, a machine-learning algorithm 

could classify if a window is clean instead of using a strict score threshold. The support 

vector machine classifier used in section 4.6.3 demonstrated high sensitivity and 

specificity to artifacts (Figure 4.13) and could be implemented to classify a window as 

clean or artifact-contaminated. 

Future work should validate the EQI framework on real EEG data compared to 

traditional measures of SNR, such as manual bad channel/electrode identification. The 

relationship between EQI scores and subsequent ERP variance (a measure of the SNR 

of an ERP) should be established. Machine learning approaches can also be 

implemented to use EQI scores for artifact type classification. This would be useful to 

automate the application of subsequent artifact-specific correction methods. In parallel, 
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this framework could also be used to validate the development of new artifact correction 

methods by assessing signal quality before and after data-cleaning. Finally, the utility of 

this framework as a means of hardware benchmarking should be investigated. For 

example, comparison of the signal quality of two different EEG amplifiers under the 

same conditions.  

4.7.6. Relevance 

The EQI framework has demonstrated to be an effective general-purpose 

approach for detecting multiple types of artifacts in near-real time as well as for 

estimating the overall quality of a recorded EEG signal. The multivariate approach is 

sensitive to a variety of simulated artifacts. Importantly, this uses a statistical analysis of 

signal quality to estimate the SNR of a signal without prior labelling or thresholding for 

what constitutes artifact. This is a novel approach to evaluating signal quality and allows 

for the EQI framework to be automated and fully scalable. It is designed to work for any 

number of channels and is applicable to any length of signal and any implementation of 

EEG (BCI, qEEG, ERP, etc.). To our knowledge, this is the first such general-purpose 

framework for objectively assessing the quality of EEG data relative to a normative 

database.  

The EQI framework has both clinical and practical utility. The mean scores and 

percentage of “clean” data over the duration of the scan respectively represents how 

severe and sustained the noise is throughout the recording. These metrics are useful 

and necessary to make objective decisions when interpreting the data or any metrics 

derived from the data. With portable EEG being increasingly adopted in real-world 

applications, this type of contextual quality assessment is both important and necessary. 

For example, the brain vital signs framework uses automated metrics derived from 

event-related potential amplitudes and latencies as general evaluations of brain function 

[51]. In the case of this type of technology being used as a research tool or to make 

clinical decisions, it is important to also have automated numeric measures of signal 

quality that can provide a level of confidence that the recording was not influenced by 

artifact. 

While this approach was primarily developed with portable EEG in mind, it may 

also have applications in traditional, high-density EEG studies. The EQI could be used to 
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automatically and objectively detect EEG channels and/or time periods with bad signal 

quality, a method that is normally performed manually and subjectively. Not only will this 

save a considerable amount of time for pre-screening a single EEG scan, but it is 

scalable to run on multiple EEG scans. Furthermore, researchers typically discard entire 

EEG scans if the data is subjectively viewed as bad quality. For rigorous scientific 

repeatability, having an objective means of making this decision is important.  

Furthermore, this framework could allow for researchers to use signal quality as a 

covariate to determine if any observed differences in EEG results across environments, 

studies, or individuals reflect true differences in brain activity or are just influenced by 

data quality. 

4.8. Conclusion 

This thesis presents the initial demonstration of an automated, general-purpose 

framework for rapid and objective examination of EEG signal quality. Using simulated 

data, metrics derived from the EEG Quality Index framework are shown to be highly 

sensitive to typical EEG artifacts (Hypothesis I). EQI metrics can be used to classify 

between clean and artifact contaminated EEG data with high sensitivity and specificity 

(Hypothesis II). Metrics obtained using a sliding-window approach can also provide 

estimates of the overall quality of a recorded section of EEG, independent of the 

duration of the recording (Hypothesis III). This has important applications in brain-

computer interfaces, event-related potential studies, and EEG in general.  
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Chapter 5.  
 
Distant Sensor Prediction of Event-Related potentials 

The contents of this chapter have been adapted from:  

Fickling, Shaun Dean, et al. "Distant Sensor Prediction of Event-Related 

Potentials." IEEE Transactions on Biomedical Engineering (2020). [142] 

This can be accessed at 10.1109/TBME.2020.2973617. © 2011 IEEE. 

5.1. Introduction 

A key engineering challenge for monitoring brain vital signs and ERPs in real 

world applications relates to rapid application across a range of individuals, settings, and 

circumstances. As with many EEG studies, the current EEG hardware for brain vital 

signs requires a cap with sensors placed along the midline on the top of the head. These 

sensors are positioned directly over scalp regions FZ, CZ, and PZ (Figure 5.1) in which 

the N100, P300, and N400 ERPs have been recorded in previous brain vital signs 

applications [10]. However, the presence of hair is a physical barrier to recording good 

signal and these sensor locations require time-consuming, meticulous preparation 

(electrode gel, abrasive paste) to provide a consistent, low-impedance connection. 

Some individuals may also find wet EEG electrodes to be an inconvenience and 

therefore a barrier to utilization [143]. Dry electrodes may someday be a solution for 

reducing this preparation time, but are still influenced by noise and have decreased 

statistical power relative to wet electrodes [144]. Furthermore, for both wet and dry 

electrodes, complex headsets are required to hold the electrodes in place over the head. 

These can be uncomfortable and inconvenient, also potentially conflicting with existing 

headgear worn or used by individuals (athletes, soldiers, long-term care patients etc.). 

The more challenging the EEG setup process, the less inherently useful these systems 

are as portable devices for rapid functional assessment [145].  

https://doi.org/10.1109/TBME.2020.2973617
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Signals generated by intracranial electrophysiological sources propagate across 

the brain through volume conduction [38], [146]. The coherence decay between a sensor 

and the source of a signal is relative to the degree of separation between two points (i.e., 

the closer the two points of measurement are to each other, the more linear the 

relationship between their signals).  

To better facilitate portable, rapid monitoring of event-related potentials, it may be 

possible to use sensors placed at more practical but distant locations, such as behind 

the ears at the mastoids (TP9, TP10) or on the forehead (FP1, FP2, AF7, AF8) as 

shown in Figure 5.1. The principles of volume conduction and spatial smearing dictate 

that there should be relevant, linearly related information at these locations to those 

traditionally used for ERP studies and, particularly, brain vital signs (i.e. FZ, CZ, PZ).  

A necessary feature of portable EEG as a clinical tool at the point-of-care is 

stability within the individual. To make assessments based on ERP features, we must be 

confident that the ERP waveform and associated features are a reliable representation 

of the underlying cognitive process(es). Therefore, for any distant sensor to be useful it 

must record ERP features consistent with those at traditional, well-studied, locations.  

The technical challenge, and the objective of this study, then relates to evaluating 

whether reliable signals can be acquired from these distant locations on the scalp on an 

individual level. If these signals are not consistent, then an additional challenge is to 

investigate if combining data from these sensors can model a more reliable signal from 

which to measure ERPs. CZ is chosen as the “ground-truth” control channel for 

Figure 5.1:  Locations of electrodes typically used in brain vital signs ERP 
studies (Fz, Cz, Pz) and distant electrodes placed on the forehead 
(FP1, FP2, AF7, AF8) or bilaterally at the mastoids (Tp9, Tp10). © 
2020 IEEE  
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comparison because it best optimizes the maximal signal for all three N100, P300, and 

N400 ERP types [10]. 

5.2. Hypotheses 

The hypotheses for this study were that:  

 (I) ERP waveforms and features recorded at distant locations would be moderate-

to-low correlated with those at the control (CZ) channel.  

(II) ERP waveforms recorded at distant channels can be combined to model the 

control (CZ) channel with better precision than those at individual distant 

channels. Specifically: 

 a) Increased intra-class correlation coefficient 

 b) Lower root-mean-square error 

c) Increased correlation with control ERP amplitudes and latencies 

5.3. Methods 

5.3.1. Participants 

Research Ethics Boards at Simon Fraser University and Fraser Health Authority 

approved the study. Thirty-four healthy adult participants were recruited to the study 

(age 33 ± 13 years, 16 females). Participants had no history of neurological problems or 

psychoactive medications. All individuals were fluent in English and had normal or 

corrected-to-normal vision and hearing. 

5.3.2. Data Collection 

EEG data were recorded using a 64-channel BrainAmp actiCAP (Brain Products 

GmbH, Munich, Germany) hardware system using active Ag/AgCl electrodes positioned 

according to the standardized 10-10 system [33] and BrainVision Recorder (Version 

1.20.0801 Brain Products GmbH). Standard EEG skin preparation techniques were used 

to ensure appropriate contact (impedance < 30KΩ) for active electrodes. Brain vital 
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signs acoustic stimuli were delivered binaurally through insert headphones, with 

participants maintaining visual fixation on a cross displayed in the center of the screen 

[10]. Stimuli were delivered using Presentation® software (Version 18.0, 

Neurobehavioral Systems, Inc., Berkeley, CA). Each participant completed two 

independent recordings of the five-minute EEG sequence.  

5.3.3. EEG Pre-Processing 

Artifact Correction 

Pre-processing was performed using BrainVision Analyzer (Version 2.1.1.327 

Brain Products GmbH). EEG channels with noise were identified and removed. EEG 

data were filtered using a 60Hz notch filter and 1Hz-50Hz bandpass filter. Independent 

component analysis (ICA) was performed using the semi-automated Infomax algorithm 

[11] for artifact correction (e.g., blinks, saccades, cardiac activity, muscle contractions, 

breathing). Data were reconstructed after the ICA and any channels that were removed 

initially were interpolated using the spherical splines method to ensure a consistent 

number of channels across participants. 

Re-referencing 

To create a separate set of distant signal measurements, simulating an 

independent recording, continuous EEG data for TP9, TP10, AF7, AF8, FP1, and FP2 

“distant” channels were removed from the main 64 channel dataset and re-referenced to 

linked frontal channels FP1 and FP2. These frontal electrodes are used as linked 

references for symmetry, to reduce the likelihood of artificially inflating EEG activity from 

either hemisphere [16]. This leaves four distant channels: TP9, TP10, AF7, and AF8. To 

create the control dataset, the remaining 58 channels were re-referenced to the group 

average and CZ was retained as the control for benchmarking. This separate 

referencing process for each dataset ensures that the distant channels are “unlinked” 

from CZ, and no spurious linear relationships are introduced by using a common 

reference.  

Generating ERPs 
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EEG data for the distant and control channels were then filtered using a 1Hz-

10Hz bandpass filter and segmented into epochs from -100 to 900ms time-locked to 

relevant stimulus onset. Epochs were rejected if any voltage exceeded ± 75uV. For 

consistency between all channels, if an epoch was rejected on one channel, it was 

rejected on all channels. ERP waveforms for the four stimulus types (standard tones, 

deviant tones, congruent word-pairs, incongruent word-pairs) were then derived for each 

channel from the pre-processed EEG data following baseline correction (-100-0ms) and 

epoch averaging. 

Data Inspection:  

EEG and ERP data were manually inspected for data quality. Data were rejected 

if they contained substantial noise in all channels of interest (i.e. CZ, distant channels) or 

if clear ERPs were not visible in the CZ control channel. Each participant completed two 

separate EEG recordings of the brain vital signs stimulus sequence, so if the first run of 

a participant was rejected then the second run was included the analysis. If the second 

run was also rejected, the participant was excluded completely. 

5.3.4. Model Generation 

Preprocessing 

The dependent variables used in the artificial neural network (ANN) model were 

the averaged ERPs at the distant TP9, TP10, AF7, and AF8 locations. The independent 

variable was the averaged ERPs at the control channel, CZ. To prepare the data, each 

ERP was first scaled to be between -0.5 and 0.5. Then, to ensure that the baseline of 

the waveform is centered around the y = 0 axis, each scaled ERP is baseline-corrected 

by subtracting the mean of the 100ms pre-stimulus interval. This ensures that the values 

of each ERP waveform are between -1 and 1. 

Artificial Neural Network (ANN) Design  

An autoencoder neural network with a 1-D convolutional layer was created in 

Python (Version 3.6.3, Python Software Foundation) using the Keras API (Version 2.2.4) 

for Tensorflow (Version 1.14.1). The Keras architecture of this model is shown in Table 

5.1. The neural network consists of 2000 input neurons (4x500 data samples of ERPs 

from the four distant sensors) and 500 output neurons (representing the 1x500 control 
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channel CZ). The ANN model was also trained using a Leave-One-Out design. For each 

subject, the neural network was trained on the remaining (n-1) participants’ data using 

1000 epochs of backpropagation. This trained network is then used to predict the 

independent control variable using the distant channel ERPs for that subject. Separate 

models were trained for each of the four stimulus types (standard tones, deviant tones, 

congruent words, incongruent words - Figure 2.4).  

Table 5.1:  Keras AutoEncoder Structure. © 2020 IEEE 

Layer (type) Output Shape Number of Parameters 

input_1 (InputLayer) (None, 2000, 1) 0 

conv1d_1 (Conv1D) (None, 2000, 20) 220 

flatten_1 (Flatten) (None, 40000) 0 

dense_1 (Dense) (None, 1024) 40961024 

dense_2 (Dense) (None, 64) 65600 

dense_3 (Dense) (None, 256) 16640 

dense_4 (Dense) (None, 500) 128500 

   

Total params: 41,171,984  

Trainable params: 41,171,984  

Non-trainable params: 0  

 

Post-Processing 

For feature selection and comparison to control, the model-predicted ERPs were 

rescaled by reversing the order of operations of the scaling methods used in pre-

processing. Finally, the rescaled, model-predicted ERPs generated from the Neural 

Network were re-filtered from 1-10Hz.  

5.3.5. Support Vector Machine (SVM) Classification - Comparison 
between stimulus conditions 

To confirm the presence of the control, distant, and modelled ERP waveforms at 

the group level, a binary support vector machine (SVM) classifier was used to determine 

between the stimulus conditions (standard vs deviant tones, congruent vs incongruent 

words). Consistent with previously published methods, the ability of an SVM to correctly 

distinguish between stimulus conditions is an indicator that the desired ERPs are 
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present [9], [10], [46]. The signal-averaged responses should then be sufficiently 

classifiable above random chance, given that the stimuli are different. 

For each channel and stimulus type, an SVM classifier with a linear kernel was 

trained to distinguish between the condition waveforms using the single-run, trial-

averaged data. A tenfold cross-validation process was implemented whereby 90% of the 

participant data was randomly allocated to train the classifier with the remaining 10% 

kept aside for testing the accuracy. This process was repeated 10 times such that every 

dataset is used in both training and testing. To test the statistical significance of these 

results, a non-parametric permutation method was used [43], [147]. Class labels were 

randomly redistributed among all datasets and the SVM classifier was retrained. This 

was iterated 1000 times to generate the null distribution against which the observed 

classification accuracy can be compared with a Z-test. Probabilities less than 0.05 were 

deemed to be significant for the outcome of the SVM classifier, adjusted for multiple 

comparisons using the Bonferroni method [148]. 

5.3.6. ERP waveform comparison - Intraclass Correlation Coefficients 
and Root-Mean-Square Error 

Intraclass correlation is a method of evaluating the reliability of observers rating 

the same events [149], [150]. ICCs have shown to be useful to investigate reliability of 

evoked potentials [151], where each recording is considered as an observer attempting 

to measure the same signal. In using ICC, it is assumed that any differences in the 

observed events are due to variability between the observers (e.g. from the volume 

conduction effects of the brain and scalp), and the variability within each observer (e.g. 

from the noise present at a particular channel). Independent ICCs will be calculated for 

each subject for each stimulus type at each of the distant and modeled channels relative 

to the CZ control, over the entire ERP epoch (-100-900ms). Intraclass correlation 

coefficients (ICCs) were calculated in MATLAB (Mathworks, CA) using the toolbox 

developed by Arash Salarian [152] and the two-way mixed, single score convention as 

described by McGraw and Wong [150]. The Root-mean-square error (RMSE) was also 

calculated between channels to represent the total difference between waveforms.  
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5.3.7. ERP feature comparison 

To assess the consistency of ERP features across distant and modeled channels 

relative to control, the dataset was randomized, and ERP amplitudes and latencies were 

manually selected by a blinded reviewer. Peaks were identified through the identification 

of expected polarities within standard temporal windows [104]. Amplitudes were 

measured as baseline-adjusted, with the maximal-peak amplitude compared to the 

preceding and following peaks of opposite polarity [44]. Latencies were recorded as the 

time in milliseconds at maximal peak amplitude (Figure 2.3). Correlations between the 

distant and modeled ERP features relative to control were calculated, with Bonferroni 

correction used to correct the threshold for significance to compensate for multiple 

comparisons [148]. 

5.4. Results 

Data from 33 participants was included in the analysis. The first scan (of two) 

from three participants was excluded due to data quality. Data from one participant was 

completely excluded due to poor data quality. Due to the proximity of the AF7 and AF8 

electrodes to the FP1 and FP2 electrodes used in the distant-channel re-referencing, the 

resulting AF7 and AF8 ERPs were of negligible amplitude. As such, results for AF7 and 

AF8 are not displayed (however these channels were still used as inputs in the artificial 

neural network model).  

5.4.1. SVM Comparison between stimulus conditions 

The confusion matrices, classification accuracy, and uncorrected p-values for the 

SVM classifiers are represented in Table 5.2 (Standard vs Deviant tonal stimuli) and 

Table 5.3 (Congruent vs Incongruent word stimuli) for the control and distant channels 

as well as the model-predicted channels. Bonferroni-adjusted p-values are indicated for 

p < 0.05 (*) and p < 0.01 (**). Grand-average ERP waveforms (± std dev) for Standard 

vs Deviant tones, and Congruent vs Incongruent Words are shown in Figure 5.2 for the 

control, distant channels and the model-predicted channels.   
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Figure 5.2: Mean (+- std) ERP waveforms for control, distant (Tp9, Tp10), and 
modelled (Artificial Neural Network) channels and each stimulus 
type (first column: standard vs deviant tones, second column: 
congruent vs incongruent words). © 2020 IEEE 

Note: waveforms for Af7 and Af8 distant channels are not shown due to low amplitude. Tp9 and 
Tp10 waveforms were inverted for display purposes. 
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Table 5.2: Support Vector Machine Classification Results – Tones © 2020 IEEE 

Channel  
Actual 

Standard 
Actual 

Deviant 
Accuracy p pAdj 

CZ 

Predicted 
Standard 

33 4 

93.93% < 0.001 < 0.01 ** 
Predicted 
Deviant 

0 29 

TP9 

Predicted 
Standard 

31 6 

87.87% < 0.001 < 0.01 ** 
Predicted 
Deviant 

2 27 

TP10 

Predicted 
Standard 

31 10 

81.81% < 0.001 < 0.01 ** 
Predicted 
Deviant 

2 23 

Model 

Predicted 
Standard 

33 2 

96.96% < 0.001 < 0.01 ** 
Predicted 
Deviant 

0 31 

 

 

Table 5.3: Support Vector Machine Classification Results – Words © 2020 IEEE 

Channel  
Actual 

Congruent 
Actual 

Incongruent 
Accuracy p pAdj 

CZ 

Predicted 
Congruent 

23 11 

68.18% 0.0402 0.0804 
Predicted 
Incongruent 

10 22 

TP9 

Predicted 
Congruent 

14 19 

42.42% 0.2969 0.2969 
Predicted 
Incongruent 

19 14 

TP10 

Predicted 
Congruent 

15 20 

42.42% 0.2658 0.2969 
Predicted 
Incongruent 

18 13 

Model 

Predicted 
Congruent 

23 7 

74.24% 0.0129 0.0516 
Predicted 
Incongruent 

10 26 
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5.4.2. ERP waveform comparison 

Boxplots showing the distribution of ICCs comparing the absolute agreement 

between control ERPs and those at the distant and modelled channels are represented 

in Figure 5.3, with means and standard deviations listed in Table 5.4. The distribution of 

RMS Error comparing the difference between control ERPs and those at the distant and 

modelled channels are represented in Figure 5.4, with means and standard deviations 

listed in Table 5.5. 

Table 5.4: Mean (± Standard Deviation) Of Intraclass Correlation Coefficients 
relative to Control © 2020 IEEE 

Channel Standard Tones Deviant Tones Congruent Words 
Incongruent 

Words 

 mean sd mean sd mean sd mean sd 

TP9 0.6599 0.2101 0.5999 0.2601 0.4796 0.2916 0.4853 0.3282 

TP10 0.5989 0.2720 0.5135 0.2977 0.4794 0.2812 0.3753 0.3822 

Model 0.6891 0.1422 0.5713 0.2140 0.5526 0.1844 0.5309 0.2496 

Avg model 
improvement 

+0.0597 -0.0989 +0.0146 -0.0649 +0.0731 0.1020 +0.1006 -0.1056 

% Avg model 
improvement 

+9.74% -40.02% +3.24% -22.92% 
+15.25

% 
-35.59% 

+25.43
% 

-29.32% 

Figure 5.3: Intraclass Correlation Coefficients for control vs distant (Tp9, Tp10), 
and modelled ERPs for each stimulus type. © 2020 IEEE  

Note: Coefficients for Af7 and Af8 distant channels are not shown  
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Table 5.5: Mean (± Standard Deviation) of Root Mean square Error relative to 
Control © 2020 IEEE 

Channel Standard Tones Deviant Tones Congruent Words 
Incongruent 

Words 

 mean sd mean sd mean sd mean sd 

TP9 0.5576 0.3116 1.4207     0.6876 0.9875     0.4672 1.0522     0.5190 

TP10 0.5998 0.3191 1.6233     0.8220 1.0784     0.6427 1.2375     0.6498 

Model 0.4235 0.1660 1.2456 0.6452 0.7342 0.3779 0.8006 0.3743 

Avg model 
improvement 

-0.1552 -0.1494 -0.2764 -0.1096 -0.2988 -0.1771 -0.3443 -0.2101 

% Avg model 
improvement 

-26.72% -47.35% -17.80% -13.84% -28.78% -30.16% -29.61% -35.14% 

5.4.3. ERP Feature Comparison 

Correlation plots for the measured N100, P300, and N400 ERP Amplitudes and 

Latencies for control vs distant and modelled channels are displayed in Figure 5.5.  

Figure 5.4: Root Mean Square Error (RMSE) for control vs distant (Tp9, Tp10), and 
modelled ERPs for each stimulus type. © 2020 IEEE 

Note: Error for Af7 and Af8 distant channels are not shown 
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Figure 5.5: Correlation plots of N100, P300, and N400 ERP Amplitudes and Latencies for control vs distant (Tp9, Tp10), 
and modelled channels. © 2020 IEEE 

 * p < 0.05, ** p < 0.01 denote bonferroni-corrected significance. The p values displayed are uncorrected. Coefficients for Af7 and Af8 distant 
channels are not shown 
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Individual-Subject Waveforms 

The 33 individual-subject averaged ERPs for control, TP9, TP10, and the ANN 

model for each stimulus type are displayed in Figure 5.6- Figure 5.9. 
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Figure 5.6:  Individual-subject averaged ERPs for control, TP9, TP10, and the 
ANN model for Standard Tone stimuli. © 2020 IEEE 
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Figure 5.7:  Individual-subject averaged ERPs for control, TP9, TP10, and the 
ANN model for Deviant Tone stimuli. © 2020 IEEE 
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Figure 5.8: Individual-subject averaged ERPs for control, TP9, TP10, and the 
ANN model for Congruent Word stimuli. © 2020 IEEE 
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Figure 5.9: Individual-subject averaged ERPs for control, TP9, TP10, and the 
ANN model for Incongruent Word stimuli. © 2020 IEEE 



93 

5.5. Discussion  

5.5.1. Control  

The control channel (CZ, re-referenced to the average of remaining 58 channels 

after the set of 6 distant channels were removed) demonstrated significant group-level 

ERPs for tonal stimuli  (SVM accuracy = 93.93%, padj < 0.01) and near significance for 

word-pair stimuli (SVM accuracy = 68.18%, padj = 0.0804) stimuli (Table 5.2, Table 5.3). 

The morphology of the group-mean waveforms demonstrates a classic N100 (tonal 

deviant stimuli: negative going deflection around 100ms), P300 (tonal deviant stimuli: 

positive-going deflection around 300ms) and N400 (incongruent word stimuli: negative 

going deflection around 400ms), as indicated in Figure 5.2. This is consistent with prior 

research using this data [8], [11]. The accuracy on classifying the word-pairs was likely 

lower due to the high-pass filter-parameter used in this study. The N400 obtained from 

the incongruent word is a lower-frequency ERP component and the 1Hz filter may have 

removed some of the variance between stimulus conditions. Another possible reason is 

larger relative noise and variance due to lower SNR for the word-pair stimuli. The 

amplitude range of the averaged N400 waveforms in the control channel are only around 

4uV, in comparison to approximately 8uV for the tonal stimuli (Figure 5.2).  

5.5.2. Independent Distant Channels 

The ERPs recorded at the distant channels (re-referenced to FP1 and FP2) were 

shown to be present for tonal stimuli at TP9, TP10 as indicated by the significance of the 

SVM classifier accurately differentiating between stimulus conditions (Table 5.2). N100 

and P300 ERPs are visible in TP9 and TP10 channels (Figure 5.2), however the group 

average morphology appears to be different to control with the TP9 P300 showing a 

bifurcated peak. Note the TP9 and TP10 waveforms are inverted for display purposes, 

given that waveforms at temporal locations are typically inverted relative to midline ERPs 

[153]. For word stimuli, no clear N400 peak is visible on the distant channels (Figure 5.2) 

and the support vector machine was not able to classify between the conditions above 

random chance (Table 5.3). The distant channels were thus not able to record 

responses that showed significant difference between congruent and incongruent 

conditions. Furthermore, the ERP variance across the study population at these distant 

locations, for all stimuli types, is far greater than control. This indicates influence of 
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decreased SNR at these distant sensor locations. These electrode locations are further 

from the source of the signal and closer to sources of noise from the jaws, eyes, and 

facial muscles than the midline electrodes.  

TP9 and TP10 single-subject ERP waveforms were strongly correlated with 

control ERPs for standard tones (mean: TP9 = 0.6599, TP10 = 0.5969), moderately 

correlated for deviant tones (mean: TP9 = 0.5999, TP10 = 0.5135) and congruent words 

(mean: TP9 = 0.4796, TP10 = 0.4794), and moderate-to-weakly correlated for 

incongruent words (mean: TP9 = 0.4853, TP10 = 0.3753) (Figure 5.3, Table 5.4). The 

TP9 channel contained more linearly-related information to the ERPs recorded at the 

control channel than the TP10, which is intuitive given the dominance of the left-

hemisphere when processing auditory stimuli [154].  

The ERP amplitudes and latencies measured at the distant channels were poorly 

correlated with those measured at control (Figure 5.5). When correcting for multiple 

comparisons, the only significant correlation was for the N400 amplitude at the TP9 

electrode (R = 0.47, padj < 0.05).  

While there is some evidence that there are moderate linear relationships 

between the individual distant channels and control, these are not consistently reliable 

on an individual level and therefore not independently suitable for applications such as 

brain vital signs (Hypothesis I). The large variance in intraclass correlation (Figure 5.3) 

and RMSE (Figure 5.4) across the study population relative to control shows that these 

relationships are highly influenced by low SNR at these locations.  

5.5.3. Model Performance 

The neural network model demonstrated significant group-level ERPs for both 

tonal (SVM accuracy = 96.96%, padj < 0.01) and trending to significance for word-pair 

(SVM accuracy = 74.24%, padj = 0.0516) stimuli (Table 5.2, Table 5.3). The classification 

accuracy slightly outperformed control for tonal stimuli and word-pair stimuli, and – 

importantly – also outperformed the individual distant channels for all stimulus types.  

On the waveform level, the model was strongly correlated with control for 

standard tones (Rmean = 0.6891), and moderately correlated for deviant tones (Rmean = 

0.5713), congruent words (Rmean = 0.5526), and incongruent words (Rmean = 0.5309) 
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(Figure 5.3). The model outperformed the individual distant channels in this respect by a 

small margin. However, the variance of correlations across the study population is 

reduced for the model for all stimulus types relative to the individual distant sensors 

(Figure 5.3, Table 5.4). This suggests that the combination of distant sensors contains 

more SNR than is present at each individual channel. Furthermore, the model also has 

far lower RMSE and RMSE variance than the distant channels across all stimulus types 

(Figure 5.4, Table 5.5). This further demonstrates the value of combining the distant 

channel data to reduce SNR and better model the control ERP.  

The reason the standard tone stimuli have the highest ICC and lowest RMSE for 

both distant channels and the model is intuitive. Given that ERPs are generated by 

averaging multiple responses to each stimulus, the standard tone stimuli (n ≈ 275) 

should have a much larger signal-to-noise ratio than the deviant tones (n ≈ 25), 

congruent words (n ≈ 30), and incongruent words (n ≈ 30).  

On a feature level, the ERP latencies measured from the model were not 

significantly correlated with those measured at control (Figure 5.5). However, the 

modeled ERP amplitudes were highly and significantly correlated with control for the 

N100 (R = 0.5, padj < 0.05) P300 (R = 0.75, padj < 0.01), and N400 (R = 0.75, padj < 0.01) 

ERPs. This suggests that the neural network models are currently better able to predict 

the relative amplitudes of the control waveform than the morphology. This is likely 

because the method of recording amplitudes in brain vital signs applications involves a 

relative comparison to the amplitudes of the preceding and succeeding peaks (refer to 

D’Arcy et al. for a more detailed description [44]), whereas peak latencies are more 

dependent on the precise peak timing being modelled, resulting in the poor correlations. 

In addition, the cost function of the neural network model uses an absolute error term so 

it is more suited to reducing the error instead of the correlation. This further explains the 

larger improvements in RMSE over ICC with the model.   

Ultimately, a simple neural network autoencoder model can more accurately 

combine the distant sensor data to reduce SNR and predict the ERPs measured at the 

CZ channel location. This may not yet be suitable for consistent, absolute prediction of 

ERP latencies, but the consistent reduction in variance of waveforms, intraclass 

correlations, and RMS Error indicate that a model-based approach offers the best 
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solution for accurately measuring ERPs and brain vital signs from distant sensor 

locations in future.  

5.5.4. Limitations 

There are a few caveats that need to be discussed in context with this study. 

Firstly, the use of the 64-channel EEG system to collect the data allows for major 

artifacts (blinking, eye movement, muscle contraction) to be removed using ICA prior to 

the separation and re-referencing of the distant sensors. In practical applications using 

low-density EEG, these artifacts cannot be removed using this method. However, it was 

necessary to use a high-density system initially to develop the proof of concept and gain 

a better understanding of the relationships between signals recorded at different 

locations. This process would subsequently need to be implemented on a low-density 

system using only methods and techniques for artifact correction that would be available 

to such systems. Secondly, not all the information from the CZ channel is being 

reconstructed. The model is only used to predict the trial-averaged event-related 

potentials using just the information that is strongly volume conducted to the distant 

sensor locations. 

The models in this study were trained using the signal-averaged ERPs obtained 

from multiple individual stimulus epochs. This averaging reduces the random noise 

between electrode sites, but this also attenuates the amount of signal that can be used 

to train a prediction algorithm. Autoencoders are highly efficient at noise reduction, and 

thus might better learn the true relationship between these sensor locations with this 

increased information on an epoch level [155]. 

Finally, the sample size of this study (n = 33) was small. The model would be 

more robust if trained with independent training, test, and validation datasets over a 

larger sample size rather than the leave-one-out method. 

5.5.5. Future Work 

Future work should extend the prediction to other locations and incorporate 

additional evoked potentials. Another reference (i.e. earlobe, nose) could be used to 

allow for additional information from frontal sensors without losing the signal from the 
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frontal channels that were used in this study as the reference. Future work should 

incorporate larger sample sizes and separate training, test, and validation datasets for 

the machine learning model. Individual epochs could be used to train a prediction 

algorithm instead of the signal-averaged potentials to boost the size of the training set. 

Alternatively, to boost both the sample size and SNR of the signal-averaged ERPs, they 

can be bootstrapped by randomly combining subsets of individual epochs from different 

participants. The neural network model should be optimized on these larger training sets 

to minimize correlation error as well as error as the cost function. Other machine 

learning regression algorithms should be explored, such as regression trees or random 

forests. The effects of intrinsic or extrinsic factors related to data collection, such as 

signal quality, on the relationship between sensor signals needs to be understood. 

Finally, distant sensor detection should be validated on a low-density EEG system 

without the use of ICA for artifact correction. 

5.5.6. Relevance 

Standard electrode locations are often affected by the presence of hair, which 

impacts signal quality across individuals and scans, increases setup time and is often 

less convenient for individual monitoring of brain vital signs. In contrast, distant sensors 

placed directly on the skin allow for increased speed, comfort, portability, for a larger 

range of applications. This area of the head is naturally accessible, and a small portable 

EEG system could easily be applied, analogous to using a pair of sunglasses or 

headphones. There are commercial EEG devices that already utilize this concept for 

sensor placement but have not optimized their EEG hardware for evoked-potential 

collections.  

Developing a system for accurately recording, predicting, and validating evoked 

potentials from distant locations below the hairline may create new, practical applications 

in EEG across a much wider range of individuals and applications. This has potential in 

both personal, commercial, and clinical environments such as the routine monitoring and 

assessment of concussion, dementia/ageing, or other brain conditions.  
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5.6. Conclusion 

ERP waveforms and features recorded at distant channels are moderate-to-

poorly related with those at the control channel. However, waveforms recorded at distant 

channels can be combined using a neural network autoencoder to model the control 

channel ERPs with better precision than those at the individual distant channels. This 

model can increase SNR, as seen by the consistent decrease in variance and 

improvements in intra-class correlation and RMS error, which makes it better suited for 

individual-level analyses such as those utilizing the brain vital signs framework. 

 



99 

Chapter 6.  
 
Discussion 

6.1. Main Findings and Relevance 

The objectives for this research were to address three key challenges related to 

elevating EEG technology from the laboratory for concussion. We have demonstrated 

that:  

1. The brain vital signs framework is a valid approach for evaluating concussion-

related brain changes in athletes (Chapter 3) 

2. The signal quality of an EEG signal can be objectively and automatically 

assessed for robust reporting of brain vital signs (Chapter 4), and  

3. The speed & practicality of the EEG setup can be improved through modelling 

signals from distant sensor locations (Chapter 5) 

This thesis has addressed a major challenge faced by practitioners - the lack of 

practical, objective, evidence-based approaches deployed directly at the point of care to 

inform critical decisions for concussion management on sports.  

There are a range of technologies that have shown scientific promise for 

monitoring or detection of concussion (See 2.4.2). The ongoing challenge is to design 

solutions to make these technologies useful outside the laboratory by developing them 

to be rapid, portable, accessible (both financially and physically), objective, practical, 

reliable and, most importantly, accurate. The brain vital signs framework is not currently 

a diagnostic tool but rather a tool for monitoring changes in metrics of brain function. 

However, these changes could be used to develop a diagnostic tool by classifying 

patterns of brain function changes to various injury or neurological conditions.  

The goal of this research was to move towards an objective assessment for 

concussion that is sensitive to injury but also accessible and practical. The three studies 

described in Chapters 3-5 represent significant progress in this regard. The brain vital 

signs framework was previously presented as a rapid assessment tool for brain function 
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evaluation in healthy controls. This thesis has demonstrated the first scientific evidence 

that the brain vital signs framework can accurately detect brain function changes related 

to concussion. It has also solved two technical barriers to making this a practical, widely 

accessible tool for monitoring concussion in real world environments.  

The ideas presented in the three studies can be combined into a more 

comprehensive and feasible platform for concussion management. This platform would 

be able to record EEG rapidly and conveniently from distant sensors, evaluate signal 

quality in real time, and monitor brain function metrics related to injury and repetitive 

head impacts. While each component focuses on a separate clinical or technical 

challenge, together they advance the overall goal for this research.  

This research is not meant to replace existing clinical frameworks but should be 

used to augment any battery of objective tests to improve the standard of clinical care 

and provide evidence-based treatment and analysis of concussion. Combining brain vital 

signs with other emerging objective technologies may provide the most sensitive 

platform for concussion assessment. Multiple concussion tests that may individually 

have low sensitivity or specificity can be combined into a comprehensive set of tests with 

better results [109], [110].This will address a major issue in both clinical care and 

concussion research. Currently, there is no comprehensive definition of concussion. 

Researchers and clinicians do not have classifications for different levels of severity, 

symptom profiles, or prognostics for recovery. There is also a disconnect between the 

structural changes and the resulting functional presentations of injury.  

Concussion is a dynamic injury with a wide range of mechanisms of onset as well 

as resulting symptoms. A common saying is that “every concussion is a snowflake” 

which speaks to the wide range of presentations of injury. What is needed is a test or 

system of tests that can be used at the individual level to understand what is happening 

in the brain and help the patient through the recovery process. Ultimately, improving 

concussion assessment will fundamentally improve concussion treatment. This applies 

to individual diagnosis and monitoring of recovery, but also in research. For example, 

without a means of tracking changes in brain function it is not possible to test the effect 

of new treatments. This research subsequently has considerable implications in 

pharmaceutical and physiotherapy research.  
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In summary, we have demonstrated that the brain vital signs framework has 

potential to aid clinicians in making rapid and practical assessments of concussion 

through objective markers of brain function. It can also help researchers better 

understand the science of concussion and subconcussion to ultimately improve 

outcomes for clinical treatment and rehabilitation. 

6.2. Clinical Feasibility Study – Analysis of Brain Vital 
Signs and Concussion  

6.2.1. Practical translation to uncontrolled medical environments 

Brain vital signs scores were shown to change significantly over the different 

clinical time points of concussion: baseline, concussion, and return-to-play (Figure 3.4-

Figure 3.5). This demonstrates that the brain vital signs framework is a valid tool for 

objective monitoring of concussion at the point of care. It has long been reported that 

EEG and ERP-based methods can be used to study changes related to concussion in 

athletes [82], [84]. ERPs have been shown to be reliable and sensitive markers of 

cognitive dysfunction related to concussion [41], [83] but have not yet been adapted or 

validated for widespread clinical use. In the consensus statement from the 2016 

international conference on concussion in sport it was discussed that research should be 

encouraged in this domain to validate the clinical utility of EEG at the point of care [5].  

This is likely due to the practical challenges of administering EEG in real-world 

environments such as at schools, the emergency room (ER) or on the sideline of a field 

or sports arena. While prior research has evaluated resting-state EEG on the same day 

as injury [62], [156], this is the first demonstration of ERP changes in the immediate 

acute phase. To date, the soonest evaluation of ERP amplitude and latency changes 

post-concussion have taken place one week after injury [85], with the majority of studies 

taking place weeks [86], months [82], [87]–[90] and years after injury [91]–[100]. 

Traditional, lab-based studies of ERPs use fixed infrastructure which is not portable or 

practical for longitudinal monitoring. This thesis has demonstrated that portable EEG 

hardware with a rapid ERP data collection paradigm can be applied to concussion 

testing directly where the tests are administered. While further technical development is 

required to improve this concept, this is a major advancement in validating the use of 

EEG technology in clinical applications.   
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6.2.2. Objective testing 

The P300 amplitude ERP (representing basic attention) was shown to be 

significantly increased at both post-concussion and return-to-play relative to baseline 

(see 3.4.2). This suggests that concussions resulted in persistent impairments in the 

domain of attention, despite athletes having passed their clinical return-to-play protocols. 

It has long been discussed that physiological impairment extends past observable 

clinical measures of recovery [7], and this has also been demonstrated in prior EEG 

literature. Long-term effects of concussion on attention using ERPs have been shown to 

be undetected by other standard clinical cognitive assessments [91]. Another study 

showed significant abnormalities in resting-state EEG in concussed athletes 8-days after 

injury that were not present in clinical assessments of symptoms, balance, and cognitive 

function [62]. This highlights the lack of sensitivity of subjective concussion tests to the 

subtle cognitive changes that occur after concussion [58]. Prominent, more recognizable 

acute symptoms (headache, dizziness, blurred vision, etc.) might easily be subjectively 

scored but it may be more challenging for an individual to notice or report slight changes 

in higher-level cognitive functions such as attention, sensation, or cognitive processing. 

It is thus necessary to have objective testing methods that are sensitive to physiological 

markers of injury and recovery to be available to clinicians to make evidence-based 

treatment [157]. It is important that anyone who has been diagnosed with a concussion 

be completely recovered before being allowed to return to activity (sport, work, school 

etc.), given that injured brain tissue is more susceptible to re-injury which can have more 

severe repercussions [61]. A history of concussion has also been associated with later-

life cognitive and mental health impairments [59], [60] and it remains to be seen if more 

accurate measures of physiological recovery can reduce this risk by allowing full 

recovery.   

6.2.3. Subconcussive Impairment 

A secondary analysis of the athletes that were not diagnosed with a concussion 

showed significant differences from baseline to post-season in the N400 amplitude 

“cognitive processing” ERP as well as in their total brain vital signs scores (see 3.4.3). 

These changes are consistent with MRI assessments of subconcussive accumulation in 

athletes [87], [88], suggesting that the observed changes could be due to sub-threshold 

impacts sustained over the course of the season or concussions that were not 
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diagnosed. This is a novel finding, as no other study has looked at the N400 ERP 

component in healthy athletes over the course of a season. It is possible that the 

observed effect could be related to an experimental or psychological process not related 

to head impacts. However, the N400 has shown to have a high test-retest reliability from 

one-week to multiple years [158]–[160]. While the stability of the semantic congruent 

response has been shown to vary, thought to be due to a learning-effect from repetition 

of stimuli or a decrease in subject motivation, the N400 response to semantic 

incongruent targets were not significantly different between sessions [159]. The current 

brain vital signs framework only uses the semantic incongruent responses for the N400 

measurement. The observed stability of the N100 and P300 components in the non-

concussed group is encouraging that this effect is not an experimental artifact, but 

ultimately the use of a matched-control group of athletes [62], or correlating differential 

changes to biomechanical factors such as total number, frequency, and intensity of 

impacts sustained would better describe the causation of these changes. 

Imaging studies have recently shown structural similarities between the 

mechanisms of subconcussive accumulation and acute concussive injury [161]. 

Unfortunately, the field of subconcussive research is still relatively new and much of the 

evidence is limited [162], [163]. Study designs have shown tendencies to focus on 

evaluating changes at just two or three time points, either before or after a single game 

[164] or training session [165], [166], or after an entire season of contact sports [63], 

[66], [167] and a brief off-season [168]. To better understand the onset and development 

of subconcussive impairment over a season, or career, of contact sport requires 

constant longitudinal assessment with a means of evaluation that is sensitive, portable, 

practical, and low-cost. Portable EEG methods such as the brain vital signs framework 

provide a realistic means of achieving this.  

6.3. The EEG Quality Index 

The EQI framework has demonstrated to be an effective, general-purpose, 

statistics-based approach for evaluating the influence of artifacts in EEG. It can 

differentiate between simulated clean vs artifact-contaminated windows of EEG with high 

accuracy (see 4.6.3) and can estimate the SNR as the percentage of artifact present in a 

recording of EEG (see 4.6.4). Existing formal standards for EEG signal quality are 

predominantly focused on controlling environmental parameters related to data 
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acquisition rather than the actual objective quality of the recorded data [121]. These 

traditional EEG standards often rely on skin-electrode impedance as a proxy for signal 

quality, or are manually and visually determined by an operator [134]. However, this 

approach is known to have both high false positive rates as well as poor real-time 

capability [122].  

The EQI index is not the first framework for objectively measuring signal quality 

in EEG. In 2014 a simple statistical method was proposed that used the combination of 

the signal mean, standard deviation, and second-order power amplitude to generate 

scores which were then mapped to quality levels using fuzzy clustering [132]. These 

levels were shown to be correlated with gelled (to represent high quality) and non-gelled 

(low quality) electrodes. Another study designed a 4-second signal quality test for a 

wearable sensor [133]. This binary quality test had to be passed before the sensor could 

be initiated. It incorporated 3 measures of signal quality (signal variance, 50Hz/total 

power, and alpha/total power ratio) with a heuristically derived equation to determine 

signal quality. This method did not assess the overall quality of the actual recorded 

signal used in the wearable. Another multivariate framework for quality assessments for 

BCI applications was proposed in 2017 [134]. Similar to the EQI framework, it used 6 

variables to determine signal quality scores which were shown to be related to SNR. 

However, these scores were calculated across all channels in the EEG system, so it is 

not possible to obtain scores for independent channels. No method of combining the six 

scores into an overall quality score was proposed.  

Automagic is a MATLAB toolbox for researchers [169]. It automates bad channel 

identification and estimates signal quality through the ratio of bad channels, and the ratio 

of channels with amplitude and variance above pre-set thresholds. A user arbitrarily 

preselects the thresholds and criteria for quality prior to the assessment. The thresholds 

are applied to all datasets, so the quality standards are consistent across datasets. 

However, this is specifically designed for large scale EEG studies using high-density 

EEG datasets. A classifier-based method has recently been proposed specifically for 

low-density EEG that uses 114 parameters, a dimensionality reduction method, and a 

weighted K-Nearest Neighbor (KNN) classifier to separate recorded signals into three 

categories: low, medium, and high quality [170]. This was shown to have high accuracy 

to classify quality category and to discriminate muscle artifacts from other types. This 
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was trained and validated on an artifact-free public EEG database that was then 

contaminated with simulated artifacts and labelled by experts.  

The recent increase in development and publication of signal quality measures 

for EEG suggests that this is rapidly becoming essential for portable EEG applications. 

However, the EQI framework is the only general-purpose, objective means of evaluating 

EEG signal quality that can be fully automated, real-time, scalable to any number of 

measures and channels, and can be applied to any durations of EEG recording. It is also 

the only framework that proposes to use a reference database as a statistical 

benchmark for evaluating signal quality, rather than setting heuristic, arbitrary, or “black 

box” thresholds.  

The EQI creates a numeric statistical standard against which all EEG data can 

be compared, improving upon previous signal quality frameworks. It is important that 

automated measures of EEG signal quality, such as the EQI scores, should be reported 

alongside clinical ERP scores such as brain vital signs to support that the measured 

signals are a true reflection of the underlying neural processes and not overly distorted 

by artifacts. Of course, signal quality is not the only factor that can have a significant 

negative effect on an ERP experimental paradigm. Refer to Chapter 6.5.2 for a 

discussion of experimental and environmental factors. Signal quality scores can be used 

as additional inputs to BCI applications to improve accuracy or as factor weights [134]. 

They can also be used for a priori thresholds to make scientific studies of EEG more 

repeatable and can operate as a statistical covariate for better interpretation of the 

results of EEG studies [170]. Frameworks for signal quality are therefore important to 

improve the robustness of EEG-based clinical assessments for concussion. 

6.4. Distant Sensor Prediction of Event-Related Potentials 

This thesis has demonstrated that ERPs recorded at distant channels can be 

combined using a neural network autoencoder to model a benchmark ERP with better 

precision than those at the individual distant channels (See 5.5). This is possible 

because ERPs created from action potentials are almost instantaneously volume 

conducted through the brain [38].  
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Standard electrode locations are often affected by the presence of hair, which 

impacts signal quality across individuals and scans, increases setup time and is often 

less convenient for individual monitoring of brain vital signs. In contrast, distant sensors 

can be placed directly on the skin and allow for a broader range of applications in 

portable EEG through increased set-up speed, portability, and better comfort for subjects 

to improve monitoring of event-related potentials. This area of the head is naturally 

accessible, and a small portable EEG system could easily be applied, analogous to 

using a pair of sunglasses or headphones.  

There are consumer-grade, “wearable” EEG devices (Muse, InterAxon, Toronto) 

that already utilize this concept for sensor placement but have not been optimized for 

event-related potential collection. Nevertheless, a research study by Krigolson et al. 

[145] demonstrated that evoked potentials (Visual N200 and P300) could be collected at 

frontal and temporal locations using a distant-sensor consumer grade device. However, 

an analysis of signal quality was not performed. For this thesis, P300 ERPs were 

statistically significant at an individual level across subjects at temporal locations (See 

5.5.2), but were subject to much greater between-subject variance relative to control 

sensor locations. Indeed, Krigolson et al. noted that the method of just recording the 

ERPs at temporal locations was less than optimal given that the recorded ERPs had 

different morphologies than typical sensor locations [145]. The distant sensor 

autoencoder model (see 5.5.3) presents a solution to this issue. Krigolson et al. also 

noted that setup was challenging with participants of certain head sizes, shapes, and 

hair styles [145], despite the perceived ease of application of the system. This is 

potentially due to the dry electrodes used in most consumer-grade EEG devices. Dry 

electrodes are known to be influenced by noise and have decreased statistical power 

relative to wet electrodes [144].  

Consumer-grade EEG devices can improve speed and practicality of application 

but are limited in data quality, reliability, and depth of analysis compared to medical-

grade EEG systems [143], [171]. EEG quality is strongly dependent on the properties of 

the connection to the skin, so improved headset and sensor design is needed for 

recording signals at distant locations [125]. This likely includes design elements from 

consumer-grade EEG but combined with the sensor fidelity of medical-grade EEG 

systems necessary to make clinical assessments. Devices that can reliably detect event-

related potentials from distant locations will enable inexperienced operators, such as 
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athletic trainers or schoolteachers, to apply EEG systems easily and correctly to record 

brain vital signs in real world environments. This has potential in both personal, 

commercial, and clinical environments such as the assessment of concussion, 

dementia/ageing, or other brain conditions.  

6.5. Future Work 

Besides the continued development of the work presented in this thesis (see 

Chapters 3.5.5, 4.7.5, and 5.5.5), there are additional areas that require advancement to 

improve the practicality and robustness of brain vital signs monitoring of concussion. 

6.5.1. Automated data analysis 

Firstly, the brain vital signs framework should be fully automated for better 

practical application in the real world. Work to date has been incorporated in a semi-

automated fashion with manual user-input required at various stages in the data analysis 

for including quality assessment for trial-rejection, and peak-picking.  

Trial-rejection is the removal of single ERP epochs that contain artifacts that 

contribute to distorting the averaged ERP [172]. It has been demonstrated that the 20% 

trimmed mean (the mean of the dataset excluding the top and bottom 10th percentiles) 

can provide a better estimate of central tendency for ERPs in the presence of outliers or 

artifacts [173]. However this requires a large or bootstrapped sample of epochs because 

the probability of finding the true mean of the sample increases as the sample size 

increases [174]. Other statistical methods such as auto-adaptive averaging can also be 

used to reject epochs that contribute to decreasing the SNR of the averaged signal 

[175].  

A more robust method would be to implement methods that can estimate and 

subtract artifactual activity from the raw EEG such that all epochs can be included in the 

averaged ERP waveforms [172]. This was implemented in the data analysis for this 

study to correct for ocular artifacts through adaptive filtering [102] for low density 

electrode arrays and ICA for high density systems. ICA is not a feasible method for the 

purposes of portable monitoring with low density systems, therefore artifact correction 

methods should be applicable to single-channel EEG and benchmarked to ICA as a gold 
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standard [115], [176]. Single-channel automated artifact correction models exist for 

removal of ocular [176], heart beat [177], and muscle artifacts [178] using a range of 

statistical separation methods. In fact, it has been demonstrated through simulation that 

single-channel artifact correction techniques outperform multichannel methods 

especially for low SNR applications [178]. This could be especially important for distant 

sensor detection of event-related potentials, where EEG signals are easily and rapidly 

recorded but placed in locations that might be more influenced by physiological artifacts 

(Chapter 5). 

Nonetheless, it is still important to have an accurate estimate of the SNR of the 

signal even after artifact correction because some artifacts might not be specifically 

discovered. Methods such as the EQI framework (Chapter 4) could be implemented 

before and after artifact correction to assess the extent to which the SNR was increased. 

The EQI framework is designed to estimate the SNR of the overall EEG signal, but other 

methods exist for estimating the underlying SNR of the ERP itself by analyzing the 

variance within the pre-stimulus interval relative to the variance of the post-stimulus 

epoch [179]. These concepts can be combined to provide an end-to-end description of 

the signal quality of an individual scan. Using a normative reference database for 

comparison, thresholds for signal quality can then be described to automatically accept 

or reject the metrics obtained from the resulting ERPs.   

Peak detection, the selection of relevant features from the ERP, is another area 

that can benefit from automation. The current brain vital signs framework utilizes 

baseline-adjusted amplitude and maximum-peak latency from an identified ERP (Figure 

2.3), which requires user identification of both the peak of interest as well as preceding 

and subsequent peaks for baseline-adjustment [44]. Experienced operators are required 

to identify these features in a consistent manner, which can be challenging due to inter-

subject variability [180]. This is a time-consuming process. Automated peak-detection 

methods would be critical for assessing concussions on the sideline of a sports field or at 

an emergency room, where processing time is critical. 

A comparison of manual and automated measures of feature detection, both for 

the categorical outcomes of the presence/absence of an ERP and for the quantitative 

outcomes of amplitude and latency, showed significantly large differences between 

methods [181]. Human operators demonstrated the highest agreement, although task 
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performance and validity were not assessed. Other studies have shown that automated 

peak-detection methods can match manual expert-labelling with high precision and 

recall [180]. Ultimately, automated feature selection mechanisms need to be verified as 

accurate, reliable, and repeatable across raters. There appears to be a gap in the 

literature for using machine learning methods in choosing ERP features. Deep neural 

network models are widely used in computer vision applications for detecting and 

classifying important features [182], [183] and might be useful in this regard.  

6.5.2. Enhanced SNR in rapid, portable, low-density EEG 

The second important area for development is enhancing the SNR in low density 

and rapid EEG. Optimizing the signal to noise ratio can be implemented by increasing 

the prominence of the signal (the neural response to stimulus) and conversely by 

reducing the influence of noise (background brain activity, artifacts). A discussion of 

correcting for noise in the system through more efficient artifact correction, signal 

processing, and data analytics methods is described in Chapter 6.5.1.  

Enhancing the prominence of the ERP signal could be completed through 

optimizing rapid stimulus sequences to better elicit desired event-related potentials as 

markers of brain function. SNR is typically optimized in ERP studies through lengthy 

repetition of stimulus presentation to average out non time-locked brain activity, but 

given the time constraints of real-world EEG (See 1.2) this is not always practical. For 

collection over a short time, stimuli can be presented in rapid succession with short 

interstimulus intervals (ISI). The overlapping responses can distort the subsequent ERP 

averages, but these can be regressed by modeling the convolutions of the waveforms of 

adjacent stimuli relative to the averaged waveform [184]. However, stimuli presented too 

rapidly can cause lapses in attentional and perceptual processes such that stimuli are 

either processed incorrectly or not at all [185]. Stimuli can also be layered to examine a 

high dimensionality of brain functions in a shorter time than assessing each dimension 

individually. This is the foundation of the brain vital signs framework [10] but is also 

described in the “MONSTER approach to simultaneous assessment of multiple 

neurocognitive dimensions” by Kappenman and Luck [186]. Some promising research is 

also ongoing in identifying evoked responses in single-trials, which can logically be 

extended to low-trial conditions [187]–[189].  
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Future research should focus on optimizing the stability of the individual 

response to the presentation of stimuli (i.e. the signal). While the test-retest reliability of 

many ERPs under controlled conditions are well established, there are a range of 

environmental and psychological effects which can impact the ERP signal if not 

adequately controlled [190]. In group-level studies, these can be controlled with 

appropriate and consistent experimental design [38]. However, on a single-subject level 

this presents more of a challenge. The N100, P300, and N400 ERPs are all modulated 

by attention [190], [191]. The current brain vital signs stimulus sequence is a passive 

task, subjects are required to pay passive auditory attention to the stimulus sequence. If 

a subject is distracted, not-paying attention, or situated in a very distracting environment, 

then the resulting ERPs can be affected [191], [192]. If the levels of distraction are 

different between time points, then this can create changes in ERPs that are not due to 

some cognitive source. Virtual reality presents a unique opportunity to control the 

external environment in a fully immersive experience for the subject while 

simultaneously recording EEG [193]. This may be beneficial for controlling for external 

distracting stimuli in portable applications. Methods can also be developed for assessing 

general compliance to the stimulus task. Similar to how the EQI framework (Chapter 4) 

objectively estimates the signal quality, objective measures of compliance can be 

designed to provide further context for results interpretation. For example, levels of 

attention throughout the task could be measured through the ratio of alpha/theta power 

in the fronto-central electrode locations [194]. 

Exercise intensity can also influence ERP components. It has been shown that 

both high- and medium-intensity exercise have immediate, significant effects on P300 

amplitude relative to control, but low-intensity exercise does not [195]. This study was 

performed immediately after exercise, while the subjects heart rate was still elevated. 

Another study looked at ERPs before maximum-exertion exercise, and again once body 

temperatures and heart rate returned to pre-exercise levels [196]. They reported 

significant increases in both P300 and N400 amplitude, and a significant decrease in 

P300 latency. This research suggests a general arousing effect of aerobic exercise on 

ERPs. It is unclear at what duration after exercise the ERPs stabilize to baseline levels. 

This has considerable implications in concussion testing, particularly for athletes being 

removed directly from the field of play for immediate assessment. It’s thus reasonable to 

suggest that baseline assessments should also be performed after exercise for a more 
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direct comparison, as with the baseline testing in the feasibility study presented in this 

thesis (See 3.3.2). Future work should better understand this effect in both injured and 

uninjured athlete populations to create a profile for exercise-related changes and inform 

rigorous scanning practices for athletes. 

There are a range of other individual confounding factors that can affect ERPs in 

the short term, such as sleep [197], caffeine intake [198], and existing comorbid 

neurological disorders such as depression or ADHD. Future work should establish and 

control for the variance in SNR because of these factors and understand how normal 

“day-to-day” variance differs from abnormal clinical variance related to injury.  

Higher fidelity signals can also be recorded through ongoing improvements in 

EEG hardware and sensor design. With modern advances in transistor size, EEG 

technology has become inexpensive, lightweight and portable [28]. This has led to a rise 

in consumer EEG devices with focus on portable, practical monitoring such as the 

Emotiv (Emotiv, San Francisco, USA), Muse (InterAxon, Toronto, Canada), or Mindwave 

(NeuroSky Inc., California, USA). However, it has been shown that consumer-grade 

EEG devices demonstrate poorer data quality, reliability, and depth of analysis 

compared to high-density medical grade systems [12]. Future work should focus on 

developing consumer-grade EEG devices that perform at the same level as medical 

grade devices. Using sensor fusion models for specific analysis, such as the distant 

sensor prediction method presented in Chapter 5, may offer a solution to this challenge.  

6.5.3. Optimization at the individual-level 

The final key area for development is to optimize brain vital signs for monitoring 

changes on an individual level. The work presented in this thesis used group-level 

statistics, albeit using paired-data from individual subjects (See 3.3.5). However, the 

challenge with clinical concussion monitoring is that it is fundamentally a longitudinal 

process for a single patient. Methods for analyzing statistical significance of individual 

ERPs need to be developed. Non-parametric statistical methods such as bootstrap 

resampling [174] may be useful approaches for confirming the presence of ERPs in a 

single subject [199] and for statistical hypothesis testing [200] between time points in a 

longitudinal case study.  
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Individual monitoring requires a true normative database for reference to better 

understand how brain vital signs vary within and between individuals, as well as within 

and between sessions. In fact, the study model of collecting baseline scores may not be 

realistic for general clinical care for concussions of single patients. It is likely not feasible 

to obtain a baseline assessment for every person that may be at risk of concussion. In 

this case, the diagnosis might be the first assessment point available and so normative 

“profiles” will have to be developed for enhanced classification of injury status. A 

normative reference database should be replicable, have sufficient samples across a 

broad range of ages with well-established inclusion/exclusion criteria, have stable and 

proven test-retest reliability, and be both sensitive and specific to detecting neurologic 

abnormalities [201]. Population-normed percentiles might also have more clinical 

relevance, particularly in cases where a baseline measurement was not recorded [107]. 

Once longitudinal monitoring begins, both individual and normed comparisons can be 

integrated to provide better context to the meaning of brain vital signs changes over the 

time-course of recovery. The radar profiles presented (See 3.5.3 and Figure 3.5) for 

multivariate comparison between time-points may be important clinical visualization tools 

for this purpose. 

A reference database of brain vital signs recorded across a large sample size 

and range of demographics, including both healthy and concussed groups, can provide 

empirical definition of healthy vs impaired changes. It would be useful to understand the 

differences in variance across individuals both within and between sessions as well as 

the variance between individuals, and the test-retest reliability and long-term stability of 

brain vital signs in the presence of confounding factors not related to injury (repeated 

exposure, sleep, diet, caffeine intake, existing neurological disorders etc.).  

6.5.4. Continued Concussion Research 

Finally, the technical developments described in 6.5.1-6.5.3 should be 

implemented to continue to research brain vital signs changes in concussion with a 

broader range of demographics under stricter methodological frameworks. 

Considerations should be made for potential differences in injury epidemiology, risk 

factors, and presentation across both male and female athletes [202], [203] of various 

age groups engaging in different sports and levels of participation. Ongoing 
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assessments should be collected throughout the season to better characterize the 

progressions of injury and recovery with matched control groups for comparison. 

The brain vital signs framework should be integrated with other objective 

concussion assessments (see 2.4.2) into a clinical test battery to evaluate the sensitivity 

and specificity to classifying injury status, and prognostics for predicting recovery time at 

the individual level.   
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Chapter 7.  
 
Conclusion 

The brain vital signs framework is a newly established approach to monitoring 

changes in brain function over time. This is needed because clinicians require objective, 

physiological measures of brain function to better manage the recovery of patients with 

concussion.  

For this thesis I presented key advancements to address practical challenges 

related to brain vital signs and concussion, developing methods and knowledge to 

translate well-established ERP science from the laboratory to be accessible at the point 

of care. Firstly, I demonstrated that the brain vital signs portable framework is a useful 

tool for monitoring concussion-related changes in athletes. I observed large, significant 

directional changes in brain vital signs metrics along with clinical status in concussion, 

as well as more subtle changes over the course of the season in athletes with no 

concussion. To my knowledge this represents the first time that ERPs have been 

collected (a) remotely at ice hockey arenas in concussion, and (b) within the early acute 

phase post injury. This represents a substantial contribution to the field of concussion 

research. 

However, there are some practical obstacles that limit the usefulness of brain 

vital signs for concussion: the fact that an automated measure of signal quality is 

required to better interpret results, and the speed and practicality of the setup process is 

currently limiting. The usefulness of an EEG-based approach to concussion assessment 

is highly dependent on clean data being recorded in a very short time span. I developed 

new engineering methods to address these challenges. Firstly, I created an automated 

statistical method for real-time assessment of EEG signal quality. This framework has 

shown initial promise in both detecting artifacts and evaluating signal quality in simulated 

data. Secondly, I proposed and demonstrated the feasibility of a novel neural network 

approach for predicting classic electrical brain potentials based on distant-sensor 

recordings from more practical electrode locations below the hairline. This enables faster 

and more practical application for measuring brain function. These developments are not 
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just relevant for the brain vital signs framework but are also applicable for ERP and 

portable EEG research in general.  

The objective of this research was to solve key engineering challenges for 

monitoring EEG in applications that require portability, comfort, and speed of 

measurement as design priorities for measurement across a range of individuals, 

settings, and circumstances. The presented body of work incorporates novel engineering 

developments to provide robust, technical solutions for a major clinical problem. These 

are impactful and important results with considerable implications for neuroscience and 

the management of concussion. 
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