
Objective Assessment of Parkinson’s
Disease using Machine Learning

John Prince
Wolfson College

University of Oxford

This thesis is submitted to the Department of Engineering Science,
University of Oxford, in partial fulfilment of the requirements for the

degree of Doctor of Philosophy
October 2018

Supervised by:
Prof. Maarten De Vos
Prof. David Clifton



Objective Assessment of Parkinson’s Disease using Machine Learning
John Prince
Doctor of Philosophy Thesis
Wolfson College
Trinity 2018

Abstract
Neurodegenerative disorders, such as Parkinson’s disease (PD), are infamously het-

erogeneous in regards to onset age, symptom prevalence, and severity progression rate.
The current ‘gold standard’ techniques currently in use to assess the highly debilitating
motor and non-motor symptoms are subjective, infrequent, and often ineffective with
up to 20% of cases going undiagnosed until post-mortem. As such, these traditional
and well established clinical assessment techniques are now starting to be fused with
data-driven approaches in a bid to improve diagnosis and severity monitoring through
the identification of objective disease biomarkers. Digital sensors present the opportunity
to extract quantitative measures that are representative of disease presence and severity.
However, existing studies using digital sensors to perform disease quantification are
restricted by small cohorts, inconsistent experimental protocols, and purely cross-sectional
analyses. The objective of this thesis is to provide novel insights as to how digital sensors
can be further leveraged alongside prior clinical knowledge in order to improve the way
Parkinson’s disease is assessed in both clinical and remote environments.

This thesis focuses on two large datasets that are juxtaposed in data quality, collection
environment, and data type. Firstly, a clinical based approach to disease quantification is
performed wherein an extensive network of wearable sensors is introduced into routine
clinical care. Using this clinical dataset, the ability of wearable sensors to detect digital
biomarkers distinctive of PD is investigated including the use of these biomarkers to
perform automatic disease classification and severity prediction. Due to the longitudinal
nature of data collection, new insights are revealed pertaining to symptom progression and
the benefit of including longitudinal symptom variation into classification tasks. Secondly,
the efficacy of performing disease assessment entirely in a remote environment using smart-
phones is investigated. Data was collected relating to many areas of disease manifestation
and was often contributed daily by participants on a longitudinal basis. However, the
remotely collected data suffers from a large degree of missingness, poor participant
retention rate, and variable environmental conditions presenting new challenges during
its analysis. High-frequency longitudinal analyses are performed and identify previously
unseen motor and non-motor symptom progression characteristics. In order to perform
disease classification using this dataset, a novel methodology is presented that compensates
for the large quantities of source-wise missing data which, when combined with a state-
of-the-art convolutional neural network, subsequently improves classification accuracy
from 73.1% to 82.0%. Finally, a consistent analysis protocol is implemented on both
datasets whilst simulating source-wise missing data; enabling a comprehensive comparison
of missing data strategies for the purpose of disease classification.

This thesis presents findings that highly support the hypothesis that digital sen-
sors can successfully perform objective disease assessment at both the individual and
population level.
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1
Introduction

1.1 Clinical Motivation

Parkinson’s disease (PD) is the second most common neurodegenerative disease,

secondly only to Alzheimer’s disease, and affects an estimated seven million people

globally [5, 6]. The reported prevalence of PD varies due to environmental and

genetic factors with the European prevalence rates ranging from 65.6 to 300 per

100,000 within the entire population [7]. In the United Kingdom, an estimated

127,000 people suffer from PD corresponding to a prevalence rate of 200 per

100,000 [8]. However, as a progressive neurodegenerative disease, PD mostly

afflicts the elderly with prevalence rates ranging from 700 to 1500 per 100,000

in people over the age of 50 [7].

Parkinson’s disease is considered a movement disorder and presents a multitude

of motor symptoms that significantly impact quality of life. Most notably, motor

symptoms pertaining to tremor, rigidity, akinesia (loss of control of movements), and

postural instability are considered the cardinal symptoms and whose presence govern

the clinical diagnosis decision [9]. However, non-motor symptoms are also widely

reported particularly in relation to diminished cognitive ability, depression, and

sleep disorders [10]. Instances of dementia are particularly pronounced in the later

stages of the disease, occurring in an estimated 40% of patients [11]. There exists no

cure for PD therefore all treatment types are orientated towards lessening symptom

severity and decreasing the rate of progression [12]. If undetected and untreated,

disease progression is rapid, often leading to complete loss of independence within

eight to ten years [13]. Nonetheless, even when treated, the life expectancy of

patients is reduced [14, 15]. Pulmonary conditions, including pneumonia, contribute

1



1. Introduction 2

significantly to mortality risk of PD with roughly 100,000 deaths occurring in the

global PD population in 2013, demonstrating a 28.2% increase since 1990 [16]

The current requirement for PD diagnosis and treatment to be performed entirely

in a clinic environment incurs a substantial cost for healthcare services with annual

service costs in the UK being estimated at over £13,000 per person per year [17, 18].

Therefore, with the projected number of people with PD to increase dramatically

over the next decade, the ability to reliably perform assessments without the

requirement of a clinical visit is highly desirable [19].

The current ‘gold standard’ assessment technique is a clinically administered

rating scale wherein patients are visually assessed by a movement disorder specialist

roughly once every three months. These rating scales are widely accepted to

suffer from subjectivity as well as inter- and intra-rater variability [20, 21]. These

limitations of the scoring system make diagnosis and monitoring extremely difficult to

perform reliably, often leading to high misdiagnosis rates [22]. Further, longitudinal

disease progression is poorly monitored as the variable nature of the rating scale

often masks changes in symptom variation [23, 24].

The diagnostic challenges, in addition to the shortcomings of the severity scoring

systems, have led to an active area of research identifying objective biomarkers

capable of assessing PD though the use of digital sensors. The benefit of using

digital sensors is that they enable the objective measurement of symptoms, thus

removing the subjectivity of the current scoring systems. Such biomarkers can

be used to perform disease classification or to predict the severity of symptoms.

Most recently, the multiple sensors within smart-phones have been used to remotely

collect data intended to measure symptom severity on a much more frequent basis.

The objective of this thesis is to determine the ability of digital sensors to be

leveraged alongside prior clinical knowledge in order to improve the techniques in

which Parkinson’s disease is assessed in both clinical and remote environments.



1. Introduction 3

1.2 Research Objectives of the Thesis

This thesis approaches the task of PD quantification from two directions. As the

current means of disease assessment is performed in a clinical environment, the

first approach entails the use of digital sensors as part of routine clinical care.

The second approach entails transitioning the quantification techniques from a

clinical environment into a remote environment. This therefore provides a ‘bottom-

up’ approach via developing and validating techniques in a controlled setting

and then increasing their complexity as needed to be suitable on less-controlled

data in order to perform the same tasks. This thesis focuses on answering the

following broad research objectives:

1. Can wearable sensors be incorporated into routine clinical care to identify

objective clinical measures capable of disease quantification?

2. Can objective clinical measures successfully perform disease classification and

severity prediction on a diverse population and, if so, which clinical tests and

clinical measures are most capable of doing so?

3. Can objective clinical measures also be used to perform longitudinal disease

monitoring during routine follow up clinical visits? If so, does the longitudinal

behaviour of the measures differ between disease groups and can this be used

to improve disease classification and severity prediction?

4. Can features be extracted from remotely collected data on a longitudinal

basis to detect high-frequency symptom variation? If so, can personalised and

population based conclusions be drawn that relate to disease presence and

severity progression?

5. Can features extracted from multiple test-types in a remote environment be

used to perform remote disease classification? If so, do the most pertinent

features agree with those detected in the clinical setting when a different

sample size is used for feature selection?
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6. What is the effect of implementing an identical analysis protocol on two vastly

different datasets for the purpose of disease classification in the presence of

missing data?

1.3 Structure of the Thesis

The following chapter provides a succinct background to PD and its current

assessment techniques followed by a literature review detailing the progress made

in using digital sensors for objective disease assessment thus far. Chapter 3 details

the technical methods utilised during later chapters including the definition of

statistical procedures, machine learning models, and evaluation techniques. Chapter

4 introduces the two datasets with respect to their data types and participant

demographics through a series of exploratory analyses which culminates in a

discussion as to their primary differences. Chapters 5 to 8 are the main results

chapters of this thesis. Chapter 5 utilises a clinically measured dataset to perform

cross sectional and longitudinal disease assessment including classification and

regression tasks. Chapter 6 pivots the focus of analysis to a remote environment via

performing a longitudinal investigation on tests performed on smart-phones. Chapter

7 continues to investigate the remotely collected data but for the purpose of disease

classification. This requires substantially more sophisticated dataset manipulation

and classification techniques due to the nature of the remotely collected dataset.

During chapter 8, the final results chapter, a series of techniques for overcoming

missing data are employed on both the clinical and remotely acquired datasets

for the purpose of disease classification. Finally, chapter 9 concludes the thesis by

tying together the findings of each chapter whilst highlighting limitations and

directions for future works.

1.4 Summary of Contributions

This section summarises the primary contributions made by each of the results

chapters in this thesis:
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• Chapter 5

– The use of clinical features derived from wearable sensors to perform

cross-sectional disease classification and severity prediction on a large

and diverse clinical cohort.

– The identification of novel longitudinal symptom behaviour as determined

though objective clinical markers.

– The implementation of longitudinal disease classification and severity

tracking which incorporate longitudinal feature fluctuation.

• Chapter 6

– The use of high-frequency longitudinal monitoring of symptom progres-

sion using data collected remotely on smart-phones on the largest cohort

to date.

– The identification of previously unseen longitudinal symptom behaviour

in a motor and non-motor task which subsequently show differences

between healthy controls and the Parkinson’s population.

– The first investigation of the relationship between the longitudinal

behaviour of motor and non-motor symptom progression as measured in

a remote environment.

• Chapter 7

– The development of a novel methodology to overcome source-wise missing

data that enables participants with missing data to be utilised in the

development of machine learning models.

– The application of this methodology, in conjunction with a series of

convolutional neural networks, to a remotely collected dataset for the

purpose of disease classification; proving highly superior in comparison

to traditional missing data compensation techniques.
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– An investigation into the effect of sample size on the feature selection

process on a dataset known to be heavily corrupted by various forms of

noise.

• Chapter 8

– A comparison of many missing data techniques, including the novel

methodology and a deep neural network autoencoder, for the purpose of

disease classification on two datasets.

– Source-wise missing data is simulated such as to facilitate the study of

each technique under variable degrees of missingness.

– A quantitative analysis of the errors induced by imputation and autoen-

coding techniques which subsequently reveal the applicability of each

technique in relation to the type of dataset being studied.



2
Parkinson’s Disease: A Physiological &

Assessment Background

This chapter provides the reader with a succinct background of the essential

characteristics and assessment techniques for Parkinson’s Disease (PD). Firstly,

a brief history and introduction to PD is provided. This is intended to give the

reader an insight into the pathophysiology, symptoms, and treatment challenges

associated with the disease that will be essential for understanding the motivation

of later chapters in this thesis. Secondly, the current ‘gold standard’ techniques for

disease assessment are outlined with a focus on the clinical procedures and scoring

systems. As will be discussed further, these systems are widely acknowledged

to suffer from many limitations which are likely to lead to sub-optimal patient

care and disease assessment. These limitations motivate the development of novel

disease assessment techniques that form the backbone of this thesis. Finally, a

detailed literature review is provided detailing the state-of-the-art disease assessment

techniques wherein the use of digital sensors are employed. This encompasses

both in-clinic and remote assessment tools for a wide array of disease symptoms.

Through this literature review, the current landscape of objective PD assessment

is summarised facilitating the identification of knowledge gaps in the literature

thus motivating future research directions.

2.1 Introduction to Parkinson’s Disease

Parkinson’s disease (PD) first entered medical literature through James Parkinson’s

conjectures within his 1817 work “An essay on the shaking palsy” [25]. Although

Parkinson only provided observational details for six cases, he provided a ‘descriptive

7
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and vivid definition’ of the symptoms leading to a study in 1876 coining the disease

as ‘maladie de Parkinson’ [26, 27]. It was not until 1961 that the diminished activity

of dopamine within the brain was linked with the disease when the administration of

dopaminergic therapies found to heavily alleviate symptoms – a finding that would

lead to the author being awarded the Nobel Prize in Medicine in 2000 [28]. This

finding paved the way for many of the modern areas of research into PD including the

identification of more complex pathogenic mechanisms and treatment strategies [29].

Although the pathophysiology of PD is now linked to the gradual degeneration

of neurons within the substantia nigra which causes a reduction of dopamine uptake

in the basal ganglia, the underlying cause of the disease is unknown in the vast

majority of cases [30–32]. The basal ganglia plays a vital role in muscle control

and whose communication with the rest of the brain is facilitated through the

neurotransmitter dopamine. As gradual neuron death occurs in the substantia nigra,

less dopamine uptake occurs in the basal ganglia causing a loss of communication

between the brain and the muscles – giving rise to the dysfunctional motor symptoms

that define the disease [33].

The most common symptoms of PD are often abbreviated as TRAP: Tremor at

rest, Rigidity, Akinesia, and Postural instability [27]. Indeed, it is the presence of

these symptoms that are used to make initial disease diagnosis on purely clinical

grounds [34–36]. However, there is no definitive test for PD with these symptoms

commonly being used alongside medical history to form a diagnosis; often leading

to high misdiagnosis rates (with diagnosis confirmed by mid-brain autopsy) [9, 31,

37]. Additional and more subtle motor symptoms may present throughout disease

progression including swallowing [38], vocal [39–41], and ocular impairments [21,

42, 43]; although these are not integrated to the diagnosis decision. Perhaps the

most disconcerting characteristic of the disease, and that which presents the most

significant diagnostic challenge, is that roughly 60% of dopaminergic cells are lost

in the substantia nigra by the time the first symptoms appear [31].

Contrary to James Parkinson’s statement that “the senses and intellects” were

“uninjured” in sufferers of shaking palsy, it is now widely accepted that many non-
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motor symptoms occur in PD. The most frequently seen non-motors symptoms in the

PD population include cognitive impairment, depression, and sleep disorders [44–46].

Not only do non-motor symptoms cause significant morbidity during the later stages

of disease progression but the vast majority of people with PD report the presence of

at least one non-motor symptom, with many reporting that the impact of non-motor

symptoms have a larger affect on their quality of life than their motor counterparts

[10, 47, 48]. Indeed, whereas motor-symptoms tend to present and deteriorate,

non-motor symptoms such as memory impairment can be highly predictive of the

later development of additional non-motor symptoms such as dementia [49].

As an incurable neurodegenerative disease, treatments for PD are directed

at alleviating symptoms and slowing disease progression. Although the use of

dopaminergic therapy for the alleviation of motor symptoms was first demonstrated

in 1961, it took almost a decade of clinical trials before it was proved a widely

successful treatment [50–52]. Dopaminergic therapies, specifically levodopa (L-

Dopa) remain the most widely utilised treatment type and is considered the default

treatment due to its very high therapeutic power and affordability [53]. However, the

use of L-Dopa has been likened to ‘a double-edged sword’ on account of its ability to

alleviate some symptoms, whilst exacerbating others (levodopa-induced dyskinesia)

and having reduced beneficial effects over long time frames [54–56]. It was found

that between 30% to 50% of patients using L-Dopa developed levodopa-induced

dyskinesia within five years of usage and almost all patients experiencing negative

effects during the entire course of treatment [57, 58]. The use of neurostimulation of

the subthalamic nucleus, commonly referred to as Deep Brain Stimulation (DBS) is a

surgical alternative to dopaminergic therapies that has shown particular efficacy with

advanced stages of PD [59, 60]. Although the use of DBS sidesteps levodopa-induced

dyskinesia, its usage must be balanced against the surgical risk of the procedure [61].

As a brief aside on treatment, it is worthy to note that the term ‘Parkinson’s

disease’ is usually a shorthand expression for idiopathic Parkinson’s disease, which

falls under the parkinsonian disease family. Idiopathic Parkinson’s disease accounts
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for around 75% of parkinsonism whilst other disorders, grouped as atypical parkin-

sonism, present neuron death in the substantia nigra in addition to cell death in

the central and peripheral nervous systems [31]. As such, Idiopathic and atypical

parkinsonism present very similar symptoms and yet the use of L-Dopa in atypical

parkinsonism has little to no benefit to symptoms [62].

This introduction to PD is finalised by considering some of the longitudinal

disease progression characteristics and their implications. During the early stages of

the disease (often before diagnosis and the starting of treatment) motor symptoms

deteriorate rapidly [63]. Only after the emergence and deterioration of symptoms

will a patient typically seek a clinical diagnosis. Due to the affordability and

improvement of motor symptoms the vast majority of people with PD are given

dopaminergic treatment. The use of L-Dopa dramatically slows the rate at which

motor symptoms deteriorate although also induces the aforementioned negative

effects after extended usage [14]. Unfortunately, L-Dopa specifically targets the

motor symptoms, resulting in the continuation of non-motor symptom deterioration

[64]. However, the natural progression of PD is found to be highly heterogeneous

and non-linear across the population dependent on a myriad of factors including

age of onset, genetics, gender, and medical history [13, 65]. The presence and

severity of both motor and non-motor symptoms is highly variable for patients at all

stages of disease progression and is further complicated by the presence of treatment

induced complications [66]. Not only does symptom deterioration dramatically

impact quality of life, it also incurs a substantial cost to healthcare services and

roughly doubles the mortality ratios compared to the healthy population [13, 67].

2.2 Disease Clinical Assessment Tools

The challenges associated with the diagnosis and progression monitoring of PD

were highlighted in the previous section. Attention is now turned to describing the

current clinical techniques used for implemented disease assessment.

Although several scoring systems exist for PD assessment, such as the Hoehn-

Yahr [68, 69] scale and the Schwab and England scale [70], by far the most
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widely employed assessment tool is the Unified Parkinson’s Disease Rating Scale

(UPDRS); specifically the Movement Disorder Society sponsored revision version

(MDS-UPDRS) [71]. The scale consists of four main sections intended to assess

a wide range of disease characteristics:

• Part I : inspects 13 disease characteristics pertaining to “non-motor experiences

of daily living”.

• Part II : inspects 13 disease characteristics pertaining to “motor experiences

of daily living”.

• Part III : is commonly called the motor-UPDRS and contributes the largest

number of tests inspecting 33 disease characteristics and forms the “motor

examination”.

• Part IV : contributes six scores which pertain to “motor complications”

Each of the 65 disease characteristics are assigned a score between 0 (normal) to

4 (severe). The total MDS-UPDRS score is simply a summation of each individual

score, spanning 0 (completely normal) to 260 (severely disabled). The majority

of the Part I questions and all of Part II have been specially designed such as to

allow the patient or their caregiver to complete without the help of a movement

disorder specialist. Conversely, Parts III and IV necessitate the presence of a

movement disorder specialist to assign the scores.

Parts I and II ask the patient or caregiver to rate their ability to complete

everyday tasks and to rate the influence of certain non-motor symptoms (such as

daytime fatigue, urinary problems, or cognitive impairment) or motor symptoms

(such as eating, writing, or swallowing) on their severity.

Predictably, the motor-UPDRS (Part III) carries the most significance in the

scoring system. During the motor examination, patients undergo examinations

of their speech, rigidity, finger and toe tapping ability, gait characteristics, and

tremors. These are often repeated for both the left and right hand side of the body
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as asymmetry is inherent in disease manifestation [72]. Part IV focuses on the

fluctuation of motor symptoms and the degree to which dyskinesia exists.

Although the MDS-UPDRS wears the ‘gold standard’ belt for disease assessment,

it is widely accepted to suffer from many limitations. Firstly, as a movement disorder

specialist is required to complete the most important sections of the examination, the

MDS-UPDRS is required to be performed in a clinical environment. Combined with

the fact that the full MDS-UPDRS examination lasts roughly one hour, it would be

extremely expensive and intrusive to the daily life of the patient to undergo frequent

disease assessment. As such, a patient will usually undergo a full examination once

every three months at most. During their infrequent clinical visit, a patient may

undergo the full examination whilst off their medication (‘OFF’ state) followed by

an additional examination whilst on their medication (‘ON’ state); resulting in a

full assessment lasting many hours. All reported movement disorder specialists for

MDS-UPDRS completion are in tertiary healthcare environments. This type of

travel can be highly inconvenient for many patients living in rural areas. Bluntly, to

undergo assessment, an elderly patient with severe and disabling motor symptoms

may have to travel a long distance whilst having not taken their medication.

Secondly, as would be expected from any rating system wherein symptoms are

assessed by visual inspection, the MDS-UPDRS inevitably suffers from subjectivity

[37, 73, 74]. This subjectivity comes in the form of both inter-rater (between scorers)

and intra-rater (between the same scorer) adding unreliability to the system [23,

75–77]. In a recent study, the mean difference in inter-rater MDS-UPDRS variability

was reported to be between 1.7 and 5.4, whereby nurses, residents and movement

disorder specialists were found to consistently assign higher MDS-UPDRS scores

as compared to senior movement disorder specialist [23]. Thus, a patient may

be seen by a movement disorder specialist and assigned their total score. Three

months later they may return and be examined by a different movement disorder

specialist and receive a higher score. In this scenario it is extremely difficult to

clarify whether the increase in score is due to symptom deterioration or due to the

inter-rater subjectivity. If the score variability is treated as noise and is assumed to
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vary around the true score, it would simply be a case of repeating the assessment

at frequent intervals to compensate for the noise, but this is impossible due to

the points of the previous paragraph.

2.3 Disease Assessment Using Digital Sensors

On account of the shortcomings of the clinical scoring systems highlighted in the

previous section, the use of digital sensors to identify objective disease biomarkers

is widely sought. Wearable sensors, such as Inertial Measurement Units (IMUs),

have been extensively used for body motion analysis whereas microphones, eye-

tracking cameras, and most recently smart-phones have been used to assess other

motor and non-motor symptoms [78, 79]. Inertial measurement units are by far the

most widely used digital sensors in the study of PD due to their versatility and

affordability [21]. The usage of IMUs ranges from the collection of high quality

signals from specific body locations in clinical environments, to the use of the

smart-phone embedded IMU to conveniently collect signals ‘in the wild’. As will

be discussed later in this section, both of these usages of IMUs have advantages

and limitations for the purpose of PD quantification.

In this section, a literature review is presented on the usage of digital sensors

for the objective quantification of PD. This section begins by detailing the usage of

specific digital sensors (excluding smart-phones) for a range of individual clinical

tests followed by discussing the recent uptake of smart-phones at data collection

platforms for PD assessment.

2.3.1 Gait & Postural Instability

As many of the motor-UPDRS questions are directly compared with specific gait

and postural instability symptoms, it is the most studied area using digital sensors

[80]. The use of digital sensors for the quantification of gait was first published

in 1958 and included the use of pressure sensors and video cameras [81]. Today,

these same sensors (though technologically more advanced) are still considered

the ‘gold-standard’ for motion analysis. However, they are often very expensive



2. Background to Parkinson’s Disease 14

Figure 2.1: A crude gait measurement system. Figure reproduced with permission
from Wolters Kluwer Health, Inc. and Copyright Clearance Center, Inc. under License
Number 4423650476764. First published in 1953 by [91].

and are therefore only available in specific research laboratories [82, 83]. The

number of studies that utilise such technologies have decreased notably over the

last decade due to the availability of alternative and affordable digital sensors. The

studies that continue to use the ‘gold standard’ technologies almost exclusively

perform gait analyses [20, 84–87].

Although first conceived in 1783, it was not until 1961 that the accelerometer

was first used to measure gait; but proved too expensive and impractical for

widespread use [88, 89]. It was not until the last decade, with the reduction in cost

of microelectromechanical systems (MEMS), that the popularity of IMUs for motion

analysis increased dramatically [15, 90]. Figure 2.1 (first published in 1953 by [91])

provides a visualisation of the fundamental working principles of these types of

devices. As the child leaves a trace of motion on the window, the oscillation can

be observed and subsequently analysed for gait characteristics. For example, step

length could be calculated by measuring the distance between two peaks.

Within the study of motion abnormalities in PD, the use of IMUs have pre-

dominantly focused on identifying features that either show statistical differences

between people with PD and healthy controls (HC) or that correlate with clinically

assigned severity scores such as the UPDRS [92–94]. The investigated features
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tend to fall into one of two categories. In more clinically orientated studies, clinical

specific features such as motion speed, cadence, motion variability, and symmetry

are extracted from the signals [15, 95, 96]. Alternatively, in more technical studies,

the features extracted pertain to the statistical, frequency, and spatiotemporal

aspects of the signals [97–100]. Both approaches are valid and have shown capable

of identifying a range of features showing statistical difference between people with

PD and HCs. Often, the two feature sets are analogous to one another such as

the clinical feature ‘gait speed’ being represented by the technical extraction of the

IMUs signals dominant frequency. Indeed, the differences found between the groups

match intuition with HCs showing a faster gait speed, longer stride length, and

more symmetry [101, 102]. These same features (and their technical counterparts)

demonstrated a generally strong ability to correlate with various aspects of the

MDS-UPDRS with walking pace being the most widely studied variable; showing

a correlation coefficient often exceeding 0.5 [93, 102–106].

Although the study and quantification of the Freezing-of-Gait (FOG) phe-

nomenon is beyond the scope of this thesis, it is worthy of a brief note as it forms

a substantial proportion of existing motion analysis literature. During FOG, a

person with PD may become rigid and unable to move for up to several minutes

[107]. Studies of FOG typically only recruit people with PD and attempt to find

characteristics within the IMU signals that identify a freezing period [108–110].

The challenge in assessing FOG is that it usually presents in a later stage of

the disease, and its occurrence can be unpredictable (though commonly induced

by gait initiation or turns) [111]. Many of the studies investigating FOG suffer

from low subject numbers, with an even smaller number presenting FOG episodes

for assessment [20]. For a more exhaustive review on FOG quantification, the

reader is directed to [110, 112–114].

The many studies objectifying gait features tend to have a high level of agreement

with regards to which features show differences between PD and HCs. Conversely,

the commonly used clinical Sway test produces many conflicting opinions in the

literature when measured using digital sensors. Whereas some studies have suggested
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the Sway test produces features distinct to PD [115–119], and even the potential to

perform early diagnosis [120], other studies disagree or report uncertainty [121–123].

As the sway test is intended to assess postural instability (a cardinal symptom of

PD), it would be expected to show differences between disease groups. In studies

that discovered features showing significant differences, the jerkiness of posture,

high frequency power, and total distance moved were the most commonly reported

features, although not unanimously [20].

Due to versatility of IMUs, many studies have placed them at various locations

on the body including the upper and lower limbs and on the torso [100, 123–125].

Studies utilising IMUs at multiple locations have shown the ability to detect

asymmetric gait properties which can further differentiate people with PD from

HC [96, 125, 126]. However, the variability of sensor placement has also been a

hindrance in the generalisation of these results because studies extract different

features (clinical or technical) from sensors at different body locations whilst

completing tasks with differing experimental protocols [80]. As such, the optimal

sensor arrangement for symptom objectification is yet to be identified as multiple

confounding factors between studies are difficult to account for.

Surprisingly few studies have gone beyond traditional hypothesis testing and

correlation analyses to perform classification or regression tasks using gait and

sway tests, particularly with the use of IMU data. The use of Linear Discriminant

Analysis (LDA) alongside the gait data collected from seven PD and seven HC

participants using a high resolution video system yielded classification accuracy of

95.5% [127]. The features used in this study were entirely technical having been

extracted from the pixel properties of each video frame. As this is an expensive

sensor setup deriving abstract features from a small number of participants, this

study makes for a good example of un-generalisable results. A k-Nearest Neighbour

classifier was implemented on a cohort of 20 participants (10 HC: 10 PD) achieved

a classification accuracy of 89% wherein IMUs were attached to the left and right

leg during a period of gait [128]. However, all diseased participants were receiving

DBS treatment therefore their symptoms were likely highly pronounced, biasing
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the classification accuracy. On a similarly sized cohort (17 HC: 10 PD), [129]

implemented a simple decision boundary classifier yielding an accuracy of 96.3%

using data collected from a single waist mounted IMU during gait. However, this

very high accuracy is here attributed to the nature of the small cohort. Indeed,

the clinical features of this cohort showed no meaningful correlations with the

MDS-UPDRS, contrary to the majority of existing literature [102, 104, 105, 130].

A linear Support Vector Machine (SVM) classifier was implemented during a gait

test by [98] on a cohort of 34 PD participants and 4 HC participants yielding

mis-classification rates of 22.5%. On such a limited and imbalanced dataset this

result is highly unsuccessful. The most exhaustive use of gait IMU data for disease

classification is that presented by [131]. A large cohort of 135 PD and 66 HC

participants underwent classification using data arising from IMUs at six body

locations. Using a clinical feature set, logistic regression was implemented achieving

an Area Under the Receiver Operator Curve (AUROC) of 0.82. Furthermore, this

study also performed classification using data from the Sway test using the same

experimental set-up and cohort. Although the sway test yielded poorer classification

results in comparison to the gait test (AUROC = 0.75), it still demonstrates on

a large cohort that the sway test shows some level of disease discrimination. In

a similar fashion, [115] found that in their cohort (12 HC: 13 PD) the majority

of PD participants showed little visual postural disturbances, but significant sway

impairment (as measured by a waist mounted IMU) leading to an AUROC of 0.93.

2.3.2 Tremor & Bradykinesia

In order to suitably quantify PD severity using tremor, it is firstly necessary to

distinguish tremors that are indicative of PD, including Resting Tremor (RT)

and Postural Tremor (PT), from tremors that result from other disorders, such

as Essential Tremor (ET) [35]. Tremor distinction plays a vital role in guiding

the appropriate course of treatment. Although many studies exist that have

attempted this, tremor distinction continues to be a major challenge often leading

to high misdiagnosis rates [132–134]. Nonetheless, differentiation between PD
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and HC participants has still shown much promise due to the nature of PD

tremor development usually being asymmetric and occurring when the limbs

are stationary [135].

As for gait and postural instability assessment, there exists a set of questions

within MDS-UPDRS Part III dedicated to tremor assessment, which is performed

visually by a movement disorder specialist. Inertial Measurement Units are again

the most common type of digital sensor used for tremor assessment, followed

by smart-phones – whose usage will be discussed later in this section [80]. As

tremors can occur on either the upper and lower limbs, IMUs are particularly

suitable for measurement due to their unobtrusiveness and ability to be placed at

multiple locations. Similarly, the MDS-UPDRS Part III contains three sections

dedicated to bradykinesia assessment: finger tapping, hand opening and closing,

and hand pronation/supination. A range of sensors have been used to quantify

these tasks including IMUs, Musical Instrument Digital Interface (MIDI) keyboards,

contact-pads, smart-gloves, and smart-phones [136–140].

Unlike the feature sets extracted for gait quantification, there exists no clinical

feature set for tremor quantification. Rather, all features used to quantify tremor

are technical/signal based. From the temporal domain, IMU signal features such

as entropy, root mean square, and amplitude variation have shown to correlate

highly with the tremor related sub-sections of the MDS-UPDRS [141]. The majority

of signal based features showing correlation and disease differentiation however

originate from the frequency domain [142, 143]. Through inspection of the frequency

spectrum it has been shown that tremor is characterised by an increase of power at

higher frequency bands [144–147]. Specifically, RT has a larger presence in the 4 - 6

Hz band whereas PT has a larger presence in the 4 – 9Hz band [148]. Alternatively,

the use of discrete wavelet transformations have also shown capable of producing

disease differentiating features from the wavelet-decomposed frequency spectra [149].

For the quantification of bradykinesia, both clinical and signal features are

extracted from digital sensors. The most common clinical feature which is highly

interpretable is the total number of taps a person makes in a defined period
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of time [138, 150, 151]. This feature is widely reported to correlate with the

associated MDS-UPDRS sub-section score as well as the motor-UPDRS whilst

showing differentiating properties between disease groups [152, 153]. Clinical

features peripheral to the total number of taps, such as tapping speed, rhythm, and

fatigue are also commonly reported as showing disease differentiating ability [99,

154]. The signal based features originate from both the temporal and frequency

domain and include amplitude (interpreted as opening and closing ability) and

dominant frequency (interpreted as of speed tapping) [99, 155–157]. Indeed, both

feature sets have even shown to correlate significantly with MDS-UPDRS measures

whilst simultaneously producing higher intra-test reliability than clinician based

scoring [158]. Similar to the gait tests, in a bid to quantify bradykinesia different

studies have adopted different experimental protocols and sensor arrangements

and thus restricting the generalisation of results [1].

Many studies have performed classification tasks using tremor and bradykinesia

data. A simple threshold decision system achieved a sensitivity and specificity of

88.7% and 89.5% respectively at identifying wrist tremor on a cohort of 85 PD

patients [159]. This study however collected data continuously over the course of a

day and focused on the time a tremor was present, as opposed to specific tremor

types. On a smaller cohort of 18 PD patients and five HCs, an impressive 87%

accuracy is reported for predicting severity prediction when using a hidden Markov

Model (HMM) [160]. This study utilised an extensive sensor network at both wrists,

both ankles, chest, and lumbar. Using an unspecified classification technique, the

power spectral density and entropy of accelerometer signals achieved a sensitivity

of 80% and specificity of 90% at differentiating the tremor of 20 PD patients

from the essential tremor of 20 participants [149]. There are fewer investigations

into disease classification using bradykinesia tasks, and those that do exist tend

to show a slightly weaker disease classification ability than tremor tasks. Using

a multi-centre cohort (10 HC: 95 PD) an average disease classification accuracy

of 86% was achieved through the use of a simple finger tapping task utilising a

personal handheld computer [161]. In contrast, very mixed ability to perform disease
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classification using tapping IMU data was reported using a SVM wherein sensitivity

and specificity ranged from 0.95 and 0.83 to 0.57 and 0.79 respectively [162]. A

secondary use of a SVM for classification utilised a large sensor network throughout

a range of motor tests for bradykinesia [163]. The severity of bradykinesia was

predicted with an average estimation error of 2.2% on a cohort of 12 PD patients

when compared to clinically assigned MDS-UPDRS Part III sub-sections.

2.3.3 Speech

As people with PD predominantly exhibit visible motor impairments such as postural

instability and bradykinesia, its manifestation in speech is somewhat less intuitive.

However, dysarthria is a motor speech disorder which is symptomatic of several

neurodegenerative diseases including PD [164, 165], multiple sclerosis [166], and

Huntington’s disease [167]. The pathophysiology of dysarthria in the case of PD

stems from degradation of neurons within the substantia niga, leading to a reduction

of control of the cranial nerves (specifically the vagus nerve) which control the

oscillation of the vocal cords [168]. Dysarthria, since first noted in PD in 1963,

has been widely reported at many stages of disease progression with a prevalence

of between 70 – 90% [169, 170]. As audio recording technologies and analysis

techniques have become widespread and affordable, the quantification of dysarthria

through objective biomarkers has become an active area of research [86].

The primary characteristics of dysarthria within PD include a reduction in voice

volume, a breathy voice, poor articulation, jerky or arrhythmic speech, and the

tendency to talk in a monotonous manner [165, 171]. The standard protocol for

the assessment of vocal impairment involves a patient holding a sustained vowel

phonation, typically /a/ (“ahh”), for as long as possible.

A wide array of signal processing techniques have been proposed so as to

extract quantitative dyphonia measures that identify dysarthria. One of the central

principals to voice analysis involves determining the vocal fundamental frequency

(frequency of vocal fold oscillation). Indeed, variable fundamental frequency

and variable amplitude were two of the first recognised objective measures to
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be observed in PD patients [169, 172]. These features were further investigated and

validated using larger sample sizes and more technologically advanced recording

techniques [173–175]. Subsequently, studies comparing these characteristics between

PD patients and HCs discovered a significant reduction in the variability of

fundamental frequency and its amplitude [176]. Variable fundamental frequency

corresponds to jerky and arrhythmical speech whereas the variable amplitude

commonly demonstrates a reduction in volume [176].

The techniques employed to estimate fundamental frequency from raw audio

signals range from temporal domain procedures including autocorrelation [177, 178],

cross-correlation [179], and peak detection [180] and frequency domain procedures

such as discrete Fourier transform [181, 182], sub harmonics ratios [183], and

discrete wavelet transformations [184]. Due to the availability of many fundamental

frequency estimation algorithms, the use of ensemble approaches to fuse their

estimates has also been proposed [168].

Upon the estimation of fundamental frequency, numerous methods for quantify-

ing its variability have been proposed. A brief summary of the most commonly found

algorithms are given below alongside references to recommended further reading:

• Jitter – quantifies the cycle-to-cycle duration variation of the fundamental

frequency [185]

• Shimmer – quantifies the cycle-to-cycle amplitude variation of the fundamental

frequency [180]

• Harmonics to Noise Ratio and Noise to Harmonics Ratio – quantifies the

quantity of noise within the vocal recording relative to the fundamental

frequency. The presence of noise in a vocal recording can be symptomatic of

incomplete vocal fold closure [186]

• Mel Frequency Cepstral Coefficients – is an abstract frequency domain tech-

nique intended to estimate the source of the fundamental frequency which

may be interpreted as studying the organs peripheral to the vocal cords. This

tends to involve performing an inverse frequency domain procedures [168, 170]
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Many studies have utilised these features for the purpose of disease classification

and severity monitoring. The seminal work in the field achieved a classification

accuracy of 91% utilising a SVM with a radial basis function on a cohort of 31 (8

HC: 23 PD) [187]. The success of this study is partially attributed to the novel

feature selection strategies employed as well as the definition of a novel dysphonia

feature. The dataset used in this study was subsequently made openly available

and has undergone classification by other researchers. The use of fuzzy c-means

clustering yields an accuracy of 96% whilst alternative SVMs, k-NN, and artificial

neural networks also commonly yield accuracies above 90% [188–192]. The clear

limitation of all these results is the use of a highly imbalanced dataset in which 20

of the 23 PD participants have a Y&H score that is considered ‘Mild/Severe’ or

above. An alternative classification study using a larger dataset with a wider range

of severities noted a large decrease in accuracy to 79% when utilising a Gaussian

mixture model on a cohort of 23 PD participants and 23 HCs [193]. Interestingly, the

only overlapping feature used by [193] and [187] were measures of the fundamental

frequency (not including its variable nature). Severity prediction has also been

performed using several techniques on different datasets. Using 42 participants with

PD, [39] performed longitudinal regression using a random forest over the course of

six months and achieved total MDS-UPDRS errors on average of 7.5 points different

from those assigned by a clinician. Similarly, the authors continue to apply their

methodology to a cohort of 52 PD patients and achieve errors of only 6.9 MDS-

UPDRS points [184]. On another dataset of 99 PD patients, a mean absolute error

of 4.6 was achieved using an almost identical feature set and a linear SVM [175].

2.3.4 Memory

Cognitive and memory impairments have been reported in all stages of PD progres-

sion and have been shown as a preceding symptom of Parkinson’s disease dementia

[194]. Procedural memory impairments are associated with damage to the basal

ganglia and are therefore often pronounced in people with PD [195]. Procedural

learning, otherwise known as implicit memory, governs the ability to learn a task
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through practice [196]. Often, the task being learnt will relate to both motor and

non-motor skills whose implementation requires more than theoretical learning [197].

The most common test used to assess implicit memory is the Serial Reaction

Timed Test (SRTT) [198]. During the SRTT, participants are asked to respond as

quickly as possible when presented with a sequence of visual stimuli. Commonly,

there will be four stimuli whose positions vary spatially on a screen, and upon being

presented with each stimuli the participant must respond by pressing one of four

corresponding keys. Unbeknown to the participants is that the sequence of the

stimuli is the same for each implementation. As such, after repeating the SRTT

multiple times, one would be expected to memorise the sequence and subsequently

decrease the reaction time to each stimuli. Via measuring the time taken by a

participant to react to each stimuli over the course of multiple implementations,

it is possible to quantify the rate of learning. Indeed, using such an approach has

repeatedly demonstrated that people with PD show a significant impairment in

memorising the sequence when compared to healthy controls [199–204]. In the

largest meta-analysis of the SRTT utilising 13 recent studies (220 HC : 185 PD),

the reaction time for HCs was found to decrease by an average of 99.1 milliseconds

compared to an average decrease of 76.6 milliseconds in the PD population [197].

All 13 studies included in [197] systematically reported higher reaction times in

the PD population after multiple implementations of the SRTT. All of the studies

investigating implicit memory deficits in PD have focused on identifying statistically

significant differences in reaction times, with none continuing to assess the ability

of memory deficits to predict disease presence or severity.

2.3.5 The Capability of Smart-phones

The current state-of-the-art technique for disease quantification, which has purposely

been saved for last in this review, is the usage of smart-phones. Whereas the

previously discussed studies focused on assessing one aspect of PD using a single

sensor type, such as an IMU or an audio recording device, the embedment of

multiple sensors within smart-phones facilitates multiple aspects of the disease to
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be assessed using a single device. Furthermore, over 3.3 billion smart-phones are in

use globally with 70.8% of the United Kingdom population owning a smart-phone,

a proportion of the population that has monotonically increased since records began

[205, 206]. As such, leveraging the widespread usage of smart-phones presents the

opportunity to provide affordable healthcare on a previously unseen scale [207].

Indeed, smart-phones are already widely used for assessing a myriad of medical

disorders including mental health [208, 209], cardiac health [210, 211], and diabetes

[212, 213]. It therefore comes as no surprise that smart-phones are now being

explored as a potential platform for objective PD assessment; proving applicable

to both the academic and industrial agendas [214].

Smart-phones have been used for multiple types of PD assessment in both

clinical and remote environments. Many of the clinical based studies focused on

validating the efficacy of smart-phones to replace traditional IMUs for the assessment

of gait, tremor, and bradykinesia. An emerging field of work, and that which is

most novel and relevant to this thesis, entails the use of smart-phones in remote

environments. As the state-of-the-art disease assessment sensor, smart-phones are

less widely used and therefore occupy less of the literature than the traditional

sensors outlined in the previous sections. Here, an overview of smart-phone usage

in clinical environments and remote environments is provided.

Of the studies utilising smart-phones for the purpose of gait quantification in a

clinical environment, study objectives were either focused on finding correlations

between the features extracted by smart-phones and by those extracted by traditional

IMUs [215–218] or on the classification of FOG [216, 219–221]. A cohort of 49

participants performed the common clinical Timed-Up-and-Go test whilst wearing

a waist mounted IMU and a smart-phone [216]. Despite the smart-phone having a

smaller sampling frequency, the features showed a high level of intra-sensor reliability

[0.92]. Throughout these gait clinical studies, the smart-phone placement varies

and is a research interest in its own right with the most common locations being

the lumbar, front trouser pocket, or ankles [222–225].
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The use of smart-phones for tremor assessment in clinical environments is

commonplace, often validating the ability of the IMU within smart-phones to

collect temporal and frequency based features that correlate with motor-UPDRS

sub-sections [226–228]. Disease differentiating features have been validated [219]

wherein PD tremor presented significantly higher power at higher frequencies when

compared to essential tremor, consistent with the findings of traditional IMU

usage. Tremor classification has also been shown possible; on a cohort of 14 PD

participants and 18 HCs, Parkinsonian tremor was differentiated from essential

tremor with an accuracy of 96% using smart-phones [229]. Bradykinesia studies

follow suit, presenting a range of studies successfully replacing traditional IMUs

with smart-phones for identifying disease differentiating features (such as total

number of taps) [230, 231] and for features which correlate with clinically assigned

UPDRS [138, 139, 156, 228].

In the context of PD assessment, the true power and potential of smart-phones

lies in their ability to be used remotely. This presents the opportunity for users to

complete a range of tests on a much more frequent (often a daily) basis. Whereas

the majority of clinical based smart-phone studies have focused on a specific aspect

of the disease (such as gait), the new wave of remotely based studies collect and

fuse multiple data types. Most commonly, the IMU will be used for gait, postural

instability, tremor, and bradykinesia alongside the microphone being used to assess

dysphonia. Furthermore, novel test types intended to assess non-motor disease

symptoms have been incorporated into smart-phones. Memory and reaction tasks

have been introduced wherein the touch-screen presents a suitable means of assessing

short-term memory and the commonly used Serial Reaction Time Test (SRTT) [199].

Several of the data collection applications also enable users to report demographic

data, medication usage, and complete sub-sections of the MDS-UPDRS Parts I and

II; providing an alternative metric to the clinically assigned MDS-UPDRS.

As data from multiple test types is collected (for example gait, tremor, and

voice), many papers report the classification or regression results when utilising all

data types together; often without reporting the results of each test individually
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[79, 232, 233]. Unlike their clinical counterpart studies, the features extracted from

remotely performed tests are almost entirely focused on technical/signal based

features [2, 79, 220, 234, 235]. Most striking about the results of studies using

remotely collected data is the highly variable nature of their conclusions. Several

remotely conducted studies report the correlations between signal features and self-

assigned MDS-UPDRS as well as the ability of these features to differentiate between

disease groups that are consistent with the clinical findings [228, 236]. Whilst fusing

features collected remotely from gait, postural instability, voice, bradykinesia, and

reaction tests a classification accuracy of 98.5% is reported in a pilot study utilising

a cohort of 20 participants (10 HC and 10 PD) [99]. On the other hand, other

remotely conducted studies observe a dramatic decrease in correlation strength and

classification ability, with [237] reporting classification accuracies as low as 50% on a

larger cohort of 46 (23 HC and 23 PD). However, the same study reported postural

instability as yielding a higher classification accuracy (∼60%) when compared to

the gait test (∼50%) – a finding that is in direct contradiction to the corresponding

clinical findings. These conflicting conclusions have also been seen during the remote

identification of medication response [79, 238] as well as FOG [239, 240].

The most notable benefit of the studies utilising remotely collected smart-phone

data is the inclusion of high frequency longitudinal data [78, 79, 223]. This previously

unseen form of data has given rise to the first personalised modelling analyses. Thus

far, these studies have been entirely focused on medication response using data

from the voice, tapping, and walking activities [237, 241].

More recently, smart-phones have been used for passive data collection [79, 223,

242, 243]. This requires no active involvement by participants; the smart-phone

application continuously collects data even when the application is not actively

being used. Studies utilising such data have focused on performing Human Activity

Recognition (HAR) tasks, such as differentiating periods of walking from sitting

or lying down, as opposed to disease classification [244, 245]. However, the vast

majority of this data in unlabelled and suffers from a large degree of noise, making

the extraction of disease specific features challenging [1, 79]
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2.4 Discussion

Digital sensors have unequivocally demonstrated the ability to perform objective

assessment of numerous PD symptoms. This chapter has outlined their usage

in clinical and remote environments and highlighted their current successes and

shortcomings whilst introducing the future trends and possibilities. This discussion

summarises these findings with the intention of revealing the knowledge gaps

needing to be addressed in order to advance the techniques of objective, robust,

and clinically relevant disease assessment.

The primary and recurring limitation of studies utilising digital sensors in a

clinical environment is small cohort sizes. Indeed, a recent review of studies utilising

wearable sensors discovered that 70% of 136 studies had a cohort size below 30,

whereas another review found 65% of 848 studies had a cohort size below 30 [20,

80]. Furthermore, many cohorts lacked a diverse range of participants in relation

to disease severity; with a disproportionate number of PD participants having

mild or severe symptoms [80, 187]. Due to the many studies utilising digital

sensors presenting results from small cohorts with developed symptoms whilst

using different sensor arrangements and experimental protocols, there is yet to be

a consensus on the optimum way to measure specific symptoms. As such, it is

important to perform more comprehensive studies consisting of participants at all

stages of disease progression. Furthermore, in the case of body motion analysis,

future studies need to utilise larger IMU networks capable of measuring symptoms

at multiple locations of the body. Via inspecting which sensors are capable of

robustly measuring specific symptoms, conclusions can be drawn regarding the

most efficient and reproducible sensor arrangement. Finally, as clinical based

studies utilising digital sensors are almost entirely cross-sectional, a significant

knowledge gap exists regarding longitudinal development and variation of objective

measurements. The studies that have performed longitudinal analyses consist

of infrequent measurements over long time frames and have suggested changes

in objective measures can be detected. The currently emerging datasets that

utilise larger cohorts and sensor networks should aim to perform regular follow
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up measurements with the aim of detecting objective measurements of disease

development. Overcoming such limitations in clinical disease assessment are the

primary objectives of the analysis performed in Chapter 5.

The use of smart-phones in clinical environments has also proven highly capable

of objective disease assessment. However, their potential role for disease assessment

in remote environments is still shrouded in uncertainty due to conflicting results and

lack of test-specific conclusions. Many researchers have proposed that environmental

noise is responsible for the decrease in disease classification accuracies and yet do not

define the source of noise nor which test is most susceptible to noise. Furthermore,

new and non-clinically validated tests have been incorporated into the data collection

platforms which have yet to undergo examination and whose efficacy for disease

assessment is unknown. An additional source of uncertainty in remotely collected

datasets is the use of self-reported severity scores. Although the MDS-UPDRS

Parts I and II have been designed to be completed by patients or caregivers, this

has only been validated on small sample sizes and is likely to further contribute

inter-rater subjectivity to the already inherent variable nature of the MDS-UPDRS

scoring system. Nonetheless, participant numbers are vastly larger in remotely

collected datasets with the largest such dataset containing over 8,000 participants;

many of whom contribute multiple types of test data on a longitudinal basis [78].

This presents the opportunity to determine the relationships between tests and

their respective symptoms, whilst tracking their longitudinal development in a

non-invasive and affordable manner. The efficacy of using remotely collected data

to perform these tasks is addressed in Chapters 6 and 7. Finally, the similarities

and discrepancies between the quality of data collected in clinical and remote

environments is yet to be formally assessed and has thus far only been subject

to conjecture. The ability to transition a clinically validated objective assessment

technique is yet to be implemented on a remote dataset. As such, the aim of

chapter 8 is to perform a quantitative comparison between a clinically collected

and a remotely collected dataset.
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Although many clinical and data science related challenges exist in remotely

collected datasets, their richness and diversity enable new types of disease assess-

ment (including personalised monitoring) to be performed which may lead to the

identification of novel disease characteristics.



3
Outline of Technical Methodologies

The aim of machine learning is to automate the process of pattern recognition for

the purpose of making predictions. Traditionally, machine learning attempts to

learn the association between a set of measured data with a corresponding set of

outcomes. The measured data is composed of observations and features. From each

observation, a consistent set of p features, x ∈ R1×p, is measured alongside the

corresponding outcome, y. When data is collected from multiple observations, the

measured data is assembled into a design matrix, commonly denoted as X ∈ RN×p

where N is the number of observations. Similarly, if a single outcome is measured

for each observation, all outcomes are assembled into a response vector, denoted

as y ∈ RN×1. It is the role of machine learning to learn the function - or model -

f(·) that solves y = f(X). This scenario, wherein the outcomes of each observation

have been measured, is known as a supervised learning algorithm. Alternatively,

during unsupervised learning the outcomes of the observations are unknown.

3.0.1 Single and Multi-Source Datasets

Machine learning in its most traditional form entails the mapping of one set of

features onto one set of outcomes as described in the previous passage. However,

recent technological advances have dramatically altered the techniques in which

data is collected. Consequently, vastly greater quantities of disparate data types

can now be collected from the same set of observations. This has given rise to

a family of machine learning algorithms that utilise multiple types of measured

data in order to make predictions.

In a single source dataset (Figure 3.1(a)), a single set of data, X ∈ RN×p, has

been collected with the intention of predicting a single outcome vector, y ∈ RN×1.

30
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Figure 3.1: Visualisations of (a) a single source dataset composed of N observations and
p features and (b) a multi-source dataset composed of N observations and three separate
sources of data contributing a total of ∑3

i=1 pi features.

This is the most common form of dataset wherein the features within X have been

collected from a single source or test. As above, the form of the machine learning

task when utilising a single source dataset is y = f(X).

Conversely, a multi-source (also known as a multi-modal) dataset (Figure 3.1(b))

is one in which multiple sets of data have been collected from the same observations

with the intention of predicting a single common response vector. Each source

provides a different set of features for each observation. An example of a multi-source

dataset would be the data collected during a hospital visit wherein a separate set of

features comes from blood, urine, electrocardiogram, and x-ray tests. The purpose

of the machine learning task utilising a multi-source dataset is to learn a single

model using all of the data sources. Thus, the form of the machine learning task

when utilising a multi-source dataset would be y = f(X1,X1,...,XS) where S is the

total number of sources or tests contributed by each observation. Alternatively, it is

viable to consider a multi-source dataset as a set of S single-source datasets wherein

a separate f(·) is determined for each source individually such as y = f1(X1).

3.1 Statistical Approaches to Data Analysis

There are two stages of statistically analysing a dataset: exploratory and confirma-

tory. During exploratory analyses, the underlying characteristics of the data are

revealed in order to motivate the future direction of analysis. This commonly is
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performed through visualisation of the distributions within and the relationships

between different components of a dataset. Once a research objective and hypothesis

has been formulated (based on the results of an exploratory analysis), a confirmatory

analysis is used to either prove or disprove the hypothesis; usually through the

use of a statistical hypothesis test.

3.1.1 Correlation Analysis

Correlation analyses are used for determining the association or dependence between

sets of random variables and is considered an exploratory analysis. This relationship

is usually quantified through the correlation coefficient which determines the joint

variability of the random variables. Most frequently reported for continuous-valued

data is Pearson’s correlation coefficient [246], wherein the covariance of the two

measurements is scaled by their standard deviations:

Corr(X, Y )Pearson = Cov(X, Y )√
Var(X)Var(Y )

=
∑i=1
n (xi − x̄)(yi − ȳ)√∑i=1

n (xi − x̄)2 ∑i=1
n (yi − ȳ)2

(3.1)

where X and Y are the two sets of random variables, and x̄ and ȳ are their mean

values respectively. Pearson correlation coefficients are always within the range

[-1 +1]. A correlation coefficient of +1 indicates a perfectly proportional and

linear relationship between the measurements whereas a correlation coefficient of -1

indicates a perfectly inversely proportional and linear relationship. A correlation

coefficient of 0 indicates no covariance exists between the measurements and they

are independent.

Alternatively, Spearman’s rank correlation coefficient determines the monotonic

relationship between two measurements [247]. This correlation approach is therefore

less concerned with the similarity in value of two random variables, and more

concerned with whether an increase in one measurement corresponds to an increase

in the other measurement. Formally:

Corr(X, Y )Spearman = 1− 6 ∑n
i=1(xi − yi)2

n(n2 − 1) (3.2)



3. Outline of Technical Methodologies 33

The range of the Spearman rank correlation coefficient is also [-1 +1] with positive

coefficients demonstrating a proportional relationship and a negative coefficients

demonstrating an inversely proportional relationship.

3.1.2 Hypothesis Testing

Hypothesis tests are performed in order to statistically confirm or reject a hypothesis

regarding a set of collected data and therefore is a form of confirmatory analysis[248].

A null hypothesis is defined concerning an expected finding within the collected

data, such as whether two samples originate from the same distribution [249].

Performing a hypothesis test produces a significance value, referred to as a p-value.

A hypothesis test result is considered to be significant if it has been deemed to

have not occurred due to chance, as governed by a threshold p-value known as the

significance level. Commonly, the highest significance level used is 0.05, representing

a probability of 5% of getting the observed value of the test statistic, or a value

with greater evidence against the null hypothesis.

There are a myraid of hypothesis testing techniques, all of which are accompanied

by a specific set of assumptions regarding both the data and the hypothesis.

However, hypothesis tests can be divided into two key types: parametric and

non-parametric [250].

Parametric approaches are the most widely used hypothesis testing techniques

and inherently assume an underlying distribution to the data. Examples of

parametric hypothesis tests include the independent t-test and the paired t-test

[251]. The former of these methods would be suitable to test whether two random

variables (both of which are assumed to be Gaussian distributed) are likely to

belong to the same population distribution. Alternatively, the paired t-test is

more applicable to testing whether a distribution has changed significantly; such as

whether the distribution of a random variable is altered due to a external factor.

Conversely, non-parametric hypothesis tests do not assume a prior knowledge

of the distribution of the data. Examples of non-parametric hypothesis tests

include the Kolmogorov-Smirnov test and the use of bootstrap sampling [252,
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253]. The former of these methods directly compares the similarity between

the cumulative distribution functions of two random variables, making no prior

assumption regarding their distribution. Bootstrap sampling entails randomly

sampling each measurement set separately (with replacement) and calculating a

test statistic, commonly referred to as a bootstrap statistic. Consequently, when

this is repeated many times new distributions are formed of the bootstrap samples

enabling the use of either parametric or non-parametric hypothesis tests on the

new distributions. Bootstrap sampling is particularly well suited for hypothesis

tests wherein few (under 30) samples are present [254].

3.2 Standard Machine Learning Models

Supervised machine learning tasks can be divided into two types depending on

the form of the outcome measure. If the outcome measure is discrete (such as

male/female or diseased/not diseased) the problem is one of classification where

the machine learning task attempts to correctly categorise each of the observations.

Conversely, if the form of the outcome measure is continuous (such as height or

blood pressure) the problem is one of regression where the machine learning task

attempts to estimate the value of the continuous outcome. In unsupervised learning,

where no outcomes exist, techniques such as clustering are commonly employed

such as to group similar sets of observations.

3.2.1 Linear Regression

To introduce the model notation used throughout this work, the linear regression

model is presented as the simplest traditional regression technique [255]. A general

linear regression model containing p dependent variables is defined as:

ŷ = β0 + β1x1 + β2x2 + ...+ βpxp

= β0 + xTβ
(3.3)

where ŷ is the model prediction, x = [x1, x2, ..., xp] are the feature values, β =

[β1, β2, ..., βp] are the model weightings of each feature, and β0 is the model intercept.
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The model weights and intercept are easily optimized via the minimization

of the residual sum of squares between the model’s estimated response, ŷ, and

the true response, y:

arg min
β,βo

N∑
i=1

(ŷi − yi) (3.4)

which when substituting in Equation 3.3 becomes:

arg min
β,βo

N∑
i=1

(β0 + xTβ − yi) (3.5)

which, when assuming that the number of observations is larger than then number

of features, can be solved algebraically.

3.2.2 Logistic Regression

Logistic Regression (LR) defies its namesake in that it is a classification technique.

It is a probabilistic discriminative model that determines the probability of a feature

vector as belonging to a discrete outcome. The key difference between logistic

regression and linear regression is the choice of prior placed on the model output. Via

the use of the logistic function, the output of logistic regression is bounded between 0

and 1. The logistic function (otherwise known as the Sigmoid function) is defined as:

σ(x) = ex

1 + ex
(3.6)

for the independent variable x [256]. Formally, we can define a logistic regres-

sion model as:

σ(β0 + xTβ) = p(y = 1|x, β0,β) = eβ0+xTβ

1 + eβ0+xTβ (3.7)

where β0 is the model intercept and β are the feature weightings.

The β coefficients are determined using Maximum Likelihood Estimation (MLE)

of the training data. The ith training point has a label, yi and a corresponding

feature vector, xi. As such, the probability of all N training points given a

set of coefficients is given by:
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L(β) = p(y|β) =
N∏
i=1

p(xi)yi(1− p(xi))1−yi) (3.8)

For mathematical convenience the coefficients that optimize the log-likelihood

are found via taking the natural logarithm of Equation 3.8 and substituting in

Equation 3.7, thus yielding:

L(β) =
N∑
i=1

yi(β0 + xTβ)− ln(1 + β0 + xTβ) (3.9)

which can be solved through finding the β which causes the first derivative to

be equal zero:

δL(β)
δβ

=
N∑
i=1
xi(yi − p(xi)) = 0 (3.10)

As Equation 3.10 is transcendental, its solution is approximated numerically.

3.2.3 Regularisation & Feature Selection

Regularisation is widely employed across many ill-conditioned (p > N) machine

learning applications so as to reduce the degree to which a model ‘overfits’ to the

training data. Overfitting occurs when a model’s parameters are highly sensitive to

the training data which often leads to poor generalisation and model performance

when applied to new test data. Addition of a regularisation term to a model’s loss

function during the determination of the coefficients results in a less complex and

more general model. Furthermore, regularisation can serve a second purpose in

the form of feature selection. Feature selection is an essential component to the

successful development of classification and regression models and often improves

the performance and interpretability of a model. The inclusion of redundant features

during model development is associated with several detrimental factors including

overfitting and increasing the computational complexity.

In this section, two regularisation techniques that are commonly utilised during

the development of linear regression and logistic regression models are outlined

alongside their respective capabilities of performing feature selection.
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Figure 3.2: A schematic of the `1 and `2 regularisation approaches. The grey dotted
line corresponds to an isobar of constant model loss as achieved at each combination of
β1 and β2. The model parameters that correspond to this loss, whilst constrained by the
`1 and `2 regularisation terms, are shown by the red and blue circles respectively. It is
evident that in plot (a) sparsity is not induced as is the case in plot (b) where β1 = 0.

Tikhonov Regularisaion

Tikhonoc Regularisation, commonly referred to as Ridge regularisation, utilises

an `2-norm regularisation term [257, 258]. Figure 3.2(a) demonstrates how the

geometric interpretation of the `2-norm corresponds to the Cartesian distance from

the origin of two parameter values. The level of regularisation introduced to the

model is governed by the shrinkage parameter variable, usually denoted as r. During

optimisation, the sum of absolute error penalty (∑n
i (yi−ŷi)2) is minimised subject to

the shrinkage constraint ||β||2 ≤ r. Ridge regression, expressed in Lagrangian form is

arg min
β

1
2 ||y− β0 +XTβ||22 + λ||β||2 (3.11)

where λ is the Lagrangian representation of the shrinkage constraint. As such, via

increasing the value of λ, the model parameters are subject to a larger regularisation

constraint leading to larger model coefficients of more flexibility [259].
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Least Absolute Shrinkage and Selection Operator

Conversely, whereas Ridge regularisation utilised the `2-norm, Least Absolute

Shrinkage and Selection Operator (LASSO) regularisation utilises a `1-norm reg-

ularisation term. Not only is LASSO a popular technique for regularisation, but

it is also found to induce sparsity into model parameters and therefore inherently

performs feature selection [260–262]. Figure 3.2(b) demonstrates how the geometric

interpretation of the `1-norm corresponds to the absolute distance from the origin

of two parameters. Again, a shrinkage parameter is used to determine the amount

of regularisation and sparsity imposed on the model parameters. The LASSO,

expressed in Lagrangian form is:

arg min
β

1
2 ||y− β0 +XTβ||22 + λ||β||1 (3.12)

where λ is the Lagrangian representation of the shrinkage constraint. As sparsity

is promoted by use of the `1-norm, there will be values within β that are zero.

Feature selection can therefore be performed via extracting the dense feature set

(all features whose β 6= 0).

3.2.4 Random Forests

A Random Forest (RF), more formally known as an ensemble of decision trees, is a

non-parametric classification and regression technique whose theory is based on the

traditional decision tree [263]. A decision tree aims to divide a feature space into a

pre-specified number of sub-spaces via recursively finding the best split between

feature values given their corresponding labels. Each split is formally referred to

as a node, with each node determining an optimal threshold for splitting a single

feature. If using a decision tree for classification, each of the final sub-spaces are

assigned a binary label based the majority class labels of the training observations

present in the sub-space. Conversely, if a decision tree is being used for regression

purposes, the sub-spaces are assigned the average of the continuous responses of

the training observations present in the sub-space.
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Figure 3.3: A schematic of the Random Forest classification procedure. Multiple
decision trees are trained using random subsets of features and observations with the
branches of each tree dividing the original feature space into a pre-defined number of
sub-spaces. Finally, the binary predications made by each tree are aggregated to yield
the final classification prediction.

However, RFs are populated with multiple decision trees, each using a random

subset of features and a random subset of observations from the original training

set (Figure 3.3). During the training of a RF, a random subset of observations and

features will be selected to train a single decision tree or a base learner. Multiple

base learners will be trained with each using a different subset of observations and

features. Upon completing the training of all the base learners, their responses

are aggregated or ensembled. Ensemble learning entails fusing the responses of

multiple predictions in the hope that multiple predictions will be more reliable than

a single prediction. Ensemble learning, and a number of its specific techniques,

will be discussed in further detail later in this chapter (§3.4).

The primary benefit of using a RF over a traditional decision tree is the decreased

chance of model overfitting; as decision trees are prone to, especially in the case of

noisy data [264]. However, the number of trees and the number of features utilised by

each tree are hyper-parameters specific to each RF model. Nonetheless, attempts to

generalise the number of features within each tree have been made with √p features

having shown to produce generally competitive results [265]. An additional benefit of

RF is their inherent ability to perform feature selection [266]. Each feature is assigned

a level of importance depending on their contribution to successfully splitting a



3. Outline of Technical Methodologies 40

Figure 3.4: The essential biological components of a single neuron demonstrating each of
their corresponding mathematical operations. (a) dendrites/inputs, (b) axon/transmitter,
(c) activation function, and (d) output.

node. Further, as each tree utilises a different subset of features, this enables a

comprehensive comparison of importance between many combinations of features.

3.3 Neural Network Models

3.3.1 Fundamental Neuron Theory

One would be remiss to not acknowledge the irony of applying neural networks

(NNs) during the study of a neurodegenerative disease. The foundation of NN

theory can be interpreted as replicating the behaviour of biological neurons. The

most basic building block of a NN model is a single neuron - or unit. Figure 3.4

shows a schematic that relates the biological components of a single neuron to

their equivalent mathematical operations. The four key components, as labelled

in Figure 3.4 are summarised as:

a The dendrites provide the inputs to the neuron which are combined in the

cell nucleus. In the mathematical neuron model each input receives a weight

and the nucleus represents a summation operation for all the weighted inputs.

b The axon acts an an electrical transmitter along which the weighted summation

of all inputs is transferred from the nucleus to the activation function.
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c The activation function receives the weighted sum of the inputs and determines

whether the neuron will ‘fire’ i.e. produce an output. The activation function

governs the magnitude of the output as a function of the weighted sum of the

neuron inputs.

d The output of the neuron, as determined by the activation function, can then

either be fed into further neurons or can be the final model output.

This process is denoted mathematically as:

ŷ = ϕ(β0 + βTx) (3.13)

where ϕ(·) is the activation function. One should note that if the logistic function

is used as the activation function in a single neuron model, the NN model reduces

to Equation 3.7 and is a simple logistic regression model.

When first conceived in the 1940’s the use of NNs was restricted by the low

level of computational power available and the restricted availability of large data

sets. Accordingly, the dramatic increase of available computational power has

been accompanied by an rise in NN usage. This recently found popularity has

given rise to many new NN models being proposed, most notably including the

invent of deep learning . Deep learning is a broad term used to describe a range

of a NN architectures. Deep neural networks (DNNs) and Convolutional Neural

Networks (CNNs) are two state-of-the-art deep learning architectures which are

used throughout this thesis and are described in the following sections. The reader

should also be aware that alternative deep learning architectures are also commonly

used such as Recurrent Neural Networks (RNNs) and Deep Belief Networks (DBNs).

However, these are beyond the scope of this thesis and the reader is directed to

[267–270] for a description and comparison of these architectures.

3.3.2 Deep Neural Networks

Deep Neural Networks, often referred to as deep feedforward networks or multilayer

perceptions, are the foundation and simplest form of deep learning [269–271]. They
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Figure 3.5: Example architectures of (a) a general deep neural network for the purpose
of classification and (b) a deep autoencoder with three hidden layers. Each white circle
represents a single neuron as depicted in Figure 3.4.

are a direct extension from artificial neural networks, differing only in the number of

hidden layers present in the network. Figure 3.5(a) shows the three key components

of a deep neural network architecture. A neural network is formed via stacking

multiple layers of connected units. In a fully connected network, such as that in

Figure 3.5(a), the inputs of the output layer and hidden layers are the outputs from

all units from the previous layer. A network is described as ‘deep’ if there are many,

usually more than three, hidden layers of neurons between the inputs and outputs.

The inputs to the network, in a traditional deep neural network, will be a

feature vector. Upon passing through the first hidden layer, these features are

transformed into a more abstract representation, commonly in a non-linear fashion

through the use of a non-linear activation function. The use of multiple hidden

layers has shown to allow a large amount of flexibility for the network to map

a set of inputs to an output.

3.3.3 Neural Network Autoencoders

A special usage of a DNN is that of deep neural network autoencoders. A deep neural

network autoencoder is an unsupervised technique primarily used for performing non-

linear dimensionality reduction [271–273]. Autoencoders firstly utilise an encoding
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network which condense the network inputs, X, into a smaller representation

referred to as the code, denoted as Z. Mathematically,

Z = ϕ(b+WeX) (3.14)

where ϕ(·) is an activation function1. Secondly, a decoding network is used to

reconstruct the input space using the encoded representation or code.

X ′ = ϕ(b+WdZ) (3.15)

Thus, an autoencoder is a simply a symmetrical deep neural network whose

central hidden layer is of a lower dimensionality than the input layer and whose

number of input units are equal to the number of output units (Figure 3.5(b)).

During training, the reconstruction error between the inputs and the autoencoders

reconstruction of the inputs is minimised.

Once the autoencoder has been optimised such that the reconstuction error

is at its minima, dimensionality reduction is performed via replacing the input

feature values with their corresponding code vectors.

Furthermore, deep autoencoders have also been widely used for removing noise

from raw signals and feature sets [274]. When presented with multiple signals, some

of which contain noise, deep autoencoders will reconstruct all signals using a set a

joint model weights that attempt to best preserve the shared signal characteristics

most present in all of the signals.

3.3.4 Convolutional Neural Networks

The defining idiosyncrasy of Convolutional Neural Networks (CNNs) is that they

replace at least one traditional matrix multiplication with a convolutional operation

[267]. The convolutional operation most commonly employed in CNNs is the

discrete convolution operator, defined as:
1For neural network models, the weighting matrix/tensor traditionally is notated as W as

opposed to the weighting vector β for a single neuron model.
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s(t) =
L∑

a=−L
x(a)w(t− a) = (x ∗ w)(t) (3.16)

where x is the input data of length 2L and w is a weighting function or kernel. A

convolution operation is identical to determining the cross-correlation between a

signal and a kernel except for that in convolution the kernel has been time-reversed.

However, the input used in Equation 3.16 is a simple 1-dimensional signal. This

convolutional operation can be scaled up to function on multi-dimensional inputs

such as images and videos [267, 275, 276]. During the training of a CNN model,

the weights that form each kernel are learnt simultaneously with the weights of the

other model parameters such as the weights of additional neurons in a DNN. As

such, CNNs facilitate the use of raw data as an input to a neural network model

without the prior need to manually define and extract features, as is required for

the vast majority of other machine learning models.

Whereas traditional matrix multiplication procedures, such as those utilised in a

fully connected DNN, require an interaction between all input units with all output

units (Figure 3.5), CNNs possess the ability to circumvent this inefficient procedure

via the use sparse parameter representations. Sparse parameter representations

are achieved via using a kernel whose dimensionality is smaller than that of the

raw input. Consequently, each input unit will only interact with a number of

output units equal to the size of the kernel [277, 278]. This trait allows CNNs

to learn considerably fewer parameters. Although this sparsity results in fewer

direct connections between units, when multiple convolutional layers are utilised

the number of indirect connections increase as shown in Figure 3.6.

Furthermore, as a kernel is utilised at all positions of the input, each weighting of

the kernel will be multiplied by each of the inputs elements. Not only does the use of

the same kernel on all input elements give rise to highly efficient parameter storage

through parameter sharing, it also gives rise to one of the CNNs most powerful

characteristics - translational invariance [267, 279]. Translational invariance allows

the outputs of a CNN to vary in a consistent manner when presented with different

inputs whose elements are in different orders. As such, a kernel trained for identifying
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Figure 3.6: Visualisation of the sparse parameter representation and indirect connections
of a convolutional neural network. In this example a kernel of width three is used. The
sparse parameter representation is demonstrated by each of the input units connecting to
only three units in the first convolutional layer. The indirect connection between node z4
in the second convolutional layer and the input nodes x2 to x6 are shown in red. Figure
motivated by [267].

a specific aspect of an input will be suitable to use on an input wherein the specific

aspect appears at a different location.

Finally, an additional concept widely employed in CNN architectures is pooling.

As its name implies, pooling entails combining multiple outputs from a convolutional

layer into a single output. This is achieved through the use of a pooling function;

for which many exist such as max-pooling, mean-pooling, or weighted average

pooling. The use of pooling further contributes to the translational invariance of

the convolutional weights whilst also reducing the number of parameters needing

to be learnt during the training phase [267, 280].

3.3.5 Key Neural Network Concepts

There are several key concepts that must be carefully considered when implementing

the aforementioned NN architectures.

Activation Functions

Activation functions are primarily used in neural networks to induce non-linearity

into each of the individual neurons [281]. Many different types of activation

functions exist and are chosen according to the specific type of network, layer,

and desired output.
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Figure 3.7: The three most commonly used neural network activation functions (a)
Logistic, (b) Tanh, and (c) Rectified Linear Unit (ReLU).

Three of the most popular and non-linear activation functions are provided in

Figure 3.7. Figure 3.7(a) depicts the logistic (also known as the softmax) activation

function which is historically the most popular. However, the primary limitation of

the logistic activation function is that at extreme values the gradient tends to zero;

a trait that proves problematic during network optimization [282]. Figure 3.7(b)

depicts the hyperbolic tangent function (tanh(x)). Unlike the logistic function, the

hyperbolic tangent is capable of producing negative values, making it a popular

choice in deep autoencoders and recurrent neural networks. For example, if one

were to use a deep denoising autoencoder utilising a logistic activation to de-noise a

corrupted sine wave, the autoencoder could only represent the sine wave values that

fall above 0. Conversely, the use of the tanh activation function would enable the

autoencoder to output both the positive and negative de-noised outputs. However,

the tanh suffers from the same vanishing gradient limitation as the logistic function.

Recently, the Rectified Linear Unit (ReLU) has become the most popular activation

function, defined as g(z) = max(0, z), and is depicted in Figure 3.7(c). The

popularity of ReLU lies in its usage dramatically decreasing learning times of deep

networks whilst also reducing the likelihood if inducing a vanishing gradient [283].

Dropout Regularization

A unique form of regularisation exists for neural network algorithms which has proven

more successful than traditional regularisation techniques. Dropout regularisation

is based on the principal that via repeatedly randomly omitting random units from
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a neural network during different epochs of the training phase, each neuron becomes

less sensitive to noise [276]. This process entails training many ‘thinned’ neural

networks, each of which has a different set of randomly omitted units. At the end

of the training process, the weights determined by each of the thinned networks

are averaged and used in the original unthinned network [284]. This is found to

produce smaller unit weights which have a strong ability to prevent over-fitting.

The rate at which units are omitted varies, with the literature default being 50%.

It should be noted that at a dropout rate of 50%, roughly double the number of

iterations are needed for the model to converge during training [284].

Gradient-Based Optimization

The optimal weights of each unit within a neural network are determined through

optimization of a loss function. This entails determining the optimal set of model

weights that minimises the error between the output of the network and the true

response presenting a highly non-convex and challenging problem. In the case

of all neural network models, the optimisation procedure utilises the gradient

descent algorithm.

Gradient descent is an iterative process which aims to find the minima of an

objective function, denoted as J(W ) [285]. This is achieved via calculating the

derivative of J(W ), with respect to the model weights, and updating the model

weights such that the objective function decreases. Formally:

W ′ = W − η∇WJ(W ) (3.17)

where W are the weights of the current model iteration, W ′ are the updated

weights to be used in the following model iteration, ∇WJ(W ) is the derivative

of the objective function using the current model weights, and η is a specified

scalar referred to as the learning rate which governs the amount the model weights

are altered between each iteration.

The objective function is formed via determining the total model error through

the use of a loss function:
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J(W ) = 1
N

N∑
i=1

L[yi, f(x,W )] (3.18)

where L[yi, f(x,W )] is determining the loss between the model prediction, f(x,W ),

and the true response, yi, for the ith observation. Many loss functions exist and

are chosen depending on the type of model being developed, with the majority

of recent neural networks utilising cross-entropy loss functions. When performing

binary classification, the use of the binary cross-entropy loss function is the most

widely employed and is defined as:

L[y, f(x,W )] = y · log[f(x,W )]− (1− y) · log[1− f(x,W )] (3.19)

However, large datasets have proven to be a double edged sword. Although

large quantities of training data help create more general models that are less

prone to over-fitting, they also require larger computational power to train and

optimize. The latter of these points has proven particularly poignant in the use

of traditional gradient descent; often rendering the technique excessively time

consuming for model optimisation.

As such, alternative variations of gradient descent have been proposed to

overcome these limitations with the most popular being that of stochastic gradient

descent [285]. Stochastic gradient descent dramatically reduces training time via

repeatedly approximating the optimal model on many subset samples, ormini-batchs,

of the original dataset. An estimate of the gradient is produced via:

J(W ) = 1
m′
∇W

m′∑
i=1

L[yi, f(x,W )] (3.20)

where m′ is the number of observations in the subset. Consequently, the weights

determined on each mini-batch are averaged and used in the final model. A

particularly popular stochastic gradient descent algorithm is Adam on account of

its capability of producing adaptive learning rates (Equation 3.17) whilst being

memory efficient and therefore suitable for very large datasets [286].
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3.4 Ensemble Learning

Ensemble learning, often referred to as classifier fusion, is a technique used for

fusing the responses of multiple classifiers. Their popularity and strength lie in

their ability to account for variability within each of the separate classifiers that

form the ensemble. Accordingly, the outputs of classifier ensemble techniques

are commonly found to outperform that of a single classifier in terms of both

accuracy and error rate [287–289].

The underlying theory behind ensemble learning is that a consensus decision

on multiple estimates is more likely to produce a correct estimate than if only a

single estimate were used. Suppose a classifier is trained on a dataset containing

a degree of noise; as such the classifier will posses some level of error. When

presented with a test observation, this classifier will make a prediction which will

be accompanied by the underlying error of the classifier; as in Figure 3.8(a). If

multiple classifiers are subsequently trained using the same dataset, when presented

with the same test observation, it is expected that the classifiers will possess some

agreement or overlap in their decisions; as in Figure 3.8(b). Their area of agreement

is typically smaller than each of their individual error rates, thus producing a

combined prediction with a smaller chance of error.

The individual classifiers that are combined in an ensemble are referred to as the

‘base’ classifiers. Many ensemble procedures exist which can be used on the ‘soft‘

responses of classifiers (i.e. the posterior probabilities) or on the ‘hard’ responses

of classifiers (i.e. the discrete classes). The most widely used classifier ensemble

strategies are majority voting and probability averaging.

Suppose B base classifiers have been trained and their responses for a single

observation are to be ensembled. The ensemble learner F is defined as:

R = F(Ri, ..., RB) (3.21)
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Figure 3.8: A schematic of the fundamental conept of ensemble learning wherein the
overlapping predictions of multiple classifiers results in a smaller region of error.

where Ri is the response of the ith classifier andR is the ensemble response. Majority

voting is implemented on the hard responses of each base classifier and is defined as:

F =

1 if ∑B
i=1 Ri ≥ B

2
0 if ∑B

i=1 Ri <
B
2

(3.22)

Majority voting therefore returns the discrete response that occurs most frequently

between the base classifiers for a single observation.

Alternatively, the popular unweighted average probability ensemble is performed

on the soft response of each classifier and is defined as:

F =

1 if
∑B

i=1 P (Ri=1)
B

≥ 0.5
0 otherwise

(3.23)

The mean probability ensemble therefore returns a response based on the average

probability of all classifiers for a single observation.

Alternative and more complex ensemble strategies exist such as boosting

(multiple classifiers training using resampling of the training data) and bagging

(bootstrap aggregating). Recall from §3.2.4 that Random Forest classifiers are

formally an ensemble of multiple decision tree classifiers often using either boosting

or bagging, with each tree being a base learner that provides a single prediction.
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3.5 Evaluation Approaches and Metrics

3.5.1 Performance Generalisation

Performance generalisation refers to the ability of a machine learning model to be

successfully used on previously unseen observations. Cross validation is widely used

in statistics and machine learning a means of assessing a model’s generalization

ability and whether over or under-fitting is occurring [290].

In k-fold cross-validation, the N observations in a dataset are randomly assigned

into one of k approximately equal sized groups, herein referred to as folds. A model

is then trained on k − 1 folds, with the single fold not used during training being

set aside against which the model performance can be assessed. This procedure

is repeated such that each fold has been used as a validation set exactly once.

As such, the metrics of each model can be reported alongside a measure of their

variability. When this process is repeated many times, such as to maximise the

level of statistical confidence, it is called repeated k-fold cross-validation

Several variations of k-fold cross-validation exist including Leave-one-out-cross-

validation (LOOCV) and stratified cross-validation. In the former’s case, the

number of folds is set equal to the number of observations. This results in all

but one observations being used for model training, leaving a single observation

to be used for validation. This method is particularly popular in smaller datasets

and yields a low bias but usually a high variance evaluation. In the latter’s

case, the k folds are created such that the balance of classes within each fold

is approximately equal to the balance of classes in the entire dataset. This is

particularly popular in imbalanced datasets and maintains a consistent level of

model bias across all training procedures [291].

3.5.2 Classification Model Metrics

In order to evaluate the performance of a binary classification model, the model

predictions must be compared against the corresponding true values. Many

evaluation techniques exist with the most common and intuitive evaluation metric
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Figure 3.9: A confusion matrix demonstrating how the TP, TN, FP, and FN metrics
are calculated between the predictions of a model and the true responses.

being the classification accuracy (Acc) which states the percentage of model

predictions that are the same as the corresponding true values and is defined as:

Acc = 100× TP + TN

TP + FP + FN + TN
(3.24)

where TP, TN, FP, and FN are the true positive, true negative, false positive, and

false negative rates respectively. Figure 3.9 depicts a confusion matrix demonstrating

how each of these metrics are calculated.

Additional popular metrics are the sensitivity (Sen) and specificity (Spc) which

are defined as:

Sen = TP

TP + FN
; Spc = TN

TN + FP
(3.25)

While sensitivity states the proportion of positive points correctly classified, the

specificity states the proportion of negative points correctly classified.

Finally, the sensitivity and specificity metrics are commonly combined into a

single metric called the F1 score which is defined as:

F1 = 2TP
2TP + FP + FN

(3.26)
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3.5.3 Regression Model Metrics

Whereas classification evaluation techniques utilised discrete model predictions,

the evaluation of regression models use continuous model predictions. A widely

used regression model metric is the Mean Absolute Error (MAE) which calculates

the mean magnitude of error between the predictions and the ground truth

and is defined as:

MAE = 1
N

N∑
i=1
|yi − ŷi| (3.27)

An additional popular metric is the Root Mean Squared Error (RMSE) which

instead operates on the squared magnitude of error between the predictions and

the ground truth and is defined as:

RMSE =

√√√√ 1
N

N∑
i=1

[yi − ŷi]2 (3.28)

The RMSE is always equal to or larger than the MAE and its final value is highly

influenced by points possessing a large error.



4
Definition of Datasets and Data Types

4.1 Introduction

This thesis makes use of two datasets that are juxtaposed by collection environment,

collection devices, and activity types. Firstly, a dataset collected entirely in a

clinical environment as part of a longitudinal clinical trial will be introduced with

respect to the participant demographics, activity types, and data quality. This

study utilises a large array of Inertial Measurement Units (IMUs) as part of routine

clinical care with the objective of identifying clinical body motion features capable

of monitoring disease progression. The second dataset was collected entirely in

a remote environment using smart-phones and is the largest open-access dataset

currently available. This dataset collects data using the wide array of sensors

embedded within smart-phones as a means of assessing multiple aspects of PD;

many of which have undergone little study in remote environments. Finally, a

discussion of each dataset is provided including a comparison with respect to their

data quality, participant demographics, and limitations.

4.2 The OxQUIP Study

Study Background

The Oxford study of Quantification in Parkinsonism (OxQUIP), is a large clinical

observational study being conducted at the John Radcliffe Hospital, Oxford. The

study follows participants during their routine clinical care over the course of three

years with the objective of identifying measures that can detect disease progression.

In addition to detecting progressive disease measures, the OxQUIP study also aims

to objectively evaluate the efficacy of different treatment types. This is achieved

54
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via recruiting a large number of participants on different types of treatment and

monitoring their symptoms in different treatment states. A unique characteristic of

the OxQUIP participant cohort is the inclusion of atypical parkinsonian participants

who have been diagnosed with Progressive Supranuclear Palsy (PSP). As such, the

overarching aim of the study is to objectively monitor the progression and effect

of treatment on symptoms within a cohort of typical and atypical parkinsonian

participants on a longitudinal basis.

During routine clinical visits, test data is collected from participants using

wearable sensors in the form of bracelets or anklets which wirelessly transmit

accelerometer and gyroscopic waveforms to clinical analysis software which pro-

duces the objective measurements. The study utilises a network of wearable

sensors at several locations on the body, facilitating a comprehensive assessment

of movement behaviour.

The study began recruiting participants in November 2016 and is currently still

active. The OxQUIP study has been reviewed and received ethical approval by the

South West - Cornwall & Plymouth Research Ethics Committee, Clinical Trials

and Research Governance (University of Oxford), and the Scientific committee of

the Union Chimique Belge’s early drug development unit.

Study Participants

Currently, 123 participants with a professionally diagnosed parkinsonian disorder and

39 healthy control participants have been enrolled. All healthy control participants

are the spouses of the parkinsonian participants; providing an approximately age

and gender matched control group.

Upon being enrolled, all parkinsonian participants are assigned to a sub-group by

a movement disorder specialist based on the time since their diagnosis, the treatment

being used, and the form of parkinsonism. These sub-groups are defined as:

• Early Stage Not Medicated (ESNM): Participants who received their diagnosis

less than 8 years ago and are not receiving any treatment.
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Table 4.1: Demographics of OxQUIP Participants

n Baseline
MDS-UPDRS

Age Male/Female % Years Since
Diagnosis

% Receiving
Treatment

ESNM 15 26.0 ± 10.5 67.1 ± 5.9 42.9/57.1 2.7 ± 2.1 0
ESM 62 25.4 ± 14.7 66.2 ± 8.0 57.8/42.2 4.0 ± 1.9 100
SEV 20 28.7 ± 13.4 67.0 ± 16.3 54.5/45.5 13.3 ± 3.9 100
DBS 7 32.1 ± 5.4 58.7 ± 6.2 62.5/37.5 10.3 ± 5.7 100
PSP 25 49.0 ± 12.9 70.9 ± 9.2 53.8/46.2 2.6 ± 1.7 100
HC 39 5.6 ± 6.3 68.8 ± 8.4 52.1/47.9 N/A 0

• Early Stage Medicated (ESM): Participants who received their diagnosis less

than 8 years ago and are receiving treatment.

• Severe (SEV): Participants who received their diagnosis more than 8 years

ago and are receiving treatment.

• Deep Brain Stimulation (DBS): Participants who are currently receiving Deep

Brain Stimulation treatment.

• Progressive Supranuclear Palsy (PSP): Participants who have been profession-

ally diagnosed as having PSP - the atypical parkinsonian disorder.

Finally, all healthy control participants are assigned to a single sub-group.

The demographics of all sub-groups are provided in Table 4.1. Further, the age

distributions of all HC and PD participants are shown in Figure 4.1(a) whereas Figure

4.1(b) demonstrates the age distributions of each of the sub-groups individually.

Additionally, all participants undergo follow up examinations approximately

every three months. The number of follow up visits of each sub-group is shown in

Table 4.2. However, it should also be noted that multiple types of missing data are

present. Firstly, the MDS-UPDRS scores for many participants are incomplete. For

example, at baseline visit, although 162 participants underwent testing, 12 of their

MDS-UPDRS scores were incomplete. Additionally, the data collection system was

found to occasionally lose connection or for the data to be corrupted. Finally, if

a participant was struggling to complete the tests the clinical staff allowed them

to stop, which resulted in missing test data. As such, the number of participants

who have all their data at all visits are given in the bottom row of Table 4.2. For
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Table 4.2: The number of OxQUIP participants present at each follow up visit.

Baseline 3 Months 6 Months 9 Months 12 months 15 months Total
ESNM 13 13 12 11 7 4 60
ESM 62 56 56 52 46 37 309
SEV 20 14 14 14 14 6 82
DBS 3 7 0 0 0 0 10
PSP 25 15 13 8 6 3 70
HC 39 34 29 24 14 13 153
Total 162 139 124 109 87 63 684

Complete Data 145 111 95 73 32 13 N/A

example, all 95 participants who have complete data at the six month visit, are also

present in the 111 participants with complete data at the three month follow up

data and the 145 participants with complete data at baseline visit.

Study Severity Scoring

All severity scoring is performed by a movement disorder specialist during rou-

tine clinical visits. Severity scoring is performed via a full implementation of

the MDS-UPDRS.

When the ESM participants make their second visit (three month follow up) they

are asked to participate in the ‘levodopa challenge’. This entails firstly undergoing

examination in the ‘OFF’ medication state (usually between 9:00 and 12:00) followed

by in the ‘ON’ medication state (usually between 13:00 and 17:00). A full MDS-

UPDRS examination is performed in both states.

The distributions of total MDS-UPDRS scores for all HC and PD participants are

given in Figure 4.1(c) for all 684 MDS-UPDRS instances. Additionally, Figure 4.1(d)

demonstrates the total MDS-UPDRS scores of each of the sub-groups individually.

Study Activities

Whilst attending their routine MDS-UPDRS examination, participants are asked

to complete additional walking, Timed-Up-and-Go (TUG), and sway tasks whilst

wearing the APDM Mobility LabTM (http://www.apdm.com/mobility/) sensor

network [292]. The APDM Mobility Lab system consists of multiple synchronised

http://www.apdm.com/mobility/
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Figure 4.1: Normalised Histograms and density distributions (as determined through
kernel density estimation) of the OxQUIP demographics for (a) the ages of all HC and
PD participants (b) the ages of each participant sub-group (c) the MDS-UPDRS of all
HC and PD participants and (d) the MDS-UPDRS of each participant sub-group.

OpalTM IMUs that wirelessly transmit data to the Mobility Lab software running

on a nearby laptop or personal computer.

During the OxQUIP study, the sensor network consisted of six IMUs attached

at the lumbar, trunk, left and right wrists, and left and right feet (Figure 4.2).

All sensors provided tri-axial accelerometer and tri-axial gyroscope signals at a

frequency of 100Hz. This results in each activity providing 36 unique waveforms for

each participant in each activity. The implementation of all activities was overseen

and supervised by a movement disorder specialist.

Walking Activity

The two minute walk test was performed once at each visit and all participants

completed the test on the same straight and level surface.
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Figure 4.2: The locations of the six Opal IMUs during each activity in the OxQUIP
Study.

Example waveforms from the lumbar, right arm, and right foot IMUs during

a walking test are given for a HC and PD participant in Figures 4.3 and 4.4

respectively. These plots are annotated such as to demonstrate how each sensor

is capable of detecting different types of motion. The x-axis gyroscope of the

Lumbar sensor shows the ability of detecting turning periods yet a relatively noisy

means of detecting individual steps. The x-axis gyroscope of the right arm sensor

shows a weaker ability to detect turning periods whilst the accelerometer signals

showing capable of detecting individual steps.

Figures 4.3 and 4.4 also enable a preliminary comparison of signal characteristics

between disease groups. The magnitude of the lumbar x-acceleration from the PD

participant is smaller than that of the HC thus demonstrating a reduced amount

and velocity of motion. Additionally, the PD participant shows longer turning

periods than the HC participant. The right arm acceleration and gyroscope signals

from the HC participant clearly show each individual step. However, the individual

steps in the corresponding waveforms from the PD participant are much more subtle

and less pronounced. This indicates a smaller degree of arm movement by the PD

participant; indicative of limb rigidity. The same trait is apparent in the right foot

sensor wherein the magnitude of accelerations and rotation rates are dramatically

decreased in the PD participant. Furthermore, the step velocity can be seen to be
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lower in the PD participant as the distance between the peaks of the right foot

y-axis accelerometer signals are further apart than in corresponding HC waveform.

Using the waveforms from all sensors, the Mobility Lab software performs

automatic analysis such as to extract a wide range of clinical features pertaining to

specific limb movements, left-right symmetry, and coronal and sagittal movements.

A full list of these features and their descriptions are provided in Appendix A.1.

Sway Activity

The sway test was also performed once at each visit. During the sway test,

participants were asked to stand upright and as still as possible for thirty seconds

with their eyes closed on a firm surface. In all implementations of the sway test,

a wooden template was placed on the floor so as to ensure all participants’ feet

were the same distance apart.

Example plots demonstrating the movement of two participants during the

sway test are shown in Figure 4.5. These highlight the different degree of postural

stability between a HC and a severe PD participant.

Using the waveforms from the lumbar sensor, the Mobility Lab software auto-

matically extracts a range of clinical features pertaining to coronal and sagittal

movements such as sway area, frequency dispersion, and path lengths. A full list of

the sway test features and their descriptions are provided in Appendix A.1.

Timed-Up-and-Go Activity

The TUG test was repeated three times at each visit. Each test entailed the

participant starting in a sitting position for three seconds, followed by standing

up when instructed by the movement disorder specialist, walking forward seven

meters, performing a 180 degree turn, walking back to the chair and sitting back

down. The walking section of the test is completed on the same surface at the

two minute walk test.

Example waveforms from the lumbar, right arm, and right foot IMUs during

a single TUG test are given for a HC and PD participant in Figures 4.6 and 4.7

respectively. These figures demonstrate the TUG tests of the same participants
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Figure 4.3: Example waveforms collected from a HC participant during a walking test
using IMUs at the (a) Lumbar (b) Right Arm and (c) Right Foot
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Figure 4.4: Example waveforms collected from a severe PD participant during a walking
test using IMUs at the (a) Lumbar (b) Right Arm and (c) Right Foot
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Figure 4.5: The coronal-sagittal stabilograms of (a) a Healthy Participant and (b) a
severe PD Participant. The grey box represents a normative 95% Ellipse Sway Area
whereas the blue box demonstrates the participants’ 95% Ellipse Sway Area.

used in Figure 4.3 and 4.4. Again, these plots reveal how each sensor is capable

of measuring different characteristics of motion. The lumbar sensor in both

participants demonstrates the ability of the z-axis accelerometer and the y-axis

axis gyroscope to detect sit-to-stand and stand-to-sit periods whilst the x-axis

gyroscope can detect the turning period. Conversely, the right arm sensor cannot

detect turning periods or transition movements yet can detect individual steps

in some waveforms. Unlike in the walking test, the right foot sensor appears

capable of only detecting individual steps.

Similarly to the walking activity, Figures 4.6 and 4.7 enable a preliminary

comparison between disease groups during the TUG test. As in the walking activity,

the range of accelerations shown by the PD participant is smaller than the HC

participant representing a smaller degree of displacement during motion. Further,

the duration of both the sit-to-stand and stand-to-sit periods are longer in the PD

participant as shown by the accelerations from the lumbar sensor and the turning

periods are smoother and shorted in the HC participant.

Using the waveforms from all sensors, the Mobility Lab software automatically

extracts a range of clinical features specific to the TUG test. These features do
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not include features from the walking period as these are encapsulated within the

walking specific features. A full list of the TUG test features and their descriptions

are provided in Appendix A.1.

4.3 The mPower Study

Study Background

The mPower study is an observational smart-phone based study of Parkinson’s

disease whose data was collected between March and September 2015 [78]. The

mPower study presents the first example of an open-source dataset that was collected

entirely in a remote environment. This dataset is intended to provide the research

community a platform to assess the feasibility utilising remotely collected data to

assess symptom fluctuation and the effects of medication whilst also facilitating

remote disease classification and severity regression.

The study was conducted by Sage Bionetworks (Seattle, WA) who subse-

quently control the distribution of the dataset. A custom iPhone (Apple Inc.,

CA) application was developed using Apple’s ResearchKit library whose source

code is freely available (https://github.com/Sage-Bionetworks/mPower). The

application was free for volunteers to download and was only available within the

United States. The study utilised a novel enrolment strategy enabling participants

to provide consent directly through the iPhone application. During the enrolment

process, participants were given the option of sharing their data with the entire

research community (‘share widely’) or exclusively with the Sage Bionetworks

mPower study team (‘share narrowly’).

The dataset is stored using a data and analysis sharing service called Synapse,

which was also developed by Sage Bionetworks. Access to the dataset is granted

by Sage Bionetworks to Certified Synapse users upon completion of a policies and

procedures test and the submission of a data usage statement. Retrieval of data

from Synapse is achieved via the Synapse Application Programming Interface (API)

which is available in the Python and R programming languages.

https://github.com/Sage-Bionetworks/mPower
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Figure 4.6: Example waveforms collected from a HC participant during a TUG test
using IMUs at the (a) Lumbar (b) Right Arm and (c) Right Foot.
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Figure 4.7: Example waveforms collected from a severe PD participant during a TUG
test using IMUs at the (a) Lumbar (b) Right Arm and (c) Right Foot.
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The iPhone application presented participants with a quick, intuitive, and non-

invasive means of providing multiple forms of data including demographic data,

three motor tests, one non-motor test, and several severity reporting questionnaires.

The convenience of the application resulted in a very high number of participants

who contributed multiple data types on a longitudinal basis.

Study Participants

All volunteers who downloaded the mPower application were asked to complete a

brief eligibility test (confirming they are above 18 years old, reside in the United

States, and are able to read and write using an iPhone) followed by providing

electronic consent and data sharing preferences.

The mPower application was downloaded a total of 48,104 times during the

first six months. However, many participants either did not enrol (31,519), did

not provide a valid email address (1,901), or withdrew from the study prior to

choosing how to share their data (2,483). Of the 12,201 participants who successfully

completed the enrolment requirements, 9,520 participants chose to share their data

with the entire research community.

Upon successfully enrolling in the study, participants were asked to contribute a

one-time demographics survey. Of the 9,520 who opted to share their data widely,

6,805 participants completed the demographics survey with 173 participants refusing

to answer whether they had received a professional diagnosis.

As the mPower study allowed participants of any age (18 or above) to enrol, the

participants are divided into three sub-groups for the exploratory analyses of this

chapter1. Firstly, Young Healthy Controls (YHCs) are participants who have not

had a professional diagnosis and who are under the age of 50. Healthy Controls

(HCs) are participants who have not had a professional diagnosis and who are

50 years old or above. Finally, all participants with a professional diagnosis are

assigned to the PD sub-group. The demographics of each group is given in Table 4.3.

Further, the distribution of ages for each of the sub-groups is shown in Figure 4.8(a).
1These sub-groups, using their same definitions, will be revisited during Chapter 6.
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Table 4.3: Demographics of mPower participants. The mean ± standard deviation is
given for distribution data.

n Baseline
MDS-UPDRS

Age Male/Female % Years Since
Diagnosis

% Receiving
Treatment

YHC 4,946 5.6 ± 5.3 29.1 ± 8.8 75.2/24.8 N/A 0
HC 599 6.0 ± 5.6 60.9 ± 8.1 73.2/26.8 N/A 0
PD 1,087 13.5 ± 8.1 60.7 ± 10.3 61.2/38.8 10.0 ± 5.6 93.3%

Figure 4.8: Normalised Histograms and density distributions (as determined through
kernel density estimation) of the mPower demographics for (a) the ages of all HC and PD
participants and (b) the MDS-UPDRS all HC and PD participants.

Study Severity Reporting

As discussed in Chapter 2, Parts I and II of the MDS-UPDRS were designed

such as to allow a patient or caregiver to complete them without the aid of a

movement disorder specialist. This trait was exploited by the mPower application

as participants were able to complete a subset of MDS-UPDRS Parts I and II

questions at a maximum frequency of once a month. All participants, regardless

of whether they reported as having a professional diagnosis of PD were allowed

to complete the MDS-UPDRS survey. As a total of 16 MDS-UPDRS questions

are available to participants, the maximum possible severity is 64 as opposed to

the maximum possible severity of 260 in the full MDS-UPDRS. The MDS-UPDRS

survey was completed a total of 2,305 times by 2,204 participants. The total severity

score distributions for all 2,305 instances is given in Figure 4.8(b).

Distribution of all MDS-UPDRS data is controlled by the International Parkinson

and Movement Disorder Society. In order to access the MDS-UPDRS data, written
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Figure 4.9: Screen-shots of the instructions given to participants in each of the four
mPower activities.

approval is required from these governing bodies based on an additional data

usage statement.

As an aside, eight questions from an additional and less commonly used severity

scoring system, the Parkinson’s Disease Questionnaire 8 (PDQ-8), are also available.

However, these questions were completed by a substantially smaller number of

participants and contain a large degree of overlap with the MDS-UPDRS subset

of questions, and are therefore not further discussed in this research.

Study Activities

The mPower application provided four activities for the participants to complete

which were intended to assess numerous disease symptoms. Screen-shots of each of

the activities are provided in Figure 4.9. Prior to starting any given activity, partici-

pants were presented with a screen allowing them to report their current medication

state as being either ‘Before Medication’, ‘After Medication’, or ‘Another Time’.

Alternatively, the participants could select ‘I Do Not Take Parkinson’s Medication’.

Walking Activity

The walking activity entailed a participant placing their iPhone into the front

pocket of their trousers and performing a walking test. This activity was intended

to collect data which would allow objective analysis of gait and postural instability
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symptoms. The experimental protocol varied numerous times throughout the study.

During the earlier application versions, participants were asked to walk 20 steps in

a straight line. Later versions of the application asked the participants to walk 20

steps in a straight line, perform a 180 degree turn, and to stand still until the test

is complete. The application provided audio instructions throughout the walking

test as to when each of the separate test components should be performed. The

walking activity was completed 35,410 times by 3,101 participants.

All data collected during each walking activity originates from the smart-phone

embedded IMU including the tri-axial accelerometer and tri-axial gyroscope signals

at a sampling frequency of 100Hz. Furthermore, attitude coordinates (otherwise

known as Quaternions) were collected so as to enable the iPhone coordinate

system to be aligned with the global coordinate system through the use of a

quaternion transformation [293]. The use of a quaternion transformation accounts for

participants placing their phone into their pocket at different orientations and thus

ensures the signal calibration between all recordings is approximately equal [294].

To provide an introduction and visualisation of the walking activity data, three

example recordings are provided in Figure 4.10. These examples are intended to

demonstrate the highly variable nature of the type of data collected by the walking

activity. In Figure 4.10(a), an example of an eighteen second recording is provided

which consists of a clean gait signal. Alternatively, Figure 4.10(b) demonstrates a

recording from a later version of the application that lasts approximately 30 seconds.

Again, this recording shows a very clean section of gait followed by an approximately

15 second period of standing still. Finally Figure 4.10(c), demonstrates a noisy

and improperly implemented walking test recording. The first 24 seconds of this

recording are undefinable. The final six seconds however shows oscillatory behaviour

indicative of walking with a period of no movement.

Tapping Activity

During the tapping activity, participants were asked to place their iPhone on a

flat surface with the screen pointing upwards. Using two fingers from the same
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Figure 4.10: Example IMU waveforms from the mPower walking test demonstrating (a)
a high quality gait recording (b) a high quality gait and standing recording from a HC
participant and (c) a low quality from an improperly completed gait and standing test
consisting of mostly noise with very little gait from a PD participant.
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hand, the participants alternately tapped two on-screen buttons for 20 seconds.

This test therefore replicates the common clinical Alternate Finger Tapping (AFT)

test which is used to assess dexterity. The tapping activity was completed 78,887

times by 8,003 participants.

The data collected from the tapping activity includes the {x, y} pixel coordinates

of each tap alongside their corresponding timestamp - which is measured in seconds

relative to the time of the first tap. Additionally, the tri-axial accelerometer

waveform is recorded during the activity at a sampling frequency of 100Hz.

Figure 4.11 provides a visualisation of how the tapping activity was implemented

by a HC and a PD participant. For each example, the pixel coordinates of each tap

have been plotted relative to the location of the ‘tap’ buttons. The tap locations

have also been plotted to scale for the iPhone 5, which both tests were implemented

upon. The tap locations have been colour coded according to whether they were

intended to tap the left button (red) or the right button (blue). It is evident that

the HC participant not only achieves more taps during the 20 second period, but

also that the taps are closer to the intended button. Conversely, the PD participant

achieves less taps and their taps are more dispersed across the screen.

Voice Activity

During the voice activity, participants were asked to make a sustained \a\ (‘Ahhh’)

phonation into the iPhone microphone at a steady volume for 10 seconds.

The data collected during the voice activity is a raw audio file of the voice

recording at 44.1kHz as well as an audio recording of a five second count-down

period prior to the participant starting the phonation. The voice activity was

completed 65,022 times by 5,826 participants.

Figure 4.12 provides three example voice recordings for the purpose of demon-

strating data quality and the ability to detect physiological measures as described

in Chapter 2. Figure 4.12(a) demonstrates a healthy participant who holds and

maintains the phonation at a steady amplitude throughout the test. Upon closer

inspection of this recording (Figure 4.12(b)) it is evident that the fundamental
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Figure 4.11: The tapping coordinates of (a) a HC participant and (b) a PD participant.
Both participants used an iPhone 5 therefore this figure was generated via mapping the
pixel coordinates to those of an iPhone 5 whose pixel dimensions are 1136×640. The total
number of taps was calculated manually during post-processing and superimposed for
visualisation purposes.

frequency and amplitude can easily be measured. However, Figure 4.12(c) demon-

strates a recording from a PD participant whose amplitude is frequently changing.

Recall that frequent changes in vocal amplitude is referred to as Jitter (§2.3.3)

and is an abnormality distinct to neurodegenerative diseases including PD. Finally,

Figure 4.12(d) provides an example of a noisy and improperly complete voice test

as completed by a HC participant. The first seven seconds consists entirely of noise

with the participant clearing their throat (the burst of amplitude just before six

seconds). The participant initiates the test after seven seconds resulting in only

three seconds of sustained phonation being recorded.

Memory Activity

The memory activity presented the participants with a grid of flowers, a number of

which would light up in a random pattern which the participants would have to
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Figure 4.12: Example recording from the voice activity demonstrating (a) a healthy
HC participant showing showing a phonation with a constant amplitude alongside an
annotated segment shown in (b) with an example F0 whereas (c) demonstrates a PD
participant whose amplitude varies (Jitter) throughout the recording and (d) shows an
example of a noisy and improperly complete test.
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recall. There were five levels of difficulty during each implementation of the memory

activity with the grid size and number of flowers to recall increasing at each level.

The data provided by the memory activity included the total score, the number

of incorrect responses, and the number of completed levels. Significantly fewer

participants completed the memory activity as it was introduced to the study

a month after the other activities. The memory activity was completed 8,569

times by 968 participants.

4.4 Discussion

This chapter has described and provided examples of the data within both of the

datasets used throughout this thesis. Prior to presenting major analyses on these

datasets in the following four chapters, this discussion highlights their relative

advantages and limitations.

The primary strength of the OxQUIP dataset is the reliability of all of its data.

This includes the high quality raw signals in all three tests, the subsequent clinically

derived features, and the clinically assigned MDS-UPDRS scores. Furthermore, the

participant numbers are considerably larger than those used in previous studies

whilst also containing diseased participants covering a wide severity range (Figure

4.1). The large sensor network also facilitates the analysis of lesser studied clinical

features such as asymmetric gait.

The first limitation of this study is the infrequency of follow up examinations. As

the OxQUIP study is hitch-hiking on participants’ routine clinical care appointments,

data is only collected once every three months. As discussed in Chapter 2, this

is infrequent and incapable of detecting the higher frequency (daily or weekly)

symptom fluctuation. An additional limitation is that all tests are focused on

motion analysis and do not investigate other symptoms such as tremor, dexterity,

voice, or memory. Therefore the data being collected is focused on one, albeit a

very common, area motor symptoms may present.

The first and foremost advantage of the mPower dataset is the unprecedented

number of participants and activity instances. In total, 9,520 participants completed
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196,996 instances of data across all activities, severity surveys, and demographic

surveys. Further, many participants completed multiple tests on a longitudinal basis.

As tests can be completed at the participants leisure, many participants contribute

instances on a highly frequent, often daily, basis. The study of longitudinal test

contribution and participant retention will be discussed in detail during Chapter

6. Furthermore, the mPower cohort is extremely diverse in age and severity;

allowing the symptoms and performance of young healthy controls (a usually

under-represented demographic) to be compared against older healthy controls

and diseased subjects.

The second advantage is that the activities aim to assess multiple aspects of the

disease including body motion, voice, dexterity, and non-motor impairments. This

will enable a far more detailed and comprehensive analysis of the overall disease

severity whilst also presenting the first opportunity to compare how the symptoms

between multiple activities relate to one another.

As mPower is the first open-source, remotely collected, longitudinal, and ‘big’

dataset, it would be naïve to assume it is without its limitations. Firstly, as a purely

remotely collected dataset, the demographic data has not undergone validation

from a clinician. As such, it is necessary to assume all demographic data is accurate

and honest. Furthermore, many of the demographic survey questions have a binary

response. This could be problematic when a participant is answering whether they

have received a professional diagnosis as the binary response does not account for

parkinsonian disorders. The same limitation is true for the medication usage as

the type and dosage of medication cannot be specified.

Table 4.4: Comparison of the OxQUIP and mPower datasets.

OxQUIP mPower
Number of Participants 162 9,520

Environment Clinical Remote
Measurement Device IMU Smart-phone
Measurement Quality Very high Very variable

Activity Type(s) Body Motion Body Motion, voice, dexterity, non-motor
Activity frequency 3 Months Daily

Severity Score Full MDS-UPDRS Subset of MDS-UPDRS Parts I and II
Severity Scoring Movement disorder specialist Self-reported
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Secondly, the examples of the walking and voice data collected during the

mPower study demonstrated a high level of variability in quality (Figures 4.10 and

4.12). In the case of the walking test, sources of noise may include improper test

completion and the completion of tests in inconsistent environments. Neither of

these sources of noise are present in the corresponding OxQUIP walking test data.

In the case of the voice test, sources of noise may include improper test completion

and the presence of background noise. It is here hypothesised that the tapping test

is the most commonly completed as it is the simplest and least intrusive test to

perform. It is also less susceptible to test environment and consequently will suffer

from less sources of noise. Although improper test completion is still a potential

source of noise to the tapping activity, the intuitive application interface will likely

decrease the number of incorrectly implemented instances.

Thirdly, there is also the potential of noise entering the mPower MDS-UPDRS

survey. Although the efficacy of self-reporting Sections I and II of the MDS-

UPDRS have received some attention, and often show agreement between the

scores given by patients and movement disorder specialists, these studies have

focused on considerably smaller participant numbers often from a single medical

facility. As the mPower dataset contains a far larger number of participants from

medical centers across the United States, the level of intra-rater variability remains

unknown. A further source of noise in the MDS-UPDRS survey is that it is being

completed by people who do not have PD and therefore have no prior experience

or benchmark with the scoring system.

Table 4.4 provides a final and succinct comparison of the datasets presented

by this chapter.
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Disease Quantification During Routine

Clinical Care
Related Publications:

1) J. Prince, J. Fitzgerald, C. Antoniades, M. De Vos, “Differentiation of Parkinsonian
Disorders Using Wearable Sensors and Machine Learning”, Movement Disorders
(Manuscript in preparation)

5.1 Introduction

Chapter 2 provided an exhaustive background detailing how digital sensors have

previously been used in a clinical environment for objective disease assessment.

The majority of these studies suffered from small cohort sizes at usually mild or

severe stages of disease progression. Further, many of these studies implemented

proof-of-concept experimental protocols which utilised few sensors for a purely cross

sectional assessment. The OxQUIP study, as described in Chapter 4, overcomes

the vast majority of these limitations via using a large network of sensors as

part of routine clinical care.

The first objective of this chapter is to replicate the cross sectional confirmatory

analyses of previous studies utilising three clinically administered motor tests. This

is intended to reveal the underlying characteristics of the novel dataset in a bid

to identify features that are distinct of Parkinson’s disease (PD) and that also

correlate with clinically assigned MDS-UPDRS scores.

Secondly, this chapter performs a cross sectional disease classification and

severity prediction using data collected from participants at their first visit. Far

fewer studies have gone beyond classical confirmatory analyses (§3.1) to perform

78
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cross sectional classification and regression tasks. Data is available from three

motor tests therefore a quantitative comparison between the inter-test and intra-test

correlations is presented and whether classification and regression are improved

via fusing the features from all tests.

Thirdly, as the OxQUIP study collects data from each participant once every

three months, it facilitates the implementation of several previously impossible

longitudinal analyses. These analyses focus on determining whether disease deterio-

ration or longitudinal symptom variation can be detected at the standard frequency

of clinical assessment. Confirmatory statistical tests are employed to inspect for

novel longitudinal behaviours of features over the course of nine months.

Finally, longitudinal classification and regression tasks are performed. This

is the first work to present a classification task that incorporates longitudinal

feature variation into the design matrix. Additionally, this is the first work to

present a regression task that tracks disease severity using features from common

clinical motor tests.

This chapter provides a comprehensive overview of how wearable sensors can

be used as part of routine clinical care for objective disease assessment. The

OxQUIP study is purely clinical and the subsequent dataset is very high quality

and consists entirely of clinical features (as opposed to technical features - see

§2.3.1). Despite its highlighted shortcomings, the MDS-UPDRS is assigned by a

movement disorder specialist and therefore acts as the gold standard of disease

severity throughout this chapter. As such, the findings of this chapter provide the

thesis with a benchmark regarding the potential and challenges associated with

disease assessment using wearable sensors.

The primary contributions of this chapter to the field of clinical Parkinson’s

disease quantification are:

• The replication of the cross sectional confirmatory analyses of previous studies

on the large, diverse, multi-sensor, and multi-test OxQUIP dataset.
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• An assessment as to the ability of features from three common clinical tests

to perform cross sectional disease classification and severity prediction.

• An investigation into the longitudinal properties of features; determining

whether disease groups show a different amount of longitudinal change and

fluctuation.

• The first implementation of a longitudinal disease classification task that

investigates whether the classification procedure benefits from the inclusion

of longitudinal feature behaviour. This is performed using data collected as

part of routine longitudinal clinical care.

• The implementation of a longitudinal regression task to assess the ability of

features to accurately track disease severity.

5.2 Background

The identification of objective biomarkers that can be used for quantitative PD

assessment are widely sought in a variety of in-clinic motor tests [80]. As postural

instability and bradykinesia are indicative of the presence of PD, a substantial

amount of literature exists wherein distinct PD body motion characteristics have

been identified that are not found in a healthy population [89, 295]. However, the

technologies considered to be the ‘gold standard’ in deriving these biomarkers are

expensive and often lack the ability to effectively assess gait variability [296–298].

As such, the adoption of low cost Inertial Measurement Units (IMUs) has risen

as an alternative means of deriving digital biomarkers in a clinical environment.

Indeed, IMUs have shown the potential to accurately derive many of the biomarkers

that ‘gold standard’ technologies have identified as showing differentiating ability

between PD and HC participants [84, 89, 96, 299, 300].

However, as IMUs are still an emerging technology for the in-clinic assessment

of PD, their clinical relevance and uptake have been hindered by several important

factors. Firstly, previous studies have utilised small cohort sizes, usually with
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less than 30 participants [20, 80]. Secondly, experimental protocols have varied

wherein the number and location of IMUs, test environment, and test procedure

have differed between studies; restricting the generalisation of findings [94, 301]. As

symptoms often present at different body locations (including lower limbs, upper

limbs, and trunk), the use of a small number of sensors is unlikely to capture the

relevant biomarkers for many symptoms.

A small number of datasets have emerged attempting to address these limitations;

aided by several commercial IMU systems recently entering the market [55, 131,

302]. Studies utilising these datasets have focused on performing cross-sectional

body motion analyses, using a large array of IMUs on larger cohorts at a wide

range of disease progressions. Furthermore, the IMU usage within these datasets

often implement multiple body motion tests including gait, Timed-Up-and-Go

(TUG), and the sway test [93, 115, 131]. The primary focus of these studies have

been validating the previously identified clinical biomarkers that show statistical

differences between disease groups.

Due to the unpredictable and non-linear progression of PD, the ability to

objectively quantify disease symptoms and progression on a longitudinal basis would

improve the understanding of the long-term symptom fluctuations. Combined with

the known inter- and intra-rater subjectivity of the MDS-UPDRS scoring system,

it is difficult to determine if the measured longitudinal variation of severity is

caused by worsening symptoms or simply by the variability of the scoring system.

Few studies have attempted longitudinal monitoring with IMUs, and those that

have have suffered from the aforementioned limitations of small subject numbers

[116, 303]. Furthermore, the longitudinal data collected by these studies are highly

variable and infrequent; with data collection often occurring at baseline and then

at follow up, which can range from 12 to 24 months later [116, 123, 304]. These

infrequent measurements will be insensitive to the natural variation of symptoms

that occur on a more frequent basis [163, 305]. Thus, the use of longitudinal tests

utilising IMUs during routine clinical care would create a more robust platform to

assess disease progression as natural symptom variation can be accounted for.
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In this chapter, both a cross sectional and a longitudinal analysis are performed

on a large cohort of participants at many stages of disease progression. The

cross sectional analysis aims to firstly replicate the analyses of previous studies,

as described in §2.3.1, on the novel and rich OxQUIP dataset. This includes

traditional statistical tests aimed at identifying features that are distinct of PD from

gait, TUG, and sway tests as collected by a large network of IMUs. The analyses

of previous studies are extended through the implementation of cross sectional

disease classification and regression tasks. The results of previous studies are further

extended via a longitudinal analysis. Initially, the longitudinal behaviour of features

are assessed for a difference between the disease groups at a frequency of three

months. The effect of including longitudinal test data on disease classification is then

compared against the traditional cross sectional classification procedure. Finally,

longitudinal disease severity prediction is performed on a participant-to-participant

basis in a bid to enable objective tracking of disease severity.

5.3 Methods

Dataset and Clinical Feature Description

All participants used in this chapter originate from the OxQUIP study. As this

chapter is focused on identifying diseased participants, no differentiation is made

between typical and atypical Parkinsonism1. All participants who receive treatment

(levodopa and Deep Brain Stimulation) are in the ‘ON’ state for all test instances.

The feature sets extracted from each test are those described in §4.2 and are

listed in Appendix A.1.
1The associated publication of this chapter concerns the differentiation of typical from atypical

parkinsonism. The cross sectional analysis performed in this chapter follows an identical analysis
procedure to the associated publication but for the purpose of differentiating all parkinsonism
disorders (typical and atypical) from healthy controls.
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Table 5.1: Demographics of the OxQUIP participant subsets.

#
Participants

#
Instances

Age MDS-UPDRS Years Since
Diagnosis

Cross Sectional Baseline Subset
HC 44 44 66.4 ± 7.6 5.4 ± 6.28 N/A
PD 101 101 67.5 ± 8.2 30.1 ± 15.7 5.6 ± 4.7

Longitudinal Classification Subset
HC 21 84 67.1 ± 8.1 5.6 ± 6.9 N/A
PD 52 208 67.3 ± 8.3 26.0 ± 13.0 5.8 ± 5.1

Longitudinal Regression Subset
HC 44 147 66.4 ± 7.6 4.7 ± 4.1 N/A
PD 101 338 67.5 ± 8.2 29.6 ± 16.5 5.6 ± 4.7

5.3.1 Cross Sectional Baseline Disease Quantification
Cross Sectional Baseline Subset

The participants who completed all three motor tests (walking, TUG, and sway)

at baseline visit are included in all baseline analyses and are herein referred to as

the Cross Sectional Baseline Subset. The demographics of these participants

are given in Table 5.1.

Cross Sectional Feature Hypothesis and Correlation Tests

This section performs a confirmatory statistical analysis on the clinical feature

set arising from each test individually. This is the most common form of analysis

reported in previous literature and therefore enables the findings of this chapter

to be validated against previous work [123, 131]. Statistical differences are sought

through the use of hypothesis tests whereas correlation analyses are performed

to reveal any relationships between the identified biomarkers and the clinically

assigned MDS-UPDRS scores.

For each test, independent t-tests are used to inspect for statistical significance

between disease groups for all features using a significance level of 0.05. The mean

and standard deviation of all features found to possess p-values below the significance

level are reported alongside the corresponding p-value. All features identified as

showing significant differences are herein referred to as the significant feature set.

The Spearman’s correlation coefficient between each feature in the significant
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feature set and the total MDS-UPDRS is reported alongside the corresponding

correlation p-value

Due to the likelihood that many of the features within each significant feature

set are correlated (such as Gait Speed Left and Gait Speed Right), LASSO feature

selection is implemented such as to reduce the significant feature set into a dense

subset of features. The resulting features and LASSO weightings are reported.

Cross Sectional Disease Classification

The previous section replicated the analysis most widely used in existing litera-

ture. In this section, the exploratory and confirmatory statistical tests commonly

performed by previous studies are extended via determining the ability of the

features to also perform disease classification.

For each test, repeated 10-fold cross validation is performed using the full feature

set from each test separately. Within each repeat of cross validation, the cross

sectional baseline subset undergoes minority class balancing prior to being assigned

to a fold. Within each fold, the training and validation sets undergo zero-mean

unit-variance normalisation with respect to the mean and standard deviation of the

training set. Feature selection (LASSO) is performed on each training set, with the

selected features subsequently being extracted from the validation set2.

Two classifiers are implemented: Logistic Regression (LR) and Random Forest

(RF). In the case of RF classification, the training and validation sets do not

undergo normalisation nor feature selection due to the inherent ability of RF to

function successfully when presented with a high number of features (§3.2.4). These

classifiers are chosen due to their popularity in the clinical and engineering fields

respectively and enable a validity check via a comparison of their results.

Finally, a cross sectional classification task utilising the features from all

three tests simultaneously is implemented - presenting this thesis’ first study of

a multi-source dataset. The feature sets from each of the three separate tests
2 Although feature selection was performed during the confirmatory analyses in the previous

section, the results of the confirmatory analyses are not utilised during the classification procedure
so as to prevent data leakage between the training and validation sets.
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are concatenated and used during this classification process. This classification

task intends to reveal whether the features arising from each test present unique

information and whether this benefits the classification performance.

The accuracy, sensitivity, specificity, and F1-score are reported for each classifier

alongside their respective standard errors.

Cross Sectional Disease Severity Regression

The inspection of the OxQUIP MDS-UPDRS scores of §4.2 demonstrated that the

PD population possess a wide range of severities that partially overlap with those

of the HC participants. As such, the use of a regression analysis may be more

appropriate at disease quantification than binary classification which is insensitive

to disease severity. In this section, the statistical tests of previous studies are

extended via determining the ability of the features to perform disease severity

regression using the Cross Sectional Baseline Subset.

As in the classification analysis, repeated 10-fold cross validation is firstly

performed using the total feature sets from each test separately. Similarly, within

each fold the training and validation sets again undergo zero-mean unit-variance

normalisation with respect to the training set. Feature selection (LASSO) is

performed on each training set using the binary outcomes, with the selected

features being extracted from the validation set. This regression procedure is

then implemented upon the multi-source dataset containing the feature sets of

all three tests simultaneously.

Two regression algorithms are implemented: Linear Regression (LiR) and

Random Forest. The mean and standard deviation of the root mean squared error

(RMSE) and the mean absolute error (MAE) for all regression tasks are reported.

5.3.2 Longitudinal Disease Monitoring

Throughout this longitudinal disease monitoring analysis the features from all tests

are used together. The focus of this section is to reveal novel longitudinal char-
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acteristics of features and whether these characteristics influence the performance

of classification and regression tasks.

Longitudinal Participant Subset

Two participant subsets are used during the longitudinal analysis:

a The Longitudinal Classification Subset are the participants who completed

all tests during their first four visits. This number of visits results in

performing longitudinal monitoring over a nine month period. The inclusion of

participants with exactly four visits is based on a trade off between participant

numbers and length of longitudinal analysis. As the OxQUIP study is still

active and not all participants have completed the study, only 32 participants

have made five or more visits at present, which is deemed an insufficient

sample size to perform a longitudinal analysis upon.

b The Longitudinal Regression Subset contains every instance where all tests

were completed. As such, each participant will contribute nv instances of data

where nv is the number of visits where they have completed all tests. This

results in the Longitudinal Regression Subset being the largest of the subsets.

The demographics of both longitudinal subsets are given in Table 5.1.

Longitudinal Feature Variation

This analysis investigates the longitudinal variation of features within the longi-

tudinal classification subset. Two analyses are performed intended to determine

if (i) the disease groups show a different degree of change in feature value over a

nine month period and (ii) the disease groups show different amounts of feature

fluctuation over a nine month period.

Firstly, paired t-tests are performed between the feature values at baseline and

the feature values at the nine month follow up. This is performed separately for

each disease group. This inspects whether feature values vary significantly at a

participant-to-participant level between the two visits. This is a typical testing
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technique employed by the small number of previous studies using IMUs on a

longitudinal basis. The results of the of the limited number of previous studies can

be extended to exploit the more regular data collection protocol of the OxQUIP

study. Any feature identified as showing a statistical difference between baseline

and nine month follow up in the PD group, but not in the HC group, undergo

additional hypothesis testing. Paired t-tests are subsequently performed between

the feature values at baseline and the feature values at the three and six month

follow ups respectively. This enables the progression of features, relative to baseline,

to be better understood at a three month frequency.

Secondly, it is possible to investigate the fluctuation of feature values over the

nine month period. For each participant, the standard deviation of each feature

value is calculated using the four instances contributed throughout the study.

Independent t-tests are performed between the standard deviations of each feature

between the disease groups. This therefore enables a comparison between the

amount of longitudinal fluctuation shown by each disease group.

Longitudinal Disease Classification

When performing the cross-sectional classification task, any symptom variation

identified by the previous analysis would not be accounted for which may prove

detrimental to the classification accuracy. Two forms of longitudinal classification

are performed in this section with the intention of determining whether the inclusion

of longitudinal test data benefits the classification procedure.

Firstly, during static classification a classification model is trained and validated

using the data contributed at each individual visit by the Longitudinal Classification

Subset. This is equivalent to performing a cross-sectional classification task at

each visit individually. This assumes the data contributed by each participant at

each visit is independent and therefore this approach does not account for any

longitudinal variation of feature values.

Conversely, during dynamic classification, the design matrix formed at visit

v is dynamically updated to incorporate longitudinal feature variation. This is
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Figure 5.1: Visualisation of the design matrix formulation during dynamic learning
classification.

achieved via utilising the current feature set from visit v in addition to all preceding

feature sets. The design matrices from each separate visit are arranged into a

N × p× v tensor of N participants, p features, and v visits. The mean and standard

deviation feature values across the visits are calculated and concatenated into a

new design matrix, X̃v, which subsequently contains 2p features. As such, X̃v is

incorporating the longitudinal variation of each feature shown by each participant.

This process is shown schematically in Figure 5.1.

In both classification approaches, logistic regression and random forest classifiers

are trained and validated using repeated 10-fold cross validation. During dynamic

classification, X̃v is divided into training and validation sets with LASSO feature

selection bring implemented on each training set.

Longitudinal Disease Severity Regression

In the Longitudinal Regression Subset, participants contribute multiple and a

variable number of instances as data collection is still in progress. Therefore, during

the training and validation of models, cross-validation by participant it utilised

wherein all of a participant’s instances are assigned to whichever set (training or

validation) the participant is assigned. This is to ensure the validation set does not

include instances from a participant who also contributed instances to the training

set, as this has shown to highly bias results [237].

Repeated 10-fold cross validation is used which utilises the same feature nor-

malisation and selection processes as in the baseline regression of §5.3.1. As all of
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a participant’s instances are either in the training or validation set, it is possible

to visualise the estimated MDS-UPDRS of a single participant on a longitudinal

basis. The RMSE and MAE are reported.

5.4 Results

Baseline Disease Quantification
Baseline Hypothesis Tests and MDS-UPDRS Correlations

Of the 108 features measured during the walking test, 38 were found to show

significant difference in value between the disease groups. Of the 22 features

measured during the sway test, only three were found to show significant difference

between the disease groups. Of the 33 features measured during the sway test,

only three were found to show significant difference between the disease groups.

Tables 5.2, 5.3, and 5.4 provide the results of the independent t-tests and the

Spearman correlation coefficients of the walking, sway, and TUG significant feature

sets respectively.

Figure 5.2 is a correlation matrix demonstrating how the features within each

of the tests are correlated. Furthermore, Figure 5.2 also demonstrates that feature

correlations exist between tests (inter-source correlations). The presence of highly

correlated features within each source (intra-source correlations) validates the use

of a sparsity inducing feature selection technique. Table 5.5 provides the features

selected as the most relevant by LASSO feature selection when implemented on each

test individually. The features within each test are ordered by the magnitude

of their weighting.

Cross Sectional Baseline Classification & Regression

The first four columns of Table 5.6 provide the cross sectional baseline classi-

fication metrics. These are given for each of the separate tests and for the

multi-test classification.
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Table 5.2: Hypothesis and correlation results for the walking significant feature set.
TDS: Terminal Double Support, SLS: Single Limb Support, ROM: Range Of Motion,
GCT: Gait Cycle Time (given as a % of total cycle time). These results correspond to
the methods outlined in §5.3.1. A description of all features is given in Appendix A.1 and
visualised in Figure A.1

.

Walk Feature HC
(µ± σ)

PD
(µ± σ)

p-value Correlation:
R

Correlation:
p-value

Gait Speed L (m/s) 1.24 ± 0.16 1.08 ± 0.27 0.001 -0.551 <0.001
Gait Speed R (m/s) 1.27 ± 0.16 1.11 ± 0.27 0.001 -0.542 <0.001

Foot Strike Angle L (degrees) 25.13 ± 5.21 20.31 ± 6.83 <0.001 -0.449 <0.001
Foot Strike Angle R (degrees) 26.52 ± 5.65 21.52 ± 6.77 <0.001 -0.518 <0.001

Toe Off Angle R (degrees) 38.57 ± 4.61 36.09 ± 6.09 0.019 -0.387 <0.001
Stride Length L (m) 1.29 ± 0.15 1.15 ± 0.22 0.001 -0.529 <0.001
Stride Length R (m) 1.32 ± 0.15 1.18 ± 0.22 0.001 -0.516 <0.001

TDS R (%GCT) 9.30 ± 1.41 10.25 ± 2.95 0.048 0.447 <0.001
Coronal ROM (degrees) 5.99 ± 1.77 4.78 ± 2.28 0.003 -0.149 0.083

Arm Swing Velocity L (degrees/s) 238.22 ± 59.67 181.62 ± 96.35 0.001 -0.271 0.001
Arm Swing Velocity R (degrees/s) 218.78 ± 57.82 184.38 ± 103.30 0.045 -0.229 0.007
Arm Range of Motion L (degrees) 59.64 ± 16.85 36.55 ± 22.65 <0.001 -0.366 <0.001
Arm Range of Motion R (degrees) 53.78 ± 17.64 37.54 ± 24.90 <0.001 -0.324 <0.001

Turn Angle (degrees) 175.96 ± 15.26 168.46 ± 19.77 0.030 -0.361 <0.001
Turn Duration (s) 2.09 ± 0.26 2.44 ± 0.58 <0.001 0.532 <0.001

Turn Velocity (degrees/s) 195.07 ± 36.69 153.39 ± 43.66 <0.001 -0.644 <0.001
Steps in Turn (n) 3.77 ± 0.55 4.16 ± 0.92 0.013 0.317 <0.001

Cadence L (steps/min) STD 2.18 ± 1.05 2.79 ± 1.45 0.014 0.542 <0.001
Cadence R (steps/min) STD 2.21 ± 1.04 2.85 ± 1.66 0.021 0.535 <0.001
Double Support L (%) STD 1.07 ± 0.28 1.42 ± 0.90 0.015 0.567 <0.001
Double Support R (%) STD 1.06 ± 0.28 1.42 ± 0.89 0.010 0.573 <0.001
Cycle Duration L (s) STD 0.02 ± 0.01 0.03 ± 0.03 0.029 0.530 <0.001
Cycle Duration R (s) STD 0.02 ± 0.01 0.03 ± 0.03 0.044 0.520 <0.001

Foot Strike Angle R (degrees) STD 1.74 ± 0.67 2.14 ± 0.79 0.004 0.344 <0.001
Toe Off Angle L (degrees) STD 1.07 ± 0.37 1.25 ± 0.55 0.047 0.348 <0.001

SLS L (%) STD 0.67 ± 0.16 0.94 ± 0.61 0.004 0.560 <0.001
SLS R (%) STD 0.72 ± 0.17 0.98 ± 0.66 0.010 0.561 <0.001

Stance L (%) STD 0.70 ± 0.18 0.97 ± 0.58 0.003 0.614 <0.001
Stance R (%) STD 0.64 ± 0.17 0.94 ± 0.61 0.002 0.588 <0.001

Step Duration L (s) STD 0.01 ± 0.004 0.01 ± 0.02 0.017 0.528 <0.001
Step Duration R (s) STD 0.01 ± 0.006 0.02 ± 0.02 0.050 0.506 <0.001
Stride Length L (m) STD 0.04 ± 0.01 0.04 ± 0.01 0.033 0.335 <0.001

Swing L (%) STD 0.70 ± 0.18 0.97 ± 0.58 0.003 0.614 <0.001
Swing R (%) STD 0.64 ± 0.17 0.94 ± 0.60 0.002 0.588 <0.001
TDS L (%) STD 0.68 ± 0.19 0.93 ± 0.56 0.005 0.577 <0.001
TDS R (%) STD 0.72 ± 0.19 0.97 ± 0.71 0.025 0.541 <0.001

Arm ROM L (degrees) STD 9.71 ± 6.80 7.06 ± 4.59 0.008 -0.122 0.158
Turn Velocity (degrees/s) STD 26.61 ± 13.77 19.42 ± 12.00 0.002 -0.352 <0.001

Table 5.3: Hypothesis and correlation results for the sway significant feature set. These
results correspond to the methods outlined in §5.3.1.

Sway Feature HC
(µ± σ)

PD
(µ± σ)

p-value Correlation:
R

Correlation:
p-value

Mean Velocity (m/s) 0.14 ± 0.07 0.22 ± 0.17 <0.001 0.26 <0.001
Mean Velocity (Coronal) (m/s) 0.03 ± 0.03 0.05 ± 0.04 0.04 0.27 <0.001
Mean Velocity (Sagittal) (m/s) 0.13 ± 0.07 0.21 ± 0.17 <0.001 0.25 <0.001
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Table 5.4: Hypothesis and correlation results for the TUG significant feature set. These
results correspond to the methods outlined in §5.3.1.

Sway Feature HC
(µ± σ)

PD
(µ± σ)

p-value Correlation:
R

Correlation:
p-value

Duration (s) 9.28 ± 1.55 12.36 ± 6.84 <0.001 0.59 <0.001
Sit to Stand Duration (s) 0.98 ± 0.13 1.13 ± 0.18 <0.001 0.37 <0.001
Stand to Sit Duration (s) 0.84 ± 0.17 0.93 ± 0.20 0.01 0.39 <0.001

Turns Angle (degrees) 178.67 ± 5.47 169.40 ± 18.84 <0.001 -0.51 <0.001
Turn Duration (s) 1.97 ± 0.27 2.35 ± 0.57 <0.001 0.51 <0.001

Turn Velocity (degrees/s) 212.68 ± 38.89 166.90 ± 53.91 <0.001 -0.59 <0.001
Turns Angle (degrees) STD 5.67 ± 3.11 9.94 ± 10.50 0.01 0.42 <0.001

Turn Velocity (degrees/s) STD 26.17 ± 16.19 19.38 ± 13.17 0.01 -0.18 0.03

Figure 5.2: Inter- and intra-test feature correlations of the OxQUIP dataset. Units are
Spearman’s Rank Correlation Coefficient. W: Walking, T: TUG, and S: SWAY

The final two columns of Table 5.6 provide the baseline regression performances

of each of the separate tests in addition to the regression performance of the

multi-test regression.

Longitudinal Disease Monitoring

Longitudinal Feature Variations

Table 5.7 provides the features showing significance as identified by paired t-tests

between the baseline and nine month follow up feature values. For each feature

showing significance after nine months, the paired t-test results are also given

between baseline and the three and six month follow ups.

Table 5.8 provides the results of the independent t-test results pertaining to

feature fluctuation over the course of nine months. Figure 5.3 provides a visualisation
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Table 5.5: The features and their corresponding weighting as selected from each test
using LASSO. These results correspond to the methods outlined in §5.3.1. Key: % GCT -
percentage of the gait cycle time.

Test Feature β

Walk

Gait Cycle Duration R (s) STD -1.941
Stride Length L (m) STD -0.671

Stride Length L (m) 0.354
Gait Speed L (m/s) 0.181

Single Limb Support L (%GCT) STD 0.160
Steps in Turn (n) 0.028

Coronal Range of Motion (degrees) -0.013
Foot Strike Angle R (degrees) STD 0.013

Foot Strike Angle R (degrees) -0.010
Arm Range of Motion L (degrees) -0.009

Arm Range of Motion L (degrees) STD -0.009
Terminal Double Support R (%GCT) -0.007

Arm Range of Motion R (degrees) -0.005
Foot Strike Angle L (degrees) -0.004

Turn Velocity (degrees/s) -0.003
Arm Swing Velocity R (degrees/s) 0.002

Turn Velocity (degrees/s) STD -0.002
Arm Swing Velocity L (degrees/s) 0.001

Sway
Mean Velocity (Sagittal) (m/s) 9.573

Mean Velocity (m/s) -9.362
Mean Velocity (Coronal) (m/s) 4.606

TUG
Sit to Stand Duration (s) 0.501
Turn Velocity (degrees/s) -0.002

Turns Angle (degrees) -0.002

Table 5.6: OxQUIP Baseline Classification and Regression Results. These results
correspond to the methods outlined in §5.3.1.

Accuracy [%] Sensitivity [%] Specificity [%] F1 [%] RMSE MAE
Logistic Regression & Linear Regression

Walk 75.8 ± 1.5 74.7 ± 2.3 76.5 ± 2.2 74.4 ± 1.7 12.83 ± 0.85 9.91 ± 1.06
Sway 62.8 ± 1.5 52.8 ± 2.2 73.3 ± 2.2 57.0 ± 1.9 17.76 ± 1.02 14.45 ± 1.13
TUG 73.3 ± 1.5 69.0 ± 2.3 78.1 ± 2.0 70.7 ± 1.8 13.67 ± 0.86 11.17 ± 1.12

Walk + Sway + TUG 76.0 ± 1.3 73.5 ± 2.1 78.6 ± 2.0 74.4 ± 1.6 13.19 ± 0.45 10.73 ± 1.05
Random Forest

Walk 77.3 ± 1.4 72.7 ± 2.1 82.0 ± 2.0 75.1 ± 1.6 13.73 ± 0.75 10.87 ± 1.04
Sway 62.5 ± 1.5 51.9 ± 2.3 69.8 ± 2.2 58.9 ± 1.9 17.06 ± 0.92 13.87 ± 1.14
TUG 69.7 ± 1.4 70.5 ± 2.2 69.4 ± 2.2 68.7 ± 1.6 13.47 ± 0.68 10.74 ± 1.05

Walk + Sway + TUG 77.9 ± 1.3 75.6 ± 2.2 80.4 ± 1.9 76.3 ± 1.6 12.98 ± 0.73 10.28 ± 1.10
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Table 5.7: Features that show a significant change over a three, six, and nine month
period for PD participants, but not HC participants, as identified by paired t-tests. These
results correspond to the methods outlined in §5.3.2.

HC PD
Feature 3 Month 6 Month 9 Month 3 Month 6 Month 9 Month

First Step Range of Motion (degrees) 0.373 0.399 0.748 0.859 0.261 0.030
Duration (s) 0.107 0.373 0.374 0.471 0.252 <0.001

Toe Off Angle R (degrees) 0.310 0.548 0.405 0.316 0.124 0.009
Cadence L (steps/min) STD 0.390 0.612 0.752 0.025 0.004 0.001
Cadence R (steps/min) STD 0.391 0.756 0.831 0.009 0.011 <0.001

Double Support L (%GCT) STD 0.574 0.540 0.280 0.141 0.027 0.007
Double Support R (%GCT) STD 0.567 0.530 0.551 0.212 0.104 0.007
Gait Cycle Duration L (s) STD 0.262 0.186 0.804 0.175 0.070 0.045
Gait Cycle Duration R (s) STD 0.204 0.330 0.772 0.066 0.090 0.021

Gait Speed L (m/s) STD 0.846 0.691 0.881 0.027 0.056 0.003
Gait Speed R (m/s) STD 0.635 0.728 0.772 0.064 0.072 0.009

Toe Off Angle R (degrees) STD 0.708 0.702 0.513 0.008 0.109 0.038
Single Limb Support L (%GCT) STD 0.294 0.489 0.351 0.094 0.192 0.005
Single Limb Support R (%GCT) STD 0.644 0.407 0.720 0.732 0.612 0.024

Stance L (%GCT) STD 0.892 0.606 0.883 0.587 0.130 0.029
Stance R (%GCT) STD 0.627 0.445 0.351 0.019 0.091 0.004

Step Duration L (s) STD 0.428 1.000 1.000 0.003 0.038 0.003
Step Duration R (s) STD 0.666 0.330 0.330 0.595 0.399 0.020
Stride Length L (m) STD 0.460 0.117 0.297 0.057 0.203 0.023
Stride Length R (m) STD 0.899 0.297 0.287 0.166 0.336 0.015

Swing L (%GCT) STD 0.892 0.606 0.895 0.587 0.130 0.029
Swing R (%GCT) STD 0.618 0.445 0.351 0.019 0.091 0.004

Terminal Double Support L (%GCT) STD 0.829 0.722 0.609 0.012 0.040 0.006
Terminal Double Support R (%GCT) STD 0.301 0.965 0.353 0.926 0.924 0.022

of the fluctuation of a single feature for each disease group separately.

The MDS-UPDRS of the PD participants at the three, six, and nine month follow

ups are 24.24 ± 13.3, 26.6 ± 14.6, and 28.0 ± 16.9 respectively. The MDS-UPDRS

of the HC participants at the three, six, and nine month follow ups are 5.55 ±

7.00, 5.71 ± 5.41, and 4.21 ± 3.92 respectively. No significant changes were found

between the baseline and nine month follow up MDS-UPDRS scores for the HC

participants [p = 0.984] or PD participants [p = 0.719].

Longitudinal Classification

The accuracies of the static and dynamic longitudinal classification strategies over

a nine month period are shown in Figure 5.4. Recall that static classification is

equivalent to performing a cross sectional classification task at each visit separately

using the longitudinal classification subset.
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Table 5.8: The features showing a significantly different degree of fluctuation over a nine
month period between disease groups. These results correspond to the methods outlined
in §5.3.2.

Feature Name HC PD p-value
Toe Out Angle L (degrees) 5.29 ± 3.13 3.97 ± 1.90 0.031

Elevation at Midswing L (cm) STD 0.05 ± 0.03 0.08 ± 0.06 0.033
Foot Strike Angle L (degrees) STD 0.27 ± 0.16 0.47 ± 0.40 0.036

Turn Velocity (degrees/s) STD 10.5 ± 6.27 7.19 ± 5.01 0.017
Duration (s) 0.67 ± 0.34 0.93 ± 0.54 0.042

Turns - Duration (s) 0.14 ± 0.07 0.22 ± 0.16 0.039
95% Ellipse Axis 2 Radius (m/s2) 0.04 ± 0.03 0.09 ± 0.09 0.033

Centroidal Frequency (Sagittal) (Hz) 0.10 ± 0.05 0.16 ± 0.11 0.020
Path Length (Sagittal) (m/s2) 0.82 ± 0.53 1.61 ± 1.79 0.049

RMS Sway (m/s2) 0.02 ± 0.01 0.04 ± 0.04 0.034
RMS Sway (Sagittal) (m/s2) 0.02 ± 0.01 0.03 ± 0.03 0.028

95% Ellipse Axis 2 Radius (degrees) 0.24 ± 0.15 0.50 ± 0.54 0.032
RMS Sway (degrees) 0.10 ± 0.06 0.21 ± 0.24 0.034

RMS Sway (Sagittal) (degrees) 0.10 ± 0.06 0.20 ± 0.20 0.028

Figure 5.3: The fluctuation of the TUG test duration over a nine month period for (a)
healthy controls and (b) Parkinson’s participants. This feature was selected as it was
identified as showing a significant pair-wise change over the course of nine months whilst
also showing a significant difference in the degree of fluctuation between disease groups.
These results correspond to the methods outlined in §5.3.2.
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Figure 5.4: Longitudinal classification results of the static and dynamic approaches.
These results correspond to the methods outlined in §5.3.2.

At baseline, the static and dynamic accuracies show no statistical differences

for both the LR [p = 0.652] and RF [p = 0.461] models. Conversely, at 9

months, the classification accuracies between static and dynamic classification

show significant differences when using LR [p < 0.001] and RF [p < 0.001]. There

is no significant change in MDS-UPDRS for this subset over this period [p =

0.719] thus demonstrating that the improvement in accuracy is not a consequence

of worsening disease severity.

Longitudinal MDS-UPDRS Regression

The results of the longitudinal regression for both regression algorithms (LR and

RF) are given in Table 5.9. Figure 5.5 demonstrates the results of the longitudinal

regression analysis for three participants who contributed data over a 12 month

follow up period.

Table 5.9: The errors of the two regression algorithms when implemented on longitudinal
data. These results correspond to the methods outlined in §5.3.2.

RMSE MAE
Linear Regression 12.13 ± 0.76 8.37 ± 2.1

Random Forest 12.11 ± 0.77 7.13 ± 2.3
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Figure 5.5: Longitudinal Regression demonstrations over a 12 month period for a (a)
severe PD participant (b) mild PD participant and (c) a healthy participant. The green
area represents the 5 - 95% confidence interval as calculated from the error of the test
participants. These results correspond to the methods outlined in §5.3.2.

5.5 Discussion

The assessment of Parkinson’s disease relies entirely on a clinically performed scoring

system that is known to fall victim to multiple sources of subjectivity. Digital

sensors have been suggested as a means of providing objective disease assessment

but their clinical uptake have been hindered by the experimental inconsistencies of

previous studies. In this chapter, the ability of digital sensors to provide objective

disease assessment as part of routine clinical care has been investigated. Initially,

a cross sectional confirmatory analysis used by previous work was replicated such
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as to identify features that are distinct of PD and that show correlations with

MDS-UPDRS. These findings were extended to assess the ability of these features

to perform cross sectional disease classification and regression. Unlike previous

studies, the OxQUIP study performed follow up assessments every three months

facilitating a range of longitudinal analyses. The first longitudinal analysis in

this chapter revealed novel longitudinal characteristics of features over the course

of nine months; highlighting that PD participants often show a larger degree of

variation and a larger amount of change over this period in many features. The

inclusion of these longitudinal characteristics during classification proved highly

beneficial when compared to the traditional cross sectional classification approach.

Finally, a regression task was performed demonstrating the ability of these features

to accurate track disease severity.

During the baseline cross sectional confirmatory analysis, many features were

identified across the three tests that showed significant differences between PD and

HC participants. Many of these features have been suggested by previous studies

that utilised a smaller number of subjects such as PD participants having a decreased

walking velocity, step length, and turning velocity. It is evident that many of these

biomarkers are highly correlated with one another, potentially rendering their

collection redundant. This is demonstrated in Figure 5.2 wherein it is visible that

many inter-source and intra-source correlations exist. Most notably, the walking and

TUG tests yield many highly correlated features; with each test also demonstrating

a degree of inter-test correlations. Alternatively, the sway test produces many inter-

test correlated features yet little intra-test correlations. As such, the application of

LASSO feature selection demonstrated that a far smaller sub-set of features possess

unique information, shown in Table 5.5. Further, many of these features also showed

strong and significant correlations with the clinically assigned MDS-UPDRS scores.

An important observation that has been unattainable in previous studies is that

many of the features of the confirmatory analyses originate from IMUs at different

body locations. This is most notable in Table 5.2 where features pertaining to

arm, leg, and torso motion are present. Furthermore, these features also suggest
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that there is a distinction between the left and right hand side of the body for

many of these features; thus highlighting the asymmetrical gait characteristics

described in the literature [125, 306, 307]. This finding emphasises the importance

of utilising a large sensor network as opposed to the potentially insensitive single

sensor networks used by many previous studies [125].

When performing cross sectional classification using each test separately, the

walking test yields the highest cross sectional classification accuracy of 77.3%.

During chapter 2 the gait test generally reported higher classification accuracies

when compared to the sway test (62.8%), consistent with the findings in this

work. The TUG test performs similarly well (73.3%) to the walking test which is

attributed to the high level of correlation between the walking and TUG feature sets

demonstrating their near equivalence. However, this is the first work to compare

the classification performance of these clinical tests using a consistent cohort and

sensor network. Interestingly, the use of a RF classifier produces lower classification

accuracies than the LR. Throughout this work, the same RF parameters were

utilised for all classification tasks to increase interpretation and generalisation.

Accordingly, each base learner of a random forest randomly uses √p features from

each feature set. As the LASSO implementation during the confirmatory analyses

demonstrated, the sway and TUG tasks not only consist of fewer features than

the walking test, but also produce less unique features (Table 5.5). As such, as no

feature selection occurs prior to the design matrix being input to the RF, less nodes

in the sway and TUG models are likely to contain distinctive features resulting

in a degree of over-fitting occurring on the training data.

As would have been expected by the high level of correlation between many of

the features and the MDS-UPDRS found during the correlation tests (Table 5.2,

5.3, and 5.4), the cross sectional baseline regression analysis showed a strong ability

for the feature sets to predict MDS-UPDRS. Counterintuitively, many studies have

performed correlation analyses between MDS-UPDRS and motor features yet not

continued to implement a regression analysis [20, 105, 106]. As each MDS-UPDRS

question is ranked from 0 - 4, a MAE of 10.28 (using all tests and a RF regression)
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is deemed highly successful. As the maximum total MDS-UPDRS score is 260 (65

items), the MAE found here corresponds to an average error rate of 3.85% [71].

The cross sectional confirmatory analyses validated many findings of previous

studies on a novel dataset whilst also proving the feature set capable of successful

disease classification and severity regression. The longitudinal analyses aimed to

extend these findings by revealing novel longitudinal characteristics of features

and symptoms. Specifically, how features varied on a longitudinal basis was

investigated in two ways.

Firstly, Table 5.7 presents the features showing a significant level of change

between baseline and nine month follow up in the PD population. Importantly, these

features do not show a significant level of change in the HC population. Further, a

minority of these features show a significant level of change at the three and six

month follow up. This result is suggestive of the analysis detecting the gradual

worsening of symptoms over time. Upon completion of the OxQUIP study, this

result can be validated via the inclusion of the remaining longitudinal instances.

If a feature were to successfully detect symptom deterioration it would show and

maintain a significant difference from the baseline value.

Secondly, to gain an insight into the symptom variance between visits the

fluctuation of features over the course of four visits was examined on a participant-

to-participant basis. Table 5.8 provides previously unseen characteristics of symptom

fluctuation in a clinical environment. It was found that many features showed

a wide degree of variation even though environmental conditions, experimental

protocols, and medication states were kept constant. Indeed, 14 features were

identified showing a significantly different degree of fluctuation in PD participants’

than in HC participants’. This process is visualised in Figure 5.4 wherein the

duration of the TUG test for each participant is shown to vary, often by a large

amount in PD participants, between consecutive visits. However, it should still be

noted that measuring of features at three month intervals is still insensitive to daily

symptom fluctuations which may act as a confounding factor. Ideally, the use of a
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more frequent data collection strategy could be employed enabling the detection

of the subjects that consistently show deterioration or improvement.

During the longitudinal classification analysis, a comparison was made between

traditional cross sectional classification tasks (static classification) and a classifica-

tion task that incorporated longitudinal feature behaviour (dynamic classification);

demonstrated in Figure 5.4. Dynamic learning proved to significantly improve the

performance of classification whilst using both a LR and a RF classifier. Conversely,

static classification showed no such improvement. Indeed, the variation of the

static classification is caused by natural feature variation in the cohort. The

improvement demonstrated by dynamic learning is attributed to two findings of the

longitudinal feature variation analysis. Firstly, feature fluctuation was shown to

differ significantly in many features between the disease groups. During dynamic

classification, this fluctuation is incorporated into the design matrix via finding

the standard deviation of each feature at each visit. Secondly, these fluctuations

may also be thought of as noise, thus, via also including the mean feature value

the fluctuation noise is filtered out to better represent the ‘true’ value. This has

previously been suggested via demonstrating the intraclass correlation of step counts

(measured using IMUs) increased significantly over the course of seven days in a

cohort of multiple sclerosis participants [308].

There are several clinical and analytical limitations to this chapter. Firstly.

a limitation that is present in previous studies and remains in this study is the

inherent infrequency of clinical PD assessment. A participant undergoes assessment

roughly every three months. It is widely reported that symptom severity varies at a

far more frequent rate, especially during the early stages of disease progression [58,

114, 309]. However, this limitation is challenging to overcome as it is impractical

to increase the frequency of clinical tests (§2.2).

Furthermore, this analysis has purposely not differentiated between disease

groups. This is because the focus of this chapter is on differentiating HC from a

PD cohort at a wide array of disease progressions. As previous studies have usually

utilised PD participants with moderate to severe symptoms who are usually receiving
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treatment, there exists limited evidence of biomarkers distinctive of early PD [37,

84, 132, 310–312]. Future work on this dataset will focus on identifying longitudinal

characteristics that differentiate early stages of the disease (pre treatment) from

later stages. At present, only 17 early stage participants have been enrolled

with even fewer (N = 10) having contributed four or more test instances. The

differentiation of typical and atypical Parkinsonian diseases is also an emerging

research area for which the analysis in this chapter has been applied to using the

PSP participants enrolled in the OxQUIP study. The differentiation of typical

from atypical is particularly important as, although the symptoms can appear

very similar, the treatments required differ.

Similarly, disease treatment, such as levodopa, is taken daily and induces daily

variations in symptoms. The effects of treatment on biomarkers is a highly active

area of research in the field of PD objectification but is not addressed in the

present work. Although the OxQUIP dataset contains participants in both the

ON and OFF states, this treatment response is beyond the scope of the current

study but is an intuitive extension of these results. The effects of treatment on

the biomarkers identified as distinctive of PD here should be investigated; with a

particular emphasis of typical and atypical differentiation.

An analytical limitation of the current analysis is the lack of accounting for

longitudinal variation in both feature values and their corresponding responses (MDS-

UPDRS) during the longitudinal regression. Many more sophisticated methodologies

are applicable to this scenario and whose use is motivated by these results. Such

methodologies include various novelty detection strategies, Hidden Markov Models,

and Gaussian Processes [210, 313–315]. Accounting for longitudinal variation in

response and feature values using such methods may further improve the regression

performance, as was observed during the dynamic classification task.

Finally, it is worthy to note that the OxQUIP study is still active and therefore

the number of participants will continue to increase as will the number of longitudinal

observations. The analysis procedures utilised throughout this chapter will be

applied to the complete dataset upon completion.
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5.6 Conclusion

This chapter has assessed the ability of wearable sensors to perform objective disease

quantification as part of routine clinical care. Cross sectional statistical hypothesis

tests revealed many features as showing significant differences between disease

groups whilst also showing the ability to perform successful disease classification

and severity prediction. The longitudinal analyses identified a previously unseen set

of features that show different degrees of variation between the disease groups. A

longitudinal classification which incorporated symptom variation was implemented

and shown to significantly outperform the traditional cross sectional classification

approach. Finally, a regression task was implemented demonstrating the ability

to accurate track disease severity on a longitudinal basis. In the next chapter,

longitudinal characteristics from additional motor and non-motor tests are explored

regarding their ability to be monitored in a remote environment. As the data used

in the following chapter was collected using smart-phones, tests are contributed at

a much higher frequency than in a clinical setting as presented in this chapter.



6
Remote Monitoring of Symptom
Progression Using Smart-phones

Related Publications:

1) J. Prince, S. Arora, M. De Vos, “Big data in Parkinson’s disease: using smart-phones
to remotely detect longitudinal disease phenotypes”, Physiological Measurement,
vol 39, no 4, p 0044005, April 2018.

6.1 Introduction

The previous chapter demonstrated how various forms of disease quantification

can be achieved via using wearable sensors during routine clinical care. However,

due to the OxQUIP study being constrained to a clinical environment, it still

suffers from the limitations found in previous studies, namely the infrequency

and inconvenience of tests.

This chapter steps out of the controlled clinical environment and aims to

address the challenge of remotely performing longitudinal disease monitoring. It

was suggested in chapter 5 that a larger degree of longitudinal feature fluctuation

and change could be detected in PD participants when using tests that were

three months apart. Many participants in the mPower study contribute tests on

a daily basis, facilitating the inspection of feature fluctuation at a much higher

frequency. Via extracting clinically validated metrics from a motor and non-

motor test, their longitudinal behaviours are quantified such as to investigate

whether learning periods can be detected in a remote environment and whether

they differ between disease groups.

103
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Initially, this chapter describes how a popular test used to clinically assess

dexterity has been adapted by several studies to be quantified using digital sensors.

The mPower dataset presents the opportunity to further these studies through

the use of longitudinal monitoring on a larger cohort whilst also incorporating

an additional non-motor (memory) test into the analysis. The ability of these

tests to reveal differences in longitudinal behaviour and whether learning occurs

at different rates between disease groups is assessed. Further, underlying charac-

teristics pertaining to the self-reported MDS-UPDRS, participant demographics,

and participant retention rates of the mPower dataset are investigated so as to

better understand how data collected in a remote environment differs from that

collected in a clinical environment.

The primary contributions of this chapter to the field of Parkinson’s disease

monitoring are:

• The first investigation into whether longitudinal motor and non-motor learning

impairments can be detected in the large and remotely collected mPower

dataset.

• An assessment as to whether disease groups demonstrate a different level of

longitudinal symptom fluctuation and if a different number of test repetitions

are needed for disease groups to reach a steady test performance.

• An exploration into how changes in longitudinal test performance can be

quantified and subsequently if they better correlate with the MDS-UPDRS

than baseline test performances.

• Determining whether the longitudinal behaviour of motor and non-motor

symptoms are related.

• An inspection into the potential limitations of the self-reported MDS-UPDRS

system via determining the floor-ceiling effects of the individual scoring

system’s elements.
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6.2 Background

As discussed in Chapter 2, the current requirement for PD diagnosis and treatment to

be performed in-clinic incurs a substantial cost for healthcare services. Additionally,

with the projected number of people with PD to increase dramatically over the next

decade, the ability to reliably perform assessments outside of a clinical environment

is highly desirable [19]. These challenges, in addition to the many shortcomings

of the MDS-UPDRS, have led to the active area of research identifying objective

biomarkers to quantify the severity symptoms associated with PD though the

use of digital sensors [20, 316].

In a clinical environment, the Alternating Finger Tapping (AFT) activity has

demonstrated that subjects with PD show an impaired motor-performance when

compared to healthy subjects [157, 161, 317]. Such impairments include hastening,

faltering, or freezing during the AFT test. Subsequently, these impairments have

been detected through digital sensors resulting in features such as tapping speed

and rhythm being identified as showing strong capabilities of predicting symptom

severity [138, 139]. Additionally, quantitative approaches to detecting non-motor

impairment in PD subjects have also shown promise through memory examinations

such as the Serial Reaction Time (SRT) Test. Findings commonly suggest that

subjects with PD show impaired sequence and implicit learning when compared

to healthy subjects [197, 199, 318].

Reiterating the primary downfall of previous studies utilising wearable sensors

stated in Chapter 2; they suffer from low subject numbers and lack of longitudinal

data as they were confined to a hospital environment, which seriously limits the

scalability of their studies as data collected in a home environment can be more

confounded by noise. Table 6.1 provides a summary of the most recent AFT

studies demonstrating their subject and instance limitations. Presently, the degree

of scalability of previous findings is unknown as validation on long time-scales,

on a large subject group, and in a non-clinical lab environment has yet to be

undertaken. Furthermore, both the motor and non-motor learning impairments

discovered in subjects with PD have only been suggested over a very short period of
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Citation
# Of

Subjects
(PD/HC)

# of
Measurements

Measurement
Device

Location

(Arroyo-Gallego et al., 2017) [156] 21/23 51 smart-phone Clinic
(Kassavetis et al., 2016) [228] 14/0 141 smart-phone Clinic

(Picillo et al., 2016) [140] 123/0 4922 Video-camera Clinic
(Arora et al., 2015) [99] 10/10 183 smart-phone Remote

(Printy et al., 2014) [138] 18/0 54 smart-phone & Glove Clinic
(Memedi et al., 2013) [161] 95/10 12,0114 Handheld Computer Clinic & Remote
(De Frias et al., 2007) [151] 50/48 196 Response Console Clinic
(Tavares et al., 2005) [139] 33/0 66 MIDI-Keyboard Clinic

(Lee et al., 2016) [230] 57/87 432 smart-phone Clinic
(Zhan et al., 2016) [79] 121/105 1,6005 smart-phone Remote

(Kraus et al., 2005) [319] 411/0 NA Contact Pencil Clinic
(Bot et al., 2016 ) mPower [78] 8,003 78,883 smart-phone Remote

(This study) mPower 312/236 48,892 smart-phone Remote

Table 6.1: Summary of the most recent studies quantifying a tapping activity in
Parkinson’s disease. The data collected in the mPower study, shown in the bottom row,
is used in this study.

time (usually within 24 hours), commonly over the course of several test repetitions

or a single clinical visit [153, 157].

The advancement of micro-electronic systems has enabled wearable sensors to

become more commonplace in everyday life, most notably though their embedment

in smart-phones. Recent studies into PD have created smart-phone applications

enabling participants to perform tests multiple times a day, over the course of

many months, all in a non-clinical environment [78, 79]. The accelerometer in

smart-phones allows assessment of gait, tremor, and balance, whilst the touch-

screen is used for the AFT activity and for memory games. Subsequently, these

studies have collected databases which contain tests over multiple modalities on

a longitudinal basis from greatly increased subject numbers. smart-phones also

enable the user to perform regular self-assessments regarding their disease severity,
1Not stated, assumed to be one measurement per subject.
2One measurement for each hand in each medication state (ON/OFF).
3Average of 2.7 tests per day for an average of 34.4 days (∼ 93 tests) assumed to be split evenly

over five test types.
4Coming from multiple studies. Measurement frequency is highly inconsistent with between

∼28 to 2 measurements per subject and no longitudinal analysis was performed.
58,000 instances in the study are assumed to be split evenly across five modalities (voice, gait,

balance, reaction, & dexterity.)



6. Remote Monitoring of Symptom Progression 107

symptom prevalence, and medication adherence. However, many challenges have

been identified when collecting remote data compared to clinical data [237, 316].

The variability of test environment, smart-phone placement, and smart-phone

orientation have a significant influence on the test data. It is challenging to

determine whether differences between tests are due to environmental factors or

caused by a longitudinal change in impairment. Findings from clinical datasets

suggest subjects with PD show impairments in motor and non-motor learning in

the AFT and memory tests on a short term basis [157, 197].

6.3 Methods

6.3.1 Data Description

This chapter focuses purely on the data acquired in the tapping and memory

activities from the mPower study [78].

Although many features from the AFT have shown to be discriminative between

PD and HC subjects, the focus of this work is on the ‘Total number of taps’

completed during each test instance as it is a highly interpretable feature that has

been repeatedly validated in a clinical environment, often showing the strongest

relation to disease severity.

As the memory activity was included in the mPower study in a later version

than the other activities, it subsequently has significantly fewer test instances.

Similarly to in the tapping activity, the focus of this work is on a single and highly

interpretable feature; the ‘Total memory score’.

6.3.2 Short Term Behaviour

It has been shown in clinical environments that PD and HC participants show

variable performances over a small number of repetitions at the AFT test [153]. The

first aim is to determine if PD participants show an impaired performance at the AFT.

Secondly, it is investigated whether the PD participants’ performance changes at a

different rate to HCs over a short number of repetitions and whether these changes
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could be induced by a response to medication; enabling the differentiation of the

performance change due to learning from the performance change due to medication.

In the tapping activity, to be included in the short term behaviour (STB)

analysis, participants were required to have contributed 5 or more test instances

within the first 24 hours of their first test instance (n = 600). Due to the lower

number of participants and instances in the memory activity, the inclusion criteria

was altered so that participants who contributed 5 or more test within the first

72 hours of their first test were included (n = 112).

By inspecting the relative test performances between the PD and HC participant

groups it is possible to determine whether PD participants show impairment at

baseline. Next, a comparison of the performance of each participant group after the

fifth repetition of an activity with their baseline performance is implemented using

the student t-test. The choice of limiting this analysis to the first five tests is based

on previous works demonstrating that both the AFT and SRT tests show learning

within five repetitions [199, 320]. In order to determine if medication is having an

effect on test performance, the above procedure is repeated on all participants who

are in the same medication state at baseline and at fifth visit, thus isolating the

change in performance due to practise via removing any influence of medication.

6.3.3 Longitudinal Behaviour

Previous studies focus on the short term behaviour of the AFT test as they

did not have access to longitudinal tests (Table 6.1). As the mPower database

contains longitudinal data, it is possible to extend the analysis to determine whether

longitudinal variation occurs within the performance of HC and PD participants.

Adopting a similar approach to the study of the short term behaviour, it is

investigated whether PD participants are more likely to show transient behaviour

and whether the rate at which PD participants learn new tasks is different to

HCs. As each test is labelled with a medication time-stamp, an attempt is made

to determine if PD participants who are not taking medication are more likely
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to show transient behaviour than those who are taking medication. This high-

frequency analysis may provide useful insight into the effect of medication on test

performance, and help clinicians make informed decisions to optimize drug dosage

and times for each individual PD participant.

For the tapping test, any participant who contributed 20 or more tapping test

instances is included in the long term behaviour (LTB) analysis (548 participants).

Alternatively, due to there being less memory test instances, any participant who

contributed 10 or more memory test instances is included in the long term behaviour

analysis (121 participants).

Progression Ratio

To quantify the longitudinal performance of a participant the Progression Ratio

(PR) metric is defined. The PR continuously compares a participant’s average

starting performance to their performance at any other given test instance. When

this process is repeated for all instances, multiple PR values are obtained which

form the Progression Ratio Waveform (PRW).

If a participant completes a total of N instances of a test, and an averaging

window size of n (where N >> n) is selected, the PRW will have J = N − (n− 1)

test points. The jth point in the PRW is calculated via:

PRWj =
1
n

∑j+(n−1)
j fj

µBV
(6.1)

where:

µBV = 1
n

n∑
j=1

fj (6.2)

with fj being the feature value at test number j. The PRW is taking the average

feature performance over the first n tests, and then finding the ratio between this

average starting performance and the average performance of all other windows

(of length n). In this study, n = 5. The averaging window size of five is used as

this is consistent with and builds on the previous short term analysis which focused
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Figure 6.1: Visualisation of the PWR formation for three participants. Plot (a) shows
the number of taps by each participant in their first 70 test instances. The instances that
fall within the grey box are averaged and form σBV in Equation 6.2. Plot (b) shows the
corresponding PRW for each participant with the Improving and Deteriorating thresholds
(1.2 and 0.8 respectively) shown by the dotted lines.

on the first five test performances. This enables the separation of the learning

behaviours seen in the short and long term analyses.

According to Equation 6.1, if a feature value increases over repetition, the PRW

will tend to be greater than one, whereas if the feature value decreases over repetition,

the PRW will be less than one. A feature showing little or no change over time will

have a PRW at a constant value of one. Participants are subsequently classified into

Learning-Phenotypes (L-PTs) based on µprw, the mean of their PRW , according to:

L-PT =


µprw > 1.2 Improving
µprw < 0.8 Deteriorating
0.8 ≤ µprw ≤ 1.2 Stable

(6.3)

The µprw therefore enables the determination whether a participant’s perfor-

mance is varying longitudinally. In Equation 6.3, the thresholds for classification are

based on observing an average performance change of 20% from baseline. Previous

investigations into short term learning in the AFT and reaction time tests report
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performance changes of between 16 - 24% [153, 321]. As the data in this study is

collected remotely, test performances can vary as a consequence of test environment,

thus, using a value of 20% ensures only subjects who show a consistently different

longitudinal performance with their baseline performance are classified as being

either improving or deteriorating. Figure 6.1(a) demonstrates the longitudinal

behaviour of three participants (one from each longitudinal phenotype) and Figure

6.1(b) shows their corresponding PRWs.

Steady State Index

In addition to detecting the presence of transient and varying longitudinal per-

formance in a new task, an additional aim is to determine if PD participants

take longer to learn this task. An additional metric, the Steady State Index

(SSI), is defined which estimates the test number at which a participant reaches

a steady state of performance. The SSI continuously compares a participant’s

average performance over their final n tests, which is assumed to be their Steady

State Performance (SSP), to their performance at any other test instance. In

the same manner as the progression ratio waveform was calculated, the Steady

State Waveform (SSW) is calculated as:

SSWj =
1
n

∑j+(n−1)
j fj

SSP
(6.4)

where:

SSP = 1
n

N∑
j=N−n

fj (6.5)

Whereas for the progression ratio waveform wherein the ratio between current

performance and the mean starting performance was found, when determining the

SSW the ratio between the current performance and the mean finishing performance

is found. In order to determine the Steady State Index, the indices of tests whose

performances are within 20% of the SSP are found and denoted in a binary vector:

I = (SSW > 1.2) & (SSW < 0.8) (6.6)
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Figure 6.2: Visualisation of the SSI determination for same three participants as
presented in Figure 6.1. The dotted lines represent the final value ±20% thresholds for
each participant.

From the binary I vector, the index of the first two consecutive TRUE instances

is set as the SSI.

Figure 6.2 provides a visualisation of the calculation of the SSI for the same

three participants as presented in Figure 6.1.

6.3.4 Relation to Disease Severity

Features from the AFT activity and memory function tests have been shown to

correlate well with clinically assigned severity [139, 194, 322]). However, the above

studies have mostly consisted of one-off clinical visits on a small cohort of subjects

with mild/severe severities. The above findings are yet to be tested on a large cohort

of subjects, using remotely collected data, encompassing a wide range of MDS-

UPDRS severity scores. This work expands on previous approaches via incorporating

the longitudinal progression of participant performance. To investigate the potential

links between longitudinal performances and disease severity the correlation between
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disease severity and participants’ steady state performances are found and compared

with the correlation between disease severity and baseline performances.

The PD participants who were included in the Longitudinal Behaviour Subset and

who also had at completed least one MDS-UPDRS assessment were included in this

analysis. This subset is herein referred to as the Performance-Severity Subset (PSS).

The reliability of the mPower MDS-UPDRS survey is further explored via

determining if the ‘Floor-Ceiling’ effect is present in the mPower subset of questions.

The floor-ceiling effect occurs in a scoring system when the extremity scores are

insensitive to small changes in the parameter being measured, resulting in a high

proportion of scores taking the highest or lowest possible values. Firstly, the PSS

is divided into two groups based on their total MDS-UPDRS score severity. The

correlations between the test performances and severity scores of severe participants

are compared against the same correlation in not-severe participants. A participant

is labelled as Severe if their total MDS-UPDRS score is above the mean plus one

standard deviation of the population’s total MDS-UPDRS score (MDS-UPDRS

threshold = 20.0). Secondly, participants are divided into two groups based on the

test performances. The correlations between the test performances and severity

scores of participants with severely impaired performances are compared against the

same correlation in participants whose performances are not severely impaired. A

participant is labelled as having a severe performance if their baseline performance

is below the mean minus one standard deviation of the population’s baseline

performance (tapping threshold = 99.1 and memory threshold = 191.8). Finally,

the relationship between disease severity and the number of years since diagnosis is

investigated. This is firstly performed on all PD participants who contributed a

MDS-UPDRS survey (N = 534). Secondly, the PSS cohort is split into two groups

based on how recently the participants received their professional diagnosis. The

correlation between the years since diagnosis and the participants’ MDS-UPDRS

scores and test performances are found. A participant is labelled as having a recent

diagnosis if they received their diagnosis within the last seven years. Conversely, a

participant is labelled as having a longstanding diagnosis if they have had a diagnosis
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for seven years or longer. The seven year threshold was chosen as it is the mean

plus one standard deviation of the years of diagnosis for PD participants in both

the tapping and memory tests. Finding these correlations, in a large population

with a wide range of severity scores, will enable conclusions to be drawn regarding

whether previously clinically found features are suitable for severity prediction

on subjects with low/mild severities in a remote environment. Finally, for each

individual question in the mPower MDS-UPDRS survey, as well as the total MDS-

UPDRS score, the floor-ceiling effects are evaluated via calculating the percentage

of responses that are the highest and lowest possible values.

6.3.5 Relationship between Tapping and Memory Tasks

This analysis aims to find if a relationship exists between the longitudinal behaviour

in the tapping and memory activities. All participants who were in the Longitudinal

Behaviour Subsets for both the tapping and memory activities (n = 107) are

selected and it is investigated whether their longitudinal behaviour is consistent

between the activities.

6.3.6 Disease Characteristics between Sexes

It has been suggested that oestrogens may have a neuroprotective effect against

PD; in animals the substantia nigra has shown to be more susceptible to neuron

degradation in low oestrogen environments [323]. Several studies have demonstrated

that PD incidence can be as much as two times higher in males than in females

[65]. Subsequently, due to their lower oestrogen levels, it is proposed that males

are more likely to develop PD at a younger age than females.

Utilizing the entire mPower demographics dataset, it is investigated whether the

proportion of male and female participants with PD is in agreement with previously

reported incidence between sexes. For the PD participants who completed the

demographics survey and at least one tapping test (N = 1,060) or at least one

memory test (N = 297) the effects of sex on smart-phone test performance (as

quantified using the number of taps and memory score) is studied. The study is
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Tapping Memory
N Age MDS-UPDRS N Age MDS-UPDRS

Short Term Behvaiour
YHC 406 30.2 ± 8.8 N/A 10 32.8 ± 12.1 N/A
HC 57 60.3 ± 7.7 N/A 11 64.2 ± 10.4 N/A
PD 137 63.4 ± 7.3 N/A 91 65.5 ± 6.2 N/A

Longitudinal Behvaiour
YHC 150 32.5 ± 9.5 N/A 10 34.3 ± 9.1 N/A
HC 86 61.9 ± 7.7 N/A 14 65.1 ± 7.0 N/A
PD 312 63.8 ± 6.8 N/A 97 65.6 ± 6.3 N/A

Performance Severity Subset
Severe MDS-UPDRS 28 64.3 ± 6.2 27.6 ± 4.1 16 65.5 ± 7.3 25.8 ± 3.2

Not Severe MDS-UPDRS 233 63.9 ± 6.8 9.6 ± 5.9 67 63.8 ± 6.5 9.6 ± 5.6
Severe Performance 59 63.6 ± 6.8 13.5 ± 8.1 9 64.1 ± 6.4 13.4 ± 7.7

Not Severe Performance 204 63.9 ± 6.7 10.5 ± 7.4 74 63.6 ± 6.5 10.5 ± 6.9
Longitudinal Diagnosis 48 62.6 ± 7.5 17.0 ± 8.8 18 64.9 ± 7.5 16.5 ± 7.32

Recent Diagnosis 215 64.1 ± 6.5 11.5 ± 6.8 65 65.8 ± 6.0 11.3 ± 6.3

Table 6.2: The characteristics of participants in each of the three main analysis subsets.
The Short-Term Behaviour (STB) and Longitudinal Behvaiour (LTB) subset inclusion
criteria do not require participants to have contributed a MDS-UPDRS survey, they
therefore contain many participants who did not contribute any MDS-UPDRS data and
hence this has been omitted.

concluded by looking at the disease characteristics between sexes via implementing

Binomial proportion tests between the male and female participants within each of

the L-PTs. This is performed for the tapping and memory tests, and is aimed to

determine whether participant sex is a confounding factor in L-PT classification.

6.3.7 Data Subsets

For the first two analysis sections outlined above, the eligible participants are further

divided into three subsets; Young Healthy Control, Age Matched Healthy Controls,

and Parkinson’s Disease participants. These three groups are denoted by YHC,

HC, and PD respectively. The YHC subset contains any participant under the

age of 50 years old who self-reports as not having PD. The HC subset contains

any participants who are 50 years old or older and who report as not having PD.

The PD group contains any participant who self-reports as having a professional

diagnosis of PD. The characteristics of all subsets can se seen in Table 6.2.
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6.4 Results

Tapping
Short-Term Behaviour

At baseline performance, PD participants show significant impairment compared

to both HC [p <0.001] and YHC [p <0.001] participants. Similarly, after five

repetitions PD participants remain significantly impaired compared to HC [p =

0.02] and YHC [p < 0.001] participants.

Performing paired t-tests between the baseline performance and performance at

the fifth repetition for the YHC, HC, and PD groups yields p-values of 0.60, 0.27,

and 0.03 respectively, demonstrating that the only participant group showing a

significant level of change at the 0.05 level are the PD participants.

Further, for all participants it is found that the change in performance over

the first five test instances correlates with baseline performance [R = -0.48]. This

intuitively states that participants with a lower baseline performance tend to improve

by a larger degree than participants at a higher baseline performance.

Across each of the first five test instances, the PD participants showed a higher

level of performance fluctuation (58 ± 1.25 taps) than both the HC (48 ± 1.8

taps) and YHC (47.8 ± 1.3 taps) subsets.

Of the 137 PD participants, 11 reported that do not take any medication for their

Parkinson’s disease symptoms, and the remaining 126 participants reported taking

medication. No difference is seen in baseline performance between participants

who take medication and those who do not [p=0.58].

Of the 126 participants who take medication, 22 reported being in the OFF state

(‘before medication’) and 33 reported being in the ON state (‘after medication’) at

baseline. No difference is seen in performance between the participants in the ON

and OFF states [p = 0.59]. Seventy participants were identified as being in the same

medication state at baseline and at fifth repetition. These participants also showed

a significant change between baseline and fifth visit [p = 0.04] thus demonstrating

that the significant changes in performance are not a response to medication.
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Figure 6.3: The longitudinal behaviour over the first 20 test instances in the tapping
activity for participants identified as (a) improving (b) deteriorating and (c) stable. These
results correspond to the methods outlined in §6.3.3 when applied to the tapping activity.

Longitudinal Behaviour

In the Longitudinal Behaviour Subset data, significant impairment between the

PD and HC participants [p<0.001] and the PD and YHC participants [p<0.001]

in baseline performance is found.

Each participant’s Learning-Phenotype is determined based on Equations 6.1

and 6.3. The longitudinal performance of each participant group, and each of

the three L-PTs, can be seen in Figure 6.3.

Over 20 test instances, the improving YHC, HC, and PD participants increased

their performance by an average of 75, 86, and 40 taps respectively [Figure 6.3(a)].
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% of
Sub-Group

Baseline Value
(µ± σ)

Final Value
(µ± σ)

Progress Ratio
(µ± σ)

Steady State Index
(µ± σ)

YHC (N = 150)
Improving 5.3 96.0 ± 51.6 182.8 ± 94.9 1.33 ± 0.18 5.3 ± 4.1

Deteriorating 2 172.3 ± 9.5 122.7 ± 68.1 0.78 ± 0.02 7.3 ± 1.5
Stable 92.7 183.9 ± 43.5 180.0 ± 43.4 1.00 ± 0.07 2.0 ± 4.5

HC (N = 86)
Improving 12.8 80.6 ± 16.8 115.8 ± 51.5 1.30 ± 0.09 4.3 ± 3.1

Deteriorating 0 N/A N/A N/A N/A
Stable 87.2 157.0 ± 43.4 165.0 ± 35.5 1.01 ± 0.08 1.1 ± 1.0

PD (N = 312)
Improving 15.7 81.7 ± 45.5 136.4 ± 57.4 1.46 ± 0.45 16.6 ± 26.6

Deteriorating 4.5 146.6 ± 70.2 76.6 ± 30.1 0.71 ± 0.08 11.3 ± 10.7
Stable 79.8 136.8 ± 54.7 140.0 ± 54.9 1.01 ± 0.09 2.3 ± 5.4

Table 6.3: Baseline and longitudinal characteristics of each of the three Learning
Phenotypes in the three participant groups in the tapping activity. These results
correspond to the methods outlined in §6.3.3 when applied to the tapping activity.

The improving PD and HC participants showed a significant difference between

their baseline performance and 20thtest performance, both with p<0.001, whereas

the improving YHC participants approached significance with p=0.051.

No significant changes in performance were seen for any of the stable YHC,

HC, or PD participants. The stable PD participants maintained a significant

impairment in performance compared to the HC and YHC participants over the

first 20 test instances [Figure 6.3(c)].

The proportion of each sub-group showing transient (not stable) behaviour can

be seen in Table 6.3. The Binomial proportional test is used to determine if PD

participants are more likely to show transient behaviour than HCs. It is found

that a significantly larger proportion of PD participants show transient behaviour

compared to the YHC participants [Z = 3.67, p < 0.001] whereas the proportion of

PD and HC participants showing transient behaviour approaches significance [Z

= 1.56, p = 0.059]. To account for the effects of age, a Binomial proportional test

was also performed between the YHC and HC participants yielding insignificant

differences in the number of transient participants between the groups [p = 0.134].

In addition to determining if PD participants are more likely to show transient

behaviour, the Steady State Index (SSI) is used to measure if PD participants take
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Figure 6.4: The correlation of the total MDS-UPDRS with years since diagnosis. These
results correspond to the methods outlined in §6.3.4.

longer to learn a task. The PD participants show significantly larger SSI values

than the HCs [p = 0.013] and YHCs [p = 0.015]. Further dividing the PD group

into its L-PTs (final column of Table 6.3), it is seen that this difference is caused

by the much larger SSIs of the improving and deteriorating participants. Across

the entire Longitudinal Behaviour subset, the time (in days) of each test relative to

the first test is found to correlate very highly with test index [Pearson R = 0.95],

validating that SSI is a suitable measure for time taken to reach a steady state.

Of the 312 PD participants in the Longitudinal Behaviour Subset, 24 self-reported

as not-medicated, and the remaining 288 as medicated. Six of the non-medicated

participants showed transient behaviour and the remaining 18 were stable. No

difference is found between the proportion of medicated participants that showed

transient behaviour compared to non-medicated participants [Z = 0.28, p = 0.77].

Severity Correlation

Prior to splitting the Performance-Severity Subset (PSS) based on severities, from

the first row of Table 6.4 it is seen that in all cases the steady state performance

has a stronger correlation with severity than baseline performance.
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Total MDS-UPDRS Section II
MDS-UPDRS

MDS-UPDRS 2.4

BV SSP BV SSP BV SSP
All Severities -0.15 -0.22 -0.16 -0.21 -0.17 -0.24

MDS-UPDRS Severe -0.36 -0.54 -0.32 -0.41 -0.27 -0.47
Not Severe -0.17 -0.19 -0.18 -0.19 -0.16 -0.20

Tapping Severe -0.37 -0.49 -0.36 -0.40 -0.34 -0.43
Not Severe -0.04 -0.11 -0.06 -0.09 -0.09 -0.17

Table 6.4: Spearman correlation coefficients between Baseline Values (BV) and Steady
State Performances (SSP) with severity scores for the tapping activity with significant
correlations (at the 0.05 level) shown in bold. These results correspond to the methods
outlined in §6.3.4 when applied to the tapping activity.

When splitting the PSS based on MDS-UPDRS severity, it is again observed that

in all cases the steady state performance has a stronger correlation with severity

when compared to the baseline performance. Similarly, when splitting the PSS

based on tapping performance, it is found that the steady state performance has

a stronger correlation with severity than baseline performance.

In both splitting approaches, it is found that the performance of severe partici-

pants systematically have stronger correlations with severity scores when compared

to non-severe participants. Further, it is found that splitting the participants in

such a way produces statistically significant correlations of increased and mod-

erate strengths.

In addition to correlating tapping performance with the total MDS-UPDRS and

Section II MDS-UPDRS (motor experiences of daily life) scores, it is found that

MDS-UPDRS 2.4 (‘Over the past week have you usually had troubles handling

your food and easting utensils’) also correlated significantly with performance

in both splitting techniques.

Figure 6.4 demonstrates the relationship between years since diagnosis and

total MDS-UPDRS for all PD participants. The correlations between years since

diagnosis and severity scores for the tapping PSS are given in Table 6.5. Further,

weak correlations were found to exist between years since diagnosis and age
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MDS-UPDRS Performance
Total Section II MDS-UPDRS 2.4 Baseline Steady State

All Diagnoses 0.34 0.36 0.23 0.02 0.05

Diagnosis Longstanding 0.35 0.41 0.38 0.02 0.06
Recent 0.25 0.23 0.11 0.02 0.04

Table 6.5: Spearman correlation coefficients between participants’ years since diagnosis
and their severity scores and tapping performances with significant correlations (at the
0.05 level) shown in bold. These results correspond to the methods outlined in §6.3.4
when applied to the tapping activity.

in the Longstanding Diagnosis group (R = 0.01) and in the recent diagnosis

group (R = 0.03).

The MDS-UPDRS floor effects were large within each of the 16 individual

questions. On average, 47.1% of responses to each question were the lowest possible

score (0 – ‘Normal’). Conversely, the ceiling effects within each question were

small, with an average ‘Severe’ response rate of 1.0% with six of the questions

not containing any ‘Severe’ subjects. The MDS-UPDRS 2.4 question consisted

of 54.2% ‘Normal’ responses whereas no instances of the maximum score of four

(‘Severe’) were reported. These effects are not reflected in the total MDS-UPDRS

score (summation of each question) with no subjects reporting the lowest or highest

scores possible (zero and 64 respectively).

Memory
Short-Term Behaviour

At baseline performance, the 91 PD participants showed no significant memory

impairment (as quantified using the total memory score) compared to the 11 HC

and the 10 YHC participants. However, after five repetitions PD participants

differed from the YHC group significantly [p = 0.04].

Performing paired t-tests between the baseline performance and performance

at the fifth repetition for the YHC, HC, and PD groups yields p-values of 0.29,

0.15, and 0.04 respectively. This finding is consistent with the equivalent result in

the tapping activity and demonstrates that the only participant group showing a

significant level of change at the 0.05 level are the PD participants.
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Figure 6.5: The longitudinal behaviour over the first 10 test instances in the memory
activity for participants identified as (a) improving (b) deteriorating and (c) stable. These
results correspond to the methods outlined in §6.3.3 when applied to the memory activity.

For all participants it is again found that the change in performance over the

first five test instances correlates with baseline performance [R = -0.49], showing

that participants with a lower baseline memory performance are more likely to

improve than participants with a higher baseline performance.

Longitudinal Behaviour

In the Longitudinal Behaviour Subset data, no significant memory impairment is

found between PD, HC, or YHC participants in baseline performance. The small

sample size available is noted when drawing conclusions from these tests.

Over 10 test instances, the improving YHC, HC, and PD participants increased
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% of
Sub-Group

Baseline Value
(µ± σ)

Final Value
(µ± σ)

Progress Ratio
(µ± σ)

Steady State Index
(µ± σ)

YHC (N = 10)
Improving 20.0 195.0 ± 63.6 225.0 ± 63.6 1.26 ± 0.12 5.5 ± 3.5

Deteriorating 40.0 287.5 ± 42.1 223.7 ± 19.7 0.86 ± 0.03 5.3 ± 2.5
Stable 40.0 233.8 ± 17.5 235.0 ± 55.8 1.01 ± 0.06 1.0 ± 0

HC (N = 14)
Improving 14.3 202.5 ± 10.6 300.0 ± 56.6 1.16 ± 0.03 1.5 ± 0.7

Deteriorating 7.1 295.0 ± 0 240.0 ± 0 0.87 ± 0 7.0 ± 0
Stable 78.6 273.6 ± 47.2 254.6 ± 62.1 0.98 ± 0.04 1.0 ± 0

PD (N = 97)
Improving 21.7 200.9 ± 47.1 255.0 ± 65.5 1.24 ± 0.19 5.8 ± 6.2

Deteriorating 7.2 323.6 ± 36.6 231.0 ± 44.2 0.80 ± 0.10 11.6 ± 13.5
Stable 71.7 257.3 ± 51.4 255.9 ± 52.7 0.99 ± 0.05 1.8 ± 4.8

Table 6.6: Baseline and longitudinal characteristics in the memory activity of each of
the three Learning Phenotypes in the three participant groups. These results correspond
to the methods outlined in §6.3.3 when applied to the memory activity.

their memory score by an average of 47.5, 80.0, and 80.4 points respectively [Figure

6.5(a)] although none of the improving groups showed a significant change between

baseline and 10thinstance performance.

The proportion of each sub-group showing transient behaviour can be seen in

Table 6.6. Due to the insufficient number of participants in each of the YHC and

HC Binomial proportion tests are inappropriate.

No difference is found between any of the group SSI values. Table 6.6 demon-

strates that the deteriorating PD participants have the longest average SSI, although

this L-PT is also restricted in participant numbers (N = 7).

Severity Correlation

The first row of Table 6.7 shows that the steady state performance tends to have

a weaker correlation with severity than baseline performance. This result is also

seen when splitting the participants based on MDS-UPDRS severity and based

on performance impairment.

However, in both splitting approaches the performance of the severe/impaired

participants have stronger correlations with severity scores than when compared to

non-severe/non-impaired participants. Consistent with the equivalent results in the
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Total MDS-UPDRS Section I
MDS-UPDRS

MDS-UPDRS 1.1

BV SSP BV SSP BV SSP
All Severities -0.14 -0.04 -0.16 -0.08 -0.01 -0.03

MDS-UPDRS Severe -0.43 -0.10 -0.18 -0.08 -0.33 -0.20
Not Severe -0.13 -0.01 -0.17 -0.14 -0.01 -0.06

Memory Severe -0.33 -0.08 -0.51 -0.16 -0.36 -0.01
Not Severe -0.03 -0.01 -0.06 -0.19 -0.13 -0.09

Table 6.7: Spearman correlation coefficients between Baseline Values (BV) and Steady
State Performances (SSP) with severity scores for the memory activity. These results
correspond to the methods outlined in §6.3.4 when applied to the memory activity.

tapping analysis, it is again found that the severe/impaired participants produce

several statistically significant correlations with moderate strength.

In addition to correlating memory performance with the total MDS-UPDRS

and Section I MDS-UPDRS (non-motor experiences of daily life) scores, the MDS-

UPDRS 1.1 (‘Over the past week have you had problems remembering things,

following conversations, paying attention, thinking clearly, or finding your way

around the house or in town?’) is found to also correlate significantly with

performance in both splitting techniques.

The correlations between years since diagnosis and severity scores for the memory

PSS are given in Table 6.8. Again, weak correlations are found to exist between

years since diagnosis and age in the Longstanding Diagnosis group (R = 0.07)

and in the recent diagnosis group (R = 0.04).

The MDS-UPDRS floor effects were again large within each of the 16 individual

questions. On average, 47.8% of responses to each question were the lowest possible

score. Consistent with the tapping activity, the ceiling effects within each question

were small, with an average ‘Severe’ response rate of 0.7%. In 13 of the questions,

no subjects reported a ‘Severe’ score. The MDS-UPDRS 1.1 question consisted of

54.8% ‘Normal’ responses whereas no subjects reported the maximum score of four

(‘Severe’). These effects are not seen in the total MDS-UPDRS score (summation

of each question) with no subjects reporting the lowest or highest scores possible.
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MDS-UPDRS Performance
Total Section II MDS-UPDRS 2.4 Baseline Steady State

All Diagnoses 0.35 0.19 0.04 -0.11 -0.10

Diagnosis Longstanding 0.10 0.06 0.04 -0.19 0.02
Recent 0.22 0.19 0.02 -0.17 -0.05

Table 6.8: Spearman correlation coefficients between participants’ years since diagnosis
and their severity scores and memory performances with significant correlations (at the
0.05 level) shown in bold. These results correspond to the methods outlined in §6.3.4
when applied to the memory activity.

Figure 6.6: Confusion plot of inter-activity longitudinal behaviour. Numbers quoted
are the percentage of the population that fall into each segment. The central black figures
are the percentages of all 107 participants in the analysis. The lower left numbers in blue
are the percentage of the 13 HC participants. The lower right numbers in red are the
percentage of the 94 PD participants. These results correspond to the methods outlined
in §6.3.5.

Relationship between Motor and non-Motor Tasks

Of the 107 participants who were in both the tapping and memory longitudinal

analyses there were 13 HCs and 94 PDs. Figure 6.6 shows how these participants

performed longitudinally in both the tapping and memory activities.
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Disease Characteristics between Sexes

A total of 1,087 participants have a professional diagnosis of PD and 5,581 partici-

pants are healthy. Within the PD participants, a higher proportion of males than

females is found, with males accounting for 65.8% of cases. Interestingly, this sex

imbalance is present in the healthy participants also, with males accounting for

80.8% of the healthy cases. However, of the 5,314 male participants only 13.5%

are PD cases. Of the 1,461 female participants, 25.3% are PD cases.

Although an imbalance exists between sexes (more males than females in cohorts

of PD and health controls), the participants are well age matched with respect

to the ages at which males report disease onset (56.6 ± 9.6 years) showing no

significant difference to that of females (56.2 ± 9.0 years) [p = 0.53]. This finding

is overall consistent with the age at which professional diagnosis occurs; males (58.4

± 9.0 years) and females (57.9 ± 8.4 years) [p = 0.44].

In the tapping activity, no difference in starting performance between males

(135.4 ± 61.3 taps) and females (133.9 ± 58.0 taps) [p = 0.73] is found. Similarly,

in the memory activity, the starting performance of males (254.5 ± 57.1) shows

no significant difference to that of females (256.9 ± 63.2) [p = 0.74].

In the tapping activity, the results of the Binomial proportion tests showed no

statistical difference between the proportion of male (N = 179) to female (N = 133)

participants in the improving [p = 0.61], deteriorating [p = 0.91], and stable [p =

0.42] phenotypes. Similarly, in the memory activity, the proportion of male (N =

58) and female (N = 39) participants in the improving [p = 0.75], deteriorating [p

= 0.88], and stable [p = 0.38] phenotypes showed no significant differences.

6.5 Discussion

In a hospital environment the collection of high frequency longitudinal data from

a large subject group would be costly and strategically difficult. Subsequently,

research objectives are now being turned to exploiting remotely acquired datasets,

such as in the mPower study, to validate clinical findings in large cohorts whilst
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gaining new insights into the longitudinal characteristics of PD. In this chapter, it

has been demonstrated that clinically validated features can be used to remotely

identify task learning using smart-phones. From a large cohort of PD subjects and

healthy controls, this chapter has revealed a small fraction of subjects show transient

longitudinal behaviour which has previously gone undetected in smaller datasets.

Furthermore, subjects with PD are more likely to show transient longitudinal

behaviour whilst also tending to take longer to reach a steady performance in

the alternating finger tapping test and the steady state performances are found to

correlate better with disease severity than baseline performance. When investigating

the floor-ceiling effect in the mPower MDS-UPDRS survey, significant correlations

between performance and severity are found within the most severe participants,

but not in the less severe subjects, whilst many of the individual MDS-UPDRS

questions show a large floor effect that is not found in the total MDS-UPDRS score.

On the large mPower cohort, this chapter has validated the clinical finding that

PD participants show an impaired motor performance and the ability to improve

the AFT activity over a period of five repetitions. Participants who are in the

same medication state at baseline and at their fifth repetition showed a significant

performance change. This result demonstrates that the change in performance is

not a consequence of medication response, as has previously been suggested, but

rather due to practise and learning of the test [324]. Intuitively, it is found, across

all subject groups and ages, that subjects with a lower baseline performance are

more likely to improve than those with a higher baseline performance.

In the tapping activity, only a small fraction of all subjects showed transient

behaviour and that the PD group tended to improve by a lesser degree over the

first 20 instances than both the HC groups. This finding is unlikely to have been

detected in previous studies due to the low subject numbers, lack of longitudinal

data, and the small proportion of subjects showing this behaviour. The majority

of subjects in all groups showed stable longitudinal behaviour, although the PD

group was found to have a significantly larger proportion of subjects showing

transient behaviour compared to both the healthy control groups. Consequently,



6. Remote Monitoring of Symptom Progression 128

the PD participants took a significantly larger number of test instances before they

reached their steady state performance. These longitudinal variations should be

incorporated into the medication response models which have formed the majority

of the work on the mPower dataset so far [237, 238].

Although no impairment is seen in the PD participants at baseline in the

memory activity, the PD participants are the only group to show a significant

change between baseline and the fifth repetition of the activity, consistent with

the tapping activity. It is again observed that subjects with a lower starting

performance tend to improve by a larger degree than subjects with a higher starting

performance. The longitudinal memory behaviour analysis was more restricted in

participant numbers than the tapping activity meaning proportional tests were

inappropriate and were not performed. Unlike the majority of the non-motor

learning in PD literature, the mPower study does not utilise the Serial Reaction

Time Test, which assesses both long and short term memory through multiple

tests showing a repeated sequence of stimuli. Subsequently, the mPower memory

activity does not provide a means of assessing declarative learning, which has shown

significant impairment in PD subjects [199].

In the tapping activity, the steady state performance is found to be a better

predictor of severity than baseline performance. This suggests that starting

performance at a new motor task is less representative of disease severity than

the performance after the test has been learnt. However, this phenomenon is not

seen in the memory activity. The number of subjects showing learning behaviour

in the memory activity is smaller than in the tapping activity, thus the smaller

amount of longitudinal change occurring in the performance combined with the

generally weaker baseline correlations is reflected by the intuitive decrease in

correlation strength with SSP.

When correlating years since diagnosis and total MDS-UPDRS for all PD

participants, as shown in Figure 6.4, a significant correlation of moderate strength

(R = 0.32, p < 0.0001) is observed; intuitively demonstrating that disease severity

worsens with time. This finding is also seen when limiting the sample to the
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participants in each activity in the PSS. However, although the Section II score

(motor) of MDS-UPDRS shows a similarly strong correlation with years since

diagnosis, weak correlations are found between the Section I score (non-motor) and

years since diagnosis. This result may be interpreted in two ways. Firstly, this could

imply that motor deterioration is more pronounced than non-motor deterioration,

which has also been suggested in a cohort of 707 subjects over a two year period

[325]. Secondly, accounting for the fact the MDS-UPDRS is self-assessed, it may

be that participants are more aware of motor deterioration than non-motor. Using

longitudinal smart-phone data and clinically assessed MDS-UPDRS collected from

a larger cohort, future studies could make more informed inferences regarding the

difference in rates of motor and non-motor degradation over time. Conversely,

weak correlations were found between years since diagnosis and the baseline and

steady state performance measures in both activities.

In the investigation into floor-ceiling effects, it was found that in both activities

the performance of severe subjects consistently had a stronger correlation with

severity scores than the non-severe subjects. Additionally, although very large floor

effects are seen within each of the individual questions, neither floor nor ceiling

effects are found in the total MDS-UPDRS score. These findings are a consequence

of many subjects reporting low/mild severity for several questions and no severity

for the majority of questions, thus, for many subjects, the total MDS-UPDRS

severity is being diluted by the many questions being reported as zero. Accordingly,

only subjects experiencing mild/severe symptoms in multiple aspects of the disease

are grouped as Severe as they report many instances of mild/severe severities in the

MDS-UPDRS survey. Hence, in the Non-Severe group, many subjects may report

a severe impairment localised to one aspect of the disease, but no impairment in

the remaining aspects, and therefore go undetected. This is reflected in the large

divide in correlation strengths between feature performance and disease severities

between the severe and non-severe groups.

There is an imbalance between sexes in the mPower dataset with roughly 80%

of all participants being male. The imbalance between sexes in the mPower PD
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population is found to be consistent with previous studies, demonstrating a higher

incidence rate in males than in females. Although an imbalance exists between

sexes, it is still appropriate to compare the performance and diagnosis metrics of the

sexes as both samples contain a large number of participants even after their age

matching. Fortunately, the Longitudinal Behaviour Subset is less severely affected

by the sex imbalance. Binomial proportion tests demonstrate that the proportion

of male and female participants in each L-PT is statistically similar, thus ruling

out participant sex as a confounding factor in L-PT classification.

The ‘big’ data collected through the use of smart-phones is enabling multiple

aspects of Parkinson’s disease to be studied concurrently. Determining the complex

relationship between motor and non-motor symptoms has thus far been restricted

by clinical studies investigating a single activity such as gait, tapping, memory, or

cognition. The multiple activity types being completed on smart-phone collection

systems on a regular basis present the opportunity to overcome this restriction.

When comparing the longitudinal behaviour of a small number of participants

across the tapping and memory activities, a non-diagonal relationship between

their learning-phenotypes is observed.

A recurring limitation with remotely collected big datasets is the lack of

longitudinal subject compliance [78, 156]. In the tapping activity, 548 (6.8%) of the

initial 8,003 subjects contributed at least 20 instances. Furthermore, compliance

levels greatly differ between HC and PD participants. Of the 5,357 HC participants

at baseline, only 236 (4.4%) contributed at least 20 instances. Conversely, 312 of

the 1,060 PD participants (29.4%) at baseline contributed at least 20 instances. In

the memory activity, it was necessary to lower the minimum number of instances

required to be eligible for analysis to 10, resulting in 121 (12.5%) of the initial

968 subjects being eligible. The reduced number of subjects participating in the

memory activity is a knock-on effect of this limitation as it was introduced over

a month after the initial application release. Many of the participants who were

active at the start of the study had stopped using the mPower application by

the time the memory activity was released whilst the number of new participants
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enrolling in the study had plateaued. However, although the compliance level

is relatively low, the longitudinal data from these datasets is still significantly

larger than in previous studies. The use of passive monitoring (continuous data

collection when the smart-phone application is not actively being used) ensures

a high level of compliance and is currently being implemented by several studies

[79, 223]. However, this type of data is nearly entirely unlabelled making activity

recognition and feature extraction more challenging.

This discussion is finalised by considering the future applications of the lon-

gitudinal analysis framework whilst speculating on techniques that may improve

remote data collection. In this study, the focus was on a single feature from each

activity, however, exploring the longitudinal behaviour of additional features may

facilitate better prediction of other aspects of the subset of MDS-UPDRS survey.

For example, in the tapping activity, monitoring features pertaining to fatigue or

finger displacement could act as proxy measures for resting tremor, for which there

is a specific question in the mPower MDS-UPDRS survey.

An additional progression of this study would be to utilize the additional gait

and voice activities within the mPower dataset. The associated challenges in these

data are the influence of differing environmental conditions, such as inclined walking

surfaces and background noise, making it challenging to extract features that are

robust at both the inter- and intra-participant level. During the description of

the mPower dataset in Chapter 4, it was demonstrated in Figure 4.10 that the

mPower gait signals are highly variable in quality, making it challenging to robustly

extract a clinically interpretable feature on a longitudinal basis. Furthermore, any

features extracted from the gait activity would only be beneficial to longitudinal

analyses if they are interpretable and relatable to at least one of the limited number

of clinical severity measures. Finally, it is common in clinical based studies to

also recruit the PD participant’s spouse; usually yielding an approximately age

and sex balanced control participant. If volunteers of remote studies were to be

encouraged to ask their spouse to also enrol, the resulting datasets may not only
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be larger, but may also not contain the imbalances this research has highlighted

are present in the current dataset.

6.6 Conclusion

Using the remotely collected mPower dataset, this chapter investigated the short-

term and longitudinal behaviour of PD and HC participants in a motor test and

a separate non-motor test. Significant impairments in the motor activity were

found in the PD population on both a short and long term basis, whereas no such

impairment existed in the non-motor test. In both tests, a previously unseen small

fraction of participants were identified as showing transient longitudinal behaviour,

with this transient behaviour being more common in PD participants than in HCs.

By performing the analyses of this chapter, a deeper understanding has been gained

into the characteristics of the dataset. Specifically, the levels of noise, demographic

imbalances, inconsistent test completion, and poor participant retention rates were

highlighted as factors not present in the OxQUIP dataset. In the next chapter,

disease classification is performed using the mPower dataset. However, due to the

characteristics of the mPower dataset identified in this chapter, more sophisticated

dataset management and classification procedures are required in order to exploit

the full richness of the mPower dataset.
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7.1 Introduction

Chapters 5 and 6 demonstrated the ability of digital sensors to perform in-clinic

disease classification and remote disease monitoring using smart-phones respectively.

The next step in the quantification of PD, as addressed in this Chapter, is the

transition of the clinically performed classification tasks of Chapter 5 to the noisy

and real world mPower dataset. Whereas the previous chapter focused on the

longitudinal monitoring of a single biomarker from each of the tapping and memory

activities, this chapter concentrates on how multiple feature sets from all four

activity types can be used for disease classification.

As discussed in Chapter 4, the OxQUIP dataset is of exceptionally high quality

in the sense that the data obtained is free of noise and contains very few missing

instances. Conversely, when data is collected ‘in the wild’ it is often heavily

corrupted by noise and missingness; as is the case in the mPower dataset. As such,

more sophisticated dataset management and pre-processing techniques are required

in order to fully delve into and explore the richness of the mPower dataset.

133
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This chapter firstly presents a literature review focused on the use of smart-

phones for the classification of PD that extends from that presented in Chapter 2.

This highlights the challenges experienced and the limitations of previous studies

attempting to perform remote disease classification. Secondly, this chapter presents

multi-source ensemble learning, a novel methodology which combines a dataset

deconstruction technique with an ensemble learning strategy which subsequently

enables participants with incomplete data to be included in the development of

classification algorithms. During the development of this methodology, a series

of convolutional neural networks are implemented which act as a further means

of compensating for the noise in the dataset. Finally, capitalising on the large

number of participants in the dataset, a series of feature selection algorithms are

implemented so as to determine the efficacy of the presented model in comparison

with two alternative methods that are widely used in the literature. This process

includes the use of variable sample size bootstrap sampling to reveal the affect of

sample size on the confidence of selected features.

The primary contributions of this chapter to the field of remote Parkinson’s

disease classification are:

• Remote disease classification is performed on the largest cohort of participants

to date, including the use of data arising from multiple modalities/tests:

tapping, gait, voice, and memory.

• Proposal of a novel method (Multi-Source Ensemble Learning) which facilitates

the inclusion of all participants in the development of classification algorithms

regardless of the presence of source-wise missing data.

• The use of a multi-branch convolutional neural network which is implemented

across three separate modalities of raw data: tapping, gait, and voice

• The python scripts of all neural network models have been made freely avail-

able under a GNU GPL v3 license at https://github.com/johnPrinceOx/

Multi-Source_Ensemble_Learning_Neural_Networks

https://github.com/johnPrinceOx/Multi-Source_Ensemble_Learning_Neural_Networks
https://github.com/johnPrinceOx/Multi-Source_Ensemble_Learning_Neural_Networks
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• An exploration of feature selection strategies that focuses on the affect of

sample size and the subsequent affect on classification accuracy.

7.2 Background

The largest limitation of smart-phone based datasets is the large quantity of missing

data and poor volunteer retention rates. As participants are able to contribute data

in multiple test types, it is commonly found that the vast majority of participants

only complete a subset of tests [1, 232, 237]. Due to the heterogeneous nature of

PD symptoms, the research community is particularly interested in determining

the relationship between the different motor symptoms. When a dataset contains

missing tests from many participants, it is commonly called a source-wise missing

dataset, where the terms source and test are interchangeable. Source-wise missing

datasets commonly occur and are especially prominent in datasets being collected

in remote environments [79, 233].

Imputation techniques are commonly employed in the case of missing data

[326]. However, in the case of source-wise missing medical data, imputation can

be highly inappropriate. If a source is missing then the complete set of associated

features is missing, therefore, a large number of features must be imputed from other

sources which may contain no mutual information to the missing source, resulting

in the imputations being poorly representative of their intended values [327]. An

alternative approach in source-wise missing data is to discard all observations with

incomplete data [233, 237]. The applicability of imputation techniques on multi-

source missing data will be explored in the following chapter. Although discarding

missing data guarantees a complete dataset, it is wasteful of potentially relevant

data, especially if a large number of observations have incomplete data. In a recent

study of remotely monitoring PD, 48.4% of the available participants were discarded

from the study due to incomplete source data [232].

In this chapter, a method to compensate for source-wise missing data via

combining a dataset deconstruction technique with ensemble learning is proposed.

The method is shown to achieve a data retention rate of 100%, even if a majority
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of observations have incomplete data. The method is applied to the large, remotely

collected, and mostly incomplete mPower dataset for the purpose of PD classification.

The classification ability of the method is compared to that of the current means of

compensating for source-wise missing data and shows that the inclusion of additional

data can improve classification and feature selection. The potential of learning

deep convolutional neural network classifiers for this application is presented in

tandem which is only possible because of the size of the dataset, which is an order

of magnitude larger than the classical complete datasets.

7.3 Methods

7.3.1 Dataset Description

The data used in this chapter is taken entirely from the mPower study. Due to

PD being most prominent in people over the age of 50 years old, only PD and

HC participants 50 years or older are included in this analysis. Moreover, since

the participant retention rate is inconsistent and low in the mPower study[1], this

chapter focuses on the data provided 24 hours following the completion of their

first source, resulting in 1,513 subjects. This is shown in Figure 7.1.

7.3.2 Dataset Deconstruction and Model Framework

Individual participants were able to contribute with any of the S sources (here S = 4

: tapping, walking, voice, and memory) in any given permutation, thus the database

comprises 2S possible permutations of the available tests. Each source permutation

may be represented as a binary vector, I[1...S], where I[i] = 1 demonstrates that

the ith source has been contributed. In this research, a participant is assigned a

binary source vector based on which sources were contributed. The binary source

vector determines which domain a participant belongs to. A demonstration of

the domain assignment process for a participant in the mPower dataset is given

in Figure 7.1. Via assigning each participant to a domain, the initial source-wise

missing dataset has subsequently been partitioned into 2S smaller but complete

domains; a process herein called dataset deconstruction.
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Figure 7.1: The domain assignment procedure. This participant contributed the largest
number of test instances across all test types throughout the course of the study as shown
in plot (a). In plot (b) the tests contributed within the first 24 hours are selected and
their permutation is represented by a binary source vector. Subsequently, in plot (c),
the participant assigned to the decimal integer domain which the binary source vector
represents.

A degree of overlap exists with regards to which sources are present between

certain domains. For example, in Figure 7.1 it is evident that domains 7, 13, and

15 contain the same sources (in addition to at least one other source) as present

in domain 5. The ability for data representation to be shared across domains

presents the opportunity to apply multi-task learning (M-TL) wherein multiple

learning tasks are solved simultaneously [328]. In multi-task learning, machine

learning algorithms are developed using the shared data representation between

a target domain (such as domain 5) and appropriate transfer domains (such as

domains 7, 13, and 15) simultaneously. Figure 7.2(a) provides a visualization of the

target-transfer domain relationship of the current dataset. Indeed, M-TL has been

applied using this dataset deconstruction technique but there are several limitations

to its implementation [327]. The first limitation is that the number of participants

in each domain is inconsistent which results in the number of participants used

to train and test each of the M-TL models also being highly inconsistent; as is

apparent in Figure 7.2(b). Thus, the results of a M-TL model when tested on each
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domain could be being confounded by (i) the number of participants in the domain

(ii) the characteristics of these participants, or (iii) the sources present each domain.

These confounding factors make the M-TL results difficult to interpret.

To overcome these limitations, two special cases of the dataset deconstruction

are noted. Firstly, the single source domains where only a single source is present;

in the mPower dataset these are domains 1, 2, 4, and 8 which correspond to

the memory, voice, walking, and tapping individual source domains respectively.

For each single source domain, all participants who contributed the source are

eligible to be used to develop the individual source model, regardless of which

domain they have been assigned to. The example participant in Figure 7.1 would

therefore be eligible to develop models for the tapping, walking, and voice single

source domains. Subsequently, even participants with incomplete source data

can be used in developing the individual source models thus ensuring a 100%

participant retention rate. A participant with missing data who completed n

sources (0 < n ≤ S) is eligible to be used in developing n individual source models.

Secondly, we note that the participants with complete source data (domain 15) are

the only participants eligible to be used in developing all of the individual source

models. Consequently, participants with complete source data will be assigned as a

test group against which all individual source models will be tested. Furthermore,

the individual source models can be fused in all permutations through the use of

source ensembles. All models created through source ensembles can also be tested

on the participants with complete source data.

The model framework can now be formally defined. Via deconstructing the

source-wise missing dataset, it is possible to develop S individual source models

using all participants, even those with missing data. The participants with complete

source data are excluded from the training/validation of the individual source

models and are reserved to act as a consistent test set against which all individual

source models, and their permutations, may be tested. Having created a consistent

test set for all models, the results of all models will be directly comparable to one

another, thus removing the aforementioned confounding factors.



7. Remote Disease Classification 139

Figure 7.2: Domain Representations. (a) A visualisation of the target-transfer domain
relationships for all domains and (b) a histogram showing the number of participants in
each domain prior to the application of the target-transfer domain sharing. Note that
YHC represent the health control participants under the age of 50 years old who are not
included in this study.

Table 7.1: Demographic data of participants with incomplete data contributions who
form the training and validation set for each source.

Tapping Walking Voice Memory
N

(PD/HC)
1323

(799/524)
624

(377/247)
1072

(679/393)
39

(25/14)
Age 62.4 ± 7.7 62.8 ± 7.6 62.9 ± 7.7 62.6 ± 8.7

% Male 68.6 71.2 67.8 61.5

In the mPower dataset, 1,380 participants were identified with incomplete source

data who form the training and validation set. The instances and demographics

of the training and validation participants are given in Table 7.1. There were 133

participants identified (87 PD/ 46 HC, age 62.9 ± 7.6, 71% Male) with complete

source data who are assigned as the test set. Each participant in the test set

contributed one instance in each of the sources. The effects of sex are assumed

to be negligible on test performance as has been previously suggested on the

mPower dataset [1, 238].
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Table 7.2: The tapping feature set extracted from the touch-screen data. The features
are separated into three types; Rhythm, Spatial Variability, and Fatigue.

Feature Name Definition
Rhythm

totalTaps Total number of Taps
meanTimeTap Mean time between successive taps
stdTimeTap Standard deviation of time between successive taps

Spatial Variability
xCoordsStd Standard Deviation of x-pixel coordinates

xCoordsRange Range of x-pixel coordinates
yCoordsStd Standard Deviation of y-pixel coordinates

yCoordsRange Range of y-pixel coordinates
pixelDistanceTotal Summation of number of pixels between all taps
pixelDistanceMean Mean number of pixels between successive taps
pixelDistanceStd Standard deviation of number of pixels between successive taps
pixelDistanceIQR Inter-quartile range of pixel distance between successive taps

Fatigue
tapFatigueRatio Ratio of number of taps in first 10 seconds and number of taps in final 10 seconds
tapFatigueHalf The time at which half the total number of taps occurs

7.3.3 Individual Source Model Development
Feature Based Classifiers

Three classifiers were utilised that required an explicit feature set to be extracted in

order to develop the individual source models. In this section, a detailed description

of the feature set extracted from all sources is provided.

As discussed in chapter 4, the tapping activity provides raw data from two sensor

types: the touch-screen and the tri-axial accelerometer. Features were extracted

and concatenated from both sensors. The touch-screen features pertain to rhythm,

spatial variability, and fatigue (Table 7.2) whilst a widely used set of signal based

features are extracted from the accelerometer waveforms (Table 7.3) [79, 161]. The

feature set is extracted from two second windows of the signal using a 0.25 second

overlap between windows. The median and standard deviation of each feature

across the windows is calculated and used to form the feature vector for the signal.

This process is repeated for all signals.

From the walking activity the same set of signal based features were extracted

from the tri-axial accelerometer and gyroscope. However, as the raw waveforms
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Table 7.3: The signal based feature set extracted. The s_ax_ notation represents the
sensor and axis of the signal from which the feature set is being extracted from respectively
e.g. acc_x_mean represents the mean of the x-axis accelerometer signal.

Feature Name Definition
s_ax_mean Signal mean
s_ax_std Signal standard deviation

s_ax_prc25 Signal 25th percentile
s_ax_prc75 Signal 75th percentile
s_ax_iqr Signal inter-quartile range
s_ax_med Signal median
s_ax_mod Signal mode
s_ax_range Signal range
s_ax_skew Signal skewness
s_ax_kurt Signal kurtosis
s_ax_mse Signal mean squared energy

s_ax_entropy Signal entropy
s_ax_dfc Signal dominant frequency component
s_ax_fda Signal dominant frequency amplitude

s_ax_loc_power Locomation power density in range 0.5 - 3 Hz
s_ax_ar_coeff_1 Autoregression coefficient at time lag 1

are known to contain segments of noise or periods of no movement, features were

only extracted from sections of the signal that were identified as gait as determined

by a gait-segmentation algorithm as demonstrated in [215]. The specific gait

segmentation algorithm used a magnitude based threshold on the accelerometer

signals. The total acceleration magnitude, |a|, was obtained via:

|a| =
√
x2 + y2 + z2 (7.1)

where x, y, and z, are the acceleration waveforms in the x, y, and z-axes respectively.

The acceleration magnitude is smoothed using a moving average filter with a

window size of 0.3 seconds. The acceleration magnitude is normalised such that

|a| ∈ [0, 1]. The threshold was selected as the mean plus a single standard deviation

of the acceleration magnitude. Features were then selected from the longest section

of gait provided that the segment was five seconds or longer. If a segment of gait

five seconds or longer did not exist, the participant was labelled as missing the
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Figure 7.3: The gait segmentation procedure. (a) The raw tri-axial accelerometer
signals (b) is the accelerometer magnitude as calculated through Equation 7.1 and (c)
shows the acceleration magnitude having undergone the moving average filter. The red
horizontal line is the threshold above which the signal is assigned as gait.

gait source. This process is demonstrated in Figure 7.3. The corresponding results

of the gait segmentation algorithm are shown in Figure 7.4.

This gait segmentation algorithm was selected as it was specifically designed to

be implemented on the raw waveforms collected from smart-phone embedded IMU’s

[215]. Furthermore, this algorithm has been tested and found the most effective

(in terms of the smallest error rate when compared to nine other algorithms) using

the waveforms collected at a variety of smart-phone sensor locations including

the trouser front pocket.

For the voice activity, features were extracted from the raw audio recordings

using the publicly available Matlab (Mathworks, USA) toolbox developed by [40].

These features utilize both temporal and frequency based metrics and have proven

capable of detecting dysphonic PD participants in remote environments [39, 184].

The features extracted from each recording included measures of fundamental
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Figure 7.4: Having performed the gait segmentation algorithm, features are extracted
from the acceleration and gyroscope signals identified as gait (shown in the grey box).
Recall that the longest section of gait that is longer than 5 seconds is selected (∼7.5 -
19.9 seconds) and all other sections are discarded (∼2.9 - 3.1 seconds)

frequency and its corresponding amplitude and frequency variations (Jitter and

Shimmer). Please refer to §2.3.3 for a review of speech based features and refer to

[39, 40, 184] for an exhaustive list of all features extracted by this toolbox.

The memory activity provided only three features; total score, number of levels

attempted, and number of incorrect responses.

The tapping, walking, voice, and memory activities provided 97, 180, 326, and

3 features respectively. Three feature based classifiers for each individual source

were developed. Two of these classifiers are commonplace in the prediction of PD;

logistic regression (LR) and random forests (RF) (§3.2).

The state-of-the-art Deep Neural Network (DNN) is also implemented on this

feature set. All DNNs consisted of five layers with 200, 300, 50, 32, and 1 units

respectively. All activation functions were rectified linear units (ReLU) due to

their ability to improve training time whilst avoiding the vanishing gradient

problem [276, 329].

During the training and validation of the LR models, least absolute shrinkage and

selection operator (LASSO) feature selection is implemented on the training data.
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Convolutional Neural Network Classifier

In addition to the three feature based base classifiers, a series of Convolutional

Neural Networks (CNNs) were also implemented. CNNs are widely considered to be

the state-of-the-art machine learning techniques and have received little attention in

the field of PD classification to date due to the generally small size of PD datasets [2].

As mentioned in Section 3.3, CNNs do not require the definition of an explicit

feature set but rather are capable of automatically learning features, or filters,

directly from raw data. Furthermore, these filters are translationally invariant

making CNNs particularly well suited to noisy raw data as in the mPower database.

This is particularly evident when looking at the example of the raw walking

activity data in Figure 7.4.

Of the four activities in the mPower database, the tapping, walking, and voice

activities present data suitable to be used as inputs to a CNN (i.e. raw time-series)

each requiring a small amount of pre-processing.

• In the tapping activity, sensor fusion is required so as to allow the unevenly

sampled touch-screen data be used in conjunction with the evenly sampled

accelerometer data [2]. Firstly, all tri-axial accelerometer signals were stan-

dardised to a length of 2,000 samples (20 seconds with an fs = 100 Hz).

Zero padding was used to extend all signals whose length was less than 2,000.

Secondly, as the touch-screen data is unevenly sampled, linear interpolation

was used to create waveforms of equal length to the accelerometer waveforms.

The touch-screen data for each recording was of length equal to the total

number of taps (usually between 50 – 200 taps). Using the time-stamp of

each tap, a new waveform with 2,000 samples was created for the x and y

pixel coordinates. This is demonstrated in Figure 7.5. Consequently, the

touch-screen pixel coordinate data is of equal length to the accelerometer data

and is therefore suitable to be used as an input to a CNN.

• In the walking activity, the tri-axial accelerometer and tri-axial gyroscope

signals (fs = 100 Hz) were used as the raw input. Unlike in the feature
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Figure 7.5: An example segment of the raw tapping data used as an input to the CNN.
The upper three plots show the raw x, y, and z accelerometer signals respectively. The
lower two plots show the linearly interpolated waveforms created from the x and y pixel
coordinate data respectively.

based approach, very little pre-processing was required. All waveforms were

standardised to a length of 3,500 samples; again using zero padding in the

instances that were less than 35 seconds long.

• In the voice activity the raw voice recording signal was used (fs = 42 kHz).

All waveforms were standardised to 420,000 samples; again using zero padding

in the instances that were less than 10 seconds long.

The architecture of the multi-channel CNN used on all activity types is shown in

Figure 7.6. While additional benefit might be obtained by using different network

structures for the different sources, a generic general framework was opted for across

all source data. Here, the concept of a variable first receptive field width is exploited

across two convolutional branches [330]. In signal processing, it is favourable to

inspect the frequency content of a larger section of the signal as opposed to a very

small section. This theory also holds true when choosing the length of the first

convolutional filter in a CNN. When using convolutional filters of a large width, the
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frequency components of the data are better captured. Conversely, using filters of

a small width better capture temporal aspects of the signal. Thus, the width of

the first convolutional filter in each of the two branches is different so as to capture

both the temporal and the frequency components of the data.

Alternative CNN architectures use small receptive fields but require many more

layers and convolutional operations in order to capture the frequency components

of the data [331, 332]. These networks are consequently very deep and require a

large amount of computation power and training time to be optimized. Via the

adoption of multiple branches of variable first receptive field widths, significantly

fewer layers are required and often achieve similar model performances.

The multi-branch CNN architecture utilises `2-norm regularization, max-pooling,

and batch normalisation layers as extra means of preventing overfitting, parameter

reduction, and reduce training time respectively.

All CNN and DNN networks were developed using Keras with a Tensorflow

(Google Inc., California) back-end using Adam optimization and model loss was

calculated through binary cross-entropy [286].

Individual Source Model Evaluation

The classifiers developed for each individual source were trained and validated

using the individual source domains (Table 7.1). During the training and validation

procedure, each classifier underwent repeated stratified 10-fold cross validation.

Prior to being separated into folds, the data is balanced so as to have equal number

of PD to HC participants (using minority-class balancing).

In the feature based classifiers the training and validation sets are normalized

to zero mean-unit variance using the means and standard deviations of the training

feature set so as to avoid data leakage. The accuracy of each classifier is reported for

the training and validation set. As the test set is imbalanced, when the individual

source models are applied to the test set we also report the F1-score (harmonic

average) in addition to the classification accuracy.
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Figure 7.6: The multi-channel CNN architecture used on the voice, walking, and tapping
source data. Here fs is the signal sampling frequency, n is the number of filters, w is the
width of the filters, s is the stride length of convolutions, and p max-pool size. The size of
the stride length in each branch in the first convolutional layer is controlled by α and β.

7.3.4 Ensemble Learning Approaches

Ensemble learning, often called classifier fusion, enables the predictions of multiple

algorithms to be fused into a single prediction [288]. Often, the single ensemble

prediction outperforms each of the ‘base’ algorithms due to the ensemble accounting

for variability within the base algorithms’ prediction ability [333].

Two forms of ensemble learning are presented (classifier and source) which enable

two types of variability to be accounted for simultaneously.
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Figure 7.7: Schematic of the classifier and source ensemble procedures. There are B
base classifiers within each source. Ri is the response from the ith classifier. A classifier
ensemble is implemented on the responses from all B classifiers from a single source. A
source ensemble is performed on all responses from all classifiers from multiple sources.

Classifier Ensemble

Via performing a classifier ensemble within each individual source, whether the

classification ability of an ensemble of multiple classifiers outperforms each individual

base classifier is assessed.

Two popular classifier ensemble learning algorithms are implemented: majority

voting and mean probability (§3.4)[334, 335]. In this implementation of classifier

ensemble, we take the multiple classifiers within each source and ensemble their

responses. Majority voting returns the binary response that occurs most frequently

between the base classifiers. Alternatively, the mean probability ensemble is

performed on the ‘soft’ response of each classifier and therefore returns a response

based on the average probability of all classifiers for a single observation. A schematic

of the classifier ensemble strategy is demonstrated in Figure 7.7.

The first classifier ensemble was formed using the three feature based classifiers

(LR + RF + CNN). The second classifier ensemble was formed using both the

feature based and the CNN classifiers (LR + RF + DNN + CNN). This enables
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any difference between the CNN classifier to be directly compared against a purely

feature based approach. The accuracy and F1-score of all classifier ensembles is

reported for each source individually.

Multi-Source Ensemble

In addition to classifier ensembles, an alternative usage of ensemble learning is

presented in the form of source ensembles. Source ensembles serve two purposes

in this research:

a The first purpose is to account for the source-wise missing data. As models

have been developed for each source individually, source ensembles allow

the fusion of these individual source models in all possible permutations;

allowing all individual source models to be fused and implemented on the test

participants.

b The second purpose is to account for the heterogeneity of symptom prevalence

in PD. It is common for PD to manifest itself differently across the population.

Thus, a participant may show mild to severe symptoms in one source but

not in any others whereas another participant of equal PD severity may show

mild to severe symptoms in a different source. Through source ensembles

the classification predictions from multiple sources can be consolidated into a

single prediction which accounts for symptoms in all sources; thus accounting

for symptom heterogeneity.

Continuing the ensemble notation outlined in §3.4, when implementing a source

ensemble on all S sources, and assuming that B base classifiers are trained for each

source, the majority voting source ensemble learner is defined as:

F =

1 if ∑B×S
i=1 Ri ≥ B×S

2
0 if ∑B×S

i=1 Ri <
B×S

2
(7.2)

and the mean probability source ensemble learner as:

F =

1 if
∑B×S

i=1 P (Ri=1)
B×S ≥ 0.5

0 otherwise
(7.3)
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A schematic of the source ensemble strategy is demonstrated in Figure 7.7.

It is important to note source ensembles are not performed on the response of

the classifier ensemble. Rather, the response of each classifier from all sources

are used. This approach ensures the maximum amount of classifier variability

is present during the source ensemble.

Source ensembles are firstly performed using a single base classifier from each

source; thus localising the results of source ensembles without the influence of

classifier ensembles. This enables the comparison between the effects of classifier

and source ensembles independently. Finally, source ensembles are performed using

multiple base classifiers from all sources. As in the pure classifier ensemble, this is

performed initially using only the feature based base classifiers across all sources,

followed by using all feature based and CNN base classifiers across all sources.

7.3.5 Visualisation of the Multi-Source Ensemble Proce-
dure

In order to further understand the benefit of performing the source ensemble, a

novel means of visualizing the source ensemble process is provided [2].

Sammon Mapping

Using Sammon mapping, it is possible to reduce the high dimensional feature

matrix into a latent space of a lower dimension. Sammon mapping [336] is a

dimensionality reduction technique that aims to preserve the inherent geometric

structure of data. As a point mapping algorithm, Sammon mapping reduces N

feature vectors of p-dimensions into a new l-dimensional feature space where l is

typically two or three dimensions and thus enables visualization. The mapping

works via fitting all N observations in the latent space such that their interpoint

distances are approximately equal to that of the original p-dimensional space. A

trivial visualization is provided in Figure 7.8.

Mathematically this is achieved via determining and optimising (usually through

gradient descent) a distance metric, E, between all feature vectors:
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Figure 7.8: A trivial schematic of the Sammon mapping procedure. The original feature
space (p = 3) is reduced into a 2-dimensional latent space. The Euclidean distances
between each of the observations in the new latent space (e.g. d̃1) have been optimised
such as to preserve their distances in the original feature space (e.g. d1).

E = 1∑
i<j[d̃ij]

N∑
i<j

[d̃ij − dij]2

d̃ij
(7.4)

where dij is the distance between the ith and jth feature vectors in the original

p-dimensional feature space and d̃ij is the distance between the ith and jth feature

vectors in the new l-dimensional latent space.

As such, Sammon mapping is appropriate in the current application as it enables

the reduction of the high dimensional feature space into a lower latent space allowing

the visualization of participant location in the latent space. Furthermore, as it

is possible visualise the location of all test participants in the latent space, it is

therefore also possible to visualise which of these participants are correctly classified

by each of the separate sources. This provides a visualisation of which participants

are correctly classified by each of the separate sources, enabling the sources to be

compared against each other on a participant-to-participant level.

Using the test participants, Sammon mapping is applied to the test participants’

feature matrix such that it is reduced to a 2-dimensional latent space. Firstly, all

test participants are plotted in the latent space according to their disease group
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(PD vs HC). Secondly, the test participants correctly classified by each of the

individual sources are plotted in the latent space. Finally, the test participants

correctly classified by the multi-source ensemble are plotted and compared against

each of the individual sources.

7.3.6 Model Comparison Approaches

As a means of model comparison, two alternative approaches are implemented for

multi-source classification against which multi-source ensemble learning is compared.

Both alternative approaches also present a platform for assessing the importance

of features from all sources.

Complete Dataset Learning

This is the approach most commonly used in the case of incomplete multi-source

datasets. Only the participants with complete source data are selected (i.e. the test

set) and all participants with missing data are discarded. Classification models are

developed using only the participants with complete source data. Also of interest is

the study of which features across all sources are most pertinent in the classification

procedure, as such, LASSO and Sparse-Group LASSO are employed for feature

selection [337]. The latter of these approaches introduces regularization at the

feature and source level. When implementing LASSO during Complete Dataset

Learning, the design matrix X in Equation 3.12 is:

Xc = [XT
c ,XW

c ,XV
c ,XM

c ] (7.5)

where XT
c ,XW

c ,XV
c , and XM

c are the tapping, walking, voice, and memory design

matrices of the Nc participants who contributed all sources respectively and Xc ∈

Rp×Nc is the complete multi-source feature matrix containing p features.

The same complete design matrix (Xc) is used during Sparse-Group LASSO,

which is defined as:

arg min
β

1
2 ||y−Xβ||22 + λ1||β||1 + λ2

S∑
i=1

√
pi||βi||2 (7.6)
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where λ1 and λ2 determine the quantity of regularization at the feature and source

levels respectively and pi is the number of features in the ith source.

The top 10 highest weighted features are reported from both the LASSO and

SG-LASSO methods. As this section is focused on the influence of the feature

selection process, only a LR model is implemented. Using the identified features

from both methods, LR models are trained and validated and their classification

accuracy reported.

Incomplete Dataset Learning

In this approach, a two-stage feature selection technique is implemented starting

with the participants in each of the individual source domains. Firstly, within each

of the individual source domains, the highest weighted features using LASSO are

determined. Feature selection is occurring at the feature level within each individual

source, thus enabling the use of the large number of participants with incomplete

data. The features selected by LASSO from the ith individual source are denoted as

βi. The non-zero weighted features are selected from each source are concatenated

to give the feature weighting vector for all sources:

βISL = [βT , βW , βV , βM ] (7.7)

From βISL, the features with the highest weightings are reported. In the second

step, all of the features in βISL are selected from Xc yielding:

XISL = Xc(βISL) (7.8)

such that the features selected using the large number of participants with incomplete

data have now been applied to the smaller number of participants with complete data.

The second feature selection process is concluded via applying SG-LASSO on XISL.

The highest weighted features from Complete Dataset Learning can be compared

against those selected in the Incomplete Dataset Learning approach and allows

conclusions to be drawn whether feature selection and model development is better

performed at the feature or source level.
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As in the Complete Dataset Learning approach, the top 10 highest weighted

features from both the LASSO and SG-LASSO methods are reported alongside

the classification accuracy of the subsequent LR models.

7.3.7 Effects of Sample Size on Feature Confidence

To further assess the influence of performing feature selection using participants with

incomplete data, the effect sample size has on feature distributions is investigated.

Here it is examined whether using a large sample size, as in the Incomplete Dataset

Learning technique, provides a more robust platform to perform feature selection

than in the traditional approaches, such as the Complete Dataset Learning technique.

This is achieved via utilising bootstrap sampling on the training and validation

participants, using variable sample sizes. Bootstrap sampling is a non-parametric

statistical technique that enables statistical measures to be estimated from a

randomly sampled subset of the data [254]. To perform the bootstrap, nSamp

participants are randomly sampled with replacement from the Ni participants with

incomplete source data. This subset of participants is known as the bootstrap sample.

The feature set contributed by the bootstrap sample, fbs, is selected and statistical

measures from each feature is calculated. Statistical measures calculated from the

bootstrap sample, E(fbs), are formally referred to bootstrap statistics. The process of

selecting a bootstrap sample and calculating the corresponding bootstrap statistics

is repeated B times. This process is summarized in Algorithm 1. Consequently, for

each bootstrap statistic, B estimates of the true statistical value have been compiled.

It follows that if the bootstrap sample size is small, or the original population

data contains a large degree of noise, the resulting bootstrap statistics will not be

representative of the true value of the statistical measure. It is for this reason that

performing bootstrapping using many sample sizes is beneficial in this study of

feature selection. At each sample size it can be determined whether the estimated

feature values from a bootstrap sample are representative of the true feature values

of the entire population. This allows an assessment of sample size and whether

it is appropriate to undergo feature selection.
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Table 7.4: Classification Performances of all the Individual Source Model classifiers
During Training and Validation. These results correspond to the methods outlined in
§7.3.3.

LR RF DNN CNN

Memory 66.3 ± 28.3 53.9 ± 36.5 65.8 ± 25.8 n/a
Voice 62.9 ± 5.2 61.8 ± 5.6 69.7 ± 8.4 72.5 ± 4.1

Walking 59.5 ± 6.5 55.3 ± 6.2 68.2 ± 8.6 72.6 ± 2.8
Tapping 60.5 ± 4.8 61.8 ± 5.1 65.3 ± 3.1 69.4 ± 3.5

Presented is a visualization of how feature distributions vary with sample size

via calculating the mean and standard deviation of the bootstrap statistics using

B = 10, 000 bootstrap samples at each sample size.

Algorithm 1 Procedure for bootstrap feature sampling using a variable sample
size.
initalize: nSamp
while (nSamp ≤ Ni) do
for 1→ B do
Bootstrap sample nSamp participants
Select the bootstrap sample’s feature values, fbs
Calculate and save E(fbs)

end for
increment: nSamp

end while

7.4 Results

Individual Source Model Performances

The classification accuracy for each classifier in each of the individual source models

are presented in Table 7.4. For the balanced validation set, the mean and standard

deviation results are shown for the repeated 10-fold stratified cross validation. The

classification accuracy and corresponding F1 scores of these models when applied

to the test set are provided in Table 7.5.
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Table 7.5: Classification Performances of all the Individual Source Model classifiers on
the Test Participants. These results correspond to the methods outlined in §7.3.3.

LR RF DNN CNN
Accuracy (%)

Memory 64.7 69.2 57.9 n/a
Voice 69.2 69.2 69.9 75.2

Walking 63.2 68.4 70.7 72.9
Tapping 60.2 67.7 61.7 70.7

F1 (%)
Memory 70.8 78.8 63.6 n/a

Voice 78.8 75.5 80.6 83.2
Walking 69.2 74.7 77.5 77.5
Tapping 65.4 72.6 72.7 78.7

Ensemble Model Performances
Classifier Ensemble

The results of performing the classifier ensemble on the test set within each individual

source are presented in Table 7.6. Results are divided into two types (i) feature

based classifiers only and (ii) feature and CNN based classifiers together. For each,

the accuracy and F1 for both ensemble algorithms are provided.

Multi-Source Ensemble

In the top portion of Table 7.7, the results of performing a source ensemble (across

all four sources) on the test set for each classifier separately are provided. In the

bottom portion of Table 7.7 the accuracy and F1-score resulting from models which

combine both classifier and source ensembles are provided.

Multi-Source Ensemble Visualisation

The top row of Figure 7.9 shows the visualisation of all of the test participants

in the reduced 2-dimensional latent space; separated by their disease grouping.

Rows 2, 3, 4, and 5 show the location of the correctly classified participants by the

memory, voice, gait, and tapping activities respectively. The bottom row shows
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Table 7.6: Classification performances of the classifier ensemble in each individual source.
These results correspond to the methods outlined in §7.3.4.

LR + RF + DNN LR + RF + DNN + CNN
Majority
Voting

Mean
Probability

Majority
Voting

Mean
Probability

Accuracy (%)
Memory 69.2 63.2 n/a n/a

Voice 68.4 71.4 72.9 78.2
Walking 69.9 69.2 77.4 74.4
Tapping 66.2 63.9 70.7 65.4

F1 (%)
Memory 79.0 70.3 n/a n/a

Voice 80.6 80.6 82.9 85.0
Walking 79.4 75.2 83.0 80.0
Tapping 76.9 71.1 78.9 71.9

Table 7.7: Classification performances of the source ensembles for each individual
classifier and for the combined classifier and source ensemble. All units are %. These
results correspond to the methods outlined in §7.3.4.

Majority
Voting

Mean
Probability

Acc. F1 Acc. F1

LR 75.9 83.2 69.2 78.8
RF 74.4 82.7 75.2 82.0

DNN 69.2 80.0 70.7 76.9
CNN 71.4 82.1 79.7 85.9

LR + RF + DNN 78.9 85.3 76.7 82.9
LR + RF + DNN + CNN 82.0 87.1 82.0 87.1
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Figure 7.9: The visualisation of participants in the latent space according to disease
grouping, individual source classification, and multi-source ensemble classification. These
results correspond to the methods outlined in §7.3.5.

the location of the correctly classified participants by performing the multi-source

ensemble learning technique.

To provide a single visual example of the multi-source ensemble technique,

the yellow circles enclose a correctly classified participant by the memory, voice,

and gait activities. However, the purple circle, in the same location in the

latent space, demonstrates that the tapping activity did not correctly classify

this same participant. However, as three of the four activities correctly classified

this participant, it can be seen that this participant is correctly classified by the

multi-source ensemble approach (in this example a mean probability ensemble was

employed during the source-ensemble approach).
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Figure 7.10: A 606 x 606 correlation matrix showing the inter- and intra-source feature
Spearman’s Rho correlations. These results correspond to the methods outlined in §7.3.6.

Model and Feature Selection Comparisons

Table 7.8 provides the classification accuracy of the Complete Dataset Learning

and Incomplete Dataset Learning techniques. Recall that in Complete Dataset

Learning, only the participants with complete source data have been used for

selecting features to be utilised during model development. There are Nc = 133

participants with complete source data and a total of p = 606 features across

the four sources thus Xc ∈ R606×133. Figure 7.10 demonstrates the inter- and

intra-source feature correlations of Xc. Conversely, recall that Incomplete Dataset

Learning entails learning features from participants with missing source data and

applying these features to the participants with complete source data. During

Incomplete Dataset Learning, the dimensions of the design matrices undergoing

LASSO in Equation 3.12 for the tapping, walking, voice, and memory sources are

XT ∈ R97×1323, XW ∈ R180×624, XV ∈ R326×1072, and XM ∈ R3×39 respectively.

Table 7.9 provides the 10 features with the highest weights as determined via

LASSO and SG-LASSO during the Complete Dataset Learning and the Incomplete
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Table 7.8: The comparison of the classification accuracy (%) of the three approaches.
These results correspond to the methods outlined in §7.3.6.

LASSO SG-LASSO
Complete Dataset Learning 71.4 ± 1.2 73.1 ± 3.3

Incomplete Dataset Learning 75.6 ± 1.3 73.2 ± 1.1
LR + RF + DNN LR + RF + DNN + CNN

Multi-Source Ensemble Learning 78.9 82.0

Figure 7.11: Demonstration of how three feature distributions vary with sample size.
There are 10,000 bootstrap samples taken at each sample size. The solid line shows the
mean of the mean of each bootstrap sample. The shaded area show the mean standard
deviation of each bootstrap sample. These results correspond to the methods outlined in
§7.3.7.

Dataset Learning techniques. Appendix A.2 provides an exhaustive description

of each feature in Table 7.9.

Finally, Figure 7.11 shows how three features from the voice, walking, and

tapping activities respectively vary with sample size.
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7.5 Discussion

Common techniques for analysing datasets with large quantities of missing data

often result in a significantly smaller subset of the data being analysed. This

chapter has presented a novel method for compensating for source-wise missing data

through the combined use of dataset deconstruction and ensemble learning. This

approach ensures a 100% participant retention rate without the need to perform

imputation. Unlike previous work, multi-source ensemble learning identifies a

consistent set of participants against which all models can be tested making the

results highly interpretable. Due to the inclusion of a high number of participants

and the robust fusion of multiple classification models, this method yields higher

disease classification accuracies when used for remote detection of PD and to also

be more appropriate at feature selection than traditional methods.

In total, 12 feature based classifiers and three CNN classifiers were developed.

Four of the feature based classifiers utilised a state-of-the-art DNN. Interestingly, it

is found that the DNN often gives consistent accuracies with the traditional feature

based classifiers. This is indicative that the feature set is the limiting factor during

classification as opposed to the classification technique. In the three sources where

CNNs were developed, the CNN consistently outperformed the traditional feature

based classifiers on both the training and test participants. The improvement seen

by using CNNs is attributed to the translationally invariant nature of the filters

identified from a large number of training instances. As the training sample size

is large for all CNNs, it is highly likely that the resulting filters are robust at a

population level and less likely to cause overfitting than in the traditional feature

based approaches. This is the first study to the authors knowledge to implement a

consistent CNN architecture on multiple types of smart-phone sensor data for the

purpose of PD classification. These findings are consistent with the hypothesis that

more sophisticated machine learning models used in tandem with a large cohort

will improve remote PD classification [238].

The purpose of applying a classifier ensemble was to account for variability

between classifiers thus providing additional means for accounting for the noise and
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uncertainty that is inherent in the mPower dataset. The initial classifier ensemble

made use of only the feature based classifiers. Although the ensemble often causes

a small increase in performance within each separate source, the feature based

classifier ensemble often fell short of the classification accuracy achieved by the

respective source’s CNN for all ensemble techniques. The second classifier ensemble

made use of the feature based classifiers and the CNN classifier and in many cases

reported accuracies higher than all base classifiers, including the respective source’s

CNN. Once more this is suggestive that the CNN is correctly classifying different

subjects to the feature based classifiers on account of it using the convolutional

based filters for classification as opposed to the hand-crafted feature set.

The benefit of the source ensemble approach is far more apparent than that

of the classifier ensemble. When using a single classifier from multiple sources,

the source ensemble outperforms the majority of single source classifiers. The

cause of the improvement seen in the source ensemble approach is two-fold: (i) it

accounts for the noise and variation within each of individual source models and

(ii) it accounts for participants showing symptom heterogeneity wherein symptoms

are only present in some sources.

The final ensemble approach demonstrated that the combined affect of source

and classifier ensembles outperform all other ensemble approaches. It is again shown

that ensembles at the source and classifier level show the highest classification

accuracy when using both feature and CNN based classifiers. This finding is

intuitive given that the classifier and source ensemble, when using the feature and

CNN based classifiers, are accounting for the multiple types of noise and variability.

To test the efficacy of multi-source ensemble learning, two types of comparative

studies were performed. Firstly, Complete Dataset Learning was performed which

is the most common approach for datasets where source-wise missing data occurs.

Here, models that are trained and validated on the participants with complete

data showed an increase in classification accuracy when compared to single source

models. It is important to note that of the 1,513 participants used in this study,

only 133 (8.8%) had complete source data. As such, when using Complete Dataset
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Learning, 91.2% of participants are being discarded. This is the standard approach

used in the literature and is clearly a highly inefficient use of data [232, 237]. The

second comparative study entailed an inspection of the influence of various feature

selection techniques. During Incomplete Dataset Learning feature selection was

performed within each source individually using the large number of participants

with incomplete data and these features were applied to the participants with

complete data for classification. It was shown that this feature selection approach

yielded higher classification accuracy than the Complete Dataset Learning Approach.

The second comparative study entailed an inspection on the influence of feature

selection. During Incomplete Dataset Learning we performed feature selection within

each source individually using the large number of participants with incomplete data

and applied these features to the participants with complete data for classification.

This feature selection approach was found to yield higher classification accuracy

than the Complete Dataset Learning Approach.

The inter-source feature relationship was inspected in several manners and

all yield consistent findings. Firstly, Figure 7.10 demonstrates that features

between sources show very little correlation (inter-source correlations) although

large correlations exist within each sources (intra-source correlations). This lack

of inter-source feature correlation explains why the use of SG-LASSO yields very

similar results to that of traditional LASSO. Secondly, this finding was reinforced

during the optimization of the SG-LASSO (Equation 7.6). It is evident that the SG-

LASSO lasso procedure differs from traditional LASSO only through the addition of

a regularisation term acting at the source-level. Indeed, during the optimization of

the SG-LASSO equation, it was found that the value of λ2 tended to be very close

to zero as shown in Figure 7.12. This indicates that regularization occurs almost

entirely at the feature level, and is virtually non-existent at the source level. As such,

the SG-LASSO equation simply reduces down to that of traditional LASSO. Finally,

this finding is further demonstrated by the similarity between features selected

during the LASSO and SG-LASSO techniques in Table 7.9. It is also interesting to

note that no features from the memory activity were in the top 10 highest weighted
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Figure 7.12: The classification accuracy achieved for each λ1 : λ2 ratio pair during
sparse-group lasso optimisation. All units are in % This plot was obtained during the
SG-LASSO optimisation outlined in §7.3.6.

features in any approach. Indeed, only ‘Total Memory Score’ was selected by all

approaches but received very low weightings in the feature selection process.

Finally, the affect of sample size on feature distributions was explored, and

consequently how sample size affects the confidence of feature selection. In Figure

7.11 it can be seen that feature values at small sample sizes are often transient,

showing variable behaviour that is not representative of the population. However,

with larger sample sizes the feature distributions reach a pseudo-steady state and

show little variation. Figure 7.11(a) is an example of a voice feature that is selected

by both the Incomplete Dataset Learning and the Complete Dataset Learning

processes (Table 7.9). At sample sizes above 100 the feature distributions are

stable and consistently differ between the disease groups. Figure 7.11(b) is an

example of a tapping feature that is selected during Complete Dataset Learning,

but not during Incomplete Dataset Learning. It is evident that at small sample

sizes the feature values between the two groups appear to be large, but with the

inclusion of more samples this difference is greatly reduced. Finally, in Figure

7.11(c) we show the behaviour of the common and interpretable ‘Total Number
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of Taps’ feature from the tapping activity. Not only does this feature consistently

show a difference between the disease groups, but it shows a gradual change of

mean feature value. The variation of these feature distributions with sample size

is attributed to high levels of noise in the feature set. Via the inclusion of more

participants, the bootstrap estimates are less susceptible to noise and therefore

provide better population estimates. As such, the features identified using the

large sample size during Incomplete Dataset Learning are more robust and scalable

than those identified by Complete Dataset Learning.

A limitation of the presented work is the assumption that all tests to have been

completed correctly on the first attempt. Although mostly a correct assumption, it

is expected that some tests used in this research were entirely noise and contain no

relevant information. To alleviate the influence of this limitation, longitudinal test

instances should be included. Included in the usage of longitudinal test instances

should be the utilisation of multi-source ensemble learning for the creation of

a continuous disease severity score. This would entail applying the method to

longitudinal data and determining whether an objective multi-source composite

score can be created that correlates with PD severity. Inclusion of the longitudinal

data in the mPower dataset would increase the number of test instances by an

order of magnitude; therefore creating an additional and substantial set of data to

further test the potential of multi-source ensemble learning. An additional limitation

in the present study is that the efficacy of multi-source ensemble learning on a

dataset where inter-source relationships exist has not been evaluated. Future work

should further assess multi-source ensemble learning (where feature selection only

occurs at the feature level) via implementation on additional datasets wherein inter-

source correlations are present. Similarly, multi-source ensemble learning has yet to

be implemented on a dataset wherein a minority of observations possess missing

data. In this scenario, fewer participants would be used during the development

of individual source models than in their testing.
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7.6 Conclusion

This chapter has explored the efficacy of using remotely collected data to perform

disease classification. Due to the challenging data characteristics identified in

the previous chapter, the application of traditional machine learning techniques

would have resulted in over 90% of the participants being discarded from model

development. As such, Multi-Source Ensemble Learning (M-SEL) has been proposed

which enables all participants to be used in model development and validation whilst

not requiring any imputation. Furthermore, during the implementation of M-SEL,

a series of Convolutional Neural Networks (CNNs) were utilised on three different

sources of raw time-series data for the purpose of automatic feature extraction and

classification. Application of M-SEL achieves a classification accuracy of 82.0%

demonstrating a large improvement compared to previous classification attempts on

this dataset. Furthermore, multiple feature selection procedures were implemented

and demonstrated the effect of sample size on feature distribution which further

motivated the use of M-SEL in large and noisy datasets.

In the following chapter, M-SEL is further explored via its comparison to

additional source-wise missing techniques on two vastly different datasets. This

is intended to overcome the limitations highlighted in this chapter whilst de-

termining the applicability of M-SEL when a minority of participants posses

source-wise missing data.
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8.1 Introduction

The previous chapter motivated the formulation and implementation of multi-source

ensemble learning (M-SEL) on the remotely collected mPower dataset. The primary

benefit of this method is that it enables participants with source-wise missing

data to be included in the development of machine learning models without the

requirement to perform imputation. However, several potential limitations regarding

the generalisation of M-SEL to other datatypes were highlighted in addition to

how M-SEL performs under variable amounts of missing data when compared

to alternative missing data strategies.

Traditional techniques for overcoming missing data, such as discarding and

imputation, have been widely studied in relation to their effect on classifier

performance. However, the appropriateness of these techniques are unknown when

considering source-wise missing data. In this chapter, multiple techniques that

compensate for missing data are applied to two multi-source datasets for the purpose

of Parkinson’s disease (PD) classification. This is performed via the simulation of

variable amounts of source-wise missing data into complete datasets, and assessing

the performance of each of the techniques under variable conditions.

168



8. Overcoming Source-wise Missing Data 169

Whereas the previous chapter focused on utilising the state-of-the-art classi-

fication techniques in order to maximise classification accuracy, this chapter is

focused on providing a quantitative analysis of techniques for overcoming source-

wise missing data using multiple datasets.

The primary contributions of this chapter are:

• A detailed quantitative assessment of missing data techniques on multiple

source-wise missing datasets.

• The first implementation of a consistent classification protocol on two datasets

for the purpose of PD classification.

• An implementation of a Deep Multi-Modal Autoencoder in the presence of

missing data on multiple datasets with different degrees of noise and inter-

source relationships.

• A quantitative assessment of the errors introduced by multiple techniques

when applied to two source-wise missing datasets possessing different levels of

noise.

• All python scripts for feature pre-processing and the training and validation

of a Deep Multimodal Autoencoder model is freely available under a GNU

GPL v3 license at https://github.com/johnPrinceOx/Deep_Multi_Modal_

Autoencoder_Neural_Networks

8.2 Background

Imputation of missing values is common-place throughout engineering and statistics

[338]. However, the success of imputation is dependent on a number of factors; most

notably the quantity of missing data, the mechanism of the missingness, and the

underlying relationship between the missing data and the present data [339]. Fur-

thermore, studies comparing multiple imputation techniques have shown that these

factors should govern which technique should be used in specific scenarios [340, 341].

https://github.com/johnPrinceOx/Deep_Multi_Modal_Autoencoder_Neural_Networks
https://github.com/johnPrinceOx/Deep_Multi_Modal_Autoencoder_Neural_Networks
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The vast majoirty of studies investigating and utilising imputation techniques

have been concerned with single-source datasets (§3.0.1) where it is common for

there to be correlations within the feature set; a favourable trait for many popular

imputation techniques [342, 343]. However, the applicability of these imputation

techniques to multi-source datasets, where the features from separate sources may

show little or no correlations, is poorly understood. Indeed, in the most recent review

of multi-source learning techniques, the challenge of compensating for source-wise

missing data is highlighted as an important aspect in need of more research [344,

345]. Furthermore, although [344] describes the concept of source-wise imputation

as ‘very much prone to error’, there have been no quantitative studies validating

the extent of this error, nor the impact of datatype upon the error.

The primary challenge in imputing missing source-data entails imputing the

entire feature set of the missing source, as opposed to imputing a single feature

as would be performed in a single-source dataset [346]. Accordingly, imputation

of large quantities of features, from the potentially unrelated features of other

sources, would negatively affect the performance of any machine learning model

the dataset is subsequently used in [347].

The use of imputation learning in the previous chapter would have been highly

inappropriate on account of 91.2% of the participants containing at least one

missing source, whilst the underlying relationship between features being unknown.

Alternatively, M-SEL was proposed as a methodology specifically for compensating

for source-wise missing data and proved highly effective on the mPower dataset.

However, as with traditional imputation techniques, M-SEL will only be applicable

under certain circumstances and assumptions which are yet to be fully identified.

Several limitations exist in the implementation of M-SEL of the previous chapter.

Firstly, it is unknown how M-SEL compares to traditional imputation techniques

under different amounts of missing data. Secondly, it is unknown how M-SEL

performs on datasets of different structures i.e. when inter-source feature correlations

exist. These are two important characteristics which this chapter aims to address.
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In this chapter, a comparison is provided of three popular imputation techniques,

a deep autoencoder, and M-SEL in regards to their ability to compensate for

source-wise missing data when performing disease classification. To further assess

each technique, each is implemented on two datasets that are juxtaposed by

collection environment, test types, and data quality; enabling conclusions to be

drawn regarding the influence of the underlying multi-source data structure and

noise on each method. Finally, as the source-wise missing data is being simulated,

the error induced by the imputation and deep autoencoding techniques can be

quantified, allowing further insight into the applicability of each method.

8.3 Methods

8.3.1 Dataset Description

Data from both the mPower and OxQUIP datasets are used in this chapter. From

the OxQUIP dataset, participants who contributed all sources at baseline visit

were selected (N = 145). This is the same participant group used in §5.3.1 for the

baseline clinical disease classification. The feature set of each of the three sources

(S = 3) are the same as that described in §5.3.

From the mPower dataset, participants who contributed all sources at baseline

(N = 133) are selected. This is the same participant group that formed the test set

in §7.3.2 and that was used in the Complete Dataset Learning of §7.3.6. The feature

set of each of the four sources (S = 4) are the same as that described in §7.3.3.

It should be noted that both of these participant groups have undergone extensive

study previously in this thesis. As such, the previous results and conclusions may

act as a ‘benchmark’ for which the results and conclusions from this analysis

may act as a direct extension.

8.3.2 Simulation of Source-wise Missing Data

In each dataset, source-wise missing data is simulated on a participant-to-participant

basis. Recall from the previous chapter that if a dataset contains S sources, and
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participants are able to contribute sources in any permutation, a possible 2S source-

permutations exist. A participant is assigned a binary source vector representing

which sources they have contributed with this vector determining to which domain

the participant belongs (§7.3.2).

In this chapter, the reverse process is implemented through the simulation

of source-wise missing data in otherwise complete multi-source datasets. As all

participants in both datasets have contributed all sources, their binary source

vectors are complete, i = −→1 = {1}1×S. It is therefore possible to induce sparsity

into the binary source vectors thus simulating the presence of source-wise missing

data. A participant is assigned to a domain based on their randomly assigned

binary source vector.

Furthermore, the extent to which the dataset is missing data can also be

controlled using this approach. Firstly, the percentage of participants who will

have incomplete data, m, can be fixed. Secondly, the distribution of the m% of

participants within each of the domains can also be fixed. In §7.3.2, it is evident

that the distribution of participants in each domain is highly variable. In this

chapter, the probability of a participant being assigned to a domain (excluding

the empty and complete domains) is equal such that:

P (pn = di) = 1
2S − 2 (8.1)

where P (pn = di) is the probability that the nth participant is assigned to the ith

domain. A schematic of the imputation process is provided in Figure 8.1.

A further benefit of utilising this domain assignment procedure is that it ensures

the nature of the source-wise missing data is ‘Missing Completely At Random’

(MCAR) [348]. Missing Completely At Random data naturally occurs very rarely

and is known to produce an unbiased platform for analyses [349, 350]. Examples of

domain distributions for a three source dataset are given in Figure 8.2.

As such, the performance of each missing data strategy can be assessed when

presented with different amounts of missing data. The techniques can therefore be

compared and their relative successes at different degrees of missing data determined.
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Figure 8.1: Simulation of missing data in a complete multi-source dataset containing N
participants and a total of p features across all sources.

Figure 8.2: Example domain distributions for a three source dataset when (a) m = 10
(b) m = 50 and (c) m = 90. The complete domain in this example is Domain Number 7
which always contains (100-m)% of the participants. The remaining m% of participants
are randomly distributed between the remaining incomplete domains such as to induce
MCAR source data.

8.3.3 Missing Data Strategies
Complete Dataset Learning

Consistent with the previous chapter, only the participants with complete source

data are used for model development and validation in complete dataset learning.

The remaining participants, who are missing any data whilst, are discarded -

otherwise known as case deletion imputation [351, 352]. This results in (100 – m)%

of participants being used for model development in complete dataset learning at

any given simulation. Intuitively, as the percentage of participants with simulated-

missing data increase, there are fewer participants available for the model training

and validation procedure. This simulates the very common and widely used missing-

data scenario as was observed in the full mPower dataset of the previous chapter [232,

237]. The data preparation of complete dataset learning is visualised in Figure 8.3.

The benefits of this technique is that all models are developed and validated on
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Figure 8.3: Dataset preparation for Complete Dataset Learning wherein only the Nc

participants with complete source data are used for model development.

Figure 8.4: Data preparation for Source-wise Imputation Learning. All participants
are split into training and validation sets containing Nt and NT participants respectively.
The two sets undergo imputation separately prior to model development.

participants with complete source data, thus removing the need for more complex

models whilst also avoiding the need to perform imputation. The limitation of

this method is that it often results in a large proportion, potentially the majority,

of participants being discarded [344].

Source-Wise Imputation Learning

Chapter 5 demonstrated that the sources in the OxQUIP dataset contain many

inter-source correlations. Conversely, Chapter 7 demonstrated that the sources

in the mPower dataset do not contain any inter-source correlations. Through

performing source-wise imputation learning on both datasets, it is possible to

determine the effects of inter-source correlations during the imputation process.

This allows investigation into the potential limitations of source-wise imputation

proposed in the previous chapter and in existing literature [344].
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In this implementation of source-wise imputation learning, two imputation

techniques are used:

• Mean imputation - wherein a missing feature value is imputed as the mean

of the non-missing values of that feature. This is the simplest imputation

technique and will act as a benchmark for the other learning and imputation

strategies.

• k-nearest neighbour (kNN) imputation - wherein a missing feature value is

imputed using the k closest other observations who are not missing the feature.

This approach assumes that a missing feature can be approximated using the

underlying structure between other observations and other features [341].

The imputation pipeline is summarised in Algorithm 2 and the data preparation

is visualised in Figure 8.4.

Algorithm 2 Procedure for simulating source-wise missing data and the preparation
of data for implementing source-wise imputation learning.
Complete Dataset
for m : 0→ 100 do
for 1→ iter do
Balance disease groups (50%:50%)
Randomly assign m% of participants into incomplete source domains
for 1→ R do
generate k-fold cross validation indices
for 1→ k do
Impute Training
Impute Validation
Model Development and Validation

end for
end for

end for
end for

Note that imputation occurs after the definition of the training and validation

sets such as to prevent data leakage.

In all simulations, the source-wise imputation approaches maintain a 100%

participant retention rate for model development and validation. However, as
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Figure 8.5: The architecture of the DMMAE including the stacked logistic regression
classification neuron. All layers of the autoencoder undergo `2 − regularisation .

more participants are induced with source-wise missing data, a larger proportion

of features will be needed to be imputed.

Deep Multimodal Autoencoding

The most recently proposed method for compensating for source-wise missing data

is that of the Deep Multimodal Autoencoder (DMMAE) [272, 273, 353]. The

DMMAA entails a special usage of the traditional denoising autoencoder (§3.3.3)

wherein the autoencoder reconstructs missing data by treating it as a form of noise.

In order for an autoencoder to know which values are missing, a unique pre-

processing procedure is required. The initial data preparation is the same as that

used during the imputation approaches (Figure 8.4). Within each of the cross-

validation folds, the training and validation sets undergo zero-mean unit-variance

normalization with respect to the training set. For the feature sets to be eligible for

use in the DAE they must also undergo range normalization such that each feature

is within the range [0,1]. This is performed separately on the training and validation

sets. All missing values are ignored during both normalization processes. Unique to

DMMAE pre-processing, all missing values are replaced with a ‘special value’ after

the range normalisation. The special value is selected such that it is impossible for

it to be present in the true feature set. As such, the special value is selected to have

any value outside the range of [0,1]; in this work the special value is set as -1. The
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setting of all missing values to a value outside the possible range of the true data is

analogous to inserting noise into feature set, thus the DMMAE functions under the

same principals as a denoising autoencoder. This process is described in Algorithm 3.

Algorithm 3 Procedure for simulating source-wise missing data and the preparation
of data for implementing a DMMAE.
Complete Dataset
for m : 0→ 100 do
for 1→ iter do
Balance disease groups (50%:50%)
Randomly assign m% of participants into incomplete source domains
for 1→ R do
generate k-fold cross validation indices
for 1→ k do
Zero-mean unit variance normalisation
Range normalisation [0,1]
Special value insertion
DMMAE Training and Validation

end for
end for

end for
end for

The architecture of the DMMAE is shown in Figure 8.5. The network consists

of three hidden layers with 64, 16, and 64 units respectively . Each layer undergoes

`2-norm regularisation and all units having a logistic transfer function. The logistic

transfer function is the most appropriate as the output range is bounded such

that it is the same as the range the feature set has been constrained to. Finally,

classification is performed via stacking a single neuron with a logistic transfer

function to the final layer of the autoencoder.

An additional benefit of the DMMAE is the inherent ability to perform fea-

ture selection in tandem with classification. Stacking the autoencoder (feature

construction) and a logistic regression unit (classification) allows traditional back-

propagation optimization to be applied as when using a deep neural network for

classification purposes only [272].
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Figure 8.6: Data preparation for M-SEL. From the participants with missing data,
Nn
i are used to developed and validate the nth individual source model. There are Nc

participants with complete source data who are used as a test set for the individual source
models.

Multi-Source Ensemble Learning

This is the novel methodology proposed in the previous chapter. After simulating

source-wise missing data, all participants with missing source data are assigned

as training participants and are used to develop the individual source models.

The participants with complete source data are reserved to act as the test group.

Each individual source model can then be applied to the test participants, and the

outcomes of each undergo a majority voting ensemble. Note that the test participants

in the multi-source ensemble learning approach are the same participant group

used to develop and validate the models in the complete dataset learning approach

of §8.3.3. This process is visualised in Figure 8.6.

8.3.4 Evaluation & Comparison of Strategies

A summary of each of the three methods’ strengths and weaknesses are sum-

marised in Table 8.1.

For all learning approaches, logistic regression models are developed using

repeated stratified 10-fold cross validation. Prior to being separated into folds,
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100% Participant Retention Imputation
Complete Dataset Learning No No

Source-wise Imputation Yes Yes
DMMAE Yes Yes

Multi-Source Ensemble Learning Yes No

Table 8.1: Summary of the participant retention vs. need for imputation trade-off for
each of the techniques.

all data undergoes minority class balancing and then undergoes the missing data

simulation, as shown in Algorithm 2. In the case of M-SEL, a logistic regression

model is developed for each of the individual source models. When implemented

on the test set, the resulting outcomes of each individual source model are fused

through majority voting. The binary classification accuracy of all models is reported

at each simulation instance.

Feature Selection

LASSO feature selection is utilised in all approaches apart from the DMMAE. In

complete dataset learning, the features selected from the training set are applied

to the validation set during model evaluation. During the imputation approaches,

feature selection is performed on the training set after the imputation, with the

selected features being transferred to the imputed validation set. In M-SEL,

feature selection is performed on each of the individual source models and then

applied to the test set.

8.3.5 Imputation & Autoencoding Errors

As the data being estimated during the imputation and autoencoding methods has

been simulated, and therefore the true values are known, it is possible to determine

the error of the approaches at each simulation. This facilitates quantitative

comparison between the suitability of performing imputation and DMMAE on

each of the two datasets.

The errors induced by the DMMAE and imputation techniques is calculated

for each training and validation set separately. The root mean squared error is
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calculated between the imputed/autoencoded feature vector, x′, and the true feature

vector, x, for each participant. It is important to note that the number of features

within each source is different and varies significantly. As such, when a source

containing many features is missing, a larger error would be expected than if a

source with few features were missing. Furthermore, the error would be zero for all

of the features that have not been imputed which would add an error bias towards

instances where the sources with large number of features have not been imputed.

Therefore the use of a normalised Root Mean Squared Error (RMSE) is necessary

to avoid adding this bias into the error calculation. For each participant, all the

features that were not missing are removed from both x′ and x. The RMSE for

each participant is subsequently calculated using only the imputed or autoencoded

values, with the normalising factor set as the number of missing features for that

participant. For the nth participant, this error is given by:

εn = ||x̃n − x̃
′
n||2

n(x̃) (8.2)

where x̃ and x̃′ are the vectors containing only the imputed or autoencoded features

and their corresponding true values respectively and n(x̃) is the cardinality of x̃

(n(x̃) = n(x̃′)). The RMSE over a set of N participants is then given by:

εrms =

√√√√ N∑
n=1

εn
N

(8.3)

This is calculated for the training and validation sets on both datasets whilst

varying the percentage of participants with missing data.

8.4 Results

OxQUIP

The classification results of all learning approaches on the OxQUIP dataset, with

various degrees of missing data, are shown in Figure 8.7.
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Figure 8.7: The performance of disease classification, as performed by multiple learning
strategies, at different percentages of missing source data using the OxQUIP dataset.
These results correspond to the methods outlined in §8.3.3.

Figure 8.8: The performance of disease classification, as performed by multiple learning
strategies, at different percentages of missing source data using the mPower dataset.
These results correspond to the methods outlined in §8.3.3.

mPower

The results of all learning approaches on the mPower dataset, with various degrees

of missing data, are shown in Figure 8.8.

Imputation Error Rates

Figure 8.9(a) and (b) shows the RMSE induced into the feature sets as a result

of mean and kNN imputation. Figure 8.9(c) shows the corresponding errors

induced by the DMMAE.
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Figure 8.9: The error experienced by the training and validation sets in both datasets
whilst undergoing (a) mean imputation, (b) kNN Imputation and (c) DMMAE. These
results correspond to the methods outlined in §8.3.5.
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8.5 Discussion

In this chapter, a comparison of multiple missing data strategies have been evaluated

on two source-wise missing datasets. Via inducing variable amounts of MCAR

source-wise data, the strength of each strategy was measured in terms of their ability

to perform binary classification of Parkinson’s disease as well as the magnitude of

error induced by imputation. Furthermore, this analysis enables this thesis’ novel

Multi-Source Ensemble Learning technique to be compared against the current and

state-of-the-art alternative strategies for overcoming source-wise missing data.

Figure 8.7 shows the classification performance of each strategy at various

degrees of missing data when implemented on the OxQUIP dataset. Intuitively, the

accuracy of complete dataset learning monotonically decreases as the quantity of

missing data increases. This is because less data is available for model development.

However, the decrease in accuracy is gradual and decreases by a total of 18.3%.

This is gradual decrease is attributed to the cleanliness of the OxQUIP feature set.

Even when a large number of observations are missing data, feature selection can

still be successfully performed. However, the standard deviation of the complete

dataset learning accuracy also increases as less participants are used to develop

models; indicating a lower confidence in model performance.

The accuracy of the imputation learning approaches closely match that of

complete dataset learning. This implies that source-wise imputation is being

successfully performed; confirming that the separate sources of the OxQUIP dataset

contain mutual information facilitating this successful source-wise imputation.

This finding can be explained as a direct extension of the findings in 5. It was

shown that the Walk and TUG sources yield the best classification accuracy when

used alone, whereas the Sway test generally yields a lower classification accuracy.

As such, if a participant is missing the Walk source, but possesses the TUG

and Sway sources, many of the important Walking features can be successfully

imputed from the TUG features.

The performance of M-SEL increases with the number of participants with

missing data. This is because as more participants are induced with missing data,
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more participants are assigned to develop the individual source models. Interestingly,

MSEL only outperforms the alternative methods when a very high percentage of

participants possess missing data.

Figure 8.8 shows the classification performance of each strategy at various

degrees of missing data when implemented on the mPower dataset. The behaviour

of all strategies follow very similar trends to that seen in the OxQUIP dataset

with several important differences. Firstly, the rate at which the complete dataset

learning and source-imputation learning accuracies decrease is much faster. This is

accompanied by very large standard deviations of model predictions. Unlike in the

OxQUIP dataset, source-imputation often yields lower classification accuracies when

compared to complete dataset learning once roughly 25% of participants are missing

data. This is due to the lack of inter-source feature correlations between sources

making the imputed values likely to be poorly representative of their true values.

The interaction between M-SEL and the alternative approaches differ between

the datasets. In the OxQUIP dataset, the classification accuracy of M-SEL only

outperforms the other approaches when a very large (75− 90%) of the participants

have missing data. Conversely, in the mPower dataset, M-SEL outperforms the

alternative methods with far fewer missing participants (40 − 60%). A further

comment on the use of M-SEL in this analysis is that it is being used in its most basic

form. In the previous chapter it was demonstrated that performing majority voting

at the source level with only a logistic regression classifier yielded substantially

lower classification accuracies than when ensemble methods at the classifier level

were also employed. If multiple classifiers were to be used to develop each individual

source model (such as a RF and a DNN), classifier fusion could be implemented as

was suggested beneficial to the classification accuracy in the previous chapter.

Figure 8.9 provides quantitative error rates for both imputation techniques and

the DMMAE when applied to the datasets. The mean imputation error (Figure

8.9(a)) reflects the quantity of noise in the mPower dataset. Mean imputation is

commonly used when small amounts of data is missing, and the imputation aims to

estimate the population mean from the non-missing samples. However, if a large
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quantity of data is missing, or the remaining samples do not accurately reflect the

population mean, imputation error rates will be large. As such, even when a small

percentage of participants are missing in the mPower dataset the imputation error is

large. Conversely, as the OxQUIP data is clean, the sample mean gradually deviates

from the true mean with an increase in missing data, reflected by the pseudo-steady

rate of increasing imputation error. As would be expected, the imputation error is

larger in the validation set in both datasets on account of there being fewer samples.

Figure 8.9(b) shows the kNN imputation error rates of both datasets. As kNN

exploits relationships between features (and therefore sources in this study), the kNN

imputation error in the OxQUIP dataset is significantly lower than in the mPower

dataset due to the aforementioned existence of inter-source correlations. Figures

8.9(a) and Figure 8.9(b) demonstrate that mean imputation is more applicable

to clean datasets as imputation error rises quickly in the presence of missing

data in noisy datasets whilst the error rate increases slower in clean datasets.

Further, kNN is the more robust to the influence of noise of the two imputation

techniques and, when presented with inter-source correlated features, presents

the slowest rate of error increase.

Finally, the error introduced by the DMMAE is shown in Figure 8.9(c). The

heteroscedastic response of the error due to missing data in the OxQUIP dataset is

more favourable than the responses seen by either the mean of kNN approaches. A

previously suggested benefit of utilising a DMMAE is the ability to optimise the

classification procedure whilst also performing feature selection that is accounting

for missing data. This approach is not possible in the other techniques as imputation,

feature selection, and classification are all performed independently. It is the ability

of the DMMAE to perform these tasks simultaneously that the slowest rate of

error increase is attributed to in both datasets.

A consistent finding across both datasets is that the use of M-SEL is most

appropriate when a majority of the participants in a dataset is missing data.

However, the foremost conclusion of this analysis is that source-wise missing data

strategy selection should be governed by the underlying nature of the multi-source
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dataset. If a dataset is found to contain correlated-sources, and a small to moderate

amount of missing data is present, then imputation or DMMAE techniques can

yield similar results to if no missing data is present whilst maintaining a 100% data

retention rate. Conversely, if weak correlations exist between sources, M-SEL is more

appropriate than imputation or DMMAE provided a large quantity of data is missing.

There are several avenues for future work. Firstly, having compared the missing

data strategies whilst using a single neuron classifier, more advanced classifiers

and classification techniques could be utilised. Each missing data technique should

be implemented and the resulting feature set utilised by several classifiers whose

responses undergo a classifier ensemble. Secondly, an alternative missing data

simulation strategy could be employed that better represents that observed in

real life settings. This could include missing data in the form of ‘Missing Not At

Random’ as governed by the domain distribution seen in §7.3.2. However, this

would only be appropriate for constraining the use of these approaches to a specific

dataset whose domain distribution is already known.

The architecture of the DMMAE utilised in this work is based on that proposed

by [272] who found that the use of a DNN in conjunction with the DMMAE achieved

a higher classification accuracy as to when being used with a logistic regression

classifier. As such, it is hypothesised that the performance of the DMMAE could

be improved via the adoption of alternative classifiers that are also capable of

inherently performing feature selection. The use of a DMMAE alongside a DNN

utilising regularisation would provide an additional opportunity for the network

to perform feature selection. Indeed, the effect of dropout regularisation and

alternative activation functions are also yet to receive significant attention during

the optimisation of DMMAE for compensating for missing data and should be

investigated during any future implementations.

From a more clinical perspective, this is the first study to the authors knowledge

to implement consistent experimental/classification protocols on two independent

datasets for the purpose of PD classification. This approach has been called

for by the research community [80] such as provide a fair platform to compare
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demographics and test types. As additional PD multi-source datasets are made

available, the techniques outlined in this chapter can be further assessed in future

work to further understand the effects of the number of sources and quantity of

source-wise missing data on disease classification.

8.6 Conclusion

In this chapter, a comparison has been made regarding the ability of five algorithms

to compensate for source-wise missing data. This was implemented on the clinical

OxQUIP dataset in addition to the remote mPower dataset and presents the first

instance of a consistent classification procedure being applied to multiple datasets

for the purpose of Parkinson’s disease classification. Furthermore, this chapter

enabled the comparison of the novel Multi-source Ensemble Learning (M-SEL)

algorithm, as proposed in the previous chapter, with the current state-of-the-art

techniques including that of a deep multi-modal autoencoder. It was found that

source-wise imputation techniques are more appropriate in the OxQUIP dataset

than in the mPower dataset due to the existence of inter-source correlations. The

use of M-SEL in both datasets is found to be most appropriate when a majority of

the participants possess source-wise missing data on account of more participants

being included in the training of the classifier models. A quantitative analysis of

the errors introduced by the imputation and autoencoding strategies revealed the

influence of noise on their performance. Errors were systematically higher in the

noisy mPower dataset with mean imputation and the DMMAE proving the least

and most robust methods for both datasets respectively. The findings highlight the

importance that a source-wise missing data strategy should be selected based on

the underlying structure of the dataset (inter-source correlations), the proportion

of participants with missing data, and the degree of noise in the dataset.



9
Conclusions and Future Work

This thesis has explored the ability of digital sensors to perform automatic, objective,

and quantitative assessment of Parkinson’s disease (PD). As the current assessment

of PD is performed on an infrequent basis and entirely in a clinical setting, much of

this thesis has been dedicated to unearthing the role of digital sensors in performing

remote disease assessment. In this concluding chapter, a summary of results from

each chapter is provided highlighting their respective novelties and contributions

to the field. Finally, remote monitoring of PD is still in its adolescence and

accordingly new findings will inevitably lead to more questions. As such, the

findings of this thesis are discussed in relation to their limitations and possible

directions of future work with an emphasis on how digital sensors can be further

leveraged to improve disease assessment.

9.1 Summary of Contributions

The majority of the previous attempts to quantify PD have been in a clinical

environment. Although many of such studies successfully identified a range of

features able to quantify disease presence and severity, they were limited by

two primary factors. Firstly, low subject numbers alongside inconsistent test

protocols made for poor generalisation of their findings. Secondly, few studies went

beyond classical confirmatory tests to implement machine learning tasks for disease

classification and severity regression. As such, chapter 5 was intended to overcome

these limitations and demonstrate the ability of wearable sensors to differentiate

disease groups whilst also performing disease classification and regression as part

of routine clinical care on a large and diverse cohort.

188
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A multitude of features arising from three clinical tests were found to show

significant difference between disease groups whilst also showing strong correlations

with clinically assigned MDS-UPDRS scores. An important aspect of these features

was that they were derived from many different locations of the body; highlighting

the importance of utilising multiple sensors unlike the experimental setup of

previous studies. Utilising these features, disease classification and regression

were performed with the walking test proving to be the single most capable clinical

test of performing classification (75.8% accuracy) whilst the sway and timed-up-

and-go tests also showed promising ability with accuracies of 62.8% and 73.3%

respectively. When the features of all tests are used in conjunction, classification

accuracy was maximised (77.9%). Disease severity prediction also proved successful

achieving an average error rate of 3.85%.

Chapter 5 also presented the first classification and regression tasks that

incorporated longitudinal data. Firstly, novel characteristics of feature variation were

highlighted which, when included into the classification task, proved to significantly

outperform the corresponding cross-sectional classifications with classification

accuracies exceeding 85%. Similarly, objective longitudinal disease tracking was

shown capable on a participant-to-participant level for participants at a wide

range of disease severities.

However, clinical disease assessment is infrequent and only provides an instan-

taneous snap-shot of a patient’s symptoms. As such, the role of smart-phones to

perform frequent testings of multiple symptoms in remote environments is now

being explored as an alternative assessment platform. Chapter 6 investigated

how features collected from a motor and a non-motor test could be used to gain

insight into the efficacy of performing longitudinal disease monitoring using remotely

collected data originating from smart-phones. Firstly, the total number of taps

completed by 548 participants during the common Alternate Finger Tapping (AFT)

test were monitored on a longitudinal basis. This revealed previously unseen

longitudinal behaviour wherein a larger proportion of PD participants were found

to show transient and variable longitudinal performance. Further, PD participants
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were found to take longer to reach a steady performance which was subsequently

found to be more representative of their severity as determined through correlation

analyses with self-reported MDS-UPDRS. The benefit of using a smart-phone for

data collection is that in enables multiple types of data to be collected using a

single device. As such, the same analysis was implemented using a non-motor

test which similarly revealed variable longitudinal performance in both disease

groups. Subsequently, the longitudinal behaviour of the motor and non-motor

symptoms were found to be independent of one another whilst also proving to be

independent of medication state (ON/OFF) and sex.

A secondary objective of chapter 6 was to highlight the characteristics of the data

within the mPower dataset. As tests were conducted under variable environmental

conditions and not under clinical supervision, the subsequent features were found

to suffer from noise. Indeed, de-noising techniques were employed such as to

ensure robust extraction of the features whose longitudinal behaviour were being

investigated; a requirement not present in the corresponding OxQUIP analysis.

Additionally, when inspecting the self-reported MDS-UPDRS scores, it was found

that they showed significantly weaker correlations with the AFT test than when

the test is performed in a clinical environment further suggesting noise is present in

the test and severity scoring data. When comparing the behaviour of the motor

test with the non-motor test, it was found that only a small subset of participants

had contributed both tests longitudinally, demonstrating data was contributed

inconsistently across the different tests. Finally, the participant retention rate was

found to be very low with only 6.8% of 8,003 participants completing 20 or more

instances in the most popular test: the AFT.

Having demonstrated the ability to perform disease classification in a clinical

environment in chapter 5, the logical next step was to perform remote disease

classification. However, chapter 6 revealed the mPower dataset as being heavily

corrupted by noise and to contain large amounts missing data thus making traditional

classification techniques highly inappropriate. Accordingly, the novel Multi-Source

Ensemble Learning (M-SEL) methodology was presented in Chapter 7. During the
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implementation of M-SEL, a dataset decomposition technique was combined with

ensemble strategies that operate at both the classifier and source level. The source-

wise ensemble strategies enabled 100% of participants to be used for developing

machine learning models (even those with source-wise missing data) without the

need to perform imputation whilst the classifier ensemble strategies were used to

overcome noise. It was found that 91.2% of the participants possessed at least one

missing source of data at baseline all of whom would have had to be omitted from

model development if traditional missing data strategies had been employed.

Included in this implementation of M-SEL was the use of the state-of-the-art Deep

Neural Networks and Convolutation Neural Networks (CNNs) classifiers. The latter

of these classification techniques capitalised on the large quantity of raw times-series

data available and was found to outperform all traditional feature based classifiers.

Additionally, the inclusion of the CNN also proved highly beneficial when introduced

into the ensemble strategies with classification accuracy being found to exceed 80%.

As four test types were present during the classification tasks of chapter 7, the

relationship between tests and the effect of different feature selection strategies were

also investigated. This demonstrated that the tests posses very little inter-source

correlations which highlighted the inappropriateness of imputation techniques. The

effect of sample size on feature distributions, and therefore feature selection strategies,

further motivated the use of M-SEL as it was found that feature distributions varied

significantly at lower sample sizes due to the noise within the mPower dataset.

The purpose of chapter 8 was two-fold. Firstly, as a novel missing data

methodology had been presented in chapter 7, it was necessary to expose its strengths

and weaknesses in relation to existing missing data strategies. Secondly, this could

be performed using both the OxQUIP and mPower datasets, thus presenting

an opportunity to perform a consistent analysis protocol on two independent

datasets for the purpose of PD classification. Having extensively studied both

datasets throughout the thesis, their underlying characteristics (such as noise,

individual test performances, and inter-source correlations) were already known,
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thus allowing conclusions to be drawn regarding the applicability of each strategy

on different dataset types.

Via simulating source-wise missing data in each dataset, the capability of each

source-wise missing data strategy was assessed under varying amounts of missing

data. Similar trends were observed in both datasets, namely that as more data is

missing from a dataset the less robust traditional imputation becomes. Conversely,

as the amount of missing data increases in a dataset, the applicability of M-

SEL increases as more participants are available for model development and thus

providing a unique alternative methodology to existing techniques.

The primary conclusion of chapter 8 was that the technique used to compensate

for source-wise missing data should not only be governed by the amount of missing

data, but also by the underlying relationship of the sources. If the sources are

known to have a degree of inter-source correlations (as in OxQUIP), imputation

techniques can be appropriate. Conversely, if no inter-source correlations exist (as

in mPower), imputation is inappropriate and alternative methods such as M-SEL

are more appropriate. As such, when a dataset contains source-wise missing data,

one must compromise between data retention and the error induced by imputation.

9.2 Future Work

Several technical and clinical avenues of future work have been motivated by the

findings and limitations of this thesis which are discussed in this concluding section.

Given the demonstrated benefit of incorporating longitudinal data into the

classification tasks of Chapter 5, the most logical progression of the work presented

in this thesis would be to implement a similar longitudinal classification task on

the mPower dataset. Chapter 7 performed classification using the first set of test

instances from each participant. However, the results of the preceding chapter

revealed that many participants exhibit variable longitudinal behaviour that deviate

significantly from their first test performance. It would be therefore be recommended

to determine the effect of this longitudinal variation on classification performance.

However, a number of challenges face longitudinal classification using the mPower
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dataset. Missing data, irregular contributions, and variable retention rates will all

need to be accounted for. Nonetheless, incorporation of the mPower longitudinal

data would increase the number of test instances by over an order of magnitude

than that presented in Chapter 7. This presents the opportunity to either utilise

multi-source ensemble learning on a longitudinal basis or to adopt alternative

machine learning approaches such as multi-task Gaussian processes which are well

suited to the study of irregularly sampled longitudinal data with missingness.

On a similar note, when utilising the mPower dataset, this thesis initially

presented a methodology for monitoring longitudinal behaviour and secondly a

methodology for disease classification. Remote severity regression, particularly for

longitudinal severity tracking, has not been addressed in this thesis and presents an

additional opportunity for future work. However, the self-reported MDS-UPDRS was

completed by a significantly smaller subset of participants on a longitudinal basis and

is heavily corrupted by subjectivity and therefore is an unreliable dependent variable.

An alternative approach to tracking disease severity is the formation of a composite

severity score whose formulation is based entirely on quantitative measures. If a

probabilistic approach was taken to disease classification, the probability of having

the disease could be interpreted as a proxy for disease severity i.e. P (y = 1|x) = 1

is extremely severe and P (y = 1|x) = 0 is completely healthy.

This thesis has identified and quantified the noise within a remotely collected

dataset (Chapter 8). The translational invariance property of convolutional neural

networks enabled the raw signals from multiple sources to be used for classification

without the need to perform pre-processing. An alternative area of future work would

be to develop algorithms capable of robust signal segmentation and determination of

signal quality indices. These type of algorithms are essential if the vast quantities of

passively collected data in remote environments are to be used for disease assessment.

Passive data is composed of multiple activity types and therefore the continued

development of activity recognition algorithms will allow applicable segments (such

as periods of walking) to be segmented and inspected for disease specific features.
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Medication response remains an active area of research, and has been the focus

of most studies utilising remotely collected datasets. What these studies have

failed to address is the longitudinal relationship between medication and symptom

severity. Levodopa-induced dyskinesia effects a large proportion of patients receiving

dopaminergic treatment and negatively impacts their quality of life. Remote datasets

facilitate the longitudinal influence of dopaminergic treatment on many symptoms,

on a high frequency basis and, given that each participant contributes many

instances, on a personalised level. Personalised medication response directed towards

detecting the progression of levodopa-induced dyskinesia should be prioritised by

future works investigating medication response.

Finally, as the remote assessment of PD is a nascent field of research there remains

plenty of room for growth regarding study design. Future studies should adopt data

collection strategies enabling the fusion of clinically and remotely collected data. It

does not seem unviable for a smart-phone application to be used to collect test data

during routine clinical visits whilst also being used to collect remotely measured test

data between clinical visits. During the clinical usage of such a system, the clinically

assigned MDS-UPDRS score could be recorded (overcoming the limitations of the

currently used self-reported MDS-UPDRS) whilst also collecting measurement data

under clinical supervision (thus ensuring correct test implementation). Further, the

incentive of frequently contributing remote data would be increased for a patient if

the review of remotely collected data formed part of routine clinical care.

Digital sensors and smart-phones present the most viable platforms for transi-

tioning the assessment of Parkinson’s disease from a purely clinical environment to

a clinical-remote hybrid. Achieving frequent, objective, and interpretable measures

of multiple disease symptoms in a remote environment could guide clinical decisions

and ultimately lead to improved disease management and a better quality of

life for those afflicted.
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Appendix

A.1 OxQUIP: Mobility Lab Feature Sets

All of the clinical features automatically extracted from the OxQUIP TUG, sway,

and walking tests by the Mobility Lab software are given in Tables A.1, A.2, and

A.3 respectively. The mean and standard deviation of all features listed were

extracted and used in all analyses.

Figure A.1 provides a visual interpretation of many of the features in Table A.3.

A.2 mPower: Multi-Source Feature Description

Table A.4 provides a description for the features selected during the multiple

feature selection of §7.3.6 and reported in Table 7.9. For a more comprehensive

description of the full feature set, including the derivation technique of each feature,

the reader is directed to [39, 40, 184].

Table A.1: The automatically generated Mobility Lab features from the OxQUIP TUG
Test.

Feature Description
Duration (s) Total duration of test
Sit to Stand - Duration (s) Duration of sit-to-stand transition
Sit to Stand - Lean Angle (degs) Peak (95%) angle in the sagittal plane during sit-to-stand transition
Sit to Stand - N Number of sit-to-stand attempts
Stand to Sit - Duration (s) Duration of stand-to-sit transition
Stand to Sit - Lean Angle (degs) Peak (95%) angle in the sagittal plane during stand-to-sit transition
Stand to Sit - N Number of stand-to-sit attempts
Turns - Angle (degs) Peak (95%) angle during the turn before the stand-to-sit transition
Turns - Duration (s) Duration of the turn before the stand-to-sit transition
Turns - N Number of turn attempts before the stand-to-sit transition
Turns - Turn Velocity (degs/s) Peak (95%) velocity during the turn before the stand-to-sit transition

195
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Table A.2: The automatically generated Mobility Lab features from the OxQUIP SWAY
Test.

Feature Description
95% Ellipse Axis 1 Radius (m/s2) 1st Radius encapsulating 95% of the acceleration path
95% Ellipse Axis 2 Radius (m/s2) 2nd Radius encapsulating 95% of the acceleration path
95% Ellipse Radius Average (m/s2) Average Radius encapsulating 95% of the acceleration path

95% Ellipse Sway Area (m2/s4) Sway area, computed as the area in the
sway trajectory per unit of time

Centroidal Frequency (Hz) Frequency of sway from the centroid of the sway power
spectrum

Centroidal Frequency (Coronal) (Hz) Frequency of Coronal sway from the centroid of the
sway power spectrum

Centroidal Frequency (Sagittal) (Hz) Frequency of Sagittal sway from the centroid of the
sway power spectrum

Frequency Dispersion (AD) Frequency dispersion Total
Frequency Dispersion (Coronal) (AD) Frequency dispersion Total
Frequency Dispersion (Sagittal) (AD) Frequency dispersion Total

Jerk (m2/s5) Smoothness of sway from the time derivative of
the lumbar’s acceleration Normalized (both planes)

Jerk (Coronal) (m2/s5) Jerk in the Coronal Plane
Jerk (Sagittal) (m2/s5) Jerk in the Sagittal Plane
Mean Velocity (m/s) Average velocity
Mean Velocity (Coronal) (m/s) Average Coronal velocity
Mean Velocity (Sagittal) (m/s) Average Sagittal velocity
Path Length (m/s2) Overall path length
Path Length (Coronal) (m/s2) Coronal path length
Path Length (Sagittal) (m/s2) Sagittal path length
RMS Sway (m/s2) Average Root Mean Squared Sway
RMS Sway (Coronal) (m/s2) Coronal Root Mean Squared Sway
RMS Sway (Sagittal) (m/s2) Sagittal Root Mean Squared Sway
Range (m/s2) Total range of the lumbar’s acceleration trajectory
Range (Coronal) (m/s2) Total range of the lumbar’s acceleration trajectory
Range (Sagittal) (m/s2) Total range of the lumbar’s acceleration trajectory
Sway Area Radius (Coronal) (degs) Radius encapsulating 95% of coronal sway degs
Sway Area Radius (Sagittal) (degs) Radius encapsulating 95% of sagittal sway degs
Sway Area Rotation (degs) Average sway degree rotation
Sway Area (degs 2) Total sway degree area
RMS Sway (degs) Average Root Mean Square of sway degs
RMS Sway (Coronal) (degs) Average Coronal Root Mean Square of sway degs
RMS Sway (Sagittal) (degs) Average Sagittal Root Mean Square of sway degs

Figure A.1: A visualisation of the lower limb clinical features extracted by Mobility
Lab.
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Table A.3: The automatically generated Mobility Lab features from the OxQUIP Walk
Test. Please note that units of % indicate the percentage of the total gait cycle. APA:
Anticipatory Postural Adjustment, RoM: Range of Motion,LL: Lower Limb, UL: Upper
Limb, Lum: Lumbar, Tnk: Trunk

Feature Description
APA Duration (s) APA Duration
First Step Duration (s) Duration of the first step
First Step RoM (degs) RoM of first step
Forward APA Peak (m/s2) Peak (95%) coronal APA acceleration during
Lateral APA Peak (m/s2) Peak (95%) sagittal APA acceleration during
Duration (s) Total duration of test
LL Cadence L (steps/min) Average left cadence
LL Cadence R (steps/min) Average right cadence
LL Double Support L (%) Average duration of left lower limb double stance
LL Double Support R (%) Average duration of right lower limb double stance
LL Elevation at Midswing L (cm) Average height of left foot during midswing
LL Elevation at Midswing R (cm) Average height of right foot during midswing
LL Gait Cycle Duration L (s) Average left lower limb gait cycle duration
LL Gait Cycle Duration R (s) Average right lower limb gait cycle duration
LL Gait Speed L (m/s) Average left lower limb gait speed
LL Gait Speed R (m/s) Average right lower limb gait speed
LL Lateral Step Variability L (cm) Average variability of left lower limb step length
LL Lateral Step Variability R (cm) Average variability of right lower limb step length
LL Circumduction L (cm) Average circumduction of left lower limb
LL Circumduction R (cm) Average circumduction of right lower limb
LL N (steps) Number of lower limb steps
LL Foot Strike Angle L (degs) Average left lower limb foot strike angle
LL Foot Strike Angle R (degs) Average right lower limb foot strike angle
LL Toe Off Angle L (degs) Average left lower limb toe off angle
LL Toe Off Angle R (degs) Average right lower limb toe off angle
LL Single Limb Support L (%) Average duration of left lower limb single support
LL Single Limb Support R (%) Average duration of right lower limb single support
LL Stance L (%) Average duration of left limb stance
LL Stance R (%) Average duration of right limb stance
LL Step Duration L (s) Average duration of left limb step
LL Step Duration R (s) Average duration of right limb step
LL Stride Length L (m) Average length of left limb stride
LL Stride Length R (m) Average length of right limb stride
LL Swing L (%) Average duration of left lower limb swing
LL Swing R (%) Average duration of right lower limb swing
LL Terminal Double Support L (%) Average duration of left lower limb terminal double support
LL Terminal Double Support R (%) Average duration of right lower limb terminal double support
LL Toe Out Angle L (degs) Average left lower limb toe out angle
LL Toe Out Angle R (degs) Average right lower limb toe out angle
Lum Coronal RoM (degs) Average lumbar coronal RoM
Lum Sagittal RoM (degs) Average lumbar sagittal RoM
Lum Transverse RoM (degs) Average transverse coronal RoM
Tnk Coronal RoM (degs) Average trunk coronal RoM
Tnk Sagittal RoM (degs) Average trunk lumbar sagittal RoM
Tnk Transverse RoM (degs) Average trunk transverse coronal RoM
UL Arm Swing Velocity L (degs/s) Average velocity of left upper limb
UL Arm Swing Velocity R (degs/s) Average velocity of right upper limb
UL Arm RoM L (degs) Average RoM of left upper limb
UL Arm RoM R (deg) Average RoM of right upper limb
Turns - Angle (degs) Peak (95%) angle during all turning periods
Turns - Duration (s) Average duration of all turning periods
Turns - N (n) Total number of turns
Turns - Turn Velocity (degs/s) Average turning velocity
Turns - Steps in Turn (n) Average number of steps in a turn
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Table A.4: A description of the features selected during the feature selection tasks in
Chapter 7 as presented in Table 7.9.

Feature Name Source of Origin Description
std-MFCC-10th coef Voice The standard deviation of the 10th Mel Frequency Cepstral

Coefficient yGyro-Skewness Walking The skewness of the y-axis gyroscope waveform
xGyro-Mean Walking The mean of the x-axis gyroscope waveform
xAccel-STD Tapping The standard deviation of the x-axis accelerometer waveform

std-8th delta Voice The standard deviation of the first temporal derivative of the 8th
Mel Frequency Cepstral Coefficient

GNE-NSR-TKEO Voice The Noise to Signal Ratio of the Taeger-Kaiser energy operator of
the Glottal to Noise Excitation ratio

xGyro-DFA Walking The Dominant Frequency Amplitude of the x-gyroscope waveform
xAccel-Skewness Walking The skewness of the x-axis accelerometer waveform

Shimmer-F0mean Voice The mean shimmer (amplitude) of the vocal fundamental frequency

Shimmer-F0-prc75 Voice The 75th percentile of the mean shimmer (amplitude) of the
vocal fundamental frequency

zAccel-Median Walking The median of the z-axis accelerometer waveform
mean-MFCC-8th coef Voice The mean of the 10th Mel Frequency Cepstral Coefficient

zAccel-Skewness Tapping The skewness of the z-axis accelerometer waveform

yAccel-Kurtosis-STD Walking The standard deviation of the fourth central moment (kurtosis)
in the y-accelerometer waveform

zAccel-AR-Lag-1 Tapping The 1st coefficient of a 10th order autoregressive model on the
z-accelerometer waveform

mean-delta delta 0th Voice The mean second temporal derivative of the mean of the 0th Mel
Frequency Cepstral Coefficient

IQR of Tap Distance Tapping The interquartile range of the distance between consecutive taps
(in pixels)

mean- delta-delta 12th Voice The mean second temporal derivative of the mean of the 12th Mel
Frequency Cepstral Coefficient

zAccel-Kurtosis Tapping The kurtosis of the z-accelerometer gyroscope waveform
HNR-mean Voice The mean of the harmonics to noise ratio

GNE-SNR-TKEO Voice The Signal to Noise Ratio of the Taeger-Kaiser energy operator of
the Glottal to Noise Excitation ratio

Shimmer-F0-prc5 Voice The 5th percentile of the mean shimmer (amplitude) of the vocal
fundamental frequency

Shimmer-F0-FM Voice The frequency modulation of the vocal fundamental frequency
shimmer (amplitude)

mean-11th delta Voice The mean of the first temporal derivative of the 11th Mel Frequency
Cepstral Coefficient

yAccel-DFA-STD Walking The standard deviation of the Dominant Frequency Amplitude of
the y-gyroscope waveform

mean-MFCC-8th coef Voice The mean of the 8th Mel Frequency Cepstral Coefficient
zGyro-Median-STD Walking The standard deviation of the median of the z-axis gyroscope

waveform mean-MFCC-5th coef Voice The mean of the 5th Mel Frequency Cepstral Coefficient

zGyro-AR-Lag-1-STD Walking The standard deviation of the 1st coefficient of a 10th order
autoregressive model on the z-gyroscope waveform
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