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Abstract

Instrumented mouthguards (IMGs) are wearable devices designed to record kinematic
data describing the head’s motion during potentially injurious impacts in sports.
Already a popular device, IMGs are set for a surge in popularity following World
Rugby’s mandate making them a requirement for all professional rugby players.
Despite this widespread implementation, numerous aspects of the design may be
improved. Specific improvements include stricter measures to ensure the validity of
recorded data and the extraction of further information about the recorded data while
avoiding time-consuming video review. Machine learning algorithms have been
created to address the validation issue, but not for female sports specifically or rugby
union. To address this, a dataset was collected from six women’s rugby union matches,
resulting in 214 impacts from 480 minutes of play. After training, a machine learning
algorithm yielded scores of 0.92 and 0.85 for the area under the receiver operator and
precision-recall curves (AUROC/AUPRC) respectively, on test data. This
advancement signifies a crucial step in female sports' head impact telemetry,
enhancing safety and data reliability in contact sports for women. Secondly, a study
used kinematic recordings to create algorithms predicting impact action (ball carrier
vs. tackler) and impact type (direct head contact vs. secondary acceleration). Machine
learning algorithms achieved 69.4%/0.721 and 65.4%/0.744 macro recall AUROC
scores. With further refinement, this may potentially automate impact analysis, aiding
athlete protection. Lastly, methods to reliably report linear acceleration are not fully
understood. This was investigated by estimating the linear acceleration at the head’s
centre of gravity with measurements from a cohort of 25 (11F) individuals. Substantial
differences between maximum and minimum impact values were found. Given the
variation in head shape and size between youth, adult males and adult females, this
indicates a one-size-fits-all approach will not be appropriate and individualised
measurements are required to estimate linear acceleration accurately.
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1 Introduction

Recent years have proved a tumultuous time for sports with the emergence of the
concussion crises. Rugby union (RU) is one of the affected sports, with many players
now diagnosed with chronic neurodegenerative disease as a result of their playing
careers. The use of Instrumented mouthguards (IMGs) has been mandated to assist
with concussion detection by World Rugby to better protect athletes' health. This
thesis focuses on advancing the reliability and functionality of IMGs through the
application of machine learning (ML) and other innovative approaches. This
introductory chapter will cover the background to sports concussion crisis and offer a
brief overview of the key themes of the thesis, which are discussed in greater depth in

later chapters.

Sections 1.1 and 0 describe the terminology relating to brain injury and an overview
of the pathophysiology of brain injury. Section 1.3 overviews the history of brain
injury research in sports, leading to the present day. Section O discusses the rates of
injury in modern RU, while 1.5 introduces IMGs and World Rugby’s use of IMGs.
Section 1.6 provides a brief introduction to ML, while 0 and 1.8 provide the thesis

aims and outline respectively.

1.1 Brain Injury Terminology

This thesis will commonly use the following definitions regarding brain injury.

Chronic Traumatic Encephalopathy (CTE) is a neurodegenerative disease associated
with repeated head impacts, sometimes seen in athletes and military personnel (Gavett
et al., 2011; McKee, 2020; Omalu et al., 2005; Stein et al., 2014). It shares some
neuropathological features with Alzheimer's disease, including tau pathology, but is
considered a distinct entity (Turner et al., 2016). CTE can lead to early-onset dementia,
with symptoms including mood changes, cognitive impairment, and motor

dysfunction (Montenigro et al., 2015).

Sub-concussion refers to brain damage that occurs without overt clinical symptoms,
making it particularly insidious and challenging to detect (Bailes et al., 2013;
Nowinski et al., 2022). Although sub-concussive impacts lack immediate signs of
impairment, evidence suggests that repeated exposure to such impacts can have

significant long-term consequences, contributing to neurodegenerative conditions like



early-onset dementia and CTE (McKee, 2020; Nowinski et al., 2022). Studies on
athletes in contact sports and military personnel exposed to repetitive head trauma
underscore the cumulative effects of sub-concussions, revealing associations with
structural brain changes, cognitive decline, and behavioural disturbances over time
(Breedlove et al., 2012; Mez et al., 2016). This emerging understanding highlights the
critical need for strategies to monitor and mitigate sub-concussive impacts, even in the

absence of overt injury symptoms, to prevent progressive neurological damage.

Concussion, or mild traumatic brain injury (mTBI), is a less severe form of brain injury
that, despite its classification, can have lasting effects on cognitive health, emotional
well-being, and overall quality of life, particularly when complicated by repeated
injuries or inadequate recovery (Carroll et al., 2004). Concussions frequently result
from sports-related impacts, falls, or motor vehicle accidents and present with a range
of symptoms, including headaches, dizziness, sensitivity to light or sound, memory
difficulties, and transient confusion or disorientation (Giza & Hovda, 2001; Patricios
et al., 2023). While many individuals recover within weeks, some experience
prolonged symptoms, referred to as post-concussion syndrome, which can persist for
months or longer, highlighting the potential for significant disruption to daily life
(Daneshvar et al., 2011; Gardner & Yaffe, 2015). Like sub-concussive injuries, an
accumulation of mTBIs may contribute to neurodegenerative conditions (Gavett et al.,
2011; Nowinski et al., 2022).

Traumatic brain injury (TBI) broadly refers to brain damage resulting from an external
force that disrupts normal brain function, ranging in severity from mild to severe
(Menon et al., 2010; Saatman et al., 2008). Severe TBIs are characterized by extended
periods of unconsciousness, significant memory deficits, and persistent physical and
cognitive impairments, often necessitating long-term medical intervention and
rehabilitation (Maas et al., 2017; Saatman et al., 2008). Such injuries can result from
high-impact events such as motor vehicle accidents, falls, or violent trauma and are
associated with profound social and economic burdens, including reduced quality of
life for survivors and substantial healthcare costs (Roozenbeek et al., 2013). Recovery
depends on injury severity, individual characteristics, and access to medical services
(Pervez et al., 2018). While most mTBI patients recover within months, some

experience persistent symptoms (Azouvi et al., 2017).



The following section provides a deeper look at the pathophysiology of these brain

injuries.

1.2 Brain Injury Pathophysiology

Brain injuries are highly complex, involving intricate biochemical and cellular
processes, and a comprehensive exploration of this topic is beyond the scope of this
thesis. However, a brief overview of the pathophysiology relevant to this work will be
provided here, with more detailed explanations available in the works of Capizzi et al.
(2020) and Ng & Lee (2019).

Primary injury represents the immediate physical damage to brain tissue following
traumatic brain injury (TBI), resulting directly from mechanical forces applied during
the initial impact (Giza & Hovda, 2001; S. Y. Ng & Lee, 2019). Primary injury is
classified into focal and diffuse types, with diffuse injuries occurring more frequently
in TBIs. Focal injuries are localized and often result from direct head impacts, leading
to contusions, brain lacerations, and haemorrhage in specific brain regions (Capizzi et
al., 2020; S. Y. Ng & Lee, 2019). Diffuse injury, on the other hand, typically results
from rapid brain acceleration without direct contact, causing widespread shearing and
stretching of neuronal and vascular tissues, including axons and oligodendrocytes,
particularly within the brainstem and corpus callosum (Meythaler et al., 2001). This
type of injury is characterized by axonal injury throughout the brain, which is a key
determinant of TBI severity (Fujita et al., 2012; Gennarelli et al., 1987).

Secondary injury occurs as a delayed response to the primary injury, potentially lasting
from hours to years and involving various neurochemical and metabolic disruptions
(Loane & Faden, 2010; S. Y. Ng & Lee, 2019). Key mechanisms of secondary injury
include excitotoxicity and mitochondrial dysfunction, both of which exacerbate neural
damage over time. Excitotoxicity involves the breakdown of the blood-brain barrier,
leading to the excessive release of excitatory neurotransmitters, such as glutamate,
which can cause oxidative stress and neuronal cell death (Loane & Faden, 2010; S. Y.
Ng & Lee, 2019). Mitochondrial dysfunction results from disrupted calcium
homeostasis and excess ions entering cells post-injury, leading to mitochondrial
membrane depolarisation, ATP synthesis inhibition, and reduced cellular energy for
repair (Xiong et al., 1997).



Following this brief description of brain injury, Section 1.3 describes how the

understanding of these injuries in sport has developed, from the 1920’s until now.

1.3 A Brief History of Brain Injury Research in Sport

The origins of sports-related brain injury research are attributed to the work of Dr W.
Trotter, who observed brain injuries in boxers in the 1920s (Changa et al., 2018). In
this transcribed oration session entitled “Certain minor injuries to the brain”, he
described concussion in athletes as a transient state, followed by amnesia and the
absence of clear structural cerebral injury (Trotter, 1924). As the field developed,
publications from Dr Harrison Martland, Dr C. B. Cassasa, Dr Michael Osnato, and
Dr Vincent Gilberti provided further evidence in support of Trotter’s findings (Changa
et al., 2018). These authors reported what was believed to be physical evidence of
concussion, noting 'bundles of fibrils' and haemorrhages, leading to conclusions that
concussions may also have chronic effects (Changa et al., 2018; Martland, 1928). This
growing body of evidence highlighting links between concussions and chronic effects
led Dr Martland to describe the classical clinical case of the “Punch Drunk™ boxer

(Changa et al., 2018; Martland, 1928).

The punch drunk syndrome includes acute, delayed, and chronic symptoms of brain
injury, ranging from changes in gait between rounds to Parkinsonian gait,
tremulousness, and cognitive decline (Changa et al., 2018). It reported that boxers who
had a higher head impact exposure during their career would be more likely to exhibit
these symptoms, in particular, low-skill boxers who were knocked down several times
a day in sparring practice (Changa et al., 2018; Martland, 1928). In the years after their
careers, former boxers saw premature dementia and disorientation, suspected to be a

result of repeated brain injury (Corsellis et al., 1973; Milspaugh, 1937).

“Punch drunk” or “dementia pugilistica” was believed to be a disease only found in
boxers, until an autopsy of a former National Football League (NFL) athlete revealed
that they had suffered from the disease (Omalu et al., 2005). The pre-mortem medical
history described many of the symptoms from the studies of the early 20th century,
suspected to be the result of head trauma from their NFL career (Omalu et al., 2005).
The disease now called CTE, was later found in 86% of American football players
who donated their brains to a brain bank (Mez et al., 2016). This led to a prolonged

legal battle, with former players suing the NFL for masking the severity of repeated



head trauma, culminating in a reported settlement of $1 billion (Ventresca & Henne,
2020).

CTE has been diagnosed in former professional athletes from RU, ice hockey, mixed
martial arts, and other high-impact sports (McKee et al., 2009; Mez et al., 2016;
Montenigro et al., 2015; Nowinski et al., 2022). These discoveries and the increased
awareness of concussions led governing bodies to develop targeted preventive
strategies (Arbogast et al., 2022; Koerte et al., 2021; McNamee et al., 2023; Patricios
et al., 2023). These preventive strategies include the introduction of concussion
protocols, mandatory rest periods, and stricter return-to-play guidelines for athletes,
especially in high-impact sports such as football, rugby, and hockey (Raftery &
Falvey, 2022). It has also seen the introduction of touchline assessments, like the
Sports Concussion Assessment Tool (SCAT), which have also been standardised
across many sports to facilitate early detection and improve injury management
(Stemper et al., 2019). Additionally, rule changes, such as limiting high tackles in
rugby and reducing contact drills in football practices, aim to reduce the frequency

and intensity of head impacts (Patricios et al., 2018).

The growing recognition and/or detection of concussions have driven a substantial
increase in scientific research focusing on sports-related head trauma. This field
encompasses diverse approaches, including the use of wearable technologies for real-
time monitoring, medical imaging for injury assessment, simulation-based studies for
understanding impact dynamics, and large-scale epidemiological investigations
(Arbogast et al., 2022; Giza & Hovda, 2001; Patricios et al., 2018). Collectively, these
efforts aim to quantify the prevalence and severity of brain injuries, reduce their
occurrence and impact, and unravel the complex physiological mechanisms
underlying concussions and their long-term effects (Giza & Hovda, 2001; Patricios et
al., 2023).

Despite the research and interventions, RU is now seeing similar legal battles to that
of the NFL, which has garnered significant attention from media outlets and academia
alike (Ingle, 2023). Players who have been diagnosed with neurological issues,
including early onset dementia, are seeking damages from World Rugby, the Rugby
Football Union (RFU), and the Welsh Rugby Union (WRU), alleging negligence and

inadequate player protection (Ingle, 2023). As reported in mainstream media, the case



currently involves 268 players, with an additional 27 players recently joining the
proceedings (Davies, 2023; Ingle, 2023).

This illustrates the problem concussions have been and continue to be in sports. The
next stages of this chapter will focus on the specific issue that concussion plays RU
and investigate how wearable technology, specifically instrumented mouthguards, is

being used to combat it.

1.4 The Rate of Brain Injury in Rugby Union

The frequency of brain injuries in sports has now been documented in varying sports,
age groups, and levels of competition (Dompier et al., 2015; Stokes, Kemp, et al.,
2023). In keeping with the themes of this thesis, only interventions conducted in RU
will be assessed in this section to provide an overview of the available research. In
general, for a concussion to be reported within these studies it must be diagnosed by a
medical professional. Whilst this aims to provide consistency between studies, this
requirement may make reporting accurate figures from community sport more
difficult, due to reduced access to medical staff. Self-reported concussions may also
be unreliable as concussions are underreported by athletes for various reasons (Fraas
et al., 2014).

RU’s injury rates are well reported in England, as the governing body, the Rugby
Football Union (RFU), has provided an injury audit since 2002 (West et al., 2021).
Whilst this initially focused on the male professional game, it now reports injuries for
males and females, in youth, community, university, and professional RU (West et al.,
2021). These RFU injury audits have reported concussion to be the most prevalent
injury in the male professional game since the 2011/12 rugby season (K. Stokes,
Kemp, et al.,, 2023). Similar findings have come from the Irish and Welsh
professionals, with Irish professionals experiencing rates of incidence rate of 18.4
diagnosed concussions /1000 hours (Cosgrave & Williams, 2019), and the Welsh
counterparts 21.4/1000hr in the 15/16 season (Moore et al., 2015). Further to this, the
injury rates reported within the men’s rugby World Cup injury audits have illustrated
similar trends and values (Fuller et al., 2008, 2013, 2016, 2020). Concussion was
found to be the most common injury that occurred in matches at all other levels of the
game, in both males and females (K. Stokes, Kemp, et al., 2023). Concussions

accounted for between 20% and 34% of the total injuries recorded at each level in the



most recent report of the 2021/22 season, with the rates per 1,000 match hours shown
in Table 1-1.

Within the female game, concussion is still a common injury, although less research
has been available. More studies are now being published, perhaps due to calls for
more research in response to the growth of the female game (Palmer & Hargreaves,
2023). A 2022 survey collated published research articles to assess injury rates in
women’s RU, rugby league, and sevens (King et al., 2022). The pooled rate of
concussion in RU from the nine studies was reported as 2.8/1,000 PMH, whilst rugby
sevens and league produced rates of 8.9 and 10.3/1,000 PMH respectively (King et al.,
2022). The values reported in this study for RU concussion rates were much lower
than the rates the RFU have recently reported, Table 1-1, and lower than the average
across the 2011/2012-2013/2014 and 2017/2018-2019/2020 seasons (5.0/1,000
PMH) (Starling et al., 2023).

Table 1-1: The frequency of concussion at various levels of rugby union within England.

Level of Play Injury Rate / 1,000 player % of total injury
match hours
Women’s Community 7.0 22
(Roberts et al., 2023)
Women'’s Professional 15.0 34
(Williams et al., 2024)
Men’s BUCS Super Rugby 17.3 20
(Kemp et al., 2022)
Men’s Professional Stokes, 18.2 24
Kemp, et al., 2023)
Men’s Community (Roberts et 4.9 22
al., 2023)
Male Youth Rugby Stokes, 8.0 29
Roberts, et al., 2023)

Given these incidence rates have failed to decline following the introduction of
protocols and interventions, it suggests that more changes must be made to make RU
safer to participate in. The next section of this chapter explores how World Rugby, the
governing body overseeing RU, plans on using IMGs to help manage the concussion

crisis.



1.5 World Rugby’s Use of Instrumented Mouthguards for Concussion

Management
With the awareness of the concussion crisis, there has been a growing focus on
prioritising player safety and the importance of precise injury detection and
assessment (Raftery & Falvey, 2022; Tooby et al., 2023). The use of IMGs may aid
concussion detection and assessment as it enables the remote measurement of head
kinematics during head acceleration events (HAEs) (Greybe et al., 2020; E. M. P.
Williams et al., 2021). These mouthguards are equipped with sensors which capture
data describing the motion of the head during impacts experienced during gameplay.
By capturing this kinematic data, the device offers a promising avenue for better
understanding and mitigating the risk of concussions in the sport. They, along with
other devices, have now been featured in many academic publications, although
questions remain about their reliability (Wu et al., 2018). More information on IMGs

is in Chapter 2.

As of January 1, 2024, World Rugby, the international governing body for RU, has
mandated the use of IMGs for professional teams worldwide (World Rugby, 2023).
This follows the deployment of these devices during the Rugby World Cup 2021 —
Women (held in 2022) and the Otago Community Head Impact Detection study
(Bussey et al., 2023; World Rugby, 2022). This decision carries profound implications
for the research conducted in this doctoral thesis. This mandate reflects a growing
recognition of the potential of this technology to enhance injury prevention strategies,
refine training methodologies, and promote evidence-based decision-making (Tooby
et al., 2023). Whilst they will be initially used to aid injury detection, as IMGs are not
currently capable of detecting concussion, the long-term objectives have not been fully
defined by World Rugby. Consequently, this highlights the importance of the work in
this thesis, which seeks to improve the quality and interpretation of IMG data for

contact sports (Palmer & Hargreaves, 2023).



1.6 What is Machine learning and how has it Supported the Use of
Instrumented Mouthguards
In ML, algorithms play a central role in building models that can learn patterns from
data and make predictions or decisions (Mitchell, 1997). An algorithm is defined by
Cormen et al., 2009 as the following. It is a finite, well-defined sequence of steps or
instructions used to solve a problem or perform a computation. It is a methodical
process for transforming inputs into outputs by following a logical progression of
operations. Algorithms are foundational to computer science and are used across

various domains to automate tasks, optimize processes, and analyse data.

ML is a specialized domain within artificial intelligence (Al) that focuses on designing
algorithms capable of replicating human decision-making processes and improving
performance with experience (Goodfellow et al., 2016). These algorithms not only
mimic human-like decisions but also analyse data to adapt and learn patterns
autonomously (Mitchell, 1997). A well-known definition of machine learning is as
follows: “A computer program is said to learn from experience E with respect to some
class of tasks T and performance measure P, if its performance at tasks in T, as

measured by P, improves with experience E” (Mitchell, 1997, p.470).

Classification and regression are among the most widely utilized ML approaches
(Alpaydin, 2013). Classification algorithms assign input data to predefined categories,
such as predicting whether an email is spam or not, while regression algorithms focus
on predicting continuous outcomes, like stock prices or temperature changes (Hastie
et al., 2009b). These approaches demonstrate ML’s capacity to address both discrete
and continuous data problems, forming a foundation for numerous real-world
applications across fields like medicine, finance, and sports analytics (Csizmadia et
al., 2022; Janiesch et al., 2021; Shalev-Shwartz & Ben-David, 2013).

ML algorithms can also be categorised based on their learning paradigms, with the
primary approaches being supervised, unsupervised, and reinforcement learning
(Mitchell, 1997). Supervised learning involves training algorithms on labelled datasets
where the input-output relationship is clearly defined, enabling performance
evaluation during training (Hastie et al., 2009a). Examples include linear regression,
which models numerical relationships, and neural networks, which simulate brain-like

structures for advanced pattern recognition (Goodfellow et al., 2016). Unsupervised



learning works with unlabelled data to uncover hidden patterns or structures (Shalev-
Shwartz & Ben-David, 2013). Techniques such as k-means clustering and
autoencoders are widely used to identify groupings or reduce data dimensions without
explicit guidance (Hastie et al., 2009a; Murphy, 2012). Reinforcement learning
focuses on sequential decision-making, by interacting with their environment and

receiving feedback in the form of rewards or penalties (Sutton & Barto, 2018).

IMGs may report spurious data as genuine, therefore methods must be in place to
reduce these occurrences (Kuo, Wu, Hammoor, et al., 2016; Luke et al., 2024; Patton,
2016). Supervised classification algorithms have proven instrumental in advancing the
detection, classification, and analysis of HAEs captured by IMGs in numerous sports
(Goodin et al., 2021; Raymond et al., 2022; Wu et al., 2014). These studies have used
a variety of methods, including different algorithm types, data preparation methods,
and the inclusion of synthetic data to improve the performance of the algorithms. The
result of this work is the development of classification algorithms with near-human-
level performance in the detection of genuine and spurious events, in specific
situations (Goodin et al., 2021; Raymond et al., 2022; Wu et al., 2014). These
developments underline the role of ML in improving the capabilities of IMGs,
ultimately contributing to improved player safety and a better understanding of impact

biomechanics.

1.7 Thesis Aims

The data generated by IMGs following World Rugby’s mandate offers an
unprecedented opportunity to progress concussion research in RU. Not only could this
aid the understanding of how the brain responds to impacts, but the interventions it
will create will make the sport safer for the 8.5 million players participating in RU
worldwide (Salmon et al., 2019). To translate this influx of data into meaningful
advances in player safety, it is essential to establish robust methods for data processing
and analysis. Accurate and reliable data collection is critical as inaccuracies may
invalidate findings and hinder the development of effective interventions.
Additionally, data alone will not provide any solutions to the concussion crisis, by
developing an effective analysis pipeline researchers will be able to develop insights
into the causes and outcomes of brain injury. Therefore, the work within this thesis
will present methodologies and findings that look to facilitate accurate, reliable, and

insightful work within this field.

10



This mandate also offers the opportunity to begin addressing the gender disparity in
RU injury research, as female athletes remain underrepresented (Palmer &
Hargreaves, 2023). This thesis will address this issue by developing targeted solutions
for the issues present with IMG use in female RU. Importantly, the research aligns
with broader societal conversations about gender equity in data collection, with work
from this thesis and the wider research group highlighted in a recent BBC report on
the gender data gap (Palmer & Hargreaves, 2023). Such efforts aim to improve player

safety, and foster a more inclusive understanding of injury risks.

The first research question focuses on the detection of genuine HAEs in women’s RU.
This inquiry stems from earlier studies that tackled similar challenges in other sports.
For instance, ML has been employed to detect direct head impacts in American
football and HAEs in Australian Rules football, predominantly using male-derived
datasets (Goodin et al., 2021; Wu et al., 2018). These studies provide valuable insights
into classification algorithms, feature sets, and key feature groups. By adapting and
enhancing these techniques, this research aims to develop an optimised combination
of ML algorithms and features tailored for the detection of HAEs in women’s RU.
This approach addresses a significant gap, as no existing classifier currently targets
either women’s sports or RU specifically. Moreover, the creation of such an algorithm
will enable a deeper exploration of the unique characteristics of female head
acceleration events, offering a foundation for future research and potentially

improving safety protocols within the sport.

Currently, IMGs are primarily used for impact detection and the estimation of the
head’s kinematics, providing limited functionality beyond this. Detailed analysis of
specific HAES typically requires a supplementary and resource-intensive video review
process. ML offers a potential solution by enabling the automated detection of critical
HAE characteristics, reducing the reliance on manual review. Activity recognition,
which has demonstrated success across various domains using diverse sensors,
presents a promising avenue for application in HIT systems (Dang et al., 2020). By
integrating these methodologies, IMG systems could be significantly enhanced,
offering time savings and actionable insights into player safety. To evaluate these
possibilities, clearly defined research goals are needed. For instance, prior studies have
successfully recognised sport-specific actions, making RU motions an intriguing test
case for comparison (Hendry et al., 2020; Kautz et al., 2017; Tabrizi et al., 2020). A

11



key question thus emerges: Can ML differentiate between head accelerations recorded
from ball carriers (BCs) and those from tacklers? Building on the ability to characterise
head accelerations and identify spurious recordings, the research could progress to
addressing a more nuanced question: Can ML distinguish between head accelerations
caused by direct head contact and those resulting from indirect or non-contact events?
Successfully answering these questions would enhance HIT systems' diagnostic
capabilities and contribute to a more sophisticated understanding of head impacts in
RU.

A critical aspect of all scientific research is to ensure that results are as reliable and
accurate as feasibly possible. A significant concern in this field is the method used to
report linear acceleration. A 2022 consensus statement emphasised that linear
acceleration should be measured and reported from the head’s centre of gravity (CG)
to improve reliability (Arbogast et al., 2022). However, this recommendation has yet
to be explored in detail, particularly regarding the potential inaccuracies introduced by
varying head sizes across athletes of different ages, sexes, and physical builds. Bussey
et al., 2022 highlighted that merely reporting linear acceleration without considering
biomechanical nuances, such as individual anatomical differences, is insufficient, as
it risks misinterpreting impact severity and biomechanics. This underscores the need
for standardised methods that account for these variations to improve data fidelity and
its subsequent interpretation. Given that IMGs are used by diverse populations,
spanning male and female athletes from youth to professional levels, the research
question emerges: What methodologies should be adopted to most effectively translate
and report linear acceleration data to ensure accuracy across diverse user groups?
Addressing this question is critical to advancing IMG technology and ensuring that
data collected contributes meaningfully to safety and injury prevention research in

sports.

1.8 Thesis Outline

Chapter 2: A review of the use and validation of instrumented mouthguards

The chapter begins with a brief overview of HIT (HIT) systems in contact sports,
describing the purpose and utilisation of HIT systems. A detailed discussion of IMGs
follows, including their significance in sports, fundamental features, and design

considerations. The device performance is then discussed, with results obtained from
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both lab and on-field verifications. Lastly, the methods used to ensure the accuracy

and reliability of IMGs are described.
Chapter 3: Important Methodologies

This chapter delves into the computational methodologies used within this field, with
a more detailed description of the methods most relevant to this thesis. With the code
supporting this thesis written in Python, this chapter begins by exploring the benefits
of Python and object-oriented programming. The chapter then moves to provide an
overview of action recognition and artificial intelligence, two of the key
methodological themes within this thesis. This leads to the description from the first
principles of the methods that underpin these concepts, ranging from feature selection

and generation to ML classification algorithms.
Chapter 4: Moving from Review to Methods and Results

This chapter provides an interlude to mark the end of the introductory sections of the
thesis. A brief describe the layout of the remaining chapters of the thesis is described

within.
Chapter 5: Collection, Processing, and Validation of Head Impact Data

Having reviewed the methodologies in prior chapters, Chapter 5 offers the first look
at the practical study within this thesis. This chapter reports the collection of data for
use in later studies, describing the deployment of the devices, the collection of
kinematic and video data, and the cohort from which data were collected. After the
collection is reported the methods used to validate and the data are outlined. A
discussion follows, consolidating the methodologies, results, and their implications
within the context of the study's objectives and the broader landscape of head impact

data collection and processing.
Chapter 6: Feature Development and Extraction in Python

Here is outlined the process following the initial data collection and preparation of
transforming the recorded data into feature vectors suitable for training ML
algorithms. This process encompasses five feature groups: pulse parameters,
positional derivatives, power spectral density, wavelet transformation, and other

features, as described in Chapter 3. The section further explains the methodology of
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feature generation, storage, naming conventions and normalisation. The discussion
provides insights into feature selection's impact on the different classification tasks
explored within this thesis, emphasising the challenges and considerations in feature

selection and classification tasks within the domain.
Chapter 7: Development of a Head Acceleration Classifier

This chapter delves into a study of the creation of ML algorithms, trained to discern
between recordings of HAEs and spurious events in women's collegiate rugby. With
prior research conducted within this field, the methods previously established are
reviewed, assessed, and tailored to this specific task. The chapter aims to build upon
these methods and develop a classifier in a previously unexplored field, being
women’s RU. The results of the classifiers are then discussed in addition to what this
work means for the developing field.

Chapter 8: Optimising Reporting Locations for Females

The study reported here delves into the challenges posed by variations in sensor
placement and reporting methods associated with IMG systems. These differences
across systems have hindered direct comparisons of kinematic data and limit the
adaptability of ML algorithms across different systems. To resolve these issues,
suggestions have been made to standardise kinematic measurements, however, the
adoption of these recommendations by manufacturers remains inconsistent. The
research aimed to scrutinise the disparities in reported head acceleration and offer

solutions to allow future research to provide accurate kinematic reports.
Chapter 9: Automated Epidemiology of Head Impact Events

This chapter explores two distinct classification tasks related to head impacts in
women's collegiate rugby. The first task aimed to differentiate between HAEs with
direct head contact (DHC) and those without direct head contact (NDC), while the
second focused on predicting whether the impact occurred on the tackler or the BC.
Each task utilised its unique dataset, with features extracted from various kinematic
recordings. The process of developing models including feature selection, hyper-
parameters optimisation and model selection is described. The performance of these
classifiers is then reviewed with an analysis of how this work may affect the field

outlined.
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Chapter 10: Limitations, Conclusions, and Future Work

The thesis concludes with a review of the results and how they have answered the
research questions formulated for this thesis. It provides context for the achievements
of this work and how it will influence the field within future works. Obstructions to
the work within this thesis are described as recommendations for improvements and

future directions for this work.

15



2 Head Impact Telemetry in Sport

HIT systems are designed to measure the kinematic motion of an individual's head
during collisions in sports and other high-risk activities (Arbogast et al., 2022). These
systems are advancing the understanding of head impact kinematics which facilitates
the extraction of valuable, actionable insights (Arbogast et al., 2022). Whilst these
devices cannot diagnose brain injuries, the systems provide objective kinematic data
regarding HAEs (Beckwith et al., 2018; Kieffer et al., 2020). This data can be utilised
to identify potential injury risks in individuals and inform decisions about their well-
being. HIT systems have been used in many sports to help coaches and medical staff
monitor and manage the risk of head and brain injuries during collision events
(Arbogast et al., 2022).

Within Chapter 1, there has been a brief introduction to IMGs, which are a type of
head impact telemetry devices now commonly used in sports. This chapter provides
greater information about HIT devices. In section 2.1, the history of the device is
discussed from inception to the current field. Section 2.2 discusses how various HIT
devices are used in modern-day sports. Section 2.3 discusses the reliability of HIT
devices and why they were appropriate for World Rugby’s recent mandate. The final
section, 1.4, delves into the specific design considerations of IMGs that make them fit

for purpose.

2.1 History of Head Impact Telemetry Devices

The concept of HIT dates back to the 1960’s, in response to concerns about the
prevalence of head injuries in American football (Patton, 2016; Schneider, 1961). The
committee on the medical aspects of sports, created by the American Medical
Association, suggested the collection of head acceleration data, to gain a greater
understanding of the issue (Schneider, 1961). The first devices created were helmets
containing tri-axial linear accelerometers, with one trialled within a professional
American football game and the other during collegiate American football games over
several seasons (Aagaard & Du Bois, 1962; Reid et al., 1971). An instrumented
headband was also developed, designed to be worn and collect data from underneath
a helmet (Moon et al., 1971). Data recorded with the instrumented helmet from
collegiate games and with the headband showed peak linear accelerations over 1000

g, without the players suffering clear injury (Moon et al., 1971; Reid et al., 1971).
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These values were considered to be more than what was believed to be safe limits at
the time (Gurdjian et al., 1966). As the devices were improved and revised, the
reported acceleration values began to decrease, although they were believed to still
over-report the acceleration magnitudes. A revised instrumented helmet design
reduced the magnitude of greatest linear acceleration events to around 400 g, whilst a
study a decade after still reported values >500 g (Patton, 2016). Concurrently, T-
shaped plates with accelerometer ensembles were adhered to the neck and worn within
the mouth to measure the acceleration of the head in automotive and military studies
(Patton, 2016).

It was not until the turn of the millennium that the HIT field began to gain significant
interest, coinciding with the acknowledgement of the widespread nature of brain injury
within the NFL (Omalu et al., 2005; Patton, 2016). Many studies were published
within the first two decades of the millennium using helmets in American football,
with papers reporting event frequencies, magnitudes, and even developing suspected
concussion thresholds (Broglio et al., 2017; Le Flao et al., 2022; Zhang et al., 2004).
Despite this initial promise, there were reports that helmets were not accurately
recording head kinematics and that previous validation work had been unreliable
(Jadischke et al., 2013). Despite this, many studies have continued to use helmet-
mounted sensors (Le Flao et al., 2022). Alternatives to helmets were also developed,
such as adhesive patches, headbands, and skullcaps, although these devices have

proven similarly unreliable in testing (Kieffer et al., 2020).

With improvements in microtechnology, the first wireless IMGs were developed
around 2010 (Paris et al., 2010; Patton, 2016) The design of IMGs means that device
avoids the coupling issues that affect many of the previous devices mounted externally
to the head (Knapik et al., 2007; Wright et al., 2021). Whilst they are not immune to
recording issues they have consistently outperformed other devices both in the

laboratory and on-field testing (Jones et al., 2022).

2.2 The Use of Head Impact Telemetry Systems in Sports

The use of the various modern HIT systems within the sporting field has been
summarised in systematic reviews conducted by Patton et al., 2020 and Le Flao et al.,
2022. Patton et al., (2020) analysed 168 studies that meet the inclusion criteria, all of

which were published before December 31, 2019. The predominant sports investigated
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were American football, accounting for 62% of the studies, followed by ice hockey
(12%), soccer (11%), lacrosse (8.9%), RU/league (3.6%), Australian football (3%),
and boxing (2%). The majority of research participants were collegiate level athletes
(48%), with significant representation from high school (37%) and youth (22%) levels.
Helmet-mounted sensors were the most prevalent (64%), followed by skin patches
(24%), mouth guards (6.5%), headbands (4.2%), headgear (1.2%), caps (1.2%), ear-

mounted sensors (0.6%), and mouthpiece-mounted sensors (0.6%).

Similar findings were reported by Le Flao et al., 2022, which included publications up
until 31% December 2019. The majority focused on helmeted sports (75%), while the
remaining studies covered non-helmeted sports (25%). The most studied sports were
American football (57% of included studies), soccer (10%), and ice hockey (9%). The
studied population was predominantly composed of collegiate (18-22 years) and high
school (14-18 years) age groups, accounting for 77% of the total participants. Only
16% and 7% of the participants were from the youth (<14 years) and adult (>22 years)
age groups, respectively. Additionally, there were 206 participants younger than 11

years of age reported in eight studies.

These findings revealed a significant male bias in the field, with 80% of the studies
exclusively utilising male data. Among the remaining studies, 12% reported data for
both males and females, while 8% focused solely on female participants. Of the 185
studies, 22% included one or more female participants, with a range of one to 58
female participants per study. Female participants represented less than 15% of the
overall investigated population. They were best represented in soccer (366

participants), ice hockey (172 participants), and lacrosse (99 participants).

2.3 Measuring the Performance of Head Impact Telemetry Devices

There are two predominant issues with the reported data from HIT systems, which are:

I. Misestimating the kinematics of HAEs (Kieffer et al., 2020).

ii. Incorrectly recording spurious acceleration events (Kieffer et al., 2020).

The misestimating of kinematics may result from different sources. There may be
issues with data processing methods, for example the translation to the head’s CG, and
alternatively it could arise from hardware issues. In order to measure a devices ability

to accurately and reliably report data, they must undergo laboratory validation in
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which their ability to correctly estimate kinematic is measured. The laboratory
validation of HIT devices is discussed within 2.3.1

Spurious events can occur when recording data with IMGs when some vibration or
impact not related to athletic incidents causes the sensor to accelerate and record an
event. This is a noted problem, which has been reported as affecting all head impact
telemetry devices. To address this, devices must be verified on-field, where their
ability to correctly identify genuine HAEs is assessed against an observer is measured.
This is discussed for various HIT devices in 2.3.2.

2.3.1 Lab Validation Results

Varying degrees of laboratory validation have been reported in previous studies, with
some devices lacking proper validation altogether (Patton et al., 2020). Studies have
also questioned the efficacy of these lab validation tests on some HIT devices
(Jadischke et al., 2013). It was not until the consensus head acceleration measurements
practice (CHAMP) guidance regarding laboratory validation was published that
attempts to create a standard practice were created (Gabler et al., 2022). The
recommendations outlined within the paper aim to create a standardised set of

validation methods, to ensure are devices are reliable. The five key findings were:

e A wearable device that measures head acceleration must be independently
validated for its intended application through controlled laboratory testing, and
the laboratory should simulate the real-world loading environment in which
the device will be used.

e Laboratory testing of wearable devices should use a validated biofidelic
anthropomorphic test device (ATD) head form combined with a repeatable and
reproducible test setup that enables testing across multiple levels of magnitude,
duration, and direction that simulate on-field linear and angular head
Kinematics relevant to the setting of the study.

e Reference sensor setup and validation metric selection depend on the intended
application of the wearable device, which can vary on four main levels: impact
counting, impact magnitude, impact direction, and the time-history
measurement of six-degree-of-freedom (6DOF) head kinematics.

e If a wearable device is designed to measure and report metrics derived from

head kinematics, ground truth measurements must be collected with an ATD-
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embedded laboratory-grade reference sensor system. If a wearable device is
designed to count impacts only, a reduced reference setup enabling verification
of impact events may be applied

e Processed data from the wearable device must be compared with ground truth
measurements using validation metrics and statistical methods that enable
complete, unbiased, and application-relevant assessment of accuracy and

uncertainty.

The results from two studies that measured the performance of multiple HIT devices
in laboratory settings will now be assessed. These studies were selected because of the
range of devices included and the methodologies aligning with the criteria described
by Gabler et al., 2022. Firstly, Kieffer et al., 2020 provides measurements of each of
the most common HIT device types, whilst Jones et al., 2022 shows the testing used
by World Rugby to inform their decision of which IMG to use in their recent mandate.

Figure 2-1 depicts the experimental setup used within Jones et al., 2022.

Both studies measured reference kinematics using head forms with instrumentation
packages consisting of three linear accelerometers (Endevco 7264b-2000; Meggitt
Orange County, Irvine, CA) and a tri-axial angular rate sensor (DTS ARS3 Pro 18k;
Diversified Technical Systems, Seal Beach, CA) at the heads estimated CG. Whilst
these reference sensors have not been validated explicitly in the literature, the former
is widely used in military, aviation and concussion research, whilst the later meets
SAE J211, I1SO 6487, NHTSA & FAA data acquisition requirements and the latest
U.S. Government dynamic performance requirements(Diversified Technical Systems,
2024; Jones et al., 2022; Peregino & Bukowski, 2004; Walter, 2009). Both sensors
record at frequencies of 20 kHz which is suitable for suitable for measuring impact

mechanics.

Both papers use the Concordance Correlation Coefficient (CCC) for linear
acceleration, rotational velocity, and/or rotational acceleration, allowing for easy
comparisons to be made between studies. It quantifies concordance by incorporating
measures of precision (closeness of repeated measures) and accuracy (closeness to the
identity line), making it suitable for evaluating agreement between two continuous
variables (Lin, 1989; Mahon, 2005). The specific reasoning for the selection of CCC
by Kieffer et al., 2020 was that CCC may better account for bias (Lin, 1989). As
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highlighted by Kusunoki et al., 2009, ICC may also be a suitable measure and can
account for bias in certain circumstances. However, ICC and CCC are complementary
rather than interchangeable, with CCC better suited for assessing agreement and ICC
more focused on reliability (Lin, 1989; Shrout & Fleiss, 1979). This suggests more
metrics could be used for measuring performance, but CCC is a suitable measure

offering insight with a single measurement value.

A summary of test results from the two papers investigating the performance of

various devices is shown in Error! Reference source not found..

Table 2-1: Performance of various HIT devices in laboratory testing

Concordance Correlation Coefficient — (CCC)
Sensor Linear Acc. Rotational Rotational Acc.
Sensor Name Type Vel.
xPatch Patch 0.84(Kieffer et | 1.00(Kieffer et | 0.46(Kieffer et
al., 2020) al., 2020) al., 2020)
SIM-G Headband | 0.48(Kieffer et | 0.95(Kieffer et | 0.39(Kieffer et
al., 2020) al., 2020) al., 2020)
G-Force Helmet 0.37(Kieffer et | 0.32(Kieffer et -
Tracker al., 2020) al., 2020)
ORB IMG 0.45(Jones et | 0.53(Jones et -
Innovations al., 2022) al., 2022)
Prevent Boil- IMG 0.95(Kieffer et - 0.97(Kieffer et
&-Bite al., 2020) al., 2020)
Prevent IMG 0.97(Kieffer et - 0.91(Kieffer et
Custom al., 2020), al., 2020),
0.98(Jones et 0.98(Jones et
al., 2022) al., 2022)
HitlQ IMG 0.94(Kieffer et - 0.61(Kieffer et
al., 2020), al., 2020),
0.94(Jones et 0.98(Jones et
al., 2022) al., 2022)
Biocore-FRI IMG 0.98(Jones et - 0.99(Jones et
al., 2022) al., 2022)
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Of the devices tested within these two studies (Error! Reference source not found.),
IMGs recorded the highest measures for CCC in linear acceleration and rotational
acceleration, excluding the ORB innovations device, which at the time was yet to be
validated and withdrawn from the later rounds of testing (Jones et al., 2022). Of the
non-IMG devices, the X-Patch performed best for LA, RV, and RA, although the
measures of LA and RA are low when compared to the IMGs. The difference between
RV and RA indicates that either there is noise in the RV signal that is magnified when
the RA is calculated or that the methods of RA estimation are not suitable. As this
device is adhered to a solid head form, this eliminates the skin artefact which has been
shown to cause measurement errors with these devices. The SIM-G headband and G-
Force tracker helmet recorded lower scores than the mouthguards in the three
comparable scores, with the G-Force tracker helmet also recording a low CCC
measure of RV. Similarly to the X-Patch, the SIM-G helmet showed much worse
performance with RA than RV, indicating a propagation of errors or inaccurate
estimation of RA. The poor results of these devices are potentially due to the coupling

of the device to the head, explained in section 2.4.3.

Testing of the IMGs resulted in CCC measures greater than those recorded by other
device types, indicating superior precision and accuracy. As the ORB IMG was not
commercially available nor validated at the time of study it will be excluded from
further analysis. In terms of linear acceleration, the devices performed consistently
across the two tests, with the CCC values ranging from 0.94-0.98, with the highest
scores indicating near-perfect agreement. For RA, CCC ranged from 0.61-0.99 with
CCCs of four of the six tests greater or equal to 0.97. The lowest score was recorded
by the HitlQ IMG in testing by Kieffer et al., 2020, which was before the device
validation, which may indicate that data processing methods were changed between
the two tests. Again a smaller difference is seen in the testing between the custom
IMGs which may indicate differences between testing or device updates (Stitt et al.,
2021). The remaining measures indicate near-perfect scores for CCC and the device's
suitability for use in terms of validity. From this, we can see that in terms of laboratory
validation, IMGs are accurate and precise, and the devices are suitable for use to

accurately record kinematics in terms of laboratory validation.
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Figure 2-1: Jones B, Tooby J, Weaving D, et al. Ready for impact? A validity and
feasibility study of instrumented mouthguards. Br J Sports Med. 2022; 56(20):e0.
doi:10.1136/bjsports-2022-105698. Reproduced from British Journal of Sports
Medicine, Jones B, Tooby J, Weaving D, et al. (2022) with permission from BMJ
Publishing Group Ltd. (A) Experimental set-up of pendulum impactor to simulate
bareheaded impacts to the dummy headform for Phase I. (B) Padded (vinyl-nitrile) and
rigid (nylon) impactor to the bareheaded dummy headform at the front, front boss, rear
boss and rear locations of the headform. (B) The custom-fit instrumented mouthguard
(iIMG) mounted inside the headform with detachable three-dimensional printed
detention.
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Lab validation provides a “best case” scenario in terms of device validation. When
worn by a user on-field numerous factors are introduced that can negatively affect the
devices ability to record accurate data. To address this, on-field verification is
discussed in the following section, while more specific IMG design considerations are

discussed later in this chapter.

2.3.2 On-Field Verification Results

It is not possible to validate HIT devices on-field as it is not possible to establish
ground truth kinematic measures with a reference sensor. This is an important
consideration, as in-situ testing may cause noise that is accounted for in laboratory
testing, the causes of, and solutions to, are discussed later in this chapter. Therefore,
once devices are validated in a laboratory setting, they should undergo on-field
verification to ensure that it is recording what it intends to record, HAEs, rather than
spurious events. Spurious recording can be triggered in many ways, including, devices
being removed, fitted, or displacing excessively due to poor fit (Jadischke et al., 2013;
King et al., 2018; Wu et al., 2016). To provide a reference metric a ground truth is
established by a reviewer who will record HAEs and compare their predictions to the

outputs of the device.
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Once data has been recorded, a metric must be used to establish the performance of
the device against the ground truth predictions of the reviewer. Many appropriate
metrics can be used to measure this performance, but for these tests, positive predictive
value (PPV) and sensitivity are used, with more information available on these metrics
in section Error! Reference source not found.. PPV reports the devices’ ability to
correctly report genuine events without including false positive events when compared
to an observer identifying impacts. Sensitivity reports the relationship between the
reports of true positive events and false negative recordings. Between these two
metrics, it can be established whether all events reported are believed to be genuine,
and whether the device has failed to record genuine events. The reality of on-field
testing often reveals a trade-off between PPV and sensitivity, improving one metric
typically results in a decline in the other. Relying on a single metric is insufficient.
High sensitivity combined with low PPV leads to many spurious events being
detected, while low sensitivity paired with high PPV results in many events being

missed. More metrics could be used, but they are appropriate for the purpose.

Limitations of this method are the ground truth is only as good as the person who has
verified impacts, which may influence scores. Whilst there is no better option
currently, it can be mitigated by using an experienced rater. Computer vision may offer
a solution to this problem in future, however, current models are not more reliably
detecting HAESs than human reviewers (Mohan et al., 2024; Rezaei & Wu, 2022).

Table 2-2: On field performance of devices compares the performance of multiple HIT
devices in on-field testing. The X-Patch patch-based sensor showed low PPV, with
values reported as 16.3% (Kieffer et al., 2020) and 24.3% (Press & Rowson, 2017).
Sensitivity was higher, with a value of 0.85 reported by Press & Rowson, 2017.
Despite the high sensitivity, the low PPV indicates that the devices is likely triggered
to record too easily, this would indicate even recording suspected to be genuine that a
tendency would likely contain noise, and not be accurate measures. Despite laboratory
validation, patch type sensors have been shown to include significant recording
artefact. The helmet-mounted HITS device displayed relatively high PPV for active
minutes, with an 88.0% value (Campbell et al., 2020). However, sensitivity was
reported at 0.69 (Campbell et al., 2020), suggesting that while the system performed
well in precision, it missed a significant number of true events. Another helmet-based
device, the G-Force Tracker, achieved a lower PPV of 65.9% (Cortes et al., 2017).
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Sensitivity data were unavailable, making it not possible to fully assess its reliability.
The SIM-G headband sensor showed very low PPV at 6.1% (Campbell et al., 2020),
indicating that it captured many irrelevant events. Similar to the X-Patch, high
sensitivity was reported with the SIM-G headband (0.91) (Lamond et al., 2018). With
the very low PPV, it would imply that the sensor is unreliable, and even recording
concurrent with HAEs would be hard to trust as genuine given the high volume of

spurious recordings.

Instrumented mouthguards (IMGs) showed a broad range of PPV and sensitivity
scores in on-field testing. The device used within this thesis, the Prevent Boil-&-Bite
exhibited a PPV of 55.0% for all minutes and 81.6% for active minutes (Kieffer et al.,
2020). Sensitivity data were not reported, leaving some uncertainty regarding its
ability to detect true events consistently. The custom fit Prevent IMG showed higher
PPV values of 91.2% (Kieffer et al., 2020) and 89.0% (Jones et al., 2022) for all
minutes. PPV increased to 96.4% and 94.0% (Kieffer et al., 2020; Jones et al., 2022)
during active minutes. Sensitivity was reported at 0.75 (Jones et al., 2022), reflecting
a good balance between precision and detection capability. Given the devices use
identical sensor set ups, it is not unreasonable to expect the boil-and-bite version to
perform comparably to the custom-fit version, assuming the device is well coupled to
the wearer. The HitlQ device was reported to have a PPV of 60.0% for all minutes and
90.0% for active minutes (Jones et al., 2022). Sensitivity was relatively low, at 0.40
(Jones et al., 2022), indicating it might miss many true events despite reasonable
precision. Lastly, the Biocore-FRI IMG demonstrated strong performance, with a PPV
of 81.0% for all minutes and 98.0% for active minutes (Jones et al., 2022). Sensitivity
was moderate, at 0.51 (Jones et al., 2022), again suggesting a better balance between

detecting true events and avoiding spurious records could be struck.

Further analysis of the performance of all device types is included within the following

sections.
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Table 2-2: On field performance of devices

Positive Predictive Value (%) Sensitivity
Sensor Overall Active Minutes
Sensor Name Type Only
XPatch Patch 16.3(Kieffer et al., - 0.85 (Press &
2020), 24.3 (Cortes Rowson,
etal., 2017) 2017)
HITS system Helmet - 88.0 (Campbell et | 0.69 (Campbell
al., 2020) et al., 2020)
G-Force Tracker Helmet 65.9 (Cortes et al., -
2017)
SIM-G Headband | 06.1 (Lamond et al., - 0.91 (Lamond et
2018) al., 2018)
Prevent Boil-&- iMG 55.0 (Kieffer etal., | 81.6 (Kieffer etal., -
Bite 2020) 2020)
Prevent Custom iMG 91.2 (Kieffer etal., | 96.4 (Kieffer etal., 0.75 (Jones et
Fit 2020), 89.0 (Jones | 2020), 94.0 (Jones al., 2022)
et al., 2022) et al., 2022)
HitlQ iMG 60.0 (Jones et al., 90.0 (Jones et al., 0.40 (Jones et
2022) 2022) al., 2022)
Biocore-FRI iMG 81.0 (Jones et al., 98.0 (Jones et al., 0.51 (Jones et
2022) 2022) al., 2022)

2.4 Instrumented Mouthguards

As the use of IMGs is a key theme of this thesis, the following sections will begin to
more specifically focus on their use. To this point we have established they perform
well in laboratory testing, but while one of the best performing devices in on-field
testing, they still illustrate deficiencies. The following sections introduce key features

of IMGs and how it influences their performance and use.

2.4.1 Mouthguards in Sports

Mouthguards are pieces of personal protective equipment designed to be worn on the
teeth, to help protect the teeth and mouth from damage in sporting endeavours (Knapik
et al., 2007). (Green, 2017) describes the three types of mouthguards manufactured,
which differ in the fitting process used to personalise the mouthguard for the wearer’s

teeth. These three types are referred to as ‘stock devices’, ‘boil-and-bite’ or ‘custom
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fit’. Custom devices are manufactured to fit a 3D mould of the wearer’s teeth. Boil-
and-bite type mouthguards are mass-produced from a standard template, before being
heated and moulded to the wearer’s teeth before use. Stock mouthguards require no
moulding and are ready to use out of the box. Custom-fit mouthguards are typically
the most expensive but offer the greatest protection from injury, followed by boil-and-
bite devices then stock mouthguards. All devices offer increased injury protection in

comparison to a person not wearing a mouthguard.

2.4.2 Fundamental Features of Instrumented Mouthguards

IMGs are mouthguards that have been enhanced with embedded inertial motion unit
(IMU) sensors. They are capable of protecting the mouth from injury whilst also
measuring head kinematic data. IMGs on the market are available as boil-and-bite or

custom-fit options.

The IMU within an IMG typically consists of linear accelerometers and gyroscopes
(Jones et al., 2022). These kinematic sensors will be embedded at different locations
and orientations within the device, depending on the device manufacturer (Jones et al.,
2022). Devices contain a mechanism for data storage and/or wireless transmission,
allowing for recordings to be transmitted from the IMG to an end user’s edge device
in real time or after the event (Jones et al., 2022). These Data may be transmitted via
radio frequency or Bluetooth depending on the manufacturer (Jones et al., 2022; Liu
et al., 2020). The devices will also contain a battery and a wireless charging unit. To
manage and regulate the device's functions, a microcontroller containing memory and
processing units will make operational decisions and connect the peripheral units. An
IMG is shown in Error! Reference source not found., with key components
highlighted.
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Figure 2-2: Upper: An IMG with the motherboard and kinematic sensors (1), battery
(2), and wireless charging unit (3) circled. Lower: an IMG being worn on the upper teeth
and bony maxilla arch, with kinematic sensors visible.

2.4.3 Coupling of Instrumented Mouthguards to the User
To accurately represent the motion of the head, the HIT device and head must move
in unison (Luke et al., 2024). Should the device be able to move freely about its

position on the head, then the device is not truly capturing the motion of the head, but
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only recording its motion about the head (Luke et al., 2024). The following text

explains how this may be achieved from a mechanical perspective.

When coupled to a user's head, a HIT device may act as a damped harmonic oscillator
system (Den Hartog, 1985). In this system, there are three main components. Firstly
IS a mass that oscillates harmonically when a force is applied. Secondly is a spring,
which fixes the mass to a reference point and applies a force that opposes the motion
of the device. Lastly is a damper, which disperses the kinetic energy of the mass as it
moves, with Figure 2-4 depicting a simplified version of this system. As a force is
applied to the mass to move it from its equilibrium point, the spring will return the
mass to its equilibrium point whilst the damper reduces the size of future oscillations
(Den Hartog, 1985).

The components of the system can be identified within a head-HIT device system (Wu
et al., 2016). The mass can be considered to be the sensor housing and the method of
fixing the sensor housing to the head as the spring. The damper is defined by the
materials of the device and the method of fastening to the head. The head CG acts as

a reference point from which the motion and relative motion can be described.

As an impact is recorded, the mass/sensor housing will move relative to the head,
while the device’s fastening mechanism will impede this motion. For example, in the
case of a headband HIT device, the inertia of the sensor housing will be impeded by
the elasticated headband material that holds the sensor to the head. A greater device
mass will result in greater potential for high displacements, as are devices that are
coupled with, or coupled to low stiffness materials (Den Hartog, 1985; Wu et al.,
2016). By designing devices with low mass, high coupling stiffness, and high
damping, such as IMGs, the chance of valid recordings increases as the potential for
displacement decreases. To minimise the relative motion, devices should be designed

with stiff coupling.

IMGs can achieve appropriate coupling to the head as they are worn on the upper teeth
and the bony maxilla arch which offer little potential for displacement. This low level
of displacement in turn leads to a more biofidelic measurement of motion, and greater
accuracy compared to other in-situ recording methods (Wu et al., 2016; Greybe et al.,
2020; King et al., 2016). This has been corroborated by studies researching the

displacement of devices using high-speed cameras. An IMG was estimated to have <1
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mm displacement from an ear canal reference point under loading, which was within
video measurement error, and the lowest of the devices investigated (Wu et al., 2016).
In comparison, patch and headband type HIT devices recorded displacements of two
and four mm respectively (Wu et al., 2016). An image of this testing setup is shown
in Figure 2-3: Test testing procedure for estimating sensor displacement during a head
acceleration event. Reproduced with permission from Wu, L.C., et al. In Vivo
Evaluation of Wearable Head Impact Sensors, Annals of Biomedical Engineering,
2015, Springer Nature.

Figure 2-3: Test testing procedure for estimating sensor displacement during a head
acceleration event. Reproduced with permission from Wu, L.C., et al. In Vivo Evaluation

of Wearable Head Impact Sensors, Annals of Biomedical Engineering, 2015, Springer
Nature.
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Figure 2-4: A single degree of freedom damped harmonic oscillator.
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2.4.4 Sensor Placement

Another source of artefact is via the propagation of vibration though, with research
suggesting the position of the sensors within the mouthguard may affect the accuracy
of the results. Kuo et al. (2016) researched the effect of different mandible conditions
on the accuracy of IMGs. In the testing, a Hybrid 111 anthropometric test device (ATD)
was impacted with a jaw that was either removed, clenched, or free to move. In doing
so it was seen that the free mandible condition could produce significant errors in the
reported kinematics, with reported maximums of 40 and 80 % root mean squared error
for rotational velocity and acceleration respectively. It was reported within the study
that this could be reduced by relocating the sensor from the molar where the initial
study was conducted to between the incisors, along with other minor design details,
such as placing more material at the molar to alter the wearer’s bite (Kuo, Wu, Zhao,
et al., 2016). By making this change it has been reported that the data becomes of
greater value to simulative study, reducing the error in predicted brain strain
measurements versus brain strain calculated from ground truth anthropometric test

device data. Currently, the locations of the sensors (accelerometer, gyroscope and
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magnetometer), tend to vary between devices (Bartsch et al., 2014; Jones et al., 2022).
For example, some devices have kinematic sensors placed over the molar, whereas
other devices record data from the incisor (Jones et al., 2022). This will lead devices
to be more sensitive to the effect of the mandible and therefore require different data

processing methods in order to account for this.

2.4.5 Digital Signal Filtering

Raw data is the term given to the data recorded directly from a sensor before any
processing or transformations take place. In the case of IMGs, for this data to be
considered accurate or reliable, it must be digitally filtered to remove noise that
distorts the signal. This is achieved using digital signal filtering methods and is used
by most IMG manufacturers (Jones et al., 2022; Liu et al., 2020). Digital filtering
converts the signal into the frequency domain where specific frequencies are removed,

before the signal is converted back into the time domain.

The original IMG papers cite the use of the J211 crash test testing documentation to
establish the filtering criteria for the first devices (Bartsch et al., 2014). Since the
original paper’s publication, many commercially available devices report the
implemented low-pass Butterworth filters with cut-off frequencies in the range of 100
— 300 Hz (Jones et al., 2022; Liu et al., 2020). This means that frequencies below the
value are retained or “pass” through the filter, whilst frequencies above are attenuated

or removed.

Theoretically, this should remove spurious signals whilst retaining the kinematic
information. This may not be the optimum approach, as mouthguards can carry signals
from bites, shouts, and mandible interference which may not have been considered by
the original documentation (Kuo, Wu, Hammoor, et al., 2016; E. M. P. Williams et
al., 2021). To improve their approach, one company has reported the use ML algorithm
to predict a suitable cut-off frequency for the Butterworth digital signal filter, by
quantifying the noise within the recording and suggesting a filter of either 50, 100 or
200 Hz (Tooby et al., 2022a). An alternative suggestion is varying the threshold
depending on the impact type and kinematic measure in order to improve the accuracy

of the receding, although this move prove difficult in practicality (Gellner et al., 2024).
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2.4.6 Proximity Sensors

Proximity sensors are infrared sensors that measure the strength of a reflected infrared
signal from the wearer's upper dentition. As IMGs are discreet devices that can be
easily worn and removed, monitoring when a player is wearing the device can be
difficult. There is a concern that they might inadvertently record data when not on the
user's teeth, potentially capturing non-relevant head accelerations. Proximity sensors
can be used to monitor when they are and are not being worn which means they can
stop recording when not worn. When no IR signal is recorded the device can stop

recording, reducing the chance of spurious recordings.

The inclusion of proximity sensors aids in the prediction of partial or full device
dislocation during impact (Luke et al., 2024; Wu et al., 2014). Changing proximity
sensor readings are indicative of the device failing to remain coupled to the teeth,
which will intern result in unreliable recordings as it is poorly coupled (2.4.3). This
will help to reduce the prevalence of events such as biting, chewing and shouting as
reported by Wu et al. 2014 and Williams et al. 2021 (E. M. P. Williams et al., 2021;
Wau et al., 2014). This could be used to monitor devices fit over time as if mouthguards
lose shape they may be prone to increase false positives or dislocations. Whilst this
has not been proven, the higher performance of custom-fit mouthguards vs boil and

bite may be indicative of this, as shown in Error! Reference source not found..

In laboratory testing, proximity sensors have been shown to greatly reduce the number
of falsely recorded events when compared to a linear acceleration threshold alone (Wu
et al.,, 2014). In this setting a linear acceleration threshold of 10 g showed high
sensitivity (92%) but low PPV (37%). When infra-red proximity was added to the

linear acceleration threshold, PPV significantly improved to 92%.

2.4.7 Recording Trigger Thresholds

A recording trigger threshold is the value of a kinematic measure, above which, an
IMG will record data. Should a HAE occur and the value is not exceeded, the trigger
will not be met and the kinematic data will not be recorded. The purpose is to identify
what could be events of interest for detecting mild traumatic brain injury or brain

injury, whilst removing events that could be safe.

Linear acceleration is the measure most commonly used to set the trigger threshold.

This partly due to the fact that there is an understanding of safe head linear
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accelerations and that the alternative measure, rotational acceleration, is more
computationally expensive to calculate. The values of linear acceleration that a human
being can achieve through voluntary motion were estimated to be approximately 6 g
for linear acceleration in laboratory testing (Ng et al., 2006). Additionally, g of 6, 8,
and 10, have been recorded in roller coasters, non-contact RU events and trampolining
without injury (Pfister et al., 2009; Sands et al., 2019; Tooby et al., 2024). By
removing events of similar magnitudes then recordings relating to voluntary motion

and safe intensity can be removed from the dataset.

Conversely, exposure to HAEs in the range of 10-15 g were predictive of CTE,
depression, and other chronic health issues (Daneshvar et al., 2023; Montenigro et al.,
2017). This illustrates that a transition appears to begin at 10 g from safe to more
dangerous acceleration. This is reflected in the magnitude of trigger values commonly
reported, which is generally between 5 and 13 g for, with a 10 g trigger being the most
common (Tooby et al., 2024).

Whilst it aids the removal of non-interest events, Magnitude filtering alone is not a
suitable method to filter genuine and spurious events. Studies have additionally
reported collecting large numbers for false impacts when using threshold-only
filtering. For example, in the study of Goodin et al. (2021), a head acceleration
classification algorithm was developed, using data gathered from a HitlQ Nexus A9
(Goodin et al., 2021). Data was collected with only a magnitude filter and a reported
1,637 genuine events along with 12,075 spurious events were recorded (Goodin et al.,
2021). If this method were to be used alone it would provide a PPV of 12 % should all
values be assumed genuine events, which compares poorly with the reported values in
Error! Reference source not found., which considers mouthguards using an

ensemble of methods to detect genuine events.

Whilst the use of a magnitude trigger is generally accepted, there is a growing body
of research suggesting that it should be used carefully. Studies have shown that as
linear acceleration vary across the head during a HAE, events with a linear
acceleration magnitude of > 10 g at the head’s CG may fail to trigger a recording
(Wang et al., 2021).

During a HAE, the head acts as a rigid body, meaning rotational movement is constant

across the body. Consequently, the linear acceleration across the head will vary,
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dependant on the magnitude of rotational velocity and rotational acceleration. This
means the head’s CG may achieve an acceleration above the threshold, whilst the
sensor remains at a level below this value and no recording is taken. This phenomena

is illustrated in Figure 2-5.

This was dependent on the location of the impact to the head and the method of
measuring acceleration (single axis vs magnitude). The result of this is a lowered
specificity of HAE detection, which is an issue noted in table Table 2-2, regarding
IMG HAE detection performance. It was reported that on occasions a 10 g linear
acceleration at the CG was achieved in the head, but only 24.7-31.8% of these events
will trigger a recording (T. Wang et al., 2021). Some impact locations resulted in a 30
g linear acceleration at the head’s CG which still failed to trigger a recording (T. Wang
et al., 2021). In order to mitigate this issue, an appropriate trigger values should be
carefully considered. Whilst lower values will capture more genuine impact, more
events not of interest will be captured. Whilst this is unlikely to present an issue with
small sample sizes, as the dataset increases so will the required processing. Within this

thesis, the methods used to account for this are discussed within Chapter 5.
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Figure 2-5: Effect of the pivot point and direction of linear acceleration impulse may
affect the PLA (A) Miss completely the impact peak or (B) Overestimate. iMG,
instrumented mouthguard; PLA, peak linear acceleration. . Adapted from Influence of
the frame of reference on head acceleration events recorded by instrumented
mouthguards in community rugby players (Bussey et al., 2022). Reproduced with
permission from BMJ Publishing Group Ltd.
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2.4.8 Translating Linear Acceleration with Rigid Body Transformations

A problem in the HIT field is that different devices report linear acceleration from
different locations, with some common locations reported within Table 2-3:
Comparison of device reporting locations.. By reporting from a consistent location, it
means that linear acceleration are not directly comparable between studies.
Additionally, these difference will mean that ML algorithms trained on data from
specific systems will not generalise to differing systems, due to the differences in data.

In the CHAMP documentation, regarding reporting linear acceleration it is
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recommended that kinematic measurements are rotated to match SAE J211 axes,
linear acceleration is translated to the head’s CG, and methods used to transform
recorded data to analysable data are disclosed (Arbogast et al., 2022; Society of

Automotive Engineers, 2003).

The kinematic data recorded from the sensor will be required to undergo rotation and
translation in order to match the location and axes that the CHAMP documentation
recommends reporting linear acceleration from (Bussey et al., 2022; Gabler et al.,
2022). In order to perform the rotation and translation, precise measurements of the
sensor recording axes relative to the SAE J211 axes are required, as are the distances
between the recording location and the head’s CG. The kinematic recordings may be
rotated using analytical geometry, whilst a rigid body translation will allow for the
acceleration to be calculated at the CG (Bartsch et al., 2014). The rigid body translation

uses the following formula:
Qg = as+w X (W X1g) +axr (2-1)

In this equation the linear acceleration at the head’s CG a is calculated. This is
calculated using the linear acceleration at the kinetic sensor ag, the rotational
velocity w, the angular acceleration a, and the distance vector r from the kinematic
sensor S to the CG.

Despite the best-practice being described by CHAMP as requiring the reporting
locations and axes, companies still fail to offer the methods for practitioners to report
the data in accordance with the guidance. In Chapter 8, the effect reporting from the

sensor against an estimated wearers head CG is reported.

Table 2-3: Comparison of device reporting locations.

Device Reporting Location Reporting Axes
Prevent Biometrics Estimated 50" SAE J211
(Bartsch et al., percentile head CG
2014)

SWA Protect (Y. Molar Sensor

Liu et al., 2020)
Stanford (Y. Liu et Incisor SAE J211

al., 2020)
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2.4.9 Improving Instrumented Mouthguard Performance with Machine
Learning

ML algorithms are a popular method of validating impacts in the HIT field, perhaps

due to their convenience and performance (Patton, Huber, Jain, et al., 2020). In a

review by Patton et al. 2020, 74% of the reviewed articles used some kind of algorithm

to improve the prediction of genuine impacts.

Initially, questions were asked about the ability of the algorithms used to filter IMG
data, with proprietary algorithms failing to reliably categorise the events as genuine or
spurious (Patton, Huber, Jain, et al., 2020). This referenced the proprietary ML
algorithms provided with devices from private companies (Patton, Huber, Jain, et al.,
2020). The lack of performance was suggested to be due to the algorithms being
developed from laboratory data which was not representative of on-field data (Patton,
Huber, Jain, et al., 2020). This subsequently led to numerous studies reporting the
development of algorithms specific to certain combinations of sports, sexes, and ages
(Gabler et al., 2020; Wu et al., 2014). These algorithms were reported to perform better
than proprietary algorithms, achieving near-human-level performance when verifying
impacts (Raymond et al., 2022). To ensure that reliable data is available in all sports
and settings, algorithms must continue to be made that can reply to classify data and

expand the domain knowledge allowing future work to build upon it.
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3 Computational Methodologies

3.1 Python and Object-Orientated Programming

The code developed for the studies within this thesis was developed using the Python
programming language. Created in the 1980s, Python is an interpreted, interactive, and
object-oriented programming language, which has gained popularity amongst
programming languages for its power and high-level syntax (Sanner, 1999; Srinath,
2017).Python is used for a variety of tasks, including web development, scientific
computing, data analysis, and artificial intelligence (Rossum, 2007; Srinath, 2017).
Because of the popularity of Python and that it is open source, there are a vast number
of libraries that offer pre-written code or increased functionality, allowing for faster
and more powerful programmes (Srinath, 2017). Many of these libraries were used
during code writing, to allow for the code to run more efficiently and quickly (Rossum,
2007; Sanner, 1999).

Python offers multiple data storage methods, each offering advantages depending on
the requirements of a program or task (Rossum, 2007). Lists allow the storage of
heterogeneous elements and are suitable for sequences of elements that might change
in size or type, enabling easy manipulation using methods like appending, removing,
or slicing (McKinney, 2011). Tuples are similar to lists, however, they are immutable,
making them suitable for storing fixed collections or structures that should not change
after creation (McKinney, 2010, 2017). Dictionaries use key-value pairs, offering fast
access to data by associating unique keys with corresponding values and are valuable
for organising and retrieving data efficiently (McKinney, 2017; Rossum, 2007).
Arrays store homogeneous elements of a specific data type, optimising memory usage
and providing efficient numerical computations (Harris, Millman, Walt, et al., 2020).
The 'pandas' library offers a tabular data structure style data frames, capable of
processing large volumes of structured data, with additional functionalities for data

manipulation, cleaning, and analysis (McKinney, 2011, 2017).

Python functions are reusable blocks of code designed to accomplish specific tasks,
applying a piece of logic without necessitating data storage (Oliphant, 2007). Their
primary advantage lies in their reusability, allowing them to be executed multiple
times and aiding in breaking down complex code into smaller, more manageable

segments (Oliphant, 2007). By encapsulating specific functionalities into functions or
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methods, code becomes more understandable, easier to debug, and simpler to update
or enhance in the future (Lutz, 2013). Object-oriented programming (OOP) is a way
of organising information and actions in a computer program by treating them as
individual, self-contained entities called ‘objects’ (Phillips, 2010). The primary
purpose of creating an object in OOP is to model and represent real-world entities,
concepts, or elements within a software system (Rossum, 2000). OOP offers a way to
organise code into reusable modular units, this allows for code to be easily re-used and
maintained (Lutz, 2013). Each object includes data and methods whose purpose is to
control the behaviour and actions of the object (Rossum & Drake, 2009). These
behaviours or actions may include manipulation of the data, performing specific

actions, or interacting with other objects.

There are four key principles within object-oriented programming: abstraction,
encapsulation, inheritance, and polymorphism (Rossum & Drake, 2009). Abstraction
is hiding the complicated inner workings of the object, allowing for objects to be
viewed in terms of their behaviour, rather than the specifics of the code (Lutz, 2013).
Encapsulation means wrapping the data and methods within an object, protecting them
from outside interference (Phillips, 2010). Inheritance means that objects can inherit
the properties and behaviours of parent classes, encouraging code reusability and the
creation of specialised objects (Lutz, 2013). Polymorphism refers to the object’s ability
to take on many forms, allowing the object to behave differently in different contexts
(Lutz, 2013; Rossum & Drake, 2009).

Examples of the functions used for coding are shown within the appendix, using the
above methods. Functions allowed for slight changes to be made in the processing
pipeline. For example, the data could be transformed at different frequencies with the
change of a single variable rather than rewriting large blocks of code. Because of the
interpretability of the data frame, they were the primary data storage and manipulation

method used for the code, with example data shown within the appendix.

3.2 Action Recognition

Action recognition and human activity recognition are related fields in computer
vision and artificial intelligence (Dang et al., 2020; Pareek & Thakkar, 2021). Both
action and activity recognition involve identifying and classifying specific movement

patterns performed by humans, often using video or kinematic recordings (Kong &
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Fu, 2022). To conduct human activity recognition and action recognition, ML and
deep learning techniques are commonly used (Dang et al., 2020; Herath et al., 2017;
Yang et al., 2019). The choice of method used will depend on the complexity and
nature of the activities being recognised and the amount of data available. Both areas
have applications in various domains, including surveillance, robotics, healthcare, and

sports analysis (Dang et al., 2020).

Action recognition focuses on the identification and classification of specific actions
or gestures performed by individuals, for example, human walking, running, and
sitting (Y. Liu et al., 2016). Action recognition is a valuable tool for sports analysts,
having the potential to derive greater insights regarding facets of play than is possible
manually. To date, it has been used in sports such as ballet, tennis, and volleyball to
identify particular movement patterns (Hendry et al., 2020; Kautz et al., 2017; Tabrizi
et al., 2020).

Activity recognition is a broad field that involves recognising and categorising various
activities or behaviours performed by humans (Dang et al., 2020; Y. Liu et al., 2016).
These activities are often more complex than individual actions and may include a
sequence of actions or interactions between multiple individuals (Jobanputra et al.,
2019). This may include recognising activities such as cooking, playing sports, and

driving a car (Dang et al., 2020).

The studies reported in Chapters 7 and 9 focus on the identification and
characterisation of specific patterns in kinematic data gathered during RU matches.
These studies will use data processing pipelines and methodologies that are common
in action recognition tasks. A slight difference is that action recognition typically
requires the windowing of continuous kinematic data, IMGs only record very short,
pre-segmented parts of the game during HAEs (Bartsch et al., 2014). The following
sections will begin to explain in detail the methodologies used in and action
recognition pipeline, with an example shown in Figure 3-1. The sections are ordered

in to follow the steps of the pipeline.
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Figure 3-1: An example of a human activity recognition pipeline

Collect Kinematic Data

W

Data Processing and
Segmentation

W

Feature Extraction

4

Feature Selection

Train Machine Learning
Algorithm

Asses and Analyse
Performance

3.2.1 Defining Action Recognition

The process of action recognition can be defined using the following definition from
Wang et al., 2019. Action recognition is formally defined in the following equation
within the context of a user engaging in activities from a predefined set (A), where m

denotes the total number of action types.
A={A}, (3-1)

An activity sequence s, is captured through a series of sensor readings denoted as d,

at time ¢:
S = {dll dz, ey dt' ...,dn} (3'2)

The objective is to construct a model F that predicts activities A using the sensor

data s:

—~ ~ yh —~

A= {A,-}],=1 = F(s), Aj€A (3-3)
Whilst the ground truth activity is denoted as:

A= (AL, A€A (3-4)
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Where n is the length of the sequence and n > m.

The goal of human activity recognition is to create a model F that minimises the
discrepancy between the predicted activity (A) and the ground truth activity (A*). A
typical performance metric used to evaluate the quality of the prediction is a loss
function, L(F(s),A*), aiming to minimise the resultant loss. The next section moves
on to discuss the methods used within Chapter 6 in order to generate and select
features. By providing features that allow the machine learning algorithm to
discriminate between the different groups, the algorithm is capable of minimising the

resultant prediction loss.

3.3 Data Processing, Feature Development, and feature Selection

An adage in ML is “Garbage in, garbage out”, the essence of which being that if
algorithms are trained with badly prepared data, the models with return bad results
(Kilkenny & Robinson, 2018; Vidgen & Derczynski, 2020). In order to ensure the
classifiers developed in Chapter 7 and 9 are reliable, this sections reports the features
used to create the training and testing datasets, as well as the methods used to select

features and select generalisable features.

3.3.1 Features Development

As the domain of genuine impact detection in HIT is well developed, the novel studies
in this thesis were capable of building upon this existing body of literature. The feature
groups in the following have been develop either in line with the methodologies of
previous studies, or inspired from the feature groups used (Gabler et al., 2020; Goodin
et al., 2021; Wu et al., 2014).

Pulse Parameters

The analysis aimed to identify pulses in the kinematics signal, considering them as
regions bounded by contour lines. The objective of this feature group was to capture
transient frequencies, providing insights into the intensity and duration of the primary

impact peaks.

The process began by identifying a value, V, in a 1-dimensional array where the
surrounding data points had lower values than V, defining it as a maximal value. To
gauge the full size of the pulses, the count of data points with declining values was

measured. If the values didn't decline, the pulse was considered ended. The minimum
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number of data points before the gradient ceased to decline was regarded as half the
pulse width. At this position, the lowest bounding contour line was established, and
from this line, the peak prominence was measured. In cases of multiple peaks within
a signal, the maximum values for both prominence and width were considered. Criteria
may be set to use only peaks of a certain width or prominence. This is illustrated in
Error! Reference source not found.. The identification of pulse characteristics was
designed to provide a group of measures that could capture information about the
signal pertaining to both continuous and discrete frequencies contained within, along
with pseudo measurements of their power. This could be interpreted from the

frequency, width, and prominence of the pulses.

Figure 3-2: An illustration of how pulses may be detected within a kinematic signal.

Acceleration (units)

\ 4
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Power Spectral Density

Power Spectral Density (PSD) is a measure that describes how the power of a signal
is distributed across its frequency components (Solomon Jr, 1991). It is a
representation of the power per unit frequency, indicating the strength of a signal at
different frequencies. PSD is commonly used in fields like signal processing and
communication systems to analyse the frequency content and characteristics of a
signal. PSD based features have been reported in most HIT impact detection

algorithms, providing value features in terms of classifying head impacts (Goodin et
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al., 2021; Wu et al., 2014). They have also been reported to be used in many other

action and activity recognition studies (Dang et al., 2020).

Various methods exist for calculating PSD, but for this thesis, Welch's method was
employed. Welch's method is an approach for estimating the PSD of a time series
signal, providing insights into the underlying continuous frequencies within the signal.
This technique relies on periodogram spectrum estimates, often implemented through
fast Fourier transformations, facilitating the conversion of signals from the time

domain to the frequency domain.

What sets Welch's method apart is its segmentation approach. The data is partitioned
into overlapping segments, which are subsequently windowed to mitigate spectral
leakage, smoothing the data at the signal edges. Following segment creation, a
periodogram is computed using fast Fourier transformations on each segment. The
average PSD is then determined across all signals, serving as an estimate of the
frequency components. Consider a signal represented by x[0], x[1],..., x[N — 1], and

the segments as follows:

Segment 1: x[0], x[1], ..., x[M — 1]

Segment 2: x[S],x[S + 1],...,x[S+ M —1]

Segment K: x[N — M],x[N — M + 1],...,x[N — 1]

Where M represents the number of points in each segment (or batch) of data, S is the
number of points to shift between segments, and K is the total number of segments or

batches. For each segment, the data is windowed, and a discrete Fourier transformation

is calculated for some frequency when v = i/M With—(% -1DH<i< %:

X, (v) = Z x[m]w[w]e —/2mvm (3-5)

m

Where:
m=(k-1)S,. M+k-1)S-1 (3-6)

And w([m] is the window function. For each segment (k=1 to K), the modified

periodogram value P(f) is calculated from the discrete Fourier transform:
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PL) = o7 X, () (3-7)

Where:

W = Z:=0w2[m] (3-8)

And P, (v) is the modified periodogram for the kth segment. The average of the
periodogram values is then obtained to provide the Welch’s estimate of the PSD.
1

S,(v) = m (3-9)

Increasing the number of segments and averaging results enhances the consistency of
the PSD estimate during analysis. While short signals may benefit less due to fewer
creatable segments, increasing the number of overlapping data points compensates for
this limitation. The number of segments can be increased by augmenting the number
of overlapping data points. Although this heightens the prevalence of redundant
information, the application of non-linear windows helps mitigate the impact, ensuring

the reliability of the analysis.

Wavelet Transformations

Continuous wavelet transformation (CWT) is a mathematical tool used in signal
processing to analyse the frequency content of a signal over time (Rioul & Duhamel,
1992; Ryan, 1994; Yamada, 2006; D. Zhang, 2019). Unlike the discrete Fourier
transform (DFT), which provides frequency information across the entire signal, the
CWT aims to identify localised frequency information in both time and frequency
domains (D. Zhang, 2019). Employed widely across various fields, including signal
processing, image processing, and feature extraction, the CWT provides insights into
localised frequency characteristics within a signal (Yamada, 2006). Wavelet
transformation have been used for the purposes of action recognition and HAE
detection, with low frequency wavelets (10-30 Hz) proving particularly powerful in
the classification of the later (Dang et al., 2020; Wu et al., 2018). Examples of how
CWT and PSD analysis would interpret spurious and genuine HAE recordings are

shown in Figure 3-3.
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Figure 3-3: Kinematics, PSD, and WT of an Example Impact and Nonimpact. Example
impact (a) and nonimpact (b) kinematics show qualitative differences between these two
events, with the nonimpact exhibiting higher frequency impulses and oscillations. Such
frequency-domain differences are reflected in the Fourier transform power spectral
density (PSD) plots (c and d) and wavelet transform (WT) plots (e and f), where color
represents amplitude. Figure from: Wu, L.C., Kuo, C., Loza, J., et al. (2018). Detection
of American Football Head Impacts Using Biomechanical Features and Support Vector
Machine Classification. Scientific Reports, 8, 855, Figure 4.
https://doi.org/10.1038/s41598-017-17864-3. Licensed under CC BY 4.0.
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A mathematical explanation is offered by (Cohen & Kovacevic, 1996). The CWT
operates by decomposing a continuous-time signal into its constituent frequency
components. It measures the similarity of the input signal to a scaled and translated
version of a fundamental waveform called the "mother" wavelet function, represented
as y(a, b). The mother wavelet is a basic waveform that serves as the building block
for the CWT. It determines the characteristics of the wavelet transform and defines the
shape and behaviour of the wavelets used in the analysis. This function, characterised
by continuous parameters of scale 'a' and position 'b’, undergoes correlation with the
input signal across different scales and positions, thereby representing the signal's

frequency content in both time and frequency.

The scale 'a' parameter in the CWT corresponds to the dilation or compression of the

mother wavelet. Larger scale values represent broader wavelets, capable of capturing
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lower-frequency information, while smaller scale values generate narrower wavelets,
suitable for detecting higher-frequency details. The position 'b' parameter controls the
translation or shift of the wavelet function along the signal's time axis, enabling the

analysis of different temporal regions.

In essence, the CWT examines how well the signal matches scaled and shifted versions
of the mother wavelet across various scales and positions, enabling the identification
of localised frequency characteristics within the signal. Employed widely across
diverse fields such as signal processing, image analysis, and pattern recognition, the
CWT provides valuable insights into the localised frequency features present in
complex signals, enabling enhanced understanding and analysis of dynamic

phenomena.

For a continuous signal 'f(x)' and the mother wavelet function y (a, b), the CWT

formula is expressed as?:
ry(a) =—— [ W@yt (3-10)
N o

Here, Cy, is a normalisation constant ensuring the admissibility condition is met, and

the integral represents the continuous convolution of the signal f(x) with the scaled

and translated wavelet function vy (a, b).

The Ricker wavelet, also known as the Mexican hat wavelet, is a specific wavelet used
in CWT. Initially introduced in seismic signal analysis in 1984, it has since found

extensive applications in diverse research domains, as defined below (Ryan, 1994):
Ricker = (1 — 2m2f2t2)e ™" f*t* (3-11)

The CWT facilitates signal decomposition into time, scale, and potential direction,
employing localised kernel functions with continuous dilation and translation
parameters. This transformation can be likened to a windowed Fourier analysis,
allowing window changes in length and position within the original signal.
Consequently, wavelets offer valuable local frequency information from recorded

events. The one-dimensional wavelet function (@b (x) are defined as:

1 xX—Db
Pab (x) =ﬁ¢( - ) (3-12)
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For a CWT, where the parameters (a, b) are continuous, the analysing wavelet
P(x)L? (R) must satisfy the following admissibility condition:

00 |~ 2
Cy = %dw < o (3-13)

Where ¥ (w) signifies the Fourier transform of y(x):

P(w) = f e~ X P (x)dx (3-14)

The admissibility condition implies that the wavelet function ¥(x) must lack a zero-
frequency component, specifically ¥(0) = 0, under some mild conditions on its
decay rate at infinity. The CWTs and the inverse transformation of the data function
f(x) belonging to L%(R) can be mathematically defined using the CWT formula, and

the formula as follows:

da db

— (3-15)

flx) = Ty (a, b)Y P (x)

1 o
=l
3.3.2 Feature Selection: Maximum Relevance, Minimum Redundancy

Feature selection plays an important role in the construction of ML algorithms. By
using a feature reduction method to remove non-valuable features, model performance
can be increased, training times can be reduced, and interpretability can be improved
(Garciaetal., 2015). The minimum redundancy maximum relevance (MRMR) method
has been developed as a solution to the problem of developing an optimal feature set,
which is considered to be an np-complete problem (Zhao et al., 2019a). This is done
by calculating the predictive power of the feature, whilst controlling for redundancy

within the group of predictive features (Zhao et al., 2019b).

Zhao et al., 2019a defines the mMRMR method as the following. Assuming a total of m
features, the importance of a given feature X;(i € {1,2, ..., m}) can be expressed as
(Zhao et al., 2019a):

RMR — _i -
FrRMRCE) = 10, K) = ) 1K X) (3-16)

Xses

Where Y is the class label and S is the selected features, whilst |S| is the number of

features in the original feature set. Additionally, Xs € S represents one feature from
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the set S, whilst X denotes a feature not currently selected. The function I(,.,) is the

mutual information:

_ p(x,y)
17, %) = f Y f P MlogGE S Sdx d (3-17)

Where Q Q are representative of the sample spaces of Y and X, p(x, y) is the joint
probability density and p() is he marginal density function. The mutual information

formula changes for discrete variables Y and X to:

p(x,y)
1.x) = Zyeﬂy ernxp(x y)log <p( )p(y)> (3-18)

At each stage of the mRMR process, the feature that maximises the feature importance

score maxy,gs f ™R (X;) will be added to the feature section set S.

This is adapted however for the frequency correlation quotient (FCQ) variant of the

MRMR method, where the method changes to:

freex,) = £, X0 (3-19)

mszes p(XsX;)

Here, the term F(Y, X;) is the F-statistic and p(X,X;) is representative of Pearson’s
correlation coefficient, giving the method the name the F-Statistic Correlation

Coefficient.

The FCQ variant has been previously empirically tested and shown good results in
training all forms of classification models. For some classifiers, such as random forest,
other feature selection methods can produce greater accuracy in classifiers, although
these are far more computationally expensive. This can be negated in some scenarios

and presenting more features to the random forest can improve performance.

3.3.3 Outlier Isolation

Anomaly detection involves identifying data points that significantly deviate from
expected norms or patterns within a dataset (Buschjager et al., 2022; Liu et al., 2008a).
It is commonly applied in fields such as cybersecurity, healthcare, manufacturing, and
environmental monitoring (Buschjager et al., 2022). In this thesis, the focus was on

leveraging anomaly detection techniques to identify outliers in smaller datasets. This
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process aims to refine the dataset, ensuring its alignment with expected norms, thereby

enhancing its generalisability to new data.

Isolation forests were developed as a robust method designed to effectively isolate
anomalous instances. Unlike previous methods that relied on establishing norms
before flagging outliers, isolation forests pioneered a method that directly identifies
anomalous data, thereby reducing computational complexity (F. T. Liu et al., 2012).
The essence of isolation lies in separating instances, while anomalies, being few and

distinctive, are more susceptible to isolation.

Conceptually akin to random forests, an isolation forest comprises multiple decision
trees (Liu et al., 2008a). Each tree's goal is to randomly segment the data until a single
instance of the data is uniquely isolated at a leaf node, as shown in Figure 3-4. (Liu et
al., 2008a). The core idea behind isolation forests is that data fed into these trees
necessitates fewer partitions to reach a leaf node (Liu et al., 2008a). Given a specific
feature, partition values are chosen randomly between the maximum and minimum
feature values (Liu et al., 2008a). The tree is terminated when one of the following
criteria is met, either the tree reaches a predefined path length limit, each point is
isolated into its own leaf, or the data contained within each leaf consist of the same
value (Liu et al., 2008a). The total path length, defined as the number of decision nodes
traversed from the root to the leaf node, serves as a pivotal metric within the isolation
forest (Liu et al., 2008a).
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Figure 3-4: An illustration of how many repetitions it may take an isolation forest to
separate an outlying data point (a) vs. normal data point (b).

a 4

More formally defined, an isolation tree works in the following way. With the data
sample X = {x;,x,, ..., x,} Of length n in a multi variate normal distribution, an
isolation forest recursively splits the sample X, with a random test value of p from
within the limits of the attribute g (Liu et al., 2008a). If T is the node of an isolation
tree, T can either be in internal node, with a test and exactly two children (T;, T;.), or
an external node with no children nor test (Liu et al., 2008a). With the assumption that
all data points are distinct, each data point is isolated at a separate leaf node when the
tree is fully grown (Liu et al., 2008a). This will incur a tree where the number of leaves

is equal to n and the number of decisions is equal to n — 1 (Liu et al., 2008a).
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The path length, denoted as h(x), represents the number of edges traversed from root
to leaf nodes. The abnormality score (s(x, n)) is computed based on the average path

length across a collection of isolation trees. It is calculated using the formula:

E(h(x))>

s(x,n) = 2_< c(m) (3-20)

E(h(x)) is the average height of a particular instance x across multiple isolation trees
(Liu et al., 2008a). This average height indicates how 'isolated’ or ‘deep’ the instance
is within these trees (Liu et al., 2008a). Anomalies are expected to have shorter average
path lengths (Liu et al., 2008a). Additionally c(n) represents the average height of
terminal nodes in the isolation trees for a dataset of size n (Liu et al., 2008a). It serves
as a normalization factor to scale the height of x in relation to the general behavior of
the trees (Liu et al., 2008a).

The anomaly score ranges between 0 and 1, where values close to 1 indicate near-
certain anomalies, values smaller than 0.5 suggest typical instances, and
approximately 0.5 implies the absence of distinct anomalies across the entire sample
(Liu et al., 2008a).

3.4 Machine Learning Algorithms

An introduction to ML can be found in section 1.6, which offers a description of the
most fundamental concepts of ML. Within this section, different sub-groups of ML
algorithms will be introduced. The underlying methods of the algorithms will be

discussed, and how they may be used to add value to the thesis.

3.4.1 Classical Machine Learning and Deep Learning Algorithms

ML has emerged as a crucial tool for human activity recognition, offering high
accuracy and efficiency in detecting patterns in data (Jobanputra et al., 2019; Kong &
Fu, 2022; Lara & Labrador, 2013). This section discusses the use of classical ML and

deep learning and how their characteristics influence their suitability in the thesis.

Deep learning algorithms, a subset of ML, are characterised by their use of neural
networks with multiple layers that enable hierarchical learning of data representations
(Goodfellow et al., 2016; LeCun et al., 2015). These algorithms excel at modelling
complex, non-linear relationships by progressively extracting abstract and intricate

features as data passes through successive layers, a process known as learning "deep
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features” (X. W. Chen & Lin, 2014). Unlike traditional ML methods that require
explicit feature engineering, deep learning algorithms can be trained directly on raw
time-series data, automating feature extraction and simplifying data preparation
(Janiesch et al., 2021). Moreover, they inherently filter noise, retaining only
meaningful features, which enhances the model's ability to identify underlying

patterns (Janiesch et al., 2021).

Despite these positives, deep learning algorithms have limitations. These models are
computationally intensive and require large datasets to effectively learn intricate
patterns without overfitting (LeCun et al., 2015). With smaller datasets, overfitting is
a common challenge, as the model may memorise training data rather than learn
generalisable patterns that apply to unseen examples (Salman & Liu, 2019).
Techniques such as data augmentation, transfer learning, and regularisation can
mitigate these issues by increasing the effective dataset size, while transfer learning
applies knowledge from other tasks to a new challenge (Su et al., 2024; Um et al.,
2017). Nonetheless, deep learning models often remain less interpretable than
traditional methods, as their learned features are abstract and not easily mapped to
domain-specific knowledge (Rudin, 2019). One form of deep learning is perhaps more
appropriate for use with small datasets however, the multilayer perceptron (MLP)
generally requires less data to train effectively compared to other networks as MLPs

are simpler in architecture. MLPs are discussed further in 3.4.3.

Classical ML algorithms typically require data to be transformed into a vector of
descriptive features for the algorithm to interpret (Goodfellow et al., 2016). This
requires domain knowledge to create valuable features to allow the model to determine
important patterns (Shalev-Shwartz & Ben-David, 2013). This process can be time-
consuming and labour-intensive should these features not be well defined within the
domain, when compared to deep learning algorithms, capable of generating features
(Alpaydin, 2013; Dang et al., 2020). Other benefits of using classical ML methods
include that less data is required to create reproducible results, reducing the time and
cost of data collection (Dang et al., 2020). The use of classical ML models generally
leads to more interpretable results, with non-abstract features allowing for a greater
understanding of the mechanisms that lead to the model’s predictions (Rudin, 2019).

Further methodologies have been developed to help interpret these and more complex
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models in a movement known as explainable Al (Lundberg & Lee, 2017; Minh et al.,
2023).

The following methods are described in the following text, with the chapters that are

relevant to following the term.

e Decision tree,
e Multi-Layer Perceptron
e Support Vector Machine

e Logistic Regression

3.4.2 Decision Tree

Decision trees are a popular and versatile machine-learning algorithm used for both
classification and regression tasks (Alpaydn, 2013). The decision tree algorithm is
trained by making decisions by recursively splitting the dataset into subsets based on
the values of input features (Rokach & Maimon, 2005). The goal is to create a tree-
like structure where each internal node represents a decision based on a specific
feature, and each leaf node represents the predicted output (Tangirala, 2020). A
decision tree begins at the root node, which includes the entire dataset (Kingsford &
Salzberg, 2008). The algorithm evaluates different features to determine the one that
best splits the dataset into subsets that are more homogenous in terms of the target
variable. Common measures for evaluating the best split include Gini impurity,
entropy, or information gain (Alpaydin, 2013). Tangirala, 2020 defines the calculation

of information gained from a partition p as:

IG(Ytrain: p) = I(Ytrain)_l(ytrain |p) (3'2 1)

Where 1G(Yyrqin, ) represents the information gained when the dataset Y4, iS
partitioned using the partition p. Additionally, I(Y;.qin|p) represents the information
contained within the data after being split by criteria p, whilst I(Y;-4i,) is the

information prior to the split.

The Gini index and entropy, also assess data purity by gauging the evenness of class
distribution (Tangirala, 2020). A classifier aims to minimise these scores by reducing
randomness and thereby increasing purity. Formally, Gini and entropy are defined in

the following (Tangirala, 2020):
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Gini =1 — Z(pi)2 (3-22)

n
Entropy = z —pilog,(p;) (3-23)
i=1

Here, n is the number of classes, and p; is the probability that a randomly selected data

point from label i will be correctly assigned to its label (Tangirala, 2020).

The dataset is divided into subsets based on the chosen feature (Kingsford & Salzberg,
2008). Each subset corresponds to a branch from the root node to a child node. The
process is repeated recursively for each subset, treating them as separate datasets
(Rokach & Maimon, 2005). The algorithm selects the best feature for each subset and
splits it further. For categorical features, the tree considers all possible values, whilst
for numerical features, the algorithm selects the optimal threshold that maximises

purity when splitting the data (Tangirala, 2020).

The recursion continues until a stopping criterion is met. Common stopping criteria
include reaching a maximum depth, having a minimum number of samples in a node,
or achieving perfect purity (Kingsford & Salzberg, 2008). When a stopping criterion
is met, the node becomes a leaf node. The majority class (for classification) or the
average value (for regression) of the samples in that node becomes the predicted output
(Yan-yan & Ying, 2015). The ability to construct simple decision trees and their
adaptability make them a popular choice for weak learners in ensemble methods
(3.4.7Error! Reference source not found.), which are used in the studies reported in
Chapters 7and 9.

3.4.3 Multi-Layer Perceptron

The MLP is a type of artificial neural network (Murtagh, 1991). While neural networks
are often synonymous with deep learning, the MLP straddles the boundaries of both
(LeCun et al., 2015). Whilst not capable of self-feature extraction, it is classed as a
deep learning algorithm once the network achieves a certain size or “depth” (Murtagh,
1991). Drawing inspiration from neurons and synapses of the brain, the MLP can
develop complex non-linear relationships within data (Brady, 1991), shown in Figure
3-5.
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An MLP will comprise three or more layers housing neurons, a minimal multi-layer
perceptron includes an input layer conveying features, one hidden layer, and an output
layer, as shown in shown in Figure 3-5 (Murtagh, 1991). Notably, MLPs are fully
connected, meaning all data from a single neuron in one layer is distributed to all
neurons in the subsequent layer (LeCun et al., 2015). The training process employs a
technique known as backpropagation (Hecht-Nielsen, 1989). In essence, data are first
passed forward through the algorithm, with the ensuing errors in prediction passed
back through the algorithm and used to update the model parameters (Janiesch et al.,
2021).

Figure 3-5: A representation of a multi-layer perceptron. Yellow marks the input layer,
green shows 3 hidden layers consisting of 3 neurons each, with orange marks the
output layer. The black paths show the connections between the neurons, through
which the data will pass.
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Hecht-Nielsen, 1989 defines this process as the following. Considering training
data D = {(x,y,)}\_,, where x,, denotes the features of data instance n, and y, is the
corresponding class label. The maximum likelihood estimation is employed to derive
parameter estimates that maximise the probability of observed data. The parameters,

denoted as 8, with:
Oy = argmaxgP(Y|X; 6) (3-24)

Where:

L
0 = {W(l)'b(l)}l 1 (3-25)
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Rather than maximising a term, the emphasis is on minimising the error term, often
referred to as negative log-likelihood (Aitkin & Foxall, 2003):

Errot, == ) [y 10g P = k|1 6) (3-26)

By leveraging the error term, convergence towards optimal parameters is sought. This
process is, however, susceptible to local minima, particularly with smaller datasets.
Gradient descent is employed to iteratively reduce the cost function by adjusting

weights and biases for each data point:

OF

W(t+1) = W(t) - T]m (3-27)
OF

b(t+1) = b(t) — Uﬁ (3-28)

This optimisation requires both forward and backward propagation. Forward
propagation initiates with randomly set weights and bias terms. As data passes the
network, neuron outputs are calculated. Upon reaching the final neuron, data passes
through the last activation function, assigning a probability to the data's class. The
process proceeds forward, enabling the initial prediction of model performance. In the
output layer, a prediction probability y for x; is calculated, facilitating estimates of y

andE,,. The cumulative error is computed as:

E= Z E, (3-29)

Backpropagation computes the gradient of the error concerning weights and biases,

guiding updates to minimise error.

MLPs offer a form of deep learning algorithm that is more suitable for smaller datasets,
as used within this thesis (Chapter 9), whilst still capable of capturing complex non-
linear patterns (LeCun et al., 2015). This is due in part to the lack of deep feature
creation, which requires multiple layers and connections to extract patterns, allowing
for the creation of a simpler, less deep, network that will be more resistant to over-
training (Brady, 1991).

58



3.4.4 Support Vector Machine

A Support Vector Machine (SVM) is a supervised ML algorithm widely used for
classification and regression tasks (Moguerza & Mufoz, 2006). It works by finding a
hyperplane in a high-dimensional space that best separates the data points into distinct
classes (Hearst et al., 1998). The goal of an SVM is to maximise the margin—the
distance between the hyperplane and the nearest data points from each class, known
as support vectors (Pisner & Schnyer, 2020). By maximising this margin, the SVM
ensures better generalisation and robustness to new, unseen data (Boswell, 2002).
SVM classifiers are a popular choice in machine learning and have been used to create
state-of-the-art classifiers for HAE detection in specific settings (Wu et al., 2014,
2018).

Hearst et al., 1998 define SVM support vector calculation in the following. Consider
a training dataset withm samples (x;,y;) wherei =1,2,..,m. Here, x! =
(X1, ..., Xig) € R represents a d-dimensional feature of the samplei, and y €
{—1, +1} signifies coded labels for each class®. The label +1 is assigned to positive
classes, while —1 is attributed to the negative class. The training data is effectively
separated by the hyperplane w”x; + b = 0, where w is the weight vector and b is the

bias term.

The SVM aims to ascertain optimal values for both the weight and bias terms. Once
the partition's location is determined, the support vectors, i.e., the nearest points to the
hyperplane, are identified. These support vectors play a pivotal role in establishing the

marginal hyperplanes, H; and H,, defined as:
Hi:[w)Tx; +b) =1 (3-30)
Hy: [(w]"x; + b) = —1 (3-31)

These relationships are visually depicted in Error! Reference source not found.. Any

point correctly classified satisfies the inequality:
yllw)"x; + b) 2 1 (3-32)

Forx;, i = 1,2, ..., m, the distance between the separating hyperplane and the marginal

hyperplanes is calculated as —2_ where ||w|| = VwTw. This geometric interpretation

llwll’
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underscores the SVM's goal of maximising the margin, providing a robust
classification mechanism.
Figure 3-6: A simplified support vector classifier, the classification hyperplane (blue)

separates the two classes. The minimum distance between positive and negative
hyperplanes are show in red.
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The SVM classifier incorporates additional methods to enhance its ability to
accurately predict data instances (Mammone et al., 2009). The Kernel Trick is one
such technique, allowing SVMs to adeptly handle non-linear decision boundaries by
transforming input features into a higher-dimensional space (Noble, 2006). This
transformation occurs implicitly, avoiding the explicit calculation of new feature
representations and ensuring computational efficiency (Noble, 2006). In scenarios
where data is not perfectly separable, the Soft Margin SVM introduces a slack
variable, providing a level of flexibility that accommodates misclassification (Noble,
2006). This proves valuable when dealing with noisy or overlapping data, contributing
to the classifier's robustness in real-world situations (Boswell, 2002). Moreover, the
SVM's effectiveness is further fine-tuned through the C parameter, which determines
the balance between achieving a smooth decision boundary and accurately classifying

training points (Noble, 2006). A smaller C results in a wider margin but may allow for
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some misclassifications, while a larger C seeks accurate classifications at the expense
of a narrower margin (W. Zhang et al., 2022). These methods collectively contribute
to the SVM's versatility and performance across a spectrum of classification
challenges. These easily configured variables lend themselves to scenarios where data
is small and not perfectly separable, this helps to create a generalisable model (Roy &
Om, 2018; Tabrizi et al., 2020).

3.4.5 Logistic Regression

Logistic regression, a probabilistic binary classification method, is employed to
estimate the probability of an event occurring when confronted with new data, where
‘logistic’ refers to the log of the odds probability (Equation 3-33) (Sperandei, 2014).
During the training phase, the model analyses the relationship between features and
labels for both classes, predicting a partition between the two variables in a
multidimensional feature space (Menard, 2002). Subsequently, when novel data is
introduced, the classifier determines its position on the curve (Menard, 2002). This
may then be translated it into a meaningful prediction probability of which of the two

classes the data may belong to (Hosmer et al., 2013).

P(events
odds = ( )

"1 — P(event) (3-34)

Menard, 2002 defines the underlying methods of the logistic regression classifier as
the following. The probability of a data point belonging to class one is defined asClick

or tap here to enter text.:
P(y = 11X) = p(X) (3-35)

Where y = 1 is the probability of a data point belonging to C; after observing the
feature vector X. The partition is formed by an activation function, often a sigmoid
function which translates input feature vectors into probabilities, bounded between

zero and one for predictions:

1

THe X (3-36)

p(x) =

With the general formulas outlined, the purpose of the logistic regression classification

algorithm is to predict the parameter vector # to maximise algorithm performance.
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The classifier is optimised so that 2 values yield p(x) = 1 for data from C; and 1 —

p(x) = 0 for data from C,. The optimisation of A is described by the likelihood

function:

1(B) = Zyiﬁxi —log(1 + efxi) (3-37)

The value of B is determined by maximising this function:

B = argmaxgL(B) (3-38)
As a transcendental equation, 8 can be estimated using a solver over multiple
iterations. The solver process involves initialisation, creating initial predictions,
updating £ values to increase the prediction, and repeated iterations until convergence
criteria are met. Once solved, the function p(x) provides predictions for new data. A
decision threshold is then implemented, classifying values above as class 1 and below

as class 0.

Logistic regression is widely preferred for small datasets due to its simplicity,
efficiency, and robustness (Alpaydm, 2013). It performs well under limited data
conditions, often outperforming more complex models like neural networks (Arshad
et al., 2023). LR's linear decision boundary and few parameters reduce overfitting risk
and computational demands (Komarek & Moore, 2003). Its interpretability through
model coefficients makes it ideal for applications requiring clear insights into feature
importance (Arshad et al., 2023). However, LR's performance can be affected by rare
events, multi-collinearity, and nonlinear predictors in small samples (Bergtold et al.,
2018).

3.4.6 Ensemble Classifiers

Ensemble methods in ML are techniques that combine multiple individual models to
create a more robust, accurate, and generalised predictive model (Sagi & Rokach,
2018). These methods are reliant on the use of a “weak learner’ or base model which
provides output predictions (Horng et al., 2019). In theory, none of these individual
models should provide particularly accurate results, but as an ensemble, the classifiers
should perform well (Rokach, 2019; Sagi & Rokach, 2018). These are typically

decision tree models but can be used with any model (Rokach, 2019).
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Ensemble algorithms are amongst the most popular choices for a variety of ML
challenges, with many varieties available (Bentéjac et al., 2021; Rane et al., 2024).
They were selected for use in this study due to having previously exhibited state-of-
the-art performance in classification tasks, including HAE detection (Goodin et al.,

2021). The ensemble methods used within the thesis are:

e Random Forest
e Adaptive Boosting

e Gradient Boosting

3.4.7 Random Forest

A Random Forest is an ensemble learning method that leverages the power of multiple
decision trees to improve predictive accuracy and control overfitting (Liaw & Wiener,
2001). Instead of relying on a single decision tree, Random Forest builds a collection
or "forest” of diverse trees, and their outputs are combined to make predictions
(Breiman, 2001). In a Random Forest, multiple decision trees are constructed using a
technique called bootstrap aggregation (T. H. Lee et al., 2020). Bagging involves
training each tree on a random subset of the training data, allowing different trees to
learn from different perspectives of the dataset (T. H. Lee et al., 2020). The trees
within a Random Forest are often termed "weak learners” because their construction
prioritises simplicity over precision (Rokach, 2019). Rather than striving for highly
accurate models on their own, these trees focus on creating a multitude of diverse
classifiers, providing slightly better than random predictions (Horng et al., 2019). The
overarching goal is to build a robust ensemble where the collective wisdom of these
diverse learners, when aggregated, yields accurate and reliable predictions (Rokach,
2019). This diversity is crucial for reducing the risk of overfitting present in individual
decision trees (Sagi & Rokach, 2018). The final prediction of a Random Forest is
determined through a majority vote for classification tasks, or an average for

regression tasks of the predictions made by individual trees (Horng et al., 2019).

3.4.8 Adaptive Boosting

The adaptive boosting (AdaBoost) method is used to create ensemble classifiers and
is particularly effective with weak learner algorithms, such as decision trees (An &
Kim, 2010). An & Kim, 2010 define it as the following. The algorithm initiates the

data with specific weights, equal for all data points within the training dataset:
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Wi =3 (3-39)

Where N is the total number of data points. A null classifier, f, (x) = 0 is created for

t = 0to T, the number of sequentially created sub-models.

The next step involves creating a training sample from the dataset, considering the
training weights. A weak learner, for example, where a decision tree is then trained on
this sample. The data is labelled, and classification errors are measured using a loss
function. AdaBoost commonly employs the exponential loss function:

L(f) = %Z'e_Yif(xi) (3-40)

l

Where N the number of data points in the training is set, y; is the true label and f(x;)
is the predicted label from the weak learner. The algorithm then calculates a weighted

error term e, for each iteration:

iz1 ew;
— (3-41)
t Z’{lzl Wl
The coefficient A, is calculated as:
1 1 - et
Je =5 - ) (3-42)

Weighted error term lambda is then required to be calculated, step size for adaptive
boosting, for the weights of each data in the model. With this calculated, the weights
of the data points are updated. This differs for data points that were calculated correctly
and incorrectly. This term acts as a step size for adaptive boosting and influences the
weights of each data point in the model. The weights of data points are updated based

on correctness:
For incorrect: w; « w;e’t
For correct: w; « w;e %

This reduces the value of the weight for correctly classified data points and increases
it for incorrectly classified data points. Normalisation follows, ensuring the sum of the
total weight to one. A new classifier is then created, either by training with a weighted

Gini index term or by creating a sample where the classifier is more representative of
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the dataset. This is achieved by selecting random values, including the weighting term.

Finally, the sum of predictions is used to predict the values for the classifier's outputs.

Since AdaBoost adjusts weights dynamically to focus on difficult examples, it can
maximise the learning potential from every available data point, improving
classification accuracy even in the presence of sparse samples (Hastie et al., 2009b).
Furthermore, AdaBoost does not require tuning complex hyperparameters, which
reduces the risk of overfitting that might arise when small datasets are used with more
complex algorithms (Sharma & Sharma, 2016). Additionally, the ensemble’s additive
nature—where new models correct the errors of prior ones—ensures efficient
utilisation of the small dataset without the need for extensive data splitting or complex
model structures (Raschka, 2018). This focus on incremental improvement is
advantageous when large, diverse datasets are not available, though the algorithm
remains sensitive to noise or outliers, which may disproportionately influence

performance when data is scarce (Sharma & Sharma, 2016).

3.4.9 Gradient Boosting

Gradient boosting classifiers are an ensemble classification method (Friedman, 2002;
Natekin & Knoll, 2013). This ensemble is formed by iteratively refining the
predictions of a weak learner algorithm based on the class labels of the data and the
previous prediction errors. Once this collection of trees has been established, the
algorithm provides a final prediction by amalgamating the outputs of all the iteratively
improved algorithms. Its ability to sequentially fit weak learners, like shallow decision
trees, allows it to capture intricate patterns in the data without requiring extensive pre-
processing or feature engineering (Friedman, 2002). Furthermore, gradient boosting
incorporates regularisation techniques such as shrinkage and subsampling, which help
mitigate the risk of overfitting which is a common concern with small datasets, by
controlling model complexity and variance (T. Chen & Guestrin, 2016). The flexibility
of the algorithm in optimizing non-linear relationships makes it well-suited for
kinematic data, where variables such as velocity, acceleration, and joint angles often
exhibit complex interdependencies (T. Chen & Guestrin, 2016). This is illustrated by
the use of an XGBoost algorithm in order to detect genuine HAEs in Australian Rules
football (Goodin et al., 2021). However, the algorithm’s sensitivity to hyperparameters
like learning rate and tree depth requires careful tuning to avoid overfitting,

particularly when working with limited data (T. Chen & Guestrin, 2016).
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In the initialisation phase of a binary classification gradient boosting algorithm, the
first step involves crafting the initial weak learner. This learner generates a uniform
prediction for every feature vector, regardless of the specific feature values or class
labels. The predicted value, in this context, represents the logarithm of the odds for
accurately predicting the positive class, a value consistently applied across all
instances during the algorithm's first iteration. This prediction is improved over

multiple iterations until a specific ending criterion is met.

The algorithm is trained using a dataset {(x;,y;)}i=; where i = 1 ton, where x;
represents the feature vector of an instance of i, and y; is the corresponding class label.
A differentiable loss function denoted as L(y;, f (x)), is employed, where f(x) or vy is
equal to the logarithm of the odds value. The initial weak learner can be expressed

as?®:
N
folr) = argmin, > L(y,) (3-43)
i=1

The primary objective of the classifier is to determine values for the prediction of y

that minimise the loss function. For the first classifier, f; (x) can be simplified to:
fo(x) =log (L) (3-44)

Here, p is calculated as p = % with Y, representing the number of instances of the
0

positive class within the training data and Y, being the instances of the negative class.
This formulation sets the foundation for subsequent iterations and improvements in
the gradient-boosted algorithm. This process of improvement is repeated for each
tree,m in a pre-specified number of trees M, where each instance i of the dataset of

size N will be passed through the algorithm.

To improve the function, the original algorithm, f,(x) is presented with each data
point i from the dataset. For each of these N datapoints, the residual, y,,,, is calculated

and summed to provide the measure of model performance, shown in:

fori=12..n (3-45)

f=f-1

_ aL(:Vi:f(xi))
Yim =107 ()
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A second decision tree is constructed to predict the residual values calculated from the
original weak learner’s predictions, using the dataset features x;. Where y; is the
observed value, f is the previous prediction. The value of y used is selected so that it
will minimise the residual, making it equal to 0. This process is repeated for leaf, R; ;

and each sample relevant to that leaf, is summed, expressed as:

Jm
Fn() = frna GO+ 0 ) Yyl (x € Ry (3-46)
j=1

Based on the previous prediction and the previous residuals, the new prediction is
created and updated. Here is introduced the learning rate v, with controls the rate of
change of the new predicted values by reducing the influence of the previous
predictions.

Now with the updated model, a new prediction is calculated for each sample. The
previous prediction is taken using the last model, this is then repeated until the
stopping criteria is met. This form the full model, F,,(x), and predictions of the class
that a feature vector will belong to can be made, by aggregating the scores of all the

weak learners with the following:

elog—odds

5} = 1+ elog—odds (3-47)

3.5 Algorithms Performance and Analysis

3.5.1 Shapley Additive Explanations

As the use of ML became popular in research, many labelled the internal workings of
the ML process as “black box” ideas (Lundberg & Lee, 2017). Whilst powerful models
are creatable whilst labelling it as a black box, this does not help to develop an
understanding of the value of the features in the process, adding little to domain
knowledge. Since then, a group of methods known as “explainable AI” have been
developed, aimed at allowing the easy interpretation of ML models. If these methods,
one of the more popular is Shapley additive explanations, known as SHAP. This have
become a common method of providing objective measures of feature importance,
which has a place in feature selection, and adding to domain knowledge with its

interpretations.
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This method provides an assessment of each feature and how the magnitude of each
feature affects a ML models predictions of the dependant variable. More specifically,
SHAP values are calculated using an adaption of game theory. SHAP values are
calculated by passing the training dataset through the SHAP framework, this assigns
a SHAP value to each feature of each data point, and this value represents the
contribution of that feature to the model output. The SHAP value @; of feature j can

be defined as the following:
1 .
) = [T g S NI = IS = DUFGS U ) = £(S)) (3-48)

From the following, |. | represents the number of elements in the set, N is the original
feature set, and S represents a feature subset from N. Furthermore, N\{j} is a subset
of all features previous to the feature j, and £ (S) is the output of the ML model of the
feature subset S. Finally, £ (S U {j}) — f(S) is the cumulative contribution of feature
J to the output of the model. As shown in the above equation, the SHAP value of ¢;
of feature j is estimated by calculating the average contributions in all possible

permutations of the subset (Lonini et al., 2018).

3.5.2 Model Performance

In binary ML classification tasks, there are four ways that the label of the data can be
predicted: true positive (TP), false positive (FP), true negative (TN), and false negative
(FN) (Sofaer et al., 2019). The terms positive and negative refer to which class the
model/classifier predicted the data would belong to, whilst the true and false refers to
whether the model/classifier was correct in this prediction. These predictions can be
represented within a confusion matrix, which reports all of the models predictions,
with no consideration of the certainty of each prediction. An examples of a confusion

matric is shown within Figure 3-7.

Figure 3-7: An illustration of how machine learning models may correctly or incorrectly
predict class labels, known as a confusion matrix.
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From the confusion matrix many performance metrics can be derived, with popular

metrics including the following.

Accuracy: Measures the overall correctness of predictions made by the model in:

| ~ TP + TN (3.49)
CCUraCY = Tb X TN+ FP + FN

Positive Predictive Value (Precision): This indicates the model's ability to correctly

identify the positive instances out of all instances predicted as positive.

Precision = e (3-50)
recision = o0 -

Recall (Sensitivity or True Positive Rate): This measures the model's ability to

correctly identify positive instances out of all actual positive instances.
TP

Recall = TP-I-—FIV (3-51)

Specificity (True Negative Rate): This measures the model's ability to correctly

identify  negative instances out of all actual negative instances.
TN

Specificity = TN+ FP (3-52)
F1-Score: Represents the harmonic mean of precision and recall, providing a balance

between the two metrics.

Precision = Recall

F1Score =2« Precision + Recall (3-53)
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False Positive Rate (FPR): Indicates the proportion of actual negative instances that
are incorrectly predicted as positive.

FPR = kil (3-54)
" FP+TN )

False Negative Rate (FNR): Indicates the proportion of actual positive instances that
are incorrectly predicted as negative.

FNR = FN (3-55)
" FN+TP )

Metrics from the confusion matrix are point-based metrics that focus on specific
aspects of the model's performance, evaluating predictions across different classes
directly. Classifiers may return a probability of an instance belonging to a class rather
than an actual class label. Probabilities will be turned into labels depending on which
side of a decision boundary they fall on, often set at 0.5. By changing the decision
threshold of the classification model, the metrics of the same classifier may be altered
as labels could change depending on the original prediction probability. Therefore
these metrics may not present a full representation of the model’s ability to classify

data.

Curve-based metrics provide an overall assessment of a model's performance across
different thresholds for binary classification tasks (Sofaer et al., 2019). They are
computed by varying classification thresholds, generating curves that show how
performance changes as the threshold moves. This provides a more comprehensive
view of how completely the classifier has split the data. Two such examples of curve-
based metrics are AUROC (Area Under the Receiver Operating Characteristic Curve)
and AUPRC (Area Under the Precision-Recall Curve). They consider the trade-off
between true positive rate and false positive rate (AUROC) or precision and recall
(AUPRC) across a range of classification thresholds. AUROC and AUPRC are less
affected by class imbalance and can still provide valuable performance information
even when the dataset is imbalanced. AUPRC is particularly useful when dealing with
highly imbalanced datasets or when the positive class is more important than the
negative class. Metrics from a confusion matrix offer more straightforward

interpretability, AUROC and AUPRC are comprehensive but less intuitive; they
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provide an overall view of the classifier's performance but might be harder to interpret

directly.
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4 Moving from Review to Methods and Results

This chapter concludes the review of the literature, which has provided a foundational
understanding of the methods that appear in the following chapters. In these following
chapters, the methodologies and findings from the studies conducted are detailed. The
following chapters are ordered to best follow the pipeline illustrated in Figure 4-1.
This pipeline represents the steps that an IMG user may undertake in order to make
use of the data gathered by IMGs, this is explained further in the following paragraphs.

Figure 4-1: A pipeline illustrating how data goes through processing from collection to
reporting.

Stage 0: Acquire and fit
devices

\ 4

Stage 1: Collect data

Stage 2: Process and correct
data

Stage 3: Validate and verify
data

Stage 4: Estimate linear
acceleration at head’s CoG

A

Stage 5: Impact causation
analysis

\ 4

Stage 6: Report findings

Step zero is the actual acquisition of suitable devices and undergoing the relevant

device fitting process. Once devices have been fit to the users, step one, data collection
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from players participating in training or matches may occur. Step two is data
processing, transforming data from the raw signals to a usable form, including filtering
and estimation of rotational acceleration from rotational velocity. Step 3 is the
verification/validation of data, where the reliability of the data and device is assessed.
By including this stage as early as possible it means that data can be excluded from

later steps, reducing the resources required to complete the pipeline.

The order of steps 4 and 5 could be interchanged depending on the study outcomes.
The ordering in Figure 4-1 was selected as “Stage 4: Estimate linear acceleration at
the head’s CoG” is a step all studies should undertake in order to report accurate linear
acceleration, whereas not all studies will investigate HAE causation. This also presents
an opportunity to exclude data from the study if the value of the linear acceleration at
the head’s CoG falls below a specified threshold. Step 5 is determining the causes of
the impact that led to the recording, with the final stage, 6, being reporting the data.

In this thesis, Chapter 5 covers how steps 0-3 the collection and preparation of data
which is then used in Chapters 7, 7, 8, and 9. Chapter 0 details processing the data
gathered in chapter 5 in order to be used by ML algorithms in Chapters 7 and 9.
Chapter 7 uses the data collected and processed in the previous two chapters to create

a ML algorithm that can automate “Step 3: Validate and verify data”.

Chapter 8 head measurements to assess the importance of head size when reporting
linear acceleration gathered by IMGs. The HAE data used in this chapter is the same
data gathered in Chapter 5, though a separate cohort is used to collect the head size
measurements. Chapter 9 uses the data from chapters 5 and 0 in order to automate step
5 of the pipeline, impact causation analysis. While the final chapter, Error! Reference
source not found., presents the specific challenges, future directions, and conclusions

from this thesis.
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5 Collection, Processing, and Validation of Head Impact

Data Introduction

While researchers have extensively used IMGs in HIT research, studies have shown
devices can record spurious events, such as shouting or device removal/insertion (E.
M. P. Williams et al., 2021; Wu et al., 2014). To account for this, most HIT devices
use algorithms to remove spurious recordings from the dataset (Patton, Huber, Jain, et
al., 2020). Despite the use of algorithms to remove spurious events, studies with on-
field data collection have shown that HIT devices may still record false positives
events (Patton, Huber, Jain, et al., 2020). Because of this, video verification is
considered an important step when collecting HIT data with IMGs, to ensure the
quality of the data (Patton, Huber, Jain, et al., 2020). Video verification is reviewing
the IMG recordings along with video footage to confirm that recorded data correspond

to a HAE, allowing for the removal of spurious data from the dataset.

This chapter reports the collection, validation, and verification of IMG data and the
collection of video footage, corresponding to steps 0 — 4 in Figure 4-1. It is also
discussed how the methods used relate to the best practices described within the
CHAMP documentation, and the challenges and limitations associated with data
collection (Arbogast et al., 2022). This will allow us to assess the accuracy, reliability,
potential sources of bias in the data collected and the implications of the use of these

data for athlete safety and research.

5.1 Methods
5.1.1 Participants

Data were collected from female collegiate RU players competing within the British
universities and colleges premier division south, during the 2021/22 RU season. The
work was conducted within the framework outlined in the CHAMP 2022 project to
ensure best practices. A total of 25 devices were issued to players within a UK
university women’s RU squad. Participants were included in these studies if they
trained regularly and were expected to feature in the first team in competitive matches
during the 2021/22 season. The devices issued to the players remained functional
during the six competitive matches recorded, with the data collected from players
representing all positions. Before the beginning of the study, institutional ethics

approval was obtained from the Swansea University College of Engineering Research
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Ethics and Governance Committee. In compliance with the ethical approval (ethical
approval number FP_01-10-21), all subjects provided informed consent to their
inclusion in the study. Anthropometric measurements were taken from players before
the season, while measures of neck strength were taken before and throughout the
season. A survey was completed by each player in pre-season to provide details of

their sporting background and injury history.

5.1.2 HIT Devices

Data were collected using the Prevent Biometrics Hybrid IMGs (Prevent Biometrics,
Edina, MN, USA), which have been previously validated both in laboratory testing
and on-field (Bartsch et al., 2014; Kieffer et al., 2020). All IMGs contained a 3.2 kHz
three-axis angular rate sensor, three 3.2 kHz single-axis linear accelerometers, a
130mAh battery, microcontroller, proximity sensor, internal storage of up to 460
events and BLE transmission (Bartsch et al., 2014). The angular and linear sensors
had measurement ranges between + 35 rads® and + 200 g, respectively. Full
descriptions of the technical specifications of the IMGs have been reported by (Bartsch
et al., 2014; Hedin et al., 2016; Kieffer et al., 2020; Miller et al., 2018).

A recording was triggered when a single axis exceeded a 3 g linear acceleration. This
threshold could be altered within the Prevent Biometrics platform to include or
exclude recordings of varying magnitudes from the dataset. Once triggered, a segment
of kinematic data beginning 10 ms before the limit being exceeded, and +40 ms after
was recorded. These data were temporarily stored temporarily on the IMG before
being transmitted via an iOS tablet on the touchline via Bluetooth. Once the data were
transmitted to the iOS tablet, data were uploaded to the Prevent Biometrics cloud

Server.

The data transmitted to the Prevent Biometrics cloud server was fed to an algorithm
to determine the cut-off frequency for the Butterworth filter that would be used to filter
the recording. Prevent Biometrics’ cut-off frequency estimating algorithm would then
select an appropriate digital filter depending on the noise in the recording which could
be either 200, 100 or 50 Hz (Tooby et al., 2022b). Higher levels of noise would result
in the ML algorithm selecting a lower frequency filter cut-off (2.4.5). The purpose is
to reduce the likelihood of overestimating the impact magnitude by inflating the value

with high-frequency signals.
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In addition to the recorded rotational velocity and linear acceleration, rotational
acceleration was numerically estimated and reported using the rotational velocity.
Data were then subject to translation such that values would be reported from a 50"
percentile male head CG. Prevent Biometrics also use an additional proprietary
algorithm to improve the accuracy of the recording which was developed following
the laboratory validation of the device. Data were reported so that the axis would align
with the standard human axes as reported within the Instrumentation for Impact Test
- Part 1 - Electronic Instrumentation J211/1 201403 documentation, this is illustrated
in Figure 5-1. The standard covers the different types of sensors, signal conditioning
equipment, and data acquisition systems that are used to measure and record various
parameters during impact testing, such as acceleration, force, displacement, and

deformation.

An infrared sensor and emitter are contained within the Prevent Biometrics IMG
devices, which are used to measure the closeness of fit between the device and the
teeth, referred to as the device’s proximity sensor. The sensor would return time series
data of arbitrary units that reflected the strength of the signal recorded by the proximity
sensor. This ranged from 0, indicating no recording, to 999 which was the highest
value possible. Impacts that recorded a peak proximity sensor below a given threshold
were excluded from the true positive dataset, as were events that contained large
changes in the recorded proximity value. The threshold value could be set before the
data recording session. These recordings were classified as false positive events and
were automatically removed from the true positive recordings. The reasoning for this
is that recordings containing low or inconsistent proximity values may have occurred
off teeth or the device may have been poorly coupled to the teeth during impact

recording.

It is suggested, however difficult to prove, that issues with recording impacts are
related to the fit of the device, therefore ensuring that the device fits well from the first
session is important to keep the recordings at a high quality (Luke et al., 2024).
Continual assessment of the device fit is also valuable as they may deform over time.
This will potentially cause issues with the reliability of the device. Retaining positive
relations with the participant helps to maintain the use of the devices and sort issues,

such as fit or non-device use as they become represented. Ensuring that participants
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are happy with the devices and provided them on game day will encourage use and

allow for more data to be gathered throughout the season.

5.2 Data Preparation

To remove potential sources of bias in following studies, raw data were provided by
the company in addition to the filtered datasets. These included all events recorded
by the IMGs during the recording sessions with a linear acceleration of > 3 g. The first
processing step was the digital filtering of the raw kinematic data using a 200 Hz, 4th-
order Butterworth low-pass filter. Thus, the cut-off frequency was selected as it is of
the same magnitude as filters commonly implemented in conjunction with IMG data
processing algorithms. Rotational acceleration was then estimated numerically from
the rotational velocity, using the four neighbours of a central point to estimate the

acceleration. This method is known as the central point differential method.

The magnitude of each group of kinematic measurements was estimated by finding
the Euclidean norm. Event magnitude was not only used for developing characteristics
of events but also as an inclusion criterion for recordings. Events were only included
within the datasets should they have a peak linear acceleration magnitude of > 9 g.
This value was selected to be in line with the standard values within the field and
greater than the 6 g limit of typical voluntary human motion (Rowlands & Stiles,
2012). In line with the Prevent Biometrics proximity filtering system, where events
with low or inconsistent proximity sensor values were removed from the dataset. This

limit was selected by investigating the typical limits used by Prevent Biometrics.
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Figure 5-1: Diagram showing the reporting axis for devices according to
"Instrumentation for Impact Test - Part 1 - Electronic Instrumentation J211/1”
(Society of Automotive Engineers, 2003).

5.3 Impact Verification

For each rugby match recorded, time-stamped videos were recorded from the centre
line of the pitch with a device of minimum specifications of 1080p, and 30 fps to
enable the identification of events. Should a secondary video camera and operator be
available, video footage would be taken from the opposing touchline to provide an
alternate angle for impact verification. Each recording was independently verified by
two of the co-authors with 18 months of impact reviewing each, using a two-stage
verification method. The first exclusion criteria were whether the players were
involved in the match at the time of recording. Should players not be included in play
at the time of recording then any events during this period could be classified as off-
field events and be excluded from the final dataset. To calibrate timing across the video
and IMG data, two high-certainty HAEs were found via video review and used to
measure the time difference between recording and video time. The time lag, if
present, was assumed to be the same across all IMGs. A list of all events with corrected
times was then compared to the video footage to verify the HAEs. Events would pass
to the next stage if the player wearing the device that recorded the event was seen to
be involved in a contact event with a clear head acceleration within a + 3-second

window of the recorded time.

78



The HAE recording that progressed past this stage then underwent visual inspection.
This consisted of assessing the acceleration to determine whether it was representative
of the on-field head acceleration. The data used to create these guidelines were
developed using data collected in a pilot study in support of the study Williams et al.,
2021. Williams et al., 2021 reports that in this pilot work, IMGs were given to a sub-
sample of five available participants who completed several activities to generate both
HAEs and spurious recordings. This was conducted to create qualitative methods of
classifying impacts. These recordings all contained linear acceleration of greater than
10 g, using a device of similar specifications to the Prevent Biometrics IMG. This
resulted in the collection of 160 biting events, 120 mouthguard removals, 120
mouthguard insertions, 50 of sucking on the devices, and 75 rugby tackles with hit
shields. Additionally, many recordings of the participants shouting whilst wearing the
devices were also collected. These recordings allowed for the characteristics of the
true and false positive events to be greater understood as the characteristics of false
positive impacts were studied and identified by comparing the events to genuine,
ground truth events. This knowledge was then applied to the current study and used to

include or exclude impact.

Figure 5-2 shows characteristic waveforms from a bite (Figure 5-3 (A)), a shout
(Figure 5-3 (B)), and a true non-filtered (Figure 5-3 (C)), or filtered (Figure 5-3 (D))
head-impact event. Impacts were excluded from the dataset if waveforms were not
representative of feasible head acceleration or if incomplete waveforms were
recorded, where data had been dropped during transmission. Should events closely
resemble A or B, for example, peak duration of >5ms and multiple peaks forming

within 10ms, data would be excluded.
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Figure 5-3: The criteria used to assess waveforms recorded from IMGs as reported in
Williams et al., 2021. Waves A and B represent spurious signals, whilst C is a genuine
signal pre-filtering and D is post-filtering. Originally from "Sex differences in neck
strength and head impact kinematics in university rugby union players' by Williams,
E.M.P., Petrie, F.J., Pennington, T.N., Powell, D.R.L., Arora, H., Mackintosh, K.A., and
Greybe, D.G., originally published in the European Journal of Sport Science, 22: 1649-
1658 (2022), https://doi.org/10.1080/17461391.2021.1973573. Used under the terms of the
Creative Commons Attribution license (CC BY). For more details, see
https://creativecommons.org/licenses/by/4.0/.
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Events passing the verification process were labelled as positive events, whilst any on-
camera events that failed to pass were labelled as negative events. After impacts were
verified as genuine, they were added to a library of genuine impacts. Impacts that
could be verified as spurious, or failed at any stage of the verification process were
excluded from the genuine impacts and included in the spurious event category. This
led to the creation of a genuine and spurious library for each of the six matches

participated in through the 21/22 season.

In addition to the genuine or spurious label, more information was recorded about each
for the genuine activities. This included the action the player was conducting before
impact, which was coarsely described as a ‘ball carrier’ for all events where the player
had the ball within their possession or a ‘tackler’, where the player did not carry the
ball and was involved in a tackle event. A second category was included which
described the mechanism of contact that led to the recording of the head acceleration.
This was defined broadly as a primary impact, where there was clear and direct contact

to the head, or secondary, where an impact to the body led to the head acceleration
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without any DHC. For the impact type study labels of ‘0’ were assigned to NDC and
labels of ‘1° were given to DHCSs. For the action recognition study, a label of ‘0” was
assigned to tacklers and labels of ‘1° were given to BCs. Events that that did not fit
the binary categories of tackler or BC were not labelled with the labels of one or zero,
however, they remained within the true positive dataset. Should multiple events be
recorded in a contact event window, only the first recording was retained. Additional
information about each event was recorded adding further details to the impact type,
for example, the object the head collided with in primary impact and the direction of
impact.

5.4 Results
In the six matches recorded throughout the 21/22 BUCS rugby season, the match
squads contained between 12-22 players wearing an IMG. During this time, over 7,500

player match minutes were monitored for HAES.

5.4.1 Data for Impact Verification

In total, over 10,000 raw data recordings from within these games were provided by
Prevent Biometrics. Most of these recordings were excluded from the study due to low
linear acceleration magnitude and/or low or inconsistent proximity sensor readings. A
total of three impacts were removed from the genuine impact group having failed
visual inspection. After these exclusionary steps, a total of 214 HAEs which were
confirmed as genuine after video review. A total of 466 recordings were confirmed as
spurious during the video verification process, including events such as bites, shouts,
insertions, and removals. Data were divided such that five of the six matches were
included in the training data, containing 166 head accelerations events and 400
spurious events. The remaining match was used as test data, this contained 48 genuine

events and 66 false positive events.

5.4.2 Data for Automated Epidemiology

Of the 214 events determined to be genuine, labels were assigned to 123 impacts for
the impact type study, including 91 direct impacts and 46 indirect impacts. The
remaining 91 impacts were either unidentifiable or occurred as part of multiple
recordings from one contact event. Data were split to create training and test groups
of 91 impacts (68 direct and 36 indirect), with a test set of 33 recordings (23 direct, 10
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indirect) respectively. This split meant that four of the six matches were used as

training data whilst the remainder were used as test data.

For the action recognition study, 169 events were identified for use in further analysis.
These included 65 BC events and 104 tackler events. The data were split so that four
games containing 135 events appeared in the train set (53 BC, 82 tackler events),
whilst 34 events (12 BC, 22 tackler) were used in the test dataset. In all, 45 events
were not included in the genuine data as they did not fit the binary classification

system.

5.5 Discussion

This work aimed to collect a suitable quality and quantity of data to enable ML studies
to be conducted. These data were used to create three datasets, one of which was used
to train the impact detection classifier and two for the action recognition studies. These
datasets represent some of the few collected for study from female cohorts or RU
(Patton, Huber, Jain, et al., 2020).

Data were collected from 25 female participants competing in six matches in an inter-
university competitive RU league. Not all players competed in all matches, with the
number of instrumented participants in match day squads ranging from 12 — 22. This
resulted in a dataset containing 680 impacts that were verified as genuine or spurious
events for the genuine impact study. Out of the 680 verified events, 214 were deemed
genuine, which meant an incidence rate of 26.8 per match hour from the six matches.
Comparatively, incidence rates of HAEs >10 g have been recorded in elite men's rugby
of 22.7 and 13.2 per player hour for forwards and backs, respectively, while in elite

women's rugby, it was 11.8 and 7.2 per player hour (Tooby, Woodward, et al., 2024).

Given the number of players within this study, perhaps more accelerations could have
been expected. This discrepancy in HAE incidence rates could arise from differences
in training for the athletes, data processing steps, or lack of camera angles within this
study. The collegiate athletes in this study are likely to be less powerful than the elite
athletes which may lead to less frequent head accelerations due to lower contact
speeds. The differing data processing may also explain the large differences in
incidence rates. For example, a linear acceleration threshold of 10 g at an estimated
50" percentile male head CoG was used in the comparative study, as opposed to 9 g

at the sensor in this study (Tooby, Woodward, et al., 2024). Further to this, some
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potentially genuine events were excluded in this study due to a lack of clear camera
angles. The comparative study also suggests that due to the recording biases of IMGs
their reported rates are still likely to be underestimates of the true occurrence rates of
HAEs in RU. This could have been mitigated by using a rotational acceleration
threshold, rather than linear acceleration. This is not typically used by IMGs as
rotational acceleration must first be calculated, which requires computational power
and makes it more difficult to capture multiple events, but this metric might be more

useful once events have been recorded .

For the study of genuine HAE classification dataset study, a dataset of similar scale to
those used in previous literature was collected from six matches (Gabler et al., 2020;
Kuo et al., 2017). The results from these studies suggest that datasets of this size are
effective for developing HIT classifiers. While some studies have utilised significantly
larger datasets (Domel et al., 2021; Goodin et al., 2021; Raymond et al., 2022), cross-
validated testing has demonstrated that the data from the smaller studies are both
robust and reliable, supporting their use for HIT research (Gabler et al., 2020; Kuo et
al., 2017).

For the impact causation studies, two datasets were created: one with 123 HAES
verified for impact recognition and another with 169 HAEs verified for action
recognition. The volume of data collected is comparable to that of similar studies using
alternative data sources, as shown in Table 5.1. With these reliable, validated
classifiers, there is potential for the development of similarly robust and high-
performing classifiers based on this data. Limitations may be found in the fact that
whilst the dataset size is comparable, the classification challenge is different and
perhaps more complex in the causation analysis, which would suggest that the
performance of the classifiers may be worse. However, this work could serve as
feasibility studies for further advancements in the HIT field if highly skilled classifiers
are not developed from this data. This could encourage future research to enhance
IMG functionality, ease the challenges of causation analysis, and generating practical,

data-driven recommendations.

83



Table 5-1: Dataset sizes within similar, previous studies.

Study True Positive | False Positive | Total Recordings
(Wu et al., 2018) 156 231 387

(Gabler et al., 2020) 185 379 564

Genuine event 214 466 680

detection study

(Raymond et al., 2022) | 1,024 10,990 12,014

(Goodin et al., 2021) 1,651 12,059 13,710

The total number of impacts reduced at each stage of the verification pipeline is shown
in Figure 5-4. This resulted in different numbers of verified genuine events used within
the impact causation studies versus the impact verification study. There was loss of 77
events for the DHC/NDC study and 45 events for the tackler/BC study. Event loss
between the layers of verification may occur for several reasons. Events that are
recorded from actions which do not fit the binary classification of the tackler vs BC
study were excluded from the study, such as event from rucks or mauls. Events where
DHC or NDHC could not be established due to a lack of clear footage were also

excluded, an issue that may have been improved with more video footage.

A solution to improving the quality of footage available to verify events is by
increasing the number and quality of the cameras available to record the match
footage. More camera angles, or higher quality footage could give the benefit of
uncovering more information pertaining to the HAE. Specific guidance or best
practice has not been established in this area regarding these factors. Early guidance
has been described within CHAMP documentation, although other than more cameras,
greater film quality, and camera angles >2m, no specific recommendations are made
(CHAMP ref). Each suggestion comes at some cost. For example, to get more camera

angles, more cameras with operators are required. Ball tracking cameras remove the
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need for many operators, but come at large financial cost and may not have the reach
to capture suitable video from each area of the pitch. Static cameras could be used, but
may not capture all of the relevant parts of play. Therefore during study design the
feasibility of each option should be assed in order to maximise the ability to record
impacts.

Figure 5-4 The stages of impact verification.

All Recorded
Events

Unverified Data

680 verified
events, 214
genuine.

Stage 1 Verified:
genuine events

.
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Event Details secondary 104 tackler

The work detailed in this chapter has resulted in the creation of three curated datasets
that form the foundation for subsequent analyses in this thesis. These datasets will first
undergo a feature transformation, as described in Chapter 6, enabling their application
in ML studies. One dataset, containing confirmed genuine and spurious recordings,
will be utilised in Chapter 7 to train a classifier capable of automatically distinguishing
between these types of recordings. Additionally, two datasets derived from the
genuine recordings, flagged with impact causation details, will be employed in
Chapter 8 to evaluate the feasibility of training classifiers to detect the causes of
impacts. Finally, genuine recording kinematic data will be used in Chapter 9 to
investigate the relationship between head size and the estimated linear acceleration at
the head’s CG. Together, these datasets represent a significant step toward advancing

the understanding of head impacts through ML and quantitative analysis.
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6 Methods and Results: Feature Development and
Extraction

6.1 Introduction

The objective of this thesis is to improve the reliability and functionality of IMGs,
specifically in the context of female RU. ML algorithms can support these objectives
by processing and interpreting data in ways and speeds that humans are not capable of
(X. W. Chen & Lin, 2014). Depending on the type of ML algorithm, different data
preparation methods will be required to transform the data into a suitable form for the
algorithm (Zheng & Casari, 2018). Chapter 7 and 9 use classical ML algorithms,
requiring the data to be transformed into descriptive features (Zheng & Casari, 2018).
Section 1.6 discusses the rationale for using this type of algorithm. These features may
need to be derived from scratch where domain knowledge is poor, but similar research
will provide the opportunity to adopt and adapt features in support of specific goals
(Dang et al., 2020).

This thesis addresses three specific classification challenges:

1. The detection of genuine head impacts (Chapter 7)
2. Direct head contacts vs no direct contact head acceleration events (Chapter
9)

3. Ball carrier events vs tackler. (Chapter 9)

Several papers have now been published reporting the creation of head impact
detection algorithms, reporting results comparable to human performance in specific
settings (Gabler et al., 2020; Goodin et al., 2021; Wu et al., 2014). These studies have
used similar feature sets to create these classifiers, predominantly consisting of
wavelet, PSD, pulse parameters, and general statistic measures (Wu et al.,
2018)(Chapter 3). The frequencies used for these features have ranged from 10 Hz to
the cut-off frequency of the digital filter used in data preparation, typically 200 - 300
Hz (Wu et al., 2018). Because these studies have been successful, researchers have a
relatively well-defined set of features to use for training the classifier. It remains
unclear how the importance of these features varies across different classification

tasks.

86



Action recognition or impact type detection is a task that has yet to be attempted using
HIT devices. However, there are numerous publications documenting the use of ML
algorithms to predict actions from other wearable kinematic sensors in similar sporting
settings (Hendry et al., 2020; Kautz et al., 2017; Tabrizi et al., 2020). A comparative
study reports an algorithm trained to detect ruck and tackle events in elite RU players,
using video-verified kinematic data and a wearable worn on the upper back (Chambers
et al., 2019a). The trained random forest classifier achieved 100% accuracy when
tested upon the validation set. This provides a sound body of research with which to

build feature sets to best address this classification challenge.

Similarly, no classification tasks have yet focused on detecting DHC (direct head
contact) versus NDC (non-direct contact) head acceleration events (HAESs). However,
due to the similarities between this classification task and other challenges in the
domain, the features established in those related contexts are likely to be valuable here
as well. Specifically, the features used in the genuine versus spurious classification
challenge, which aim to capture the characteristics of head acceleration, may also
provide key discriminating factors for this task. While these features form a firm
foundation, the patterns learned may need to be more detailed and sensitive to
distinguish effectively between the differing types of head acceleration, reflecting the

nuanced differences between DHC and NDC events.

This chapter aims to develop a comprehensive feature group capable of training
classifiers to achieve state-of-the-art performance in the genuine versus spurious
classification task, while also providing a foundation for benchmarking results in the
other classification tasks. By synthesising and adapting feature sets from published
work, this research seeks to identify features that can effectively train the classifiers.
The methods used to create these features are documented in this chapter, alongside
the techniques employed for feature selection and dimensionality reduction, ensuring
that only the most informative and valuable features are retained. The resulting
datasets, once transformed into features, will then be used to train the classifiers in
Chapter 7 and 9.
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6.2 Methods
After the data were recorded, they were filtered and transformed to enable their
conversion into features vectors with which to train ML algorithms. Five key feature

groups are described below and how they were generated.

Pulse Parameters

The prominence, width, and number of pulses were identified from local maxima in
the signal. The prominence of each peak was measured by calculating the vertical
distance between the highest point and the lowest contour line. The width of each peak
was measured by calculating the horizontal distance at the lowest contour line. In the
event of there being multiple instances of either measure, the maximum value
calculated would be used. The final measure was the total number of peaks per signal.
These pulse parameters were measured using the Scientific Python (SciPy) library
“find_peaks” (Virtanen et al., 2020).

Positional Derivatives

The first and second derivatives were calculated from each of the kinematic
measurements. The first derivative was calculated from the change in two sequential
recorded values, with the second derivative calculated by the same process from the
first derivative. The maximum absolute value of each signal was used, this providing
the maximum first and second derivatives of each waveform. The maximum value of
the first and second derivative was found using the NumPy method “diff” (Harris,
Millman, van der Walt, et al., 2020).

Power Spectral Density

PSD describes the power of a signal in frequency components (Solomon Jr, 1991).
This was calculated in 20 Hz windows using Welch’s method between 20 and 200 Hz,
with the upper bound determined due to the filter’s cut-off frequency (Solomon Jr,
1991). The power values for each frequency were used as a feature, providing ten
features per vector. Power spectral densities were found using the SciPy signal
package, with the built in Welch’s method using a flat-top window (Solomon Jr, 1991;
Virtanen et al., 2020).

Wavelet Transformation
A CWT was used to provide time dependant frequency analysis (Rioul & Duhamel,

1992). A CWT was conducted for each signal using the Ricker wavelet function
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between 10 and 200 Hz, in 10 Hz increments (Ryan, 1994). Values were taken from a
maximum of three time points in the waveform for each kinematic measure
transformed. These were at the time points of the maximum absolute value of that
particular waveform and the start of the recording. These features were calculated
using the Python library PyWavelets (G. Lee et al., 2019). The measurement taken at
the start of the recording was not include for the genuine impact classification
algorithm, as it was designed to attempt to detect more information about the events

leading to the impact.

Statistical Features

Four other features types were used, the first three were the mean, standard deviation,
and the area under the curve which was estimated using the trapezoid method. These
were calculated from singular kinematic waveforms using NumPy methods (Harris,
Millman, van der Walt, et al., 2020). The feature remaining was the principal
component, calculated using principal component analysis (PCA) (Wold et al., 1987).
This is a dimensionality reduction method that identifies the directions in which the
data varies the most (Wold et al., 1987). This was calculated using the Scikit-Learn
package (Pedregosa et al., 2011). These features were included only for the action

recognition and head impact type classification tasks.

6.2.1 Feature generation, storage, and naming convention

In python, a dictionary was created containing the details for the features that were
going to be created. In this dictionary, it contained the name of the feature, the
kinematic measure to be transformed and the frequency range of interest should it be
relevant. This dictionary was created to provide a list of transformations to an object,
which also contained the data. When initiated the object performed a series of
transformations on each impact stored within a designated folder, returning a
dataframe that contained feature vectors representing each impact. This dataframe was
then saved as an excel file so that it could be directly loaded into Python sessions. The
code used for feature extraction is shown in the appendix along with part of the output
feature CSV file.

Features were given names within the dataframe so they could be referenced in
analysis and their impact could be understood. Each name consisted of up to four

components. The leading part of the name described the method used to transform the
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data, this included PCA, Mean, Std Dev, AUC, WT, PSD, 1%/2" derivative, and Pulse
Width/Number/Prominence. The next aspect describes the direction and sensor, with
the axes of the sensor represented with Cartesian coordinates and the kinematic
measure being L for linear acceleration, A or RA for rational acceleration, and V or
RV rotational velocity. Finally, should a number be contained within the name it will

correlate to the frequency in Hz that the feature was derived using.

Once calculated, these were appended into a list then added to a dataframe. Once
completed a column was appended to the dataframe containing the label values for use

by the classification. This was then exported as a dataframe.

6.2.2 Feature Normalisation

Feature normalisation is an important pre-processing step in ML, in which the features
are transformed into a similar range of values (Patro & Sahu, 2015). The purpose of
which is to ensure that no feature dominates the others in the training process, as some
classifiers such as SVM may encounter skewed results when some features with larger
ranges are used in comparison to those with smaller ranges (Patro & Sahu, 2015). This
can be achieved with several methods, the most common data normalisation methods
include Min-Max scaling, Standardisation, Z-score normalisation, and Log
transformation (Patro & Sahu, 2015).

Min-Max scaling, which was selected for this project, rescales the values of the
features between 0 and 1 (Patro & Sahu, 2015). To scale the data in this way, the
minimum value from each feature group is subtracted from each feature, with the
resulting values then divided by the range of the feature group (Patro & Sahu, 2015).
Min-Max scaling is a simple and commonly used method, capable of dealing with data
with skewed distributions. However, its primary drawback is that it is not capable of
dealing with outliers well and may leave data compressed if outliers are present within
the group (Patro & Sahu, 2015).

6.2.3 Feature Selection and Analysis

Three main methods were used for the feature analysis, the mRMR method, Pearson’s
correlation coefficient and the F-statistic. The Pearson's correlation coefficient is a
measure of the linear association between two continuous variables (Sedgwick, 2012).
Pearson’s correlation coefficient is calculated as the covariance of the two variables,

divided by the product of their standard deviations (Sedgwick, 2012). It is not a perfect
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method for feature selection as the Pearson's correlation coefficient only measures
linear relationships and may not be appropriate for capturing non-linear relationships
(Sedgwick, 2012).

The F-statistic is a statistical measure used to determine whether there is a significant
difference between the means of two or more groups (Weir & Hill, 2002). In an
ANOVA, the f-statistic is calculated by dividing the variance between the groups by
the variance within the groups (Weir & Hill, 2002). In short, the larger the f-statistic,
the more likely it is that there is a significant difference between the two groups (Weir
& Hill, 2002).

Visualisations were created to illustrate the changes in feature power and the feature
correlation when selected with differing methods. Illustrative plots (Figures 7.1-7.7)
were calculated to show the correlation between all features and how the use of mMRMR
method alters the selected features (Zhao et al., 2019a) . Correlation plots were created
to show the change in correlation between the top 15 features selected with the mMRMR
method and when selected with F-statistic alone (Weir & Hill, 2002). A third set of
plots was created to show the F-statistic of the top 15 features when selected using the
f-statistic alone and mRMR method. To calculate the feature correlation, the
Pearson’s correlation coefficients were calculated between each of the features and
presented within a heat map (Sedgwick, 2012). F-statistic was calculated using the
Scikit-Learn package (Pedregosa et al., 2011). This process was repeated for the three
main classification tasks within this thesis, namely the true event detection, action

recognition, and impact type prediction.

6.2.4 Train-Test Split

For all datasets the data was split such that the training set contained approximately
80% of the data, whereas the test set would contain 20% of the data. For the genuine
or spurious classification challenge, this split was achieved using five of the six
matches (~80%), and data from one game was used as the testing group. The HAE
causation data was split so that four of the matches were used within the dataset,
whereas the remaining two games were used within the test set. This meant that no
data from the same match appeared in both the training and test groups, although data
from the same players may occur within the train and test sets. Feature analysis was

only conducted upon the training data to preserve the integrity of the test data. The
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purpose of this being that the testing data are to remain as an impartial measure of
classifier performance, and to act as a guarantee that trends occurring within the

training data are genuine and apparent in the whole population.

When applying the chosen normalisation method to the test data, it is important to note
that information must not leak from the test set to the train. Therefore, when scaling
the testing data, it must be split before a normalisation algorithm is trained. Once the
algorithm is trained on the training data, the test data may be transformed using the

trained algorithm.

6.3 Results

6.3.1 Genuine Impact Detection

Initially, the feature set was 100 features selected using the mRMR method. This
included features from each category and kinematic measurement, over a wide range
of frequencies. This consisted of 20 pulse parameters predominantly measuring the
rotational acceleration and velocity, nine higher frequency PSD measures of linear
acceleration, and eight derivatives of rotational acceleration and wvelocity. The
remaining features consist of wavelet transformation from all kinematic measurements

across the whole spectrum of frequencies used.

Within Figure 6-1 to Figure 6-3 is illustrated the effect of the mMRMR method on the
correlation and f-statistic. In Figure 6-1 it shows how the features contain high
amounts of correlation when in the original groups and how it is redistributed when
the mMRMR selects features, with the first select in the top left of the figure. Figure 6-2
show the correlation between the top 15 features when selected with f-statistic alone
and the mMRMR method. The f-statistic showed that nine of the top 15 features were
selected which were derived from wavelet transformations. Of these features, z linear
acceleration (ZL) the most predictive of the class, with six other wavelet features using
frequencies of 60 Hz and below and two higher frequency features included. Pulse
parameters were the second most selected group by f-statistic alone, contributing the
remaining six features. Pulse width Y-axis linear acceleration (YA) was the only
rotational acceleration derived metric and was reported to have the highest f-statistic
of all the features, shown in sub-figure E. The addition of the mMRMR method to the
feature selection process had the effect of reducing the correlation present in the 15

first selected features. It also meant a change of five features selected within this
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group, however except the inclusion of one PSD measure, they changed to similar
features. Whilst the correlation was reduced, so was the f-statistic of the selected

features, illustrated in Figure 6-3.
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Figure 6-1: The effect of MRMR on feature selection for the impact detection task.
Upper: Correlation between all features. Lower: correlation after all features organised
by mMRMR.
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Figure 6-2: Upper - Correlation between top features selected with F-statistic. Lower -
Correlation between top features selected with mMRMR.
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Figure 6-3: Upper - F-statistic of features with highest F-statistic. Lower - F-statistic of

top features selected by mRMR.
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6.3.2 Action Recognition

The same process was conducted for the two datasets used within the causation
analysis tasks, as an effort to create a better understanding of the features used. The
top 15 features as selected by the mRMR method are shown in Figure 6-4. These
features included a wide range of the generated feature groups, with the frequencies
ranging across the whole spectrum of those available (10-200 Hz). Features were
derived from each of the types of motion, rotational velocity, rotational acceleration
and linear acceleration, and recordings from each axis (X, Y, Z, and R) featured within
the data in some form. In terms of feature groups, for the mRMR selected group, Six
of the features selected were wavelet transformations, three PSD measures with the

remaining consisting of statistical measures and pulse parameters.

When selected using only the f-statistic, the chosen features showed a much greater
level of correlation than the features selected within the first classification task (impact
detection). Features describing similar aspects of the recordings appeared numerous
times, for example the inclusion of PSD features at the same or similar frequencies.
Only six features appeared within both sets created, shown in Figure 6-5, with the
others removed and replaced by features with lower f-statistics. This also corresponds
with a greater drop in f-statistic in the mMRMR selected group compared to the f-

statistic group.

97



Figure 6-4: The effect of mMRMR on feature selection for the action recognition task.
Upper: the correlation between features when selected by f-score only. Lower:

correlation between features when selected by mRMR.
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6.3.3 Impact Type Prediction

The highest performing features in terms of f-statistic and as identified by mMRMR are
shown within Figure 6-6. For the top performing features, wavelet transformations
made up 5 of the top 6 performing features and 7 of the top 15. Three PSD measures
were also apparent, with the remaining made of statistical measures and pulse
parameters. As with the previous classification task, the frequencies used within the
features ranged across the full spectrum of available features, and features were
derived from linear acceleration and rotational acceleration / velocity. Six features
were retained in both the mMRMR selected group and F-statistic derived group, with
the features included by the mMRMR method having a lower average f-statistic (Figure
6-7). However, Figure 6-6 shows high levels of correlation between the top-
performing features within this task, with six of the highest performing features
derived from the wavelet transformation of the linear acceleration, with the features
including the range 160-200 Hz in addition to the 10 Hz transformation. After the use

of MRMR, these were reduced to two features, using 10 and 200 Hz.
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Figure 6-6: The effect of MRMR on feature selection for the Impact type task. Upper:
the correlation between features when selected by f-score only. Lower: correlation
between features when selected by mRMR.

. E |
Mean Y Lin
WT Z RV 200
WT Z RV 160 ~08
WT Y Lin 10
Standard Deviation R Lin
Pulse Prominence R Lin -0.6
WT Y Lin 200
1st Derivative £ Lin
WT Y Lin 190 -04
WT Y L!n 180
WT Y Lin 160
Max Z Lin | 02
WT Y Lin 170
Max R Lin -
WT R Lin 10 - -10
PSD R Lin 190
PSD £ RA 90
PCA ¥ Lin ~08
WT Z BV 200
WT Y Lin 10 i
Pulse Width R RV 06
Mean Y Lin
WT Z RV 160
Pulse Width ¥ RV ~04
PCA Z RY
WT Z RA 30 ]
PSD R Lin 90 0.2
WT Y Lin 200
WT Z Ra 90

101



Features Selected by mRMR

Figure 6-7: The effect of mMRMR on feature selection for the Impact type task. Upper: F-
statistic of features with highest F-statistic. Lower: F-statistic of top features selected by

MRMR.
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6.4 Discussion

The primary purpose of this section was to transform the data into a robust set of
features for each classification tasks. These classification tasks were the detection of
genuine impacts, the detection of direct contact to the head, and the prediction of the
action the player was conducting when the head acceleration occurred. To develop an
effective feature set, the mMRMR method was used to select predictive features whilst
picking features with lower correlation to train the classifiers. Additionally, this aspect
of the study aimed to not only to develop effective features, but to start developing an

understanding of the features were valuable for classification tasks within this domain.

When creating ML classifiers with smaller datasets, as in the following studies, efforts
must be made to control over-training. Models created with high numbers of features
and low counts of data points may learn spurious patterns within the dataset that are
not present in reality (Hua et al., 2005). Recommendations have been made that a
feature count of square root of the number of data points (N) to N is suitable. This
depends on the level of correlation within the feature set and on the assumption all of
the features are informative to the task (Hua et al., 2005). Therefore, the optimal value
of features will be dependent on the number of data points and the quality of the
features (Zheng & Casari, 2018).

An important consideration in feature selection is minimizing correlation among
features since highly correlated features often contain redundant or similar
information. This redundancy not only fails to contribute new valuable information to
the model but can also increase computational load and the risk of overfitting.
Overfitting occurs when the model learns noise and specific patterns from the training
data that do not generalise well to new, unseen data. Moreover, the presence of highly
correlated features can introduce model instability, where minor changes in the data
or model parameters result in significantly different model outcomes. This instability
can lead to a less robust model, affecting its reliability when applied to new data.
Additionally, correlated features can diminish the interpretability of the model by
making it challenging to discern the distinct impacts of individual features on

predictions, thus reducing the clarity of model explanations.
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This was particularly prevalent within the PSD and WT features were created
sequentially across frequency spectrums, capturing similar information. The narrow
frequency bands led to the leakage of information between these frequency bands.
This suggests performance may have been improved by reducing the number of
frequency bins. This would have the benefit of improving interpretability and should
other studies follow the same approach will allow for the direct comparison of feature
values between studies which may aid in future research. This approach may have the
negative effect of reducing the performance of classifiers as valuable information may
be lost.

An alternative would be the use of PCA to reduce the dimensionality of these feature
groups, although this has its drawbacks. Once features have been transformed using
PCA, the level of abstraction is increased and therefore the features are less
interpretable. An alternate method that may have been used is mutual information.
Mutual information is a measure of the statistical dependency between two variables
and can capture dependencies beyond linear relationships, including nonlinear
associations. However, it does not explicitly deal with or account for multi-collinearity
or correlation between features in the same way as traditional correlation metrics like
Pearson's correlation coefficient. This is perhaps more computationally expensive and
has not been shown to perform significantly better than the FCQ variant of mMRMR
(Zhao et al., 2019a).

The FCQ variant was selected to reduce the features as it was described by the creators
as a suitable method for most feature sets. This method uses a combined metric based
on the f-statistic and Pearson correlation coefficient to select features. This objective
could be achieved through the use of f-statistic alone; however, this could lead to a
feature set that contains groups of highly correlated features. Highly correlated
features are rarely valuable to classification tasks in ML and can be damaging to
performance. This could be particularly problematic in this study, as many similar
features are created as they were created incrementally leading to this correlation.
Therefore if features are reduced to a particular number, then this may lead to

redundancy amongst the features.
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6.4.1 True Positives

When detecting true positive head accelerations, mMRMR feature analysis identified
pulse parameters and wavelet transformations as the most valuable feature categories,
providing both the greatest number, and most powerful features for classification. The
frequencies used to train the classifiers ranged from 10-200 Hz, with features closer
to the 10 and 200 Hz limits typically appearing earlier in the order of selection. The
appearance of high-frequency features in this classification task is in agreement with
another publication that linked high-frequency signals with unreliable recordings
(Luke et al., 2024). This is in agreement with studies conducted with an SVM classifier
to detect genuine events. These studies showed that features with low-frequency
values (10-30 Hz), were predictive of genuine events, perhaps due to these frequencies'
proximity to voluntary human motion frequencies (Khusainov et al., 2013; Wu et al.,
2014, 2018). However, low frequencies have not always been shown to be predictive
of genuine HAEs. Goodin et al., 2021 reported SHAP values that indicated that high
PSD values for rotational acceleration in the frequency bands of 30-50 Hz indicated
spurious events, while 1-40 Hz linear acceleration indicated genuine events. The
reasoning for this could be device-specific consideration about how vibration is

transferred to the kinematic sensors.

Further investigation into this topic would be beneficial from a mouthguard design
perspective. A greater understanding of the mechanisms that cause spurious events
will lead to better designs of hardware, filters, and algorithms to ensure that future

devices continue to improve their reliability.

6.4.2 Causation analysis

From the action recognition study, wavelet transformations were identified by the f-
statistic and mRMR as the most predictive feature categories. This included features
derived from each type of motion and each orientation. However, a diverse range of
other features were included, both those typically associated with impact verification
and the features derived from specific action recognition studies. It was shown that
frequencies closer to the feature extremities (10 and 200 Hz) appeared more often than
those in the middle of the range. It was seen that there was a sharp decline in feature
performance across the highest performing features identified. The f-statistic showed
a drop off after the top five to six features, indicating that few are suitable for this task.

As with many tasks where the statistical significance of the difference between groups
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is low, then more data should be collected to find more significant unique features
before rebuilding the classifier to generate better results. Should increasing the data
not prove sufficient it may prove that the classification task is too challenging with the
current sensor designs and they may require altering should this classification task be

achieved.
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7 Development of a Head Acceleration Event

Classification Algorithm for Female Ru

The majority of this chapter was published within the following paper: Powell, D. R.
L., Petrie, F. J., Docherty, P. D., Arora, H., & Williams, E. M. P. (2023). Development
of a Head Acceleration Event Classification Algorithm for Female Ru. Annals of
Biomedical Engineering. https://doi.org/10.1007/s10439-023-03138-9. David Powell
was the lead investigator, supervised by Dr Arora, Dr Williams, and Professor

Docherty. Freja Petrie assisted with data collection.

7.1 Introduction

Video verification is a time-consuming activity with the quality of the output being
dependent on the skill of the reviewers and the quality of the footage used (Cortes et
al., 2017; Patton, Huber, McDonald, et al., 2020). Furthermore, ML algorithms are
reliant on high-quality datasets, which in turn rely on both video verification and the
quality data recorded by the HIT device. Additionally, questions remain over the on-
field performance of algorithms trained on laboratory data (Kieffer et al., 2020; Patton,
Huber, McDonald, et al., 2020). Despite this, it has been reported that only 36% of
head impact studies use video verification, whilst 74% use filtering algorithms (Patton,
Huber, Jain, et al., 2020). Multiple studies have proposed ML algorithms to improve
the on-field performance of IMGs in specific sports, achieving near-human-level
performance (Gabler et al., 2020; Goodin et al., 2021; Wu et al., 2014, 2018). This
illustrates that for ML algorithms to become a viable injury detection method, they

must be derived from data collected from appropriate populations.

One area where the population differences may be particularly prevalent is between
males and females, due to the differences in the cervical spine and the kinematic
response of the head during impact (Caccese et al., 2018; Mohan & Huynh, 2019;
Stemper et al., 2009; E. M. P. Williams et al., 2021). The structure of the male cervical
spine results in greater stability and resistance to external loading than the female
cervical spine (Mohan & Huynh, 2019). This results in females experiencing an
increased magnitude of displacement and acceleration during vehicle collisions and

sporting contact events (Caccese et al., 2018; Stemper et al., 2009; E. M. P. Williams
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et al., 2021). As the motion of the head is reported to be different during different
during these events, it is reasonable to assume that the trends developed by ML

algorithms may be sex specific.

Despite the rapid growth of female RU participation and the increasing number of
professional players, no algorithms for female sport or RU have been specifically
developed (Woodhouse et al., 2022; World Rugby, 2019). Therefore, it is imperative
that this gap is addressed to ensure player safety and research quality (E. M. P.
Williams et al., 2021). This study aims to develop a classification algorithm to detect

head accelerations from IMGs, in female RU players.

7.2 Materials & Methods

7.1.1 Data Collection
This study uses data collected and processed in Chapters 5 and 6, where full

descriptions of the processes involved are reported.

7.1.2 Classifiers and Features

Four classification algorithms were trained to determine whether the filtered
accelerations were impact events or false impact events. Due to the large number of
classification algorithms available, the classifiers selected for this task had previously
shown success in head acceleration classification tasks. These algorithms were an
Adaboost decision tree (3.4.6), support vector machine (3.4.4), and two extreme
gradient boosted decision tree models (3.4.6), CatBoost and XGBoost, as used by Wu
et al., (2018), Gabler et al., (2020) and Goodin et al., (2021).

The classifier determined key patterns in the descriptive features (433.3.1) of the
filtered six-axis kinematic data. Features were grouped into four categories, pulse
parameters, positional derivatives, PSD, and wavelet transformations. Except for
positional derivatives, the feature categories have been used previously to train HAE
classifiers (Gabler et al., 2020; Goodin et al., 2021; Wu et al., 2018). Analysis was

undertaken in a Python 3.8.10 computational framework (3.1).

The prominence, width, and number of pulses were identified from local maxima in
the signal (3.3.1). The prominence of each peak was measured by calculating the
vertical distance between the highest point and the lowest contour line. The width of

each peak was measured by calculating the horizontal distance at the lowest contour
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line. In the event of there being multiple instances of either measure, the maximum
value calculated would be used. The final measure was the total number of peaks per
signal.

The first and second derivatives were calculated from each of the kinematic
measurements. The first derivative was calculated from the change in two sequential
recorded values, with the second derivative calculated by the same process as the first
derivative. The maximum absolute value of each signal used, this provided the
maximum rotational acceleration and jerk as calculated from the rotational velocity,
and the respective jerk and snap as calculated from the linear and rotational

accelerations.

The PSD (3.3.1) describes the power of a signal in frequency components. This was
calculated in 20 Hz windows using Welch’s method between 20 and 200 Hz, with the
upper bound determined due to the filter’s cut-off frequency. The power values for

each frequency were used as a feature, providing ten features per vector.

A wavelet transformation (3.3.1) was used to provide time dependant frequency
analysis. A CWT was conducted for each signal using the Ricker wavelet function
between 10 and 200 Hz, in 10 Hz increments. The strength of frequencies calculated

at the recording’s maxima were used as features.

The features were appended to a data frame, in which they were scaled to have zero
mean and a standard deviation of one. To reduce overfitting and training times, the
total number of features was reduced to 100 using the FCQ variant of the mRMR
method (Zhao et al., 2019a)(3.3.2). There are no standardised rules on the appropriate
number of features that should be considered. In this study, a value closer to the lower
limit of features outlined Hua et al. 2005 was selected (Hua et al., 2005). This was to
combat the prevalence of collinearity between the features of the dataset (Hua et al.,
2005).

7.1.3 Performance Metrics

The AUROC and AUPRC were used as the performance measures of the models.
Area-based metrics measure the classifiers’ ability to discriminate between events at
all decision thresholds, which in turn gives a measure of how well the classifier has
separated the data (Mitchell, 1997). This provides greater detail of the classifier’s

performance than measures that require a specific prediction threshold. More details
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of these metrics can be found in section 3.5.2. Area based performance metrics have
been previously identified as an important metric in HIT due to its value when
evaluating imbalanced datasets (Saito & Rehmsmeier, 2015; Wu et al., 2014, 2018).

SHAP values were calculated to analyse the effect of feature values on the classifier’s
outputs (3.5.1) (Lundberg & Lee, 2017). SHAP values are calculated from the
prediction of labels on feature vectors constructed from feature values and
combinations found within the dataset. The effect of the feature value can then be

measured along with its effect on label prediction.

7.1.4 Classifier Selection and Development
The RU data was roughly split into a training group using five of the six matches
(~80%), and data from one game was used as the testing group. No data from the

same session appeared in both the training and test groups.

The first training stage was the simultaneous hyper-parameter and feature selection,
conducted using an eight-fold cross-validation. During cross-validation, the training
data was split into eight approximately equal groups, with all but one of the groups
used to train the classifier and the remaining groups used to assess the classifier’s
performance. The cross-validation process works so that all data appears in the
validation group once. A dictionary of hyper-parameters was created, and an
exhaustive search of all combinations was used to find the highest performing
classifier hyper-parameters, with models optimised for AUROC. This was initially
tested with ten features then re-run with ten features added, until the feature set had
reached the maximum size of 100 features. Feature optimisation was conducted in this
manner to reduce the likelihood of overtraining the classifiers, whilst optimising the
features and hyper-parameters. The hyper-parameters of the highest performing
models were then recorded. These configurations were then retrained on the entire
training dataset ten times, with the highest performing model then used to predict
labels on the test data. AUROC, AUPRC and SHAP values were then calculated to
assess and explain model performance. The code and trained classifiers may be made

available following a reasonable request to the corresponding author.

7.3 Results
A total of 214 HAEs and 466 spurious events were identified from the raw data during

the video verification process. The training data was formed of five matches,
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containing 166 head accelerations events and 400 spurious events, with the remainders

used for the test data.

The 100 features selected using the mMRMR method included features from each
category and kinematic measurement, over a wide range of frequencies. This consisted
of 20 pulse parameters predominantly measuring the rotational acceleration and
velocity, nine higher frequency PSD measures of linear acceleration, and eight
derivatives of rotational acceleration and velocity. The remaining features consist of
wavelet transformation from all kinematic measurements across the whole spectrum
of frequencies used. A summary of the most informative 25 features obtained is shown
in Table 7-1.

Table 7-1: Highest performing features and their orientation on the head impact
classifier models.

Feature Recording Direction and Frequency
Category X Y Z R
Wavelet Linear Acceleration | 200, 160 20, 30 10, 50,
Transformations 30, 40
Rotational Velocity | 100, 50, 60, | 160 100, 80
80
Rotational 30

Acceleration

Positional Rotational Velocity | PP, PN, | PW PN, PW PW, PN
Derivatives PW
Rotational PP PW

Acceleration

The best performing 20 features for the CatBoost and SVM classifiers as identified by
SHAP values were found. The most important features for classification were
predominantly pulse parameters and wavelet transformations at very low or high
frequencies. For the CatBoost classifier, wavelet transformations made up over half of
the 20 features used. The transformations in the X direction at 20 Hz and Y direction
at 200 Hz for the linear classifier were the most important features. These important
features and their relative contributions to classification of head impacts are provided
in Figure 7-1. SHAP values were also calculated for the SVM classifier, with the top
20 features primarily consisted of pulse parameters, with the remainder of features

being wavelet transformations, the results are shown in Figure 7-1 and Figure 7-2.
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Figure 7-1 — The 20 most valuable features identified through SHAP for classification
for the CatBoost classifier.
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Figure 7-2: The 20 most valuable features identified through SHAP for classification
for the support vector machine classifier.
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During the optimisation process, the CatBoost classifier achieved the highest cross-

validation AUROC score of 0.900, with the next highest performing classifiers being

XGBoost, SVM and Adaboost decision tree respectively. When tested upon the test
dataset, the SVM classifier achieved the highest AUROC and AUPRC, followed by
the CatBoost, XGBoost and Adaboost DT. The results of all the tests are shown in
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Table 7-2, with all receiver operator curves and precision recall curves plotted in

Figure 7-3 and
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Figure 7-4.

Table 7-2: Classification performance of various models in cross-validation and
validation within the test dataset

Model Cross-Validation optimisation | Test Score Test Score
Score (AUROC) AUROC AUPRC

SVM (70 Features) 0.885 0.92 0.85

Adaboost DT (100 | 0.866 0.89 0.81

Features)

XGBoost (20 Features) 0.892 0.89 0.82

CatBoost (90 Features) 0.900 0.91 0.82

Figure 7-3: Classifier precision recall curves. This represents the trade-off between
capturing exclusively genuine events (precision) and capturing all genuine events
(recall). This is computed by calculating the precision and recall as the model’s decision
threshold varies.
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Figure 7-4: Classifier receiver operator curves. This represents the trade-off between
capturing exclusively genuine events (precision/true positive rate) and excluding false
positives (false positive rate). This is computed by calculating the true and false positive
rate as the model’s decision threshold varies.
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7.4 Discussion

In this study the performance of four classification algorithms trained on HIT data
from women’s collegiate RU were evaluated. This work developed a classification
algorithm to detect head accelerations recorded by IMGs, in female RU players. In
total, four head acceleration classification models were developed. This is the first
study to both develop classifiers with exclusively female data, and to classify impacts
from RU. Each model performed well in the classification task, with a SVM algorithm
providing the greatest performance when tested, with an AUROC and AUPRC 0f 0.92
and 0.85 respectively. This study represents an important step in the development of
female specific head acceleration detection algorithms, which will contribute to safer

participation in RU and more reliable study of female contact sport.

SHAP and mRMR feature analysis identified pulse parameters and wavelet
transformations as the most valuable feature categories, providing both the greatest
number, and most powerful features for classification (Figure 7-1, Figure 7-2). The

frequencies used to train the classifiers ranged from 10-200 Hz, with features closer
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to the 10 and 200 Hz limits typically appearing earlier in the order of selection. Both
high and low frequencies contributed to predictions of the negative classes (Table 7-1).
High feature values of wavelet transformations that had characteristic frequencies at
the feature limits generally led to negative class label prediction. Conversely, features
that led to positive prediction were limited to those based on low frequencies and some
pulse parameters. For example, 10 Hz motion in the vertical direction (z) was

predictive of actual events, as was pulse width in all directions (Figure 7-1).

This analysis highlighted the importance of the feature’s direction and the
characteristic frequency. A feature with characteristic frequency of 20 Hz in the y-
direction, for example, was strongly negative in its contribution to prediction of actual
impacts, whereas a feature with characteristic frequency of 10 Hz in the z direction
was strongly positive in its prediction of actual impact (Figure 7-1). This may occur
as the low frequency features may be capturing voluntary human motion, which
generally occurs at frequencies below 10 Hz (Khusainov et al., 2013). For example,
spurious events can occur while players are at rest and motion largely restricted to the
x and y axis. As a player runs or enters contact, there will be a greater movement in
the z direction, which is registered more often in positive events, hence leading to a

positive label prediction.

This study used a novel data set collected from 25 IMGs from adult female rugby
players in a university, 1% team squad. This data was collected in accordance with the
methodology outlined by Williams et al., (2021). The last six games of the season were
monitored, with the number of players in the match day squad possessing IMGs
ranging from 12 to 22 per game. In total, over 7,500 player minutes of data was
gathered, with every field position represented. Hence, the data is broadly
representative of female rugby at the penultimate level. Each game was verified
independently by two reviewers, who while blinded to each-other’s classifications,
achieved a high level of agreement. In total 680 impacts were used within the training
and testing of the classification algorithms, which is in line with the datasets used in
the studies of Gabler et al., (2020) and Wu et al., (2018). The Prevent Biometrics
hybrid IMGs performed comparably to the on-field performance tests reported by
Kieffer et al., (2020).The algorithms saw consistent performance across the training
and test datasets reaching values proximal with those in the literature, indicating a

reliable study.
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The classification results shown in Table 7-2 are, by some metrics, slightly lower than
some studies of American football and Australian rules football head accelerations
(Domel et al., 2021; Gabler et al., 2020; Goodin et al., 2021; Wu et al., 2018).
Specifically, Goodin et al., (2021) recorded maximum recall of 94.7% and 95.7% for
genuine and spurious events in Australian rules football. Whilst the American football
classifiers of Domel et al., (2021), Gabler et al., (2020) and Wu et al., (2018), achieved
precisions of 98.3%, 93.8% and 86.0%, with recall values of 87.2%, 100% and 76%
respectively. For comparison, in this study a peak precision of 89.9% and recall of
91.1% were achieved with the SVM classifier. Note that the comparisons across sports
lack equipoise to make summative assessments of the algorithms considered. In
particular, classification of head accelerations in RU requires capture of a variety of
head acceleration types. Hence, such models need to be broad, with many features to
capture the various head acceleration types. This model broadness provides more
potential for spurious data to correlate with one of the features, and lead to a false
positive. It is reasonable to assume that sports with a limited range of head acceleration
types can classify events with fewer features and limit the potential for false

correlation.

The complexity of head accelerations in RU may also manifest as classification errors
during the video verification process, as matches were typically filmed without
redundancy and from the touchline. While some events were excluded due to being
unclear in the match footage, some events may have been misconstrued as the
incorrect label by the video verifiers. Additionally, some phases of play such as
tackling, rucking, and mauling occur can lead to multiple recordings during the event,
which in turn makes classification difficult. In these events, the recording where no
clear movement of the head could be seen on camera were excluded from the study.
This resulted in a dataset containing only events recorded when clear head acceleration
was seen, and events with no head acceleration. Some previous studies have included
only direct head contacts, so perhaps the inclusion of indirect events led to the
inclusion of more spurious events or a more difficult classification task (Gabler et al.,
2020; Wu et al., 2018).

A further limitation to this study, is the lack of availability of testing data acquired
from a separate cohort. Whilst the results were consistent across the cross validation

and testing, further validation from new end users would assist in assuring the
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generalisability of the developed algorithms to female RU cohorts. Furthermore, care
should be taken when extrapolating the results of this analysis beyond the cohort
tested. In particular, these results may not be applicable in adolescent female rugby,
in the professional levels, or in other women’s sports. With the classifiers previously
validated in other sports, it appears that decision tree-based ensemble and SVM
algorithms are both capable of creating high performing classifiers (Gabler et al.,
2020; Goodin et al., 2021; Miller et al., 2018). The mMRMR method was used to reduce
the feature count from 540 to 100 to aid classifier training. This proved successful as
the features identified as most important through mRMR were later confirmed as
highly valuable by the SHAP values (Figure 7-1). Figure 7-3 shows the SHAP values
of the most valuable feature in the Catboost classifier (Wavelet Transform, Y, Lin
Acc, 20 Hz) was far more powerful than the 20" most predictive feature. Hence, the
pruning approach that was utilised to mitigate overfitting, was unlikely to lose
significant amounts valuable information. This retention of performance is shown in
Figure 7-3. Whilst this unbalanced contribution of feature strength wasn’t as
pronounced in the SVM approach, there was still a reduction in feature power across
the top 20. Overall, the distinct SHAP values for each feature across the four
algorithms tested highlights the importance of providing the algorithms with diverse

array of features for head impact classification tasks.

This study has illustrated that it is possible to create high performing HAE classifiers
for female RU. This will aid future researchers to more quickly and accurately identity
HAEs within female RU. It has been previously reported that there are sex differences
between the male and female cervical spine and sex differences in measured head
peak-kinematics during RU matches (Alsalaheen et al., 2019; Mohan & Huynh, 2019;
Stemper et al., 2005; E. M. P. Williams et al., 2021). Further to this, there has been no
cross-validation study of head acceleration classification algorithms across sports or
sexes. Such cross-validation is required to establish the repeatability and
generalisability of model-based interpretation of IMG data for head acceleration
monitoring. Until this is done, it is reasonable to assume that there may also be
differences in impact characteristics and that a “one size fits all” approach to
classification is not appropriate. As head acceleration classification algorithms learn
specific patterns and trends, the patterns learnt from male sport, may not provide

replicable results in female sport. Failing to address this may lead to significant
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differences in the understanding and identification of brain injury in female sport. With
the rapid growth and progressive professionalisation of female RU, it is essential to
create specific state-of-the-art head acceleration classification models to provide
reliable data, and to protect players (Woodhouse et al., 2022; World Rugby, 2019).

As the methods to collect genuine events have been described within this chapter, the
next chapter moves to the next stage of the pipeline shown in Chapter 4. Chapter 8
describes the methods, results and importance of accurately reporting the linear

acceleration magnitudes from genuine HAEs.
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& Optimising Head Acceleration Reporting Locations

8.1 Introduction

IMGs measure the kinematics of an athlete's head during potentially injurious head
accelerations using a combination of kinematic sensors (Bartsch et al., 2014; Jones et
al., 2022). Multiple studies have validated IMGs against reference systems,
demonstrating comparable performance to the reference sensor in laboratory settings
(Bartsch et al., 2014; Camarillo et al., 2013; Greybe et al., 2020; Stitt et al., 2021). In
order to compare the kinematic recordings of the IMG and reference sensor, data must
be rotated to align with the reference sensor and translated to estimate the linear
acceleration at the reference sensor. However, these transformations assume a fixed
geometric relationship between the sensor and the head’s CG, which may not hold in

real-world applications.

Given the natural variation in head sizes and morphologies across individuals, a
generic alignment and translation method cannot accurately estimate accelerations at
the CG for all subjects. As noted by Bussey et al. (2022), reporting accelerations
directly from the sensor is insufficient because it fails to account for the complex
dynamics introduced by individual anatomical differences, leading to potential
inaccuracies in kinematic data interpretation. Bespoke measurements or individualised
calibration procedures may be necessary to ensure accurate alignment and scaling of
IMG data to the head's CG.

This chapter will investigate the influence of head size on the accuracy of linear
acceleration measurements derived from IMGs, assessing the need for subject-specific

adjustments in data processing methodologies to improve kinematic reporting fidelity.

8.2 Methods

To measure the distance between the sensor and the CG of the head, along the X, Y,
and Z axes as defied within the SAE J211 documentation (Society of Automotive
Engineers, 2003). These measurements were then used to translate the linear
acceleration using a rigid body transformation. These measurements were used to
translate linear acceleration data from video verified, filtered, HAEs to the estimated

CG locations, where the effect of the head size could be analysed.
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8.2.1 Initial Feasibility Investigations

Before commencing the study, a preliminary investigation was undertaken to assess
certain anthropometric measures intended for collection. The aim was to determine
the feasibility of establishing clearly distinguishable male and female groups based on

these measures.

The initial measure under investigation was head circumference, a widely used and
easily obtainable anthropometric variable. Numerous studies have documented this
measure, making it readily accessible for research purposes. In a study examining head
circumference among adults in the UK, it was estimated that the average head
circumference for males was 57.6 cm while for females, this was and 55.1 cm (Bushby
et al., 1992). To determine an appropriate sample size, a power analysis was
conducted, which indicated that 16 participants would be sufficient to establish distinct

male and female groups.

Custom-fitted IMGs (IMGs) had been purchased for previous studies featuring players
from both the university’s men’s and women’s first rugby teams (E. M. P. Williams
et al., 2021). These were used to measure the mean lateral (Y) component of
translation for both male and female wearers. These involved measurements using
calibrated digital callipers to determine the distance between canines and 1% molars.
Statistically significant disparities were discerned between the male and female groups
and are reported in Table 8-1. Additionally, a positive correlation was observed
between the inter-tooth measurements and head circumference. Based on a power
analysis, sample sizes of around 22-26 participants were deemed suitable for these
measurements. However, when considering anthropometric measurements from a
previous study, (such as height, mass, and head circumference), the predictions
consistently indicated a participant count of fewer than 20 (E. M. P. Williams et al.,
2021).

The same mouthguards were used to calculate angles of rotation, measured by the
angles formed by the outer edges of the canine and lateral incisor, and the outer edges
of the 1st molar and 2" premolars. These measurements were conducted using an
online tool and photographs taken from directly above the IMG at a consistent position

and angle. These showed no significant differences between male and female groups
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and were not used to determine sample size. These angle and distances are shown

within Figure 8-1.

Figure 8-1: An image of an instrumented mouthguard, with the angle at the canine
(orange) and 1st molar (yellow) highlighted, along with inter-canine distance (top, red)
and inter-molar distance (bottom, red).

Table 8-1: Dimensions of dentist-fit Prevent Biometrics IMGs.

Sex Measurement Distance at 1%t | Angle of 1%t | Distance at | Angle of incisors
Type Molar (mm) Molar (degrees) | canine (mm) (degrees)
Male (n=15) Mean 55.3 224 38.2 50.1
Male (n=15) Standard 2.8 3.9 2.3 5.0
deviation
Female Mean 52.2 22.9 35.4 59.2
(n=15)
Female Standard 2.0 2.8 1.5 45
(n=15) deviation
Difference in 3.1 0.5 2.8 0.1
means
p-Value 0.0013 0.749 0.00055 1.0
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8.2.2 Participants

Following the power analysis results, a cohort of 25 participants was recruited
specifically for this study, comprising 11 females and 14 males, none of whom
participated in previous studies within this thesis. The inclusion criteria stipulated that
participants had to be at least 18 years old and engaged in regular physical activity.
Written informed consent was obtained from each participant before their involvement
in this study. The participants underwent a series of procedures, including
anthropometric measurements, dental impressions, and 3D optical scans of the head.
Prior to the start of this study, ethics approval was obtained from Swansea University
ethics committee, ensuring compliance with institutional guidelines (ethical approval
number FP_01-09-22).

8.2.3 Anthropometric Data

Height, Mass & Head Circumference

Anthropometric data were collected using methods compliant with the International
Society for the Advancement of Kinanthropometry (ISAK) guidelines (Silva & Vieira,
2020). The measurements taken from the participants were mass, height, and head
circumference of the participant. All measurement equipment was calibrated prior to
use if required. Other measurements were taken from the participants, being the lip
thickness, a dental impression, and a 3D optical scan of the participants’ head. The

collection of these measures is detailed below.

Lip Thickness

The thickness of the upper lip was required to be measured so that the sensor locations
could be estimated from the optical scans. A wooden tongue depressor was given to
each participant to create an estimate of the thickness of the lip. The tongue depressor
was gently pressed against the front teeth and held in place by the participant. With
the tongue depressor in this position, the participant was asked to mark with a pencil
on the tongue depressor as closely to the lip as possible without compressing the lip.
This would allow an estimate of the lip thickness by measuring the distance between

the end of the tongue depressor and the pencil mark.

Dental Impressions
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Participants were asked to create an impression of the upper dentition, which could
later be used to aid the estimated location of the kinematic sensors within the wearers
head. Each participant was provided with a dental impression tray containing a
premixed dental alginate. They were then asked to place this securely on their upper
dentition for the required time as stated in the alginate instructions, before being
removed and the impression being left to set. Each impression was then disinfected
and left to set, before being stored in an airtight container, labelled with an ID number
given to anonymise each participant. Photographs were later taken of all impressions,
each photo was taken from the same distance and with the same camera for each
mouthguard, with the impression adjacent to a known scale for measurements to be

taken accurately.

The distance for the Y component of translation was measurable from the dental
impression. As sensors in commercial devices are located by the incisor or molar, the
Y component of translation for molar placed sensors could be estimated by measuring
the distance from the estimated sensor location to the midpoint of the impression. The
intra molar distances were measured from the outer edge of the tooth. The Y distance
for the translation could then be reported as this measurement divided by two. This
provided the distance between the sensor and the centre of the head, on the assumption
that the teeth are symmetrically aligned in the head, with the centre of mass acting as
the central (medial) plane. The precision of this measurement will depend on the
thickness of the mouthguard. Because the sensor is positioned on the outer of the
device, the measurement may be affected by a few millimetres, depending on the

thickness of the mouthguard material.

The angles that the teeth formed relative to the medial plane were also measured for
the purpose of aligning the directions of X and Y with those presented in Figure 8-1.
This involved establishing a reference point at 0 degrees along the medial plane
(reference the same image as previous sentence). Subsequently, an angle was
determined by creating a plane that intersected the edges of the teeth surrounding the
point of interest and measuring the deviation from this reference point. These angle
measurements were specifically taken at the 1% molar and the incisor to ensure

accuracy and alignment with the designated dental locations.
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8.2.4 Optical Scan of Head

A 3D scan of each participant's head was acquired using a Creaform HandySCAN 3D
optical image scanner (Creaform, Québec, Canada), offering mesh resolution of down
to + 0.1 mm. To streamline file management and improve scanning efficiency, the
device was calibrated to operate at an accuracy setting of 0.5 mm. additionally, further
calibration was implemented to prior to scanning each participant to optimise the

scanners performance for their skin tone.

An issue present with scanning head is the presence of the participant’s hair. As the
hair masks the shape of the head and isn’t relevant to the head in terms of this project
it is important to reduce it effect on the calculation of the CG. To do this, participants
were asked to wear a tight-fitting elasticated cap, to which targets were adhered to aid
the scanner in mapping the head, shown in Figure 8-2. This improved the accuracy of
the optical scanner and pull the hair close to the scalp to give a better representation
of skull size. For participants with long hair a cap with a whole at the crown was used
so that hair could be styled outside of the cap so that it would be easily removable
from the optical scan STL file in post processing. An unprocessed scan is show in

Figure 8-3, prior to removing these features.
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Figure 8-2: A participant undergoing head scanning, with the yellow cap to compress
the hair visible. Black and silver markers are visible on the cap to aid the scanner to map
the geometry of the head.
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Figure 8-3: A scan of a head with cap (1) and eye protection goggles (2) labelled.

To enhance precision during the scanning process, the optical scanner was passed
around the participant's head to produce a 3D optical scan. Subsequently, the obtained
3D model was imported into a solid modelling computer-aided design software called
Freeform (Artec 3D, Luxembourg). Within this software, post-processing tasks were
performed, including the removal of features such as goggles used for eye protection,

neck elements, and excess hair.

Additional markers were strategically placed on the participant's face, neck, and
shoulders to enhance precision during the scanning process. These markers played a
critical role in assisting the optical scanner in accurately mapping the surface and
correctly placing detected surfaces in their intended positions. While surfaces with
many distinct features in close proximity may require fewer markers, they are essential
in featureless areas, allowing the scanner in piecing together the surface with

precision.
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The scans were then cropped in accordance with the methodology employed in the
study by (Yoganandan et al., 2009), removing areas of the digital object that were
below and behind the mandible. Subsequently, the centre of mass was located by
finding the digital objects geometric central point as determined from the now
processed optical scan. Using the estimated centre of mass of the head, distances were
computed from the gap between the lips along the estimated medial plane, to the
geometric centre of mass of the head. This provided values of X, Y, and Z. in relation
to these measurements, locations of sensors could be estimated by combining the lip

thickness measures and the dental impression.

8.2.5 Measuring Sex Differences

To estimate the effect of these measures, t-tests were conducted in Python for each of
the anthropometric measures, between the male and female groups. The purpose was
to determine whether there were distinctions between the male and female groups for
the standard anthropometric measures. This would then enable a quantitative
evaluation of how these sex differences related to the estimated measurements
mapping the sensor to the head CG location estimated with Freeform. Additional
correlation coefficients and R? values were calculated between each of the measures
taken. This was done to assess the relationships between the measures to see whether
simple measurements i.e. height could be used to more accurately predict translation

distances in order to make translations simpler.

Head acceleration data from genuine HAES were then plotted, using the measurements
from each of the participants to translate the linear acceleration. The resultant
acceleration was calculated at the estimated CG for each participant using the rigid
body translation. Box plots were used to visually represent the impact of translation
on maximum resultant linear acceleration compared to the linear acceleration
magnitude recorded by the sensor. These plots displayed the interquartile range (IQR)
within coloured boxes, with the whiskers extending to 1.5 times the IQR. This was
plotted for 16 example impacts which were taken from data collected from a women’s
rugby match. For thesel6 impacts, the resultant acceleration at the head’s CG was
estimated using the X, Y, and Z values estimated from the head scans. These impacts
were selected at random, and the magnitude was estimated at the CG of each

participant.
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8.3 Results

A full set of anthropometric measurements from each of the 25 participants were
collated, and the statistical summary for the male and female groups given in Figure
8-1. Among these nine measurements, significant differences were observed between
the male and female groups in five key metrics: height, body mass, neck
circumference, head circumference, and head volume. Due to unexpected shrinking of
the dental alginate measurements could not be taken from the dental impressions and
therefor an assesment of the effect of placing a sensor on the molar could not be

calculated.

To explore the relationships between these anthropometric measures, a correlation plot
and R-squared plot were created (Figure 8-4, Figure 8-5). The correlation coefficients
ranged from 0.77 to -0.68, with the strongest correlations observed between mass and
neck circumference (0.77), neck circumference and sex (0.73), and head
circumference and volume (0.72). The correlations between the X, Y, and Z
measurements were also examined, finding that height displayed the highest
correlation with these variables, with correlation values of 0.25 and 0.23 with X and
Z respectively. The R-squared plot was used to illustrate the strength of the trends
between features. The relationship with the highest R-squared were the neck
circumference and mass (0.59) followed by neck circumference and sex (0.53),

volume vs mass/sex both scored the same value (0.47).

In the analysis of the 16 impacts, shown in Figure 8-6 - Figure 8-9, it was observed
that the resultant acceleration for males and females typically exhibited similar group-
level values. However, substantial differences often existed between the minimum and
maximum values recorded within each group. For instance, in impact M, the maximum
male impact reached 26.21 g, while the minimum was 21.39 g. For the female group,
the maximum impact was 25.61 g, with a minimum value of 19.40 g. This revealed a
variation of 27.59% within the female group, with a 20.25% difference between the
maximum and minimum male values and a 29.86% disparity between the maximum
male and minimum female impacts. Not all impacts displayed such significant
variations, however. For example, impact L showed only a 5.68% variation within the
female group and a 2.45% variation within the male group. These within-group
variations were notably smaller compared to the variation observed in the sensor-

recorded linear acceleration, which exhibited a percentage difference exceeding 85%.

131



Notably, the sensor magnitude often appeared as a significant outlier, distanced from

the transformed data points.
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Table 8-2: Statistical summary of male and female anthropometric measures.

Female Male
Female T-
Measurement Standard Male Mean | Standard o P-Value
Mean o o Statistic
Deviation Deviation
Height (cm) 168.03 6.49 177.89 5.03 -3.03 0.00594
Mass (kg) 67.28 7.68 79.20 6.49 -3.82 0.00089
Neck circumference 1.52 1.87
324.73 366.50 -5.06 0.00004
(mm)
Head circumference 1.03 1.57
550.36 579.21 -3.73 0.00109
(mm)
Head volume (mmd) 3718315.71 244.608.83 4,170,588.53 | 214,088.45 -4.53 0.00015
X (mm) 101.01 8.17 104.88 5.10 -1.26 0.22142
Y (mm)** 3.27 5.66 0.36 4.03 1.45 0.16176
Z (mm) 71.08 48.21 72.23 39.84 -0.32 0.75379
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Figure 8-4: Correlation plot between anthropometric measures.
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Figure 8-5: R-squared plot between anthropometric measures.
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Figure 8-6: The peak linear acceleration of each impact after translation to the head’s
CG. ‘a0’ represents the linear acceleration at the sensor, with each point being the value
after translation to a participants CG. Impacts labelled A-D.
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Figure 8-7: Impacts labelled E-H.
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Figure 8-8: Impacts labelled I-L.
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Figure 8-9: Impacts labelled M-P
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8.4 Discussion
This study sought to examine the significance of the reporting location of head
acceleration values with data recorded from IMGs, particularly the difference between
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male and female heads. Anthropometric measurements were taken from 25
participants (14 female, 11 male) which were used to translate the linear acceleration
from an estimated sensor location to an estimated head CG position. Kinematic
measurements were taken from genuine HAEs gathered from women’s RU matches.
The process of collecting this data is descried within chapter 5. Plots were created to
compare the maximum value of linear acceleration for 16 example HAEs. This is the
first study to compare the effect of reporting the linear acceleration using personalised
measurements and a male and female cohort. Previous studies have used CG
measurements that are based off estimated 50" percentile CG positions, derived from
predominantly male cohorts (Bartsch et al., 2014; Yoganandan et al., 2009). This is
the first study to assess the impact of translating linear acceleration to the head's center

of gravity across various head sizes within both male and female cohorts.

This study achieved its goal of creating a comparison of how kinematics recorded at
the sensor may vary between individuals when reported at the head’s CG. The
preliminary work for this study focused on how this may vary between sex, which led
to the creation of a cohort that featured a distinctly male and female group, by a
number of metrics. There were significant differences between, heights, mass, neck
circumference, head circumference, and head volume between the male and female
groups. Despite this there was no strong relationships between the translation distances
between the sensor and CG and any other factor in this study. This means that sex or
any of the anthropometrics were not seen to be an important factor when finding the
distances between the sensor and the head CG. It was also seen that on most occasions,
applying any translation to the data would provide more accurate results than reporting
at the sensor. After applying a translation to the linear acceleration data, the next best
way to improve the recording accuracy would be to apply a translation to the data that
is more specific to the participant. Whilst occasions saw variations of over 85%
between the sensor recording and median values, there were still variations of around
30% within the translated data.

This 30% variation in measurements illustrates that one size will not fit all in terms of
applying a translation to linear acceleration data. Larger cohorts would likely include
a greater range of head sizes shapes, which may result in even more pronounced
differences between participants. Ensuring that these metrics could be improved and

provide more accurate and precise data for each participant will help the field to
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develop greater understandings of head accelerations in sport, and the effect on
participants. With more reliably reported data this may then highlight particular trends
in head acceleration in different participants that were not present if standardised
translation values were used, e.g. translations to the estimated 50" percentile head CG.
This may be particularly pronounced if devices were to be used within youth contact
sports, as children with smaller heads will have inaccurate figures for head linear

acceleration reported.

The study initially set out to determine measurements based on the estimated sensor
location next to a molar and incisor. However, unexpected shrinkage of the alginate
used for dental impressions rendered this exact goal unattainable. Consequently, the
study shifted its focus to assess the impact of translating acceleration from the incisor
only. This change had its advantages and challenges. This simplified the translation
process by allowing the assumption of a y translation distance of 0 mm. This was
useful as some asymmetries in the models and the cuts meant that attaining a ground
truth model of the cranium only was difficult. Nevertheless, these small deviations,
typically within a single millimetre, are unlikely to be of significant consequence.
Additionally, measurements in the preliminary studies showed only discrepancies in
the intra-molar distance of only a few millimetres, meaning that this would be unlikely

to lead to large deviations between participants.

Future work could include using alternative methods such as medical imaging
methods like CT or MRI scans to estimate the distances for translation for IMG data.
As many of these images are taken daily there could be potentially a large cache of
medical images that would be usable for the purpose of this study. It would allow for
more accurate predictions of the distances involved as the sensor locations as they
could be more accurately predicted within the head, rather than estimating using other
measurements. Another addition that could make this line of study more valuable
within the field would be the addition of more anthropometric measures with which to
better predict the head CG in relation to the sensors position. For example, it possible
to measure the outside of the head by hand to see whether the distances between the
sensor location and head’s CG could be reliably predicted with a simple measure
(‘Yoganandan et al., 2009). Should this again not be viable, Al could potentially be
used to better predict the translation distances for the participants using a number of

anthropometric measures.
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Regarding the field and translating data to the head’s CG, a standardised and
transparent procedure would play a pivotal role in facilitating the development of
repeatable data transformations and analysis. This, in turn, would pave the way for
more collaborative efforts in the analysis of HIT data. By establishing a common
framework for data interpretation, sports organisations, researchers, and equipment
manufacturers can work together to enhance player safety. Furthermore, such
standardisation would provide a foundation for the development of new tools and
technologies, ultimately aiming to improve their functionality and further elevate the

safety measures in sports.

In conclusion, this study aimed to investigate the differences between device reporting
location and the effect on reported values, and the effect of sex and anthropometrics
may play on measurement accuracy. The study highlighted that reporting from the
sensor will not provide consistent results in regard to acceleration at the head CG and
that there can be large variations in the CG linear acceleration for real world impacts.
Future work should focus on creating easy to measure metrics that can allow from
transformation to be conducted quickly and reliable data to be reported allowing for

comparison between devices from a large cohort.

With data validated and magnitudes corrected, the next stage of the pipeline outlined
in Chapter 4 is to extract information relating to the causation of the HAE. This will

be studied within the following chapter.
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9 Automated Epidemiology of HIT Data

9.1 Introduction

Brain injuries cause acute and chronic neurocognitive damage in athletes (Nowinski
et al., 2022). Sporting governing bodies are becoming increasingly concerned about
the incidence of severe brain injury and are implementing interventions to improve
athlete safety (Pfaller et al., 2019; Raftery et al., 2021; Rutherford et al., 2019). The
rate of diagnosed brain injuries has been used as a metric to measure the effectiveness
of interventions in previous studies (Cosgrave & Williams, 2019; Mack et al., 2021;
Stokes et al., 2021). Because of the complexity of brain injuries, this may not be the
optimal approach, as symptoms can present subtly and require a subjective assessment
(McCrory et al., 2017).

Instrumented mouthguards can provide a quantitative source of information to support
clinical decision-making and diagnostics (Kieffer et al., 2020; Patton, Huber, Jain, et
al., 2020). Although IMGs cannot diagnose brain injury, these data can measure the
effectiveness of interventions (Arbogast et al., 2022). It was recommended that video
footage is used to verify the data recorded by the IMG is accurate verification (Patton,
Huber, Jain, et al., 2020). Although video review is a time-consuming process, it can
provide more reliable data and offers the opportunity to analyse the causation of the
head acceleration events (HAEs) verification (Patton, Huber, Jain, et al., 2020).
Researchers have developed ML algorithms capable of automatically validating
HAEs, with these algorithms achieving comparable performance to video review
verification (Gabler et al., 2020; Goodin et al., 2021; Miller et al., 2018; Raymond et
al., 2022; Wu et al., 2018).

Despite the success of these algorithms, no publications detail using ML to predict the
causes of HAEs. Researchers have extensively studied the use of ML algorithms to
identify human movements from sensor data, a field known as action recognition.
(Dang et al., 2020). Optical, kinematic, and environmental sensors have been used to
detect and analyse human movements in various settings, including assisted living,
security, and sports analysis (Dang et al., 2020). In sports analysis, studies have used
kinematic sensors to identify movements in sports, such as volleyball, ballet, and
rugby (Gastin et al., 2014; Hendry et al., 2020; Kautz et al., 2017).
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This study investigates whether action recognition can detect the causes of head
acceleration events in women's RU using the kinematic data recorded by IMGs. The
study focused on two tasks: identifying whether HAEs arose from direct contact with
the head (DHC) or without direct head contact (NDHC) and distinguishing between
events recorded by the BCs and tacklers. Successful implementation of these methods
will greatly reduce the time burden when investigating the causes of HAEs in RU and

could offer real-time insights into athlete health and performance.

9.2 Methods

9.2.1 Data Collection
This study uses data collected and processed in Chapters 5 and 6, where full

descriptions of the processes involved are reported

9.2.2 Classifier Selection and Training

The study undertook two classification tasks. The first task was distinguishing
between HAEs resulting from DHC and NDC and the second task distinguished
between HAESs recorded by tacklers or BCs. A dataset was created for each task, with
Figure 9-1 showing a comparison of the aggregated linear acceleration for the data of
both classes in each task. This figure illustrates that there are notable differences
between the acceleration profiles of the data, which may help to develop appropriate

features to capture these differences.

This data was then split into training and testing groups for both classification tasks.
The training groups contained approximately 80% of the data, with the remainder used
as a test set. Data were split so that the entirety of recordings from each session would
either appear in the training or test set. Each dataset underwent the same feature
transformation, creating features predominantly derived from studies creating HAE
classification algorithms (Gabler et al., 2020; Goodin et al., 2021; Wu et al., 2018).
The feature categories included wavelet transformations, pulse parameters, PSD
measures, and statistical measures. More details of these features can be found within
Chapters 5 and 6, with deeper descriptions of the underlying methods within Chapter
3.
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Figure 9-1: A comparison of the linear and rotational acceleration profiles for DHC head
impacts and NDHC head accelerations.
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Figure 9-2: A comparison of the linear and rotational acceleration profiles for head
accelerations recorded by BCs and tacklers.
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Data Pipeline

The statistically derived FCQ variant of the mRMR was used to reduce the feature
count (Zhao et al., 2019a). Further details on this method can be found in 3.3.2, while
the methods used to reduce the features are reported in Chapter 6.
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With the initial feature count reduced, an isolation forest was used to identify and
remove outlying data points from within the training dataset, to improve the
generalisability of the training dataset (Liu et al., 2008b). Isolation forests are covered
in more detail in Section 3.3.3. After outlying data were removed, the data were then
scaled such that for each feature the data had a mean of zero and a standard deviation
of one.

The next stage was to further reduce the feature count by 50%. For classifiers capable
of calculating feature importance, recursive feature elimination was used to reduce the
feature count, allowing for the selection of features that directly impacted model
performance. In recursive feature elimination, a model is selected and trained with the
entire dataset, the feature importances are calculated, the feature with the lowest
importance is removed. This process was repeated until the desired number of features
had been achieved. For classifiers that were incapable of calculating feature
importance, feature counts were reduced using the mMRMR method again.

Two classifiers used in this process were logistic regression and an MLP (3.4). Feature
importance was not considered in the MLP algorithm. Before the data pipelines,
hyperparameter optimisation was undertaken for both classifiers, using ten-fold cross-
validation with ten descriptive features. Logistic regression was optimised through the
testing of multiple C values, penalties, and solvers whilst the number of layers and
neurons per layer were tested for the MLP. For each architecture tested for the MLP,

the layers would contain the same number of neurons.

Once hyperparameters were selected, the training pipeline was initiated first with two
features, increasing in increments of two, up to 50. This meant that both classifiers
were trained 25 times, with the number of features ranging from one to 25, after feature
selection. Due to the small dataset and the amount of collinearity between features, 25
total features was selected as a maximum value, as it was close to the lower limit
suggested by Hua et al., 2005(Hua et al., 2005). This allowed for classifier-specific
feature optimisation later in the data pipeline. Once the algorithm was trained, the
features and their coefficients were used to transform the test dataset. The trained

classifiers then predicted data classes for the test dataset.

The metrics used to assess the classifiers’ performance on the training and test data

were the macro recall score and the area under the receiver operator curve (AURQOC).
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Recall (Equation 3-50) is defined as the percentage of labels that were assigned to the
correct class, whereas macro recall is the unweighted average of the recall scores for
each class (8-2). Further details on AUROC can be found in section 3.5.2.

Recally + Recally
Macro Recall = > (9-1)

Because of the stochastic nature of the training process and the small dataset size, the
pipeline was repeated 100 times per feature number, with each iteration initiated with
a random seed value from 0O to 99 to create a repeatable pipeline. This allowed for
measurement of both over-training and provided unbiased estimates of the classifier’s
performance. Once the performance of the 100 iterations had been measured, the mean
of the scores over 100 iterations was recorded, as were the highest scores. When
reporting the highest scores, only classifiers which had a training and test difference
of <2.5% were reported to avoid the inclusion of classifiers with large over-training.
This figure was selected as an arbitrary measure of overfitting, as no specific measures

are available within the field to define an overfitted classifier.

9.3 Results.

Action Recognition Study

From the video review, 169 events (65 BC, 104 tackler) were identified for this study,
which were split into training and test sets. The test set contained 34 events (12 BC,
22 tackler) with 135 within the training set (53 BC, 82 Tackler events). Data was split
so that no session data appeared within both the training and test datasets, although
data from the same participants may appear in both. For binary classification, negative
class labels were assigned to BC events, with positive labels given to tackler events.
Features were reduced from an original count of 603 to 50, with the mMRMR method.
This included the features derived from each feature category. A total of 18 wavelet
transformations, 14 power spectral densities, and nine pulse parameters were used
with the remaining features coming from derivatives, PCA stats and area methods.

Features crafted from each inertial measure and direction were used in the feature set.

On the training data, the logistic regression classifier achieved a macro recall of 69.3%
and AUROC means of 0.753 when trained at 24 features. When classifying the test

data, the highest scores recorded by the logistic regression classifier occurred with 20
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features, with macro recall and AUROC means of 69.4%, and 0.721, respectively.
Regarding individual classifier performance, the highest was achieved by the logistic
regression classifier of 73.5% for macro recall and 0.765 for AUROC respectively,
with the training and test scores within 1% of each other. The results are summarised
in Table 9-1.

The MLP classifier achieved macro recall and AUROC means of 73.6% and 0.798 on
the training dataset. On the test data, the MLP classifier achieved a peak means of
macro recall and AUROC of 61.1% and 0.628. The highest performance of individual
classifiers was recorded at 87.9% and 0.795 for macro recall and AUROC respectively

on the test data. All results may be seen in Table 9-1.

Table 9-1: Action Recognition Results

Action Recognition Average — | Average - | Max* — | Max* —
Macro AUC Macro AUC
Recall Recall
Logistic Training 69.3% 0.753 72.2% 0.754 20/25
Regression 20/54
Test 69.4% (20F) | 0.721(20F) 73.5% 0.765
Multilayer Training 73.3% 0.797 80.7% 0.784 12/59
Perceptron 24/69
Test 61.1% (F25) | 0.628 (17F) | 81.6% 0.795

The logistic regression classifier saw increases in training scores for AUROC and
macro recall as the number of features increased. However, there was a marked
reduction in the rate of improvement after 15 features. This trend was mimicked by
the test data, although the scores were typically lower than those of the training data.
The MLP classifier tended towards 75% and 0.8 for macro recall and AUROC as the
number of features increased in the training phase. The testing scores of the MLP saw
less improvement, achieving scores in the low 0.6s for both. The standard deviation
of the classifiers over the 100 repetitions was much lower for the logistic regression
than the MLP, as illustrated in Figure 9-3.
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Figure 9-3: Results for the action recognition classification task. Showing the classifier
performance vs. feature count for the logistic regression classifier (left) and multilayer
perceptron (right), with the training (orange) and test scores (blue) shown.
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SHAP analysis was conducted on the highest-performing iteration of the logistic
regression. This was conducted on both the training and test sets to inspect the
consistency of feature importance between the two groups. Of the top ten features, the
most important features were wavelet transformations recorded from all inertial
measures and all orientations. Frequencies used ranged from a minimum of ten Hz to
a maximum of 200 Hz, with frequencies closer to these limits more prevalent. The
most important feature for training and testing was the mean resultant rotational
velocity, with high values predictive of BCs. The summary of the SHAP values can

be seen in Figure 9-4.
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Figure 9-4: SHAP values: Action Recognition. Feature names express the feature group,
recording axis (x/y/z/resultant), kinematic measure (linear acceleration, rotation
velocity/acceleration) and recording frequency in Hz.
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Impact Type

An impact-type training dataset was created with 91 impacts (68 DHC and 36 NDHC),
with a test set of 33 recordings (23 DHC, ten NDHC). The feature count was reduced
to 50 features with mRMR to remove low-performing features and improve training
times. The 50 features selected contained 25 wavelet transformation features, with the
remaining 25 made of all other feature categories. Negative class labels were assigned
to DHC impacts and positive class labels were given to NDHC impacts. Data was split
so that data from the same session would not appear in both the training and test

groups, although data from the same athlete may.

On the training data, the logistic regression classifier achieved macro recall and
AUROC means of 70.4% and an AUROC of 0.785. When classifying the test data, the
highest scores recorded by the logistic regression classifier were macro recall and
AUROC means of 65.4%, and 0.744, respectively. In terms of the performance of
individual classifiers, the highest performance achieved by the logistic regression
classifier on the test data was 74.6% for macro recall and 0.813 for AUROC. All

results for both classifiers are shown in Table 9-2.
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Table 9-2: Impact Type Results

Impact Type Average — Macro | Average - | Max* — Macro | Max* -
Recall AUC Recall AUC
Logistic Training 70.4% 0.785 73.9% 0.805
Regression Test 65.4% F13 0.744 F15 74.6% 13/84 0.813 15/62
Multilayer Training 76.0% 0.816 76.5% 0.803
Perceptron Test 58.8% 16F 0.649 16F 77.5% 24/62 0.791 12/58

The logistic regression classifier saw increases in the training scores for AUROC and
macro recall as the number of features increased to 15, before plateauing for both
metrics. A similar trend was seen in the test results, with some decline after ten features
were used to train the logistic regression classifier. This is indicative of overfitting for
these high feature count classifiers. The MLP classifier saw similar trends in
performance as the feature count increased, with the rate of improvement decreasing
between ten and 15 features for predictions of the training labels. The multi-layer
perceptron classifiers showed erratic performance between one and ten features, but
marginally improved after 11 features. The standard deviation of the MLP classifier
over the 100 repetitions was smaller than that of the previous classification task.
However, it was still greater than the logistic regression classifier. The results are

displayed in Figure 9-5.
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Figure 9-5: Results for the impact type classification task. Showing the classifier
performance vs. feature count for the logistic regression classifier (left) and multilayer
perceptron (right), with the training (orange) and test scores (blue) shown.
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SHAP analysis was conducted on the logistic regression classifier that provided the
highest individual score for AUROC while within 2.5% of the training score. Features
used included a range of all feature classes, with features relating to high frequency
more common. The most important feature for both the training and test was a wavelet
transformation of linear acceleration at 200 Hz. The PCA of the Z direction rotational
velocity and the mean Y linear acceleration were identified as similarly important. For

the impact detection task, the SHAP results can be seen in Figure 9-6.
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Figure 9-6: SHAP values: Impact Type. Feature names express the feature group,
recording axis (x/y/z/resultant), kinematic measure (linear acceleration, rotation
velocity/acceleration) and recording frequency in Hz.
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9.4 Discussion

In this study, two binary classification tasks were attempted. The first task was an
action recognition algorithm, predicting whether the impact was measured in the BC
or tackler. The second task was the creation of an impact-type detection algorithm,
predicting labels for DHC and NDC. This study was conducted to investigate whether
more aspects of the video verification process could be automated. While multiple
studies have reported success in automating impact verification, no studies have
reported automated action recognition or impact causation from IMG data. In this
study, mean test scores of macro-recall and AUROC of 65.4%/0.744 and maximum
scores of 77.5%/0.791 were achieved for the impact type detection classification task
(Table 9-2). For the action recognition classification task, mean test scores of macro
recall and AUROC of 69.4%/0.721 were achieved, with individual classifiers
recording highs of 81.6%/0.795 (Table 9-1).

No studies have reported using HIT devices for action recognition, making direct
performance comparisons impossible. Some of the closest studies have classified
motions in ballet and RU, reporting higher classification performance (Chambers et
al., 2019b; Hendry et al., 2020). Chambers et al., (2019) classified one-on-one tackle
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and ruck events using IMUs attached to the upper back, reporting an accuracy of 100%
(Chambers et al., 2019b). Hendry et al., (2020) classified ballet motions, with
classification accuracy ranging between 75.1% and 97.8% using an array of six
sensors (Hendry et al., 2020). Whilst the performance of the classifiers in this study
was lower, it shows that classifiers can be created with IMG data for impact causation

analysis.

Action Recognition

From the action recognition study, wavelet transformations were identified by both
SHAP and mRMR as the most predictive feature category. This included features
derived from each type of motion and each orientation. A diverse range of other
features was included, both those typically associated with impact verification and the
features derived from specific action recognition studies (Chambers et al., 2019b;
Gabler et al., 2020; Goodin et al., 2021; Hendry et al., 2020; Wu et al., 2018). From
the calculated SHAP values, it was shown that frequencies closer to the feature
extremities appeared more often than those in the middle of the range (Figure 9-4).
The differences between the predictions of the features were also subtle. For example,
20 Hz linear acceleration was more predictive of the tackler class, whilst ten Hz linear

acceleration was predictive of the BC class (Figure 9-4).

Mean resultant rotational velocity was the most predictive feature in both training and
testing, with high mean rotational velocity values more predictive of BC events
(Figure 9-4). This is perhaps due to the mechanics of tackling in RU. BCs often
transition from an upright running position to a prone position on the ground during a
contact event. As the BC falls, there is a period where the player accelerates towards
the ground under gravity, allowing for the head to achieve a higher rotational velocity.
In comparison, the tackler’s head is likely to be proximal to the BC, with the torso
lowered. In this position, there is less potential to achieve high rotational velocity
before a physical limit to movement is encountered and velocity is impeded. Greater
linear acceleration in the 20 Hz band was predictive of BC events, slightly above the
limits of voluntary human motion (Khusainov et al., 2013). As the primary contact
point on the BC is often further from the head compared to the tackler, this suggests
that the body may attenuate impact forces before significant head acceleration occurs,
resulting in lower-than-expected head acceleration values. Conversely, high-

frequency components were generally more indicative of events involving the tackler.
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This may be attributed to the closer proximity of the tackler's head to the point of
contact, which allows for less high-frequency attenuation and, consequently, greater

transmission of these frequencies to the sensor.

Impact Type

For the impact type, the most common feature group selected by the SHAP and mRMR
methods were wavelet transformations. Wavelet transformations represented 25 of the
top 50 features. Of the wavelet transformations, higher frequency transformations
from rotational velocities were associated with the NDHC class (Figure 9-6). Feature
performance was less repeatable between training and testing compared to the action
recognition study, although the top 10 contained the same features (Figure 9-6). This
indicates that the trends found by the classifiers were not as consistent between
training and testing when compared to the action recognition study. The strongest
feature was the 200 Hz wavelet transformation in the Z direction for rotational velocity
transformation, with high values predictive of DHC events (Figure 9-6). Vibrations of
this frequency are transmissible through bone, which may indicate vibrations are
transmitted directly to the accelerometer in DHC impacts (Chang et al., 2018). In
contrast, similar frequency wavelet transformations of linear acceleration were more
predictive of NDHC events. Given that inertial measurement units (IMUSs) can capture
noise associated with rapid exhalation, such as when wearers shout, it is plausible that
similar noise occurs when air is expelled from the lungs during contact events. This
phenomenon may be more common in non-direct head contacts, where head

acceleration originates from torso impact, potentially inducing forced exhalation.

Classifier Performance

These studies achieved average recalls of >64% in both classification tasks, which is
lower than other action recognition tasks (Chambers et al., 2019b; Hendry et al., 2020).
Several factors are likely to have contributed to this. Only a small dataset was available
for each task, reducing the capacity to identify the important patterns. From an action
recognition perspective, performance improvements may occur by increasing the
length of the recording windows of each event. While a range of recording frequencies
has created effective action recognition classifiers (Awais et al., 2016; Csizmadia et
al., 2022), recording windows >one second could reduce classifier performance in
action recognition tasks (Banos et al., 2014; Csizmadia et al., 2022). Given that the

duration of the recordings was 50 ms? and significantly shorter than those in
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comparable studies, it is likely to be detrimental to classifier performance (Chambers
et al., 2019b; Dang et al., 2020; Hendry et al., 2020). One of the most significant
confounding factors was the inherent nature of the classification tasks examined. In
each case, two athletes were involved in an impact, resulting in similar kinematic
responses. Consequently, the ability to distinguish between measurements from the
BC versus the tackler, or to determine DHC versus NDHC, was limited by the

similarity in kinematic responses to these events.

Of the two classifiers, the logistic regression classifier achieved the highest classifier
macro recall and AUROC means (Table 9-1, Table 9-2). The MLP scored the highest
on individual scores (Table 9-1, Table 9-2). As the MLPs can form large networks,
the optimisation algorithm may create many local minima. Because of the small
datasets and relatively large network used in these studies, the seed values became
important when trying to converge on the global minima. Smaller networks could be
used, however, these did not prove as effective when optimising the hidden layer size
and number in the hyperparameter optimisation stages. The effect of the large network
is illustrated by the over-training shown in Figure 9-3 and Figure 9-5 as the MLP
performs better on the training data compared to the test data. The effect of the random
seed across the can be seen by the size of the error bars in Figure 9-3. As a result, the
random seed affected the results of the MLP more than those of the logistic regression
algorithm, which converged on more similar values for training and test set

classification scores.

Feature Optimisation

SHAP and mRMR were used to reduce the feature count, with both methods largely
agreeing on feature importance. As the feature count was increased from one to 15,
training scores improved in both tasks. Beyond this point, overfitting was evident as
performance measures declined (Figure 9-3, Figure 9-5), suggesting that additional
features contributed less to classification accuracy. The steady performance increases
up to the 15-feature mark indicates that repeatable patterns are present within the

dataset.

Conclusions

Previous studies have created HAE classifiers and action recognition models. In these
tasks, ML algorithms have been successful in achieving human-level performance
(Gabler et al., 2020; Goodin et al., 2021; Raymond et al., 2022; Wu et al., 2018). No
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existing studies have attempted to combine approaches and automate the action
recognition from HIT data. The current study has illustrated that it is possible to create
classifiers to detect actions or impact types using IMGs. Future research in this field
will allow for the development of more powerful classification algorithms to improve
the performance in these classification tasks. The development of HIT devices with
recording windows more similar to those used in action recognition studies will also
likely improve classifiers' performances within these tasks. Such improvements may
facilitate more effective and informative indicators of athlete performance and well-
being.

This concludes both the pipeline outlined in Chapter 5 and the methods, results, and
analysis aspects of this thesis. In the preceding chapter, the process and data collection
and transformations have been reported. This processed data has then been used in aid
of three novel studies, which offer methods to improve both the reliability of IMGs
and functionality. The next chapter concludes this thesis, describing the conclusion,

limitations, and future work.
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10 Conclusions, Limitations, and Future Work

In this thesis, computational methodologies were used to enhance the reliability and
functionality of IMGs, addressing prevalent issues in the field of HIT. The primary
research question was whether the detection of authentic HAEs in female RU could
be automated. To achieve this, a cutting-edge ML algorithm was developed to identify
head accelerations events within female RU, yielding AUROC and AUPRC scores of
0.92 and 0.85, respectively. This algorithm presents a twofold advantage by enabling
instantaneous detection of genuine events, as opposed to relying on video review and
facilitating reliable identification of genuine impacts by researchers lacking prior
experience. Consequently, future work can be conducted rapidly, reliably, and by less
experienced operators, thereby mitigating existing obstacles that impede progress

within the sports brain injury field.

The second research question investigated whether ML could automatically generate
reports of HAE. To address this, two ML classification algorithms were developed to
predict distinct characteristics of HAES. These purpose-built algorithms were designed
to differentiate between BCs and tacklers, as well as discern direct from indirect head
contacts. Despite being developed using a limited dataset, both classifiers
demonstrated promising outcomes, and have the potential to revolutionise the
information extraction processes associated with HIT. Monitoring head accelerations
to ascertain the precise mechanisms can be time-consuming and resource intensive.
By further refining these classifiers, significant reductions in these requirements can

be achieved, providing actionable insights into the causes of HAEs.

The third research question investigated the appropriate methods for reporting linear
acceleration values. The objective was to investigate the effect of reporting the linear
acceleration from differing locations, to determine whether the currently employed
methods are adequate. The findings revealed substantial variations in the results
between participants, suggesting that the reported data may lack consistency and
accuracy between studies and individuals. By implementing the approach outlined
within this study, the data can be reported more accurately for each individual,

promoting consistency across studies.

The methodologies developed in this research represent significant advancements in

HIT studies within the context of RU. These studies introduce innovative approaches
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to enhance athlete safety through the automated detection and categorisation of HAEs,
whilst improving the accuracy of the reported values. By providing these approaches,
the processing time and effort required for data analysis can be reduced, allowing more
individuals to actively engage in this form of research. This is of particular importance
in light of the World Rugby IMG mandate implemented on the 1% of January 2024.
The challenge known as the ‘trillion sensor problem’ pertains to the efficient utilisation
and meaningful interpretation of the vast amount of data generated by IMGs and other
sensors. Without a well-defined plan and adequate tools for data processing, the
potential value derived from these data will be limited. The longer the lack of action
persists, the more significant the issue becomes, and valuable insights are forfeited.
The methods presented in this thesis have been specifically designed to address these

risks, offering solutions that contribute to safer sports for all.

10.1 Specific Challenges

Initially, the intention of this project was to use a brand of IMG, referred to as IMG-
A. As the thesis research questions began to take shape, considerable effort was made
to develop solutions for the specific challenges encountered when using IMG-A. The
considerable hardware performance issues encountered with this brand, however,
were followed by unexpected limitations in the availability of these devices. These
issues impeded any further progress and restricted the scope of any further
investigation using the IMG-A brand, so the research transitioned to the Prevent
Biometrics hybrid IMG.

An additional limitation of this PhD study was the impact of the COVID-19 pandemic,
which rendered it impossible to collect data for an extended period within the
timeframe of this thesis. This circumstance was particularly problematic given the
suboptimal performance of the IMG-A devices and the lack of high-quality data they
provided. As a consequence, the earliest available data for the IMG recordings used in
this thesis was recorded on the 24" of November, 2021, highlighting a period of over
two years before suitable data for the final projects could be obtained. Had the early
data collection have succeeded and the pandemic been avoided it would have greatly
increased the data available to us and perhaps strengthened some of the conclusions,
particularly in the causation analysis studies. It would also have allowed for a greater

comparison between males and females and between devices, which would have

160



opened up new research avenues. Unfortunately, there is not much that can be learned
from the pandemic, other than to always have a backup plan in place, regardless of
how safe first choice options appear and to make the most of the opportunities it
presents. With no requirements for data collection it afforded time to read background
literature, improve coding and analytical skill, and develop project plans, all of which
meant that research and analysis could be effectively conducted once the regulations
had lifted.

During this period, efforts were made to establish collaborations to obtain additional
data for this project. Here are two notable examples: Following discussions with
Prevent Biometrics, approximately 8,000 recordings containing spurious events from
American football HAE recordings were acquired. The objective of acquiring these
data was to enhance the algorithms developed within this project and develop an
additional classifier specifically tailored for multi-sport HAE classifications.
However, due to limitations in the data processing methods and the absence of
accompanying video footage or event descriptions, the data proved unsuitable for
integration into the algorithms. Furthermore, access to raw data itself was not

available, further impeding its usability for this project.

Similarly, collaboration was sought with World Rugby’s ORCHID project. Whilst a
placement was agreed during the project, this was abandoned due to COVID-19 and
associated New Zealand visa and entry restrictions. Thus, the data from the ORCHID
study did not become available within the timeline of this PhD. Should this have
transpired, video footage and data for >10,000 recordings would have become
available for this thesis. This extra data would have greatly benefitted the work done

for this thesis and expanded the applicability of the findings.

10.2 Future Directions

With the recent World Rugby mandate, IMGs have been touted as the device to
revolutionise contact sports and bring a new layer of protection from brain injury.
Whilst this is a lofty ambition, the exact mechanisms that will lead to this change are
not clear. Devices can record accurate data with the correct algorithmic support, but
these data are not enough to ensure player safety alone. Much more research needs to
be conducted to offer explanations to these data, and data needs to be interpreted to

create an understanding of how and why it occurred. As the interpretation of the data
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is the most valuable stage, and also the most time consuming, efforts should be made
from within the industry to reduce this effort and add value to the data, to allow for
actionable insights to be derived off the back of the analysis. The question becomes
how high quality data can be collected and reported quickly, easily, and reliably. A
number of steps have been outlined in the following discuss that will offer direction
in achieving the maximum value from IMGs. This work initially builds upon the work

outlined within this thesis and offers suggestions for future projects.

In this thesis we developed an algorithm to predict genuine and spurious HAES, which
achieved cutting-edge performance in classifying events in female RU. Algorithms
such as this will continue to achieve higher performance and become more
generalisable to new data should the training dataset continue to grow. Therefore, in
the pursuit of higher performing algorithms, datasets should continue to be added to
with new, verified data in order to achieve this better performance. The more reliable
these algorithms become, the higher the quality of data will be collected, and the more
valuable insights will be found. Whilst adding more data will create better classifiers,
should the data be of a certain quality, the field could see improvement by looking to
create more generalisable algorithms. If algorithms are tailored to specific systems,
sexes, ages, and sports then there will be a vast number of algorithms to fit
combinations of these factors that need to be created. Therefore, in the interest of
simplicity, creating algorithms that use data from diverse datasets containing examples
from a variety of these factors should be created and reported. This may have adverse
performance results, but it may also lead to the creation of more powerful algorithms
and should enough data be collected allow for the use of more powerful ML

algorithms.

Action recognition has been addresses within this thesis with the creation of two
algorithms that aim to predict information around how a HAE occurred. Without
algorithmic support this stage will be fully reliant of analysts reviewing video footage
and linking it with head accelerations to document these mechanisms. The time and
expense associated with this analysis could ultimately result in no or incomplete
analysis. This could lead to missing vital insights, which may be avoided by the
successful implementation of these algorithms. To improve these algorithms there are
two parts that need to be addressed. Firstly, the acquisition and use of more data within

the training will allow for the detection of more concrete trends that allow for better
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performance. Secondly, the identification of the most relevant facets of play to be
detected will allow for more targeted algorithms to detect them. Addressing these
points will allow for these algorithms to make the greatest impact in the field. This
could additionally be supported using algorithms harnessing the data of other wearable
sensors, commonly worn by athletes, which are well adapted to the detection of

activity.

Within this thesis the variation between linear accelerations recorded at the sensor and
at the estimated CG of various wearers was highlighted. As IMG systems do not factor
this into the reported linear acceleration it means that the results are not a truly
representative of the linear acceleration experienced by the wearer at the head’s CG.
The work within this theses allowed for more accurate prediction of the linear
acceleration, however the methods were too time consuming to be appropriate to use
with many wearers. To build on this work, more results need to be collected so that a
distribution of head measurements are available, to inform researchers as to how these
measurements will vary. Additionally, these measurements need to be tied to an easier
to collect anthropometric measure, so that it is feasible for all researchers to be able to
accurately report linear acceleration. As little correlation was seen between measure
such as height and weight, more detailed physical measurements of the head may
provide opportunities to quickly improve data quality. With rugby being a game for
all, it is important that this study is not limited to specific cohorts, and should aim to

gather data from diverse cohorts.

The ultimate aim of the IMGs would be the detection of concussive injury, or the
detection of a near-dangerous level of sub-concussive injury. This is a complicated
challenge due to the complexity and subtlety of brain injury, but steps may be taken
towards it. Firstly, the development of targeted features will be required, as current
studies have not achieved concussion prediction. These features will likely require
more time-dependant characteristics, such as measures that describe the accumulation
of impacts With initiatives such as World Rugby’s recent mandate, it should lead to
datasets containing vast numbers of HAEs, from both injury causing events, and non-
injurious events. Classification algorithms may then provide an opportunity for the
automation of injury prediction. By using similar methodologies to those used within
this thesis a classifier may be constructed using the HAE data. For example, training

a classifier with HAEs that led to injury and HAESs that did not, algorithms will be
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capable of predicting a probability of a new event belonging to either group. This
would allow for the first steps in creating a ‘smart’ mouthguard capable of detecting
injury. To extract more information from these data, combining it with the explainable
Al methods used within this thesis will allow for a greater understanding of what does

and does not characterise a brain injury.

10.3 Conclusions

The work within this thesis lays a foundation for advancements in the domain of IMGs
and HIT in sports, particularly in the context of enhancing safety measures in RU. The
work conducted in this thesis offer solutions to make IMGs more valuable now and
pathways to continue improving them for future research. This continual development
will allow for a future where data-driven insights can revolutionise injury prevention
strategies. However, this potential can only be fully realised through continued efforts.
By augmenting IMG systems with algorithmic support, diversifying training datasets,
and fostering collaborations across research spheres, these devices hold the promise
of fundamentally reshaping the landscape of contact sports safety. The journey toward
creating a safer environment for athletes is ongoing, and if the momentum of this
thesis's work is sustained, these devices can undoubtedly play a pivotal role in
significantly reducing the risks associated with head injuries, ultimately making rugby

and other contact sports a far safer and more secure arena for athletes.
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4.21130975
3.85362376
-7.29504227
-2.61328861
-4.68310933
-2.83204138
-5.75520022
-6.4757343
04521691

YR

YU

WT_TO_XL_80 WT_TO_XL_SO0 WT_TO_XL_100 WT_TO_XL_110 WT_TO_XI_120

-1.70290592
-1.28048445
3.78620878
-4.1682158
3.44297628
-D.5097743
5.81325941
1.36866111
-2.03550688
1.33847259
412354515
-0.71240263
-0.57367754
2.33650397
0.47835717
499348324
2.00478051
-0.13727567
151768628
0.19894873
-1.603494
3.10201028
0.10986186
-0.4088827
5.66568473
-1.40886075
5.93652412
2.35094863
-2.78588225
3.92340767
0.30457179
0.72876062
-4.02113246
3.47883486
-0.08426842
1.98133269
1.88924638
0.11079095
-2.67346556
-3.48500002
-0.90246986
-3.32135309
-3.76948798
0.29974019

¥s | VT

-1.18917346 -1.233767709
060232073 1510402423
1.705594393 0.39918135
-2.72560411 -1.804596186
2.89580206 2.33768462
-0.72756238 -0.771944763
397723898 2.686808248
1.22535503 1.139161335
-1.44343199 -1.127674075
1.10019601 0.750827633
345661394 2919745943
-0.71949683 -0.639790461
-0.53421516 -0.208437143
2.08687022 191197424
0.07186717 0.373039866
334639809 2.661188371
1.85807515 1.649727462
-0.22470503 -0.348471642

1.2323848 0.845342778
-0.74174558 -1.194692371
-0.6460932 -0.031384296
242047343  2.247254594
011114483 0.010512474
-0.19661333 -0.162697802
433160488 3.307008144
-0.69538496 -0.645791941

43030175 3.139685224
117840555 0.632258787
-1.52192483 -0.642187143

2.6468636 1910262972
0.20922778 0.025370476
-1.04876424 -1.764504765
-2.15426689 -0.826033027
148173747 0.195705424
-0.11786529 -0.131736865

09920249 0.282988201
0.84168631 0.142207081
2.95624784 4.11792499
-2.13393536 -2.135410311
-2.54358191 -2.104808036
-0.04121549 0.501105959
-2.11797028 -1.173512781
-2.32155131 -1.502246152
0.26816546 0.142469654

-D.775416958
1.904397107
-D.260974732
-1.242729976
2031632779
-D.729747878
201298205
1.020267911
-D.772155687
0693089137
2504706304
-0.692060757
-0.333139892
1642911955
0.000132177
2164659954
1555678136
-0.385849339
0784324911
-1.372310757
0.451668086
175641239
0.045982914
-0.050416599
272131759
-0.298248679
2570038462
0.139182677
-0.276663387
1.406603963
0.052381884
-2.148345329
-0.281761413
-0.47383094
-0.11610544
0.089895858
-0.237506148
4282826852
-1.62531565
-1.584779058
0692171619
-D.809534649
-D.959628383
0.155518598

-0.400369112
2038543648
-D.64041658
-0.859842017
1.787310197
-0.669920762
1562719511
0.917342766
-0.500640799
0657562826
2.168676658
-0.731277915
-0.446750709
1.403427018
-0.302329559
1857664866
1470271721
-0.409612919
0751314226
-1.42211224
0.778098081
1.359220898
0.077742064
0.033031425
2.297018928
-0.043623915
2.18134745
-0.194122723
-0.070021864
1058368477
0.085320139
-2.291946058
0.015749287
-0.859430951
-0.096967471
0.020957814
-0.476368205
4.094299003
-1.205673562
-1.182044251
0.76938953
-0.596391275
-0.598745214
0.169436643

WT_TO_XL_130 WT_TO_X|_140

-0.631360089
1904408001
-0.842529767
-0.622624261
1.466487081
-0.617060877
1154335529
0.873168573
-0.456901682
0.431522659
1.902926414
-0.631211699
-0.164832034
1293178666
0.124526765
1.893852056
1301578215
-0.473710051
0514824631
-1.354868684
0.840994782
1439142794
-0.012423382
-0.020391639
1892310419
-0.27464297
1752617668
-0.171937237
0.157324809
0.904208654
-0.03854484
-2.06195904
0.337116361
-1.042542947
-0.089310293
-0.149230075
-0.62825354
3716915393
-1.409148326
-1.168492163
0.837365162
-0.280476115
-0.465418716
0.069465767

0.347591277
2025249427
-D.949244017
-D.403551283
1.489978455
-D.550226042
1.086805157
0733421068
-D.080249158
0702776671
1677216972
-0.816574657
-0.772152987
0.589944803
-1.002345813
1388285173
1354942971
-0.397559309
0.810095332
-1.375520759
1169099566
0623236802
0.175224959
0.1880596139
1786991263
0.461540316
1765252693
-0.66583419
0.050709867
0.59685724
0.210290648
-2.362157818
0.152998693
-1.171411904
-D.057634671
0.101714511
-0.694917793
3.448012523
-0.374849509
-0.55595931
0742335534
-D.484963166
-D.145204828
0.240351529
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Appendix B: The cell block containing the required features for the DHC vs NDC
classification challenge.

# Import necessary Libraries

import numpy as np

import os

import glob

import pywt

import pandas as pd

from scipy import signal

from sklearn.preprocessing import MinMaxScaler, StandardScaler
from sklearn.decomposition import PCA

E IV T S W N Y

-1

[+~]

# Define the frequency range for the PSD and WT feature extraction
freq_range = np.arange(l18, 268, 1)

e e e

WP

14 # Define the variabtesﬂcotumHS for different feature types
5 wecs = ["XL", "¥YL", "IL", "RL", TXV", "WV, TZV", "RVT, TXA™, "YA", "ZIA", "RA"]
16 res = ["RL", "RV", "RA"]

18 # Define the features dictionary that maps feature types to specific variables
% features = {

20 "PSD": {
21 "KL": freq_range, "¥L": freg_range, "IL": freq_range,
2 "RL": freg_range, "XV": freg_range, "YV": freq_range,
3 "IN": freq_range, "RV": freg_range,
24 "XA": freq_range, "YA": freg_range, "ZA": freq_range, "RA": freq_range
5 ¥
26 "WTT:
27 "XL": freq_range, "¥L": freg_range, "ZL": freq_range,
28 "RL": freq_range, "XV": freg_range, "YV": freq_range,
29 "IV": freq_range, "RV": freg_range,
38 "XA": freq_range, "YA": freg_range, "IA": freq_range, "RA": freg_range
31 1,
32 "Pulse Width": wvecs, # Pulse Width for the Listed vector variables
33 "Pulse Prom": wvecs, # Pulse Prominence for the listed vector variables
34 "Pulse Num": wvecs, # Pulse Count for the listed vector variables
35 "Jerk"™: wecs, # Jerk (rate of change of acceleration) for the Listed vector variables
36 "Snap": wecs, # Snap (rate of change of jerk) for the listed vector variables
37 "WT_Te": {
38 "XL": freq_range, "YL": freg_range, "ZL": freq_range,
39 "RL": freq_range, "XV": freg_range, "YV": freq_range,
48 "IN": freq_range, "RV": freg_range,
41 "XA": freq_range, "YA": freg_range, "ZA": freq_range, "RA": freq_range
42 1.
43 "PCA": vecs, # Principal Component Analysis for the Listed vector variables
44 "Mean™: vecs, # Mean for the listed vector variables
A5 "Variance™: vecs, # Variance for the listed vector variables
46 "Std_dev”: vecs, # Standard Deviation for the listed vector variables
47 "Max": vecs, # Maximum value for the listed vector variables
48 "AUC": res # Area Under Curve for the listed result variables (RL, RV, RA)
49 |}
58
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Appendix C: Part 1 of the code used to extract features for the DHC vs NDC
classification challenge.

lmpert glod
impsrt 0%
3 | lmpert nuegy as g

[

4 | impert parslas as pd

5 | from scipy Emport slgnal

& | lmpert pywt

7 | from sklearn . decoeposition lmpert PCA

-]

2 |def Featurs Extraction{features, label, path Enj:

™ —_—

i1 This fun<tion extracts a et of features From C5v Files in the specified directory,
iz processes Uhe data according to the festure Uppes provided,

i3 and returns & CutaFrase containisg tThe extracted features along with a labal.
14 -

15

18 # Initiglize varlables to beld extracted dofa omd File details

i7¥ T = @

i eutput_arrvay = [J # Stores extrected fegture walues

1% dataframes = [] & Stores dota froe CSV Files

b Fonames = [] & LisT [0 sferd fealure noms

n

b & Gendrate a LEst of oll festure somes based oo the irpul ~festures” dicrionary
13 For featurs_kéy in Features. koys():

4 if Isinstancelfeatures] featurs kay], List):

5 Ffor Ltes in Features[featers kip]:

% F_namis.append( £ [ Feature_key)_ [ites)™)

Fr) ETH

= For sel key in featuros[Feature_key]. keps{}:

= For sub_Etes §s Foatwres|Feature ey ]| sub koy]

"] F_namas . apgand| £ [Featura_koy] [sub_key) [seb Ites])™)
k1 |

33 F List all C8v Files in dhe specified ispot dirsctory

3 Fila 165t = glob.glebos. path. joia(path_in, "% csu"})

34

k- ® Cons towts for sigeel processing

£ Fi o= 3003 2 Sowplieg Frogadty

37 N o= 168 & Sigral Levgth (exomple)

k-] Bparsag = 168 F Seqgeent Length for FFT

E) samplirg_perbod = B GM3I1FS & Soepd Ing parlod

=] f_corr_couf = 1 @ lovrection corfficiest for fasture scolisg

&1

&3 & Indeais of codumns & She O5V [0 Be afed

Lt indux = np.arange(l, 13, 1)

FTy
&5 & Logg Through each File eed process the dofta

5 for File path Ea File lict:

£] & fead the CSV FEle oed Splir the dats inCo three segsests
2 N = Ok path.badenass(File gath)

L) AF = pd.rdad cew(Flla gath, wisols=Endox)

]
a1

dfaa, dfay, dFLA = np.arvay{df.lloc[:z, 8:8]), np.avay{df llocf:, &:8]), np.avay{dF Llocf:z, 8:12])

53 Af = npoconcatesate]dFLA, dOFaY, dFAR), axis=l}

53

= £ Add the Fllenses to Uhe dolefrose ond oopend i€ o Bhe Lisg
5% Adf = pd.DataF e df]

55 AF['File Mase'] = nase

57 datafrases . apperad (df]

58

- | # Feabwrd exteaction loop: For eech dofafrose, colculste fedtures
-] for data_df s datafrases:

61 if Aot data_df . Esnulli) walues. any():

2 & Resgee colwens for consistency

63 €ols = [TELT, TYLT, TILT, TALT, TENT, TWVT, TINT, TRYT, THAT, TYAT, TIA", "RA", "Col K"]
= data_&f.coleens = cols

L

B & Extract dha FeaCe nosd

&7 Fn = data_df['Cal W' ][8]

= Fowals = []

a5

] & Loog through eoch feafwrd tyes and colculate the covresponding feature wolues
Fe | for F_type in Foaburds . keys():

73 5F f_typad == "Pulse WEdTh™:

73 for feature En features]"Pulse width®]:

4 pulse w = []

75 ABG = adi{data dF] feature])

-3 For val En AES:

Fr) if wal » Ap_sean(ABS):

TE Endices = 1Et{ABS).Endex(val)
™ pulse w. append] indices)

B2

Bl pravios: = 8

Bl max_list = 1

B3 top_lem = 1

B4 For § in pulss !

BS If | == provious & 1!

B provious =

E7 max_LEst 4= 1

BE top len = sax{top len, max list)
-2 el

o] pravious = ]

| max_List = 2

03 F_vali_append(top_len * § coer coef)

a3
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Appendix D: Part 2 of the code used to extract features for the DHC vs
classification challenge.

133

13%
135
137
i3E
ix3
]
i&1
1a3
183
1a4
1a%
1as
1&F
1a8
1a3
158
151
152
153
154
ic%
158
157
icE
153
168
i1
162
163
164
18%
165
167
158
169
i
iM
172
i73
i74
irs
i7e
177
178
i
168
181
12
1g3

€1if £_typa == “Pulse Pros”:
for feature En features]"Pulse Pros™]:

iz, LB = sigeal.fisd peats(data oF[featera], promimsce=(a))

§F Lo (LIb["prosinencas™]) == 8:
£ _wals. aggand{ @)

elsa
p_proa = sax{ [~ promloences”™ 1)
£ wals. aggand!pe_pros)

€liFf £ typa == "Pulis Rus":
for feature En features]"Pulse Rus™]:
i, 10k = sigeal fisd peaes(data SF[featera])
s _pk = Lin(rs)
F_vali_append(nus_pk)

ELif £ typa == “lerk™:
for feature in features]™lerk™]:
F_vals append(max{ng. dLFF(data_of[Feature], n=11)}%

#1if £ typa == “Snap®:
for feature in features] Enap™]:
F_vals .append(sasing. JLFF{data_df[Feature], n=217}

€1If F_typa == “PS07:
for Featurs In Features]P07]:
F, Pux_spoc = signal_solchidata &F[foatwea], 5, windes'flatiop’, nporsegeic)
for § I Featwros] PILT [ featura] :
¥ wals. aggand{Pus_spec[round( Int{f) / 9.10038760)])

&liF £ typa == "WT":
for featurs in features] Wl"]:
wt_fg = [B1.35 § (] * 8.1) for § In featuras] WT™)[featura]]
Iepact_max = Feature indexmax{featura))
couf, froqs = pymt_cwt{data df[featura], wi_fgs, "sab', sepling period=sasplisg_perisd)
£ vali extend(list{coef[:, Impact_max]})

€1iF F_Typa == “WI_T8":
for feature in features] Wl _T@"]:
wi_fgs = [E1.15 ¢ (] * 8.1) for § in features] W T8"][Featwrs]]
Impact_@ = @
couf, froqs = pymt_cwt{data df[feature], wt_fgs, “sob', sepling periodesasplisg porisd)
F_vals extend[list{oef[:, Iepact_8]})

ELEF £ typa == "PLA":
poa_leg = PLA{n_componesti=1)
for Featurs En featuces] "PCA"]
P_lmg = poa_ieg.Fit_ transfors{ne.array(data of[ featwre]}. reshaped-1, 111
F_vali.append(PC_isa[#)[@])

€Lif F_typa == “Moan”:
for feature n features] "Mean™]:
F_vals append(np.sean[data ¢F] featura]})

€lif f_type == “Varlance™:
for feature n features]"Variasca™]:
F_vali. append(ng.var{data &f[ featera]])

elif F_typo == "Srd_deu”:
For Feature §A features]"Std_de”]:
£_vals.append(np. cnd[ data_&F[ faatera]})

&lEF F typa = "Bax":
for feature in features]"Fax"]:
F_vals . appendimax st [data_dF] featura]})

CLEF F_typa == TAUCT:
for featurs En features]"auc"]:
£ _vals.append(np. trape{data o featura]))

& Apparad thee colcsloted finsture wolues To Che culpel array
F vals_array = np.array(f vals, dtypescbiect).reshage(l, -1)
EF coent == @
oulpul_afray = f_wvals_array
else:
cutpul_arvay = Ag. comCatonate{outgut_array, § wals array), aclse8)
COUNL &= 1

& Creeate the Finol [odwled swipur

#, N = culpul_array.shape

labels = np.oews{{s, 1)} * labal

04 Laksllod = np.coscatenate([output_array, labsls], axis=1)

& Add A "Ladwrl " col
F_names . appesd] "Labsl™}

n e the festure roees

# Create the Dotofroed with lobeled Features
cutput_df = pd. Datafraseddatas0s_labelled, colusnse=f sases)

FELUrE cutput_dF
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Appendix E: Part 1 of the code used to train classifiers and report performance for the
DHC vs NDC classification challenge.

1 & Ieport mecdssary Libravies

1 impert pasias as g

I lmpert nuegy as e

4 | lmpert seaborn aosns

5 impert matplotlibopyplot as plt

5 From skleart.featers selection Dmport AFE

T frol sklear.ansenble imgert Ieolaticeforast

= From sklearn.preprocessing lepset StasdardScaloer
% from Lsbhlessn.over saspling impest SmOTE

18 | from sklearn.setrics ispert recall siore, nod_aul scora, confusion satrlx
11 | frol erac ieport arer clagsif

il

1% def Train Test{clf, ius, train_civ, Test_csw):

14 -

1% Functlon To train omd Test a clacsifier with feature selection,
1& cutlier restval, owersaspling, asd evaluation sateics.

17

1% Parasrters

i% clf {object): Classifior modoel (e.g., AandosPoract, SWH).

] Its (EAt): Mumber of featerds ©0 Conslder.

Fal train <avw (ste)! Path to the Tra i C5N Fils.

ks test_civw {sUr): Path to the tescing C5% Flile.

i3

M AT L &

5 selected featwres (LEsT}: List of felectod fFeatures Fter feature selection.
e train_scores AR (1ist): LISt of sacall sceces for Tralning data.
K1 toat_scoras AR (1ist): List of mefall scores for Testing data.

i scores AURDC [list): wlst of AUkl scores for trainisg data.
= test scores AURDD (Llsv): Llst of AURD scores For tesiing data.
0 man

31

¥ & Inirielize [isis o stow scores Ffor ewnludlion serrics

33 wal scorws WGE = ]

34 train_scores AR = []

34 test_tcoras AR = []

3 train_scoraes_AUROE = []

37 test_sioras AUROL = []

55

o | & Create 0 ListT of festure counts o Lfevoie owir (ewie nombivs froe 2 fo '[is' & 2)
&g B = ig.arangs(d, its & 2, 1)

&1

&l & Lood The draining ond fesT dofesets

i train = pd.read csvitrain_csw}

&4 st = pod. rodd caviTest_csw)

&5

&5 & Splirc the dataseds Ento feotures (X)) ond Labels (p)

&7 & _traim, y_traln = train.ilec!, :-1], trabn.ilec[:, -1]

=E X test, y Test = Test.iloc[:, » tast ilocfz, -1]

&%

] F Fedlerd selection oiing MO (Minlsus Aedundercy Mowisus Selevosce)
51 salected fealwras = arer_classif(E=X Craln, y=§ traism, K=inC(i1s})
5} i_trals srar = 8 traln]selected Features]

53

= print{"Salected Features:”, folecled foaturoc)

5%

(9 " Fransars soen rRa e i Ak Lnaroeas ro basn FhY and acialasra asdal s
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Appendix F: Part 2 of the code used to train classifiers and report performance for the
DHC vs NDC classification challenge.

ikE
1k
13k
131
1)

£ [terale avwer Che fusber of fedleres [ deep (k) and avolsale sochels
for bk i ks

£ Salect the fog BT fedaTures for Teobnieg
K train mrec Kk = X train srec ilocf:, k]
¥ _train k = ¥ _Tealn

2 Prapare Test doto (ustg all fedres)
K Tast ko= X Test
¥ TSt ko= y Test

& Eliwinate fealeves asing Recorsive Feofare Elisiratisw [RFE]
rf& = RFE[CLF)
rfe Fin{e_train srar k, v Traln k]

& Salect the Fealures Chat are Bept by RFE
¥_tradn BFE = ¥ traln_srer_k Doc[:, oFo.sugport ]
K_tast RFE = X Tt _k[X_trais RFE.colusng]

2 Eliwinate outlidrs wifmg Tsolotiod Forest
isf = Isolationforestim jobse-1, rosdos state=l}
isF FIR(E_teain RFE, y_teain)

& Igentify outligvs (-1 ore oelliers)
remrye = [row for row, val is pd.Datafraselsf.predicois_train AFE}) . Iterroesl) if wal[@] == -1]

2 Rewove eulliers from The feaining deto
£ train EDF = X traln AFE.drogp(resoes)
¥_traln_EOP = y traln_k.dreoplresve)

# tvirsample the traleing data to hendle ¢loss isbalonce csing SMOTE
oversaspls = SMOTE()
%_tradn_OwS, y_tradn w8 = owersasple. Fit_resasple(s_train EDP, y_train_EOF)

& Srendordize the dofe oiing Srondesafcoler

staler = StandandScales( ). FiT(X_traln_0vS)

K train S<aled = pd.Datafrasedata=icaler. transfornld_ oraln Ovd), colesns=X train OwS. colusns}
K_tet Scalod = pdlDatafraseldatasscaler. Dransfora(X_test RFE), columd=X teakn OvS_coluseds )

& Jrwin ohe classifier on the scoled Traisieg dore
clf Find®_train S<aled, v traln Ovs)

£ Pradict probobElities ond Lodwls for froising omd test dofa
trakn proba = cOf predict probaix oeadn Scaled}f:, 2]
traki_prad = c1F predict (X tealn Scaled}

test_proba = clf predict_probals test Scaled)[:, 1]
mekt_prid = ClF peadict(®_Test_Scaled)

& Evoludla The sodiel pevforseocd uiimg Pecoll scord and ADRDC
vraki AR = recall score(trals pred, y_Trale DvG, swerage="sacro’]
ekt AR = racall score(iest pred, y TSt k, aversges"saoro' )
mrabi AUROC = P00 audc_scorely_traln WS, orakn_probal

ekt AURD. = rof auc score(y Test k, test peohal

£ Srore Che cvaloetion scores for [oter asalpsis
trakn soores AR_append(train AR}

Lkl _scores AR appand [ TasT_&R)

rakn soores SURCL . apgend{ Trakn_ suRoC )

Rkt _ S0k _AUROC . appsrad (Test_AURDC)

# tonfusion satrix for troiniog and testing dota (rorsalized)
results_tradn = confusion satreix{y_traln_Owi, Trabn_pred)
results_train_norsalised = results tradn § results_trais_ astype(ng. Float) . seelaxis=2)]:, ep.newanls]

resulls Test = confushon satrialy Test k, Test_prad)
ekl TeRt_nordalised = Peiulls teRt f mesults test. astype(ng . Float)  susiads=13[:, np.eewaxis]

& Plod the confesion satrices oilng Mufmsgs
fig, axet = plo_subplotsi{i, 2}

sk heatmagresalis traln normalised, annct=True, csap="Slues’, ax=axes[87)
sk hoatmapreselis et normalised, annot=True, cmap='Blues’, aseasec[1]}

plt_shoal)

£ Return the selectid feaferds ond ewdleation setrics for Later osalyiis
retura selectsd features, traln_scores SR, Test_scores AR, Traln_scoras AURDC, TRt _scoras _AUADC
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