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Abstract

Currently, there is no cure for Parkinson’s Disease (PD), however, treatments and medications
exist that can lessen PD symptoms. The assessments of PD patients’ response to these treatments
are mostly subjective and existing PD status scales are inadequate to measure small changes,
especially where short-term treatments are concerned. This research presents a quantitative
measurement system that was able discriminate between three subject groups viz. patients who
received a set dosage of medication (treatment patients), patients who received no medication
(non-treatment patients), and control subjects. The system also was able to discriminate between
the treatment patients according to their pre-assigned clinical scores (such as the Hoehn and Yaer
scale), based on their responses to the treatments. The study involves the secondary analysis of
encoder and accelerometer signals acquired in a trial conducted at the Rambam Medical Centre,
in Israel. Signal pre-processing was used to denoise the signals, identify the movement segments
and detect walking footfalls through newly proposed algorithms. Feature extraction and feature
selection was implemented to determine feature subsets that could enhance the classifier’s
performance. A Bagged Decision Trees was applied to differentiate between the subjects
according to the subject groups as well as discriminate the treatment patients according to their
clinical scores. Results indicated that the three subject groups could be discriminated with an
overall accuracy of 92.16% £ 3.92%, a sensitivity of 82.35%, and a specificity of 93.38%.
Additionally, key features that were able to classify the three subject groups were identified and
have an accuracy of 90.20% + 4.26%, a sensitivity of 81.37%, and a specificity of 91.64%.
However, further examination of these results suggests that this is owing to the systems’ ability to
differentiate between patients with PD versus controls as opposed to its ability to differentiate
between treatment patients and non-treatment patients. Further testing of only the treatment
patients indicated that the system was able to discriminate treatment patients according to clinical
scores with an overall accuracy of 79.41% =+ 4.12%, a sensitivity of 85.00%, and a specificity of
73.43%, based on their response to treatment. Across all experiments, the control subjects were
correctly classified with an accuracy of at least 90%. Conversely, 50% of non-treatment patients
were misclassified as treatment patients. This may indicate that the system is too sensitive trying
to discern subtle changes between the treatment patients and non-treatment patients’ response to
medication that may not be present within the short test frame. Moreover, it may suggest that
treatment patients with different clinical scores should receive different dosages of medication to

assess the full effects of the treatment.
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Chapter 1. Introduction

1.1 Research Context

As of 2017, the Parkinson’s Disease Foundation estimates that 7-10 million people worldwide
suffer from Parkinson’s Disease (PD) [1]. This disease is manifested in the degeneration of
brain neurons, starting with the motor areas of the brain, reducing the patient’s motor
functionality and affecting their gait and other movements. Consequently, the disease reduces
the patient’s quality of life and their independence [2, 3]. After wide-ranging research over
several decades, PD is still not fully understood, and no cure exists to date (at the time of
writing this dissertation) [4]. Both the diagnoses of PD and its treatments rely on the observed

and/or measured symptoms of the disease.

Current Parkinson’s Disease diagnosis and monitoring necessitate the presence of clinical
signs which are observed by a healthcare professional [5]. The Unified Parkinson’s Disease
Rating Scale (UPDRS) and the Hoehn and Yahr (H&Y) scale are commonly used standardised
clinical assessment scales that incorporate subjective data acquired from the patient and/or
caregiver during infrequent patient visits in a hospital setting to describe the severity of PD
[6, 7]. Consequently, patients may be misdiagnosed or undiagnosed resulting in incorrect

treatment [8].

Patients with PD exhibit motor impairment symptoms which compromise their independence
and flexibility when moving and walking [4]. This affects a patient’s gait or cyclical manner
of walking [9]. Gait analysis is used to measure and monitor the biomechanical irregularities
in PD and other movement disorder patients i.e. to assess the manner in which the subject
walks (or runs if possible) [10]. Therefore, a patients’ gait assessment is seen as an integral

part of the long-term management of the patient’s condition.



Technological advances in signal processing, electronics, and neuroscience has facilitated
the design of devices that could improve PD management by providing physicians with
quantitative tools to assess the symptoms [11, 12]. This has allowed for the design of devices
that could help physicians to better and more quantitatively assess the symptoms of
neurological diseases such as Parkinson’s Disease [11, 12]. However, most of these devices
are expensive, require controlled test environments, complex to set up, time-consuming to
strap on patients, and uncomfortable to wear [13, 14, 15]. Additionally, patients with more
severe PD may require a walker, which hampers the measurements of these devices [16].
These deficiencies limit the applicability of these devices to the majority of PD patients.
Treatment efficacy measurements for these patients, if performed at all, revert back to the
subjective methods, necessitating a healthcare professional’s observations. The treatment

cannot then be properly and timeously adjusted to the individual patient’s needs.

Amongst the various tools proposed for affordable, simple diagnostics of PD symptoms, a
novel method, the Personal Aid for Mobility and Health Monitoring II (PAMMII)
instrumented walker, was developed. This device is designed to quantify gait disorders, with
a focus on PD gait. The device comprises a set of low-cost sensors mounted on a common
aluminium walker frame that collect kinematic signals as the user walks [16, 17]. Previous
studies have indicated PAMMII as a time saving, affordable and easy-to-use device, even to
severely motor-impaired patients [17]. These studies also showed that with an application of
signal processing to PAMMII data, the system provided good sensitivity in discriminating PD
patients from controls [16, 17]. Additionally, another on-going study strives to use this device

data for discrimination between the four different stages of PD, from mild to severe.

The current research strives to further explore the sensitivity of data acquired by PAMMII
sensors and to discriminate subtle changes of PD patients following a short-term treatment.
This research makes use of a database acquired in a specific clinical trial that obtained data
from PD patients who received an IV amantadine-sulphate treatment (treatment patients), PD
patients who received no treatment (non-treatment patients) and control subjects [16, 17]. The
current study aims to discriminate between the three subject groups as well as classify the
treatment patients according to their pre-assigned H&Y clinical scores. In doing so, this
research aims to identify the key features of gait change based on this dataset. Gait feature
extraction heavily depends on the reliability of the kinematic signals used, as well as the

detection of basic gait elements like walking footfalls. This poses a particular challenge when



the signals are acquired from low-cost, noisy, walker-mounted off-body sensors. The applied
methodology will address these issues using customised signal pre-processing. If successful,
this research could assist healthcare professional with the diagnosis and constant monitoring

of PD patients.

This study forms part of a larger research collaboration between the University of the
Witwatersrand, the Massachusetts Institute of Technology (MIT-USA) and Halmstad
University (Sweden) regarding patient-centred diagnosis and monitoring technologies for

Parkinson’s Disease.

1.2 Research Question

The primary goal of this research focuses on answering the following question “To what extent
can features extracted from signals acquired by walker-mounted sensors identify changes in

PD patient gait due to treatment.”
This question is translated into three objectives as follows:

1. To determine to what extent combinations of these features provide a classification of
the three subject groups.

2. To determine to what extent these features or their combinations identify the severity
of the disease according to H&Y clinical scales.

3. To determine which of these features, derived from kinematic signals from walker
mounted sensors best discriminate between PD patients gait changes due to treatment

compared to non-treatment patients and controls.



Chapter 2. Literature Review

2.1 Parkinson’s Disease

Like other neurodegenerative diseases, PD is a result of deterioration in a person’s nervous
system. More specifically, it is a consequence of a patient’s inability to produce sufficient
levels of dopamine in the substantia nigra section of the brain [18, 2]. The substantia nigra is
a basal ganglia structure which is responsible for movement control [2, 3]. Therefore, motor

control and performance issues occur in Parkinson’s patients [2, 3].

Commonly, PD patients exhibit motor impairment symptoms which compromise their
independence and flexibility when moving [4]. These symptoms include but are not limited
to: tremors, muscle rigidity, impaired balance, postural instability, bradykinesia (slowed
voluntary movements), ataxia (reduced co-ordination), and dyskinesia (erratic involuntary
movement) [5, 18, 4]. These symptoms may translate into impaired gait. Consequently, a

patient’s quality of life is reduced and in severe stages, may require a caregiver [4].

PD occurs predominantly in older patients; however, it exhibits a relatively wide age
distribution compared to other neurodegenerative pathologies such as Alzheimer’s disease.
Additionally, symptoms are known to differ from one patient to another [5]. This disease is
not yet fully understood and to date there are no documented cures that slow or stop the
progression of PD [19]. Medical treatments have been devised to suppress and reduce PD
related symptoms. However, these treatments and medications exhibit diverse responses in
PD patients and can result in numerous side-effects [19]. Thus, constant supervision and close

monitoring of a patient’s dosage and response to medication is essential.

2.2 Clinical Assessment and Diagnosis of PD

Parkinson’s Disease is diagnosed based on clinical observations of its symptoms where

medical practitioners evaluate patient symptoms against known PD characteristic traits [6].



This is achieved using standardised biomarker tests such as the Unified Parkinson Disease
Rating Scale (UPDRS) and the Hoehn and Yahr (H&Y) scale tests [6, 7]. These tests are
performed by healthcare professionals, giving a score to a set of clinical observed symptom
of the patient and then summing up these scores. Additionally, the mobility and gait of a PD
patient is assessed by the Timed-Up-and-Go (TUG) protocol [20]. The subsequent subsections

detail these PD diagnostic and monitoring scales in greater detail.

2.2.1 Unified Parkinson Disease Rating Scale

UPDRS aims to quantify motor and non-motor symptoms of PD in a patient through a long
and comprehensive question assessment where four subscales are given a rating between 0
and 4 with the maximum rating indicating severe PD in the patient and a minimum rating
signifying a lack of PD symptoms present in the patient [6, 7]. The four UPDRS subscales
include [6, 7]:

1. A non-motor symptoms assessment where the medical examiner evaluates the
cognitive function and mood of the patient,

2. A self-assessment of the patient’s daily living activities where the medical examiner
evaluates the patient’s perception of the disease’s impact on their day-to-day life,

3. A motor examination where the medical practitioner assesses the motor manifestations
of PD in the patient, and

4. A prior motor complication assessment where the medical examiner performs a

historical assessment of a patient’s prior motor difficulties.

The main disadvantage of the UPDRS scale is that it is a long and comprehensive non-linear
test that requires a health care professional, usually a doctor, to collect subjective patient
history and utilise their personal experience and knowledge to diagnose and monitor the
patient. This can introduce personal bias effects and produce inconsistencies between tests [§].
This coupled with the fact that the UPDRS scale is time-consuming to perform makes this test

inadequate to evaluate the short-term treatment efficiencies in this research.

2.2.2 Hoehn and Yahr Scale

The H&Y scale utilises a singular PD evaluation performed by a healthcare professional to

determine the severity of the disease [6]. This scale measures features of motor impairment to



suggest the degree of disease progression by rating a patient between 0 and 5 [7]. The

following list illustrates the range of severities determined by the H&Y scale [6, 7]:

Healthy Patient, no signs of PD.
Unilateral disease where the patient displays minor disability symptoms.

Bilateral disease where the patient does not experience a problem with their balance.

woh = o

Mild or moderate bilateral disease where the patient is physically independent but
experiences slight instability.

4. Severe disability, however, the patient is still able to stand and walk independently

5. Wheelchair-bound where the patient requires full assistance to perform day to day

activities.

This scale offers healthcare professionals alternative assistance when evaluating the severity
of PD in a patient [7]. The main limitations of this test include: (1) A doctor is required to
perform the H&Y test. (2) Patients rated with the same H&Y score may experience completely
different symptoms with ranging severities [7]. (3) Patients H&Y scores may change across
an array of doctors. However, owing to the fact that this scale scores patient mobility
neglecting subjective patient history, it may be useful to evaluate the short-term treatment

efficacies in this research.

2.2.3 Timed-Up-and-Go Protocol

The TUG protocol is regarded as the standard for early assessment as a potential indicator for
PD [20]. This protocol is used to measure the static and dynamic balance of a subject as well
as determine their fall risk and general mobility [20, 21]. This test has been shown to assist
clinicians in quantifying the severity of PD in an individual [6] and to evaluate whether

specific treatments are improving patient health and well-being [7].

The TUG protocol starts with a subject sitting on a chair. The subject is then required to stand
up from the chair walk a set distance, turn around and return to a seated position on the chair.
The medical examiner records the time of each part of this protocol as well as the total protocol
time. The TUG test, therefore, provides quantitative values i.e. the recorded times, to compare

stages of PD and treatment efficacies [20, 21].



The main limitation of this test is that its results can be skewed based on human error when
recording TUG times using a stopwatch. It is also a crude measure of gait, as it measures only
the accumulated getting up and walking speeds of the patient [20, 21]. Moreover, the TUG
test, like the aforementioned scales are performed in medical clinics. However, owing to the
fact that this scale only measures patient mobility neglecting subjective patient history, this

methodology still may be useful to evaluate short-term treatment efficacies.

The limitations of the abovementioned current PD diagnostic and monitoring tools emphasise
the need for an automated and objective tool and/or system that could reliably and objectively
monitor a patient’s mobility (or gait) and consequently infer their PD diagnosis, PD stage, and

their treatment efficacy.

2.3 Parkinson’s Disease and Gait Relationship

Gait is defined as a walking pattern [9]. Thus, gait analysis can be used to measure the
biomechanical irregularities in movement disorder patients i.e. to assess the manner in which
the subject walks (or runs if possible) [10]. A healthy person’s gait is repetitive in nature. If
gait is observed to vary or becomes asymmetrical it may indicate a physical injury or a
neurological disorder such as Parkinson’s Disease [10]. Symptoms such as impaired balance,
postural instability, and muscle rigidity as well as bradykinesia, ataxia, and dyskinesia are
known to affect the gait of PD patient’s [5, 18, 4]. Therefore, monitoring a PD patient’s gait

can assist in evaluating disease severity and treatment efficacies [11, 12].

Numerous sources in the literature described gait abnormalities as a common consequence of
PD. Hence, it can be inferred that the more severe a person’s Parkinson’s Disease the lesser
their level of gait motor functions. Previous research supports this understanding showcasing
how PD patients can exhibit gait abnormalities such as reduced overall velocity, smaller stride
lengths, increased total number of steps (during a test), increased stride times as well as a

higher variability and inconsistency between aforementioned measurements [22, 23].



2.4 Analysis of Gait

24.1 Gait

Gait is defined as the cyclical pattern of walking [9]. One complete human gait cycle is
measured as the time recorded between two consecutive footfalls of the same foot [10, 24]. In
other words, the time that is taken between two successive left-foot or right-foot heel-strikes
on the ground [10, 24]. Gait cycle is divided into two phases, the time in which the foot is on
the ground called the stance phase, and the time in which the foot is in the air (or moving
forward when a person is unable to lift their foot off the ground) called swing phase [24, 25].

Figure 2.1 illustrates the human gait cycle in terms of its stance phase and swing phase.

Heel Foot Midstance Heel Toe Midswing Heel

Strike  Flat Off Off Strike
Acceleration . Deceleration
STANCE PHASE " SWING PHASE - -

Figure 2.1: The Human gait cycle, in terms of stance and swing phase, where one complete gait cycle is measured as

the time recorded between two consecutive footfalls of the same foot [24]

2.4.2 Gait Abnormalities

Owing to the fact that human gait is repetitive, gait abnormality is defined as non-cyclic
movement [10]. This occurs when a person does not walk in the usual way as a result of
physical injury or neurological disorders such as Parkinson’s Disease [10]. Gait abnormalities

can be broken down into five categories [26]:

1. Spastic gait where a person drags their feet while walking.
Scissors gait where a person's legs cross and sometimes hit each other while walking.
Steppage gait where a person's toes point towards the ground while walking.

Waddling gait where a person sways from side to side while walking.

A

Propulsive gait where a person walks with his or her head and neck pushed forward.



Thus, a patient suffering from these gait abnormalities, including PD patient, may struggle to

walk normally during daily activities and clinical walking tests [26].

2.5 Gait Analysis Systems

Although Parkinson’s Disease is identified through clinical observations [5], numerous
methods have been developed that can assist in the quantification of disease diagnosis,
severity, and treatment efficacy. These systems measure a subject’s gait or walking parameters

through optical or kinematic sensors in order to draw conclusions [27].

2.5.1 Optical Motion Capture Systems

This type of system aims to measure gait using cameras and optical sensors to compute the
spatiotemporal parameters of a subject [27]. Such systems include but are not limited to
Optogait, Vicon, Codamotion and Xsens [28, 29, 30, 31]. Within a controlled test environment
consisting of a treadmill or set walkway, these systems capture and record the real-time motion
of a subject using their respective sensors to generate a precise quantitative gait model. This
model is then processed and conclusions regarding patient walking patterns are drawn [28, 29,

30, 31].

Although optical motion capture systems have shown high accuracy in determining gait, they
are expensive, require a dedicated testing environment and are complicated to set up [28, 29,
30, 31]. Moreover, patients suffering from more severe forms of PD may require a walking
aid. Therefore, an optical motion capture system is deemed as an inappropriate gait monitoring

solution for this research.

2.5.2 Instrumented Walkway Systems

Instrumented walkway systems are used to acquire quantitative gait and balance
measurements using the pressure that a patient’s foot exerts while performing a walking
protocol on an instrumented mat [32, 33]. Available in a range of lengths and widths, the
GaitRite, GaitMat Il and Zeno Walkway systems measure the spatial and temporal parameters
of gait [33, 34, 35]. This is achieved by using thousands of individual force sensors placed
along each mat [32, 33].



Instrumented walkway systems are portable, cost-effective and relatively simple to set up [33].
However, this type of system has a length constraint and can only be used under specific
conditions. Thus, it cannot measure a patient’s gait cycle during daily activities. Given these
limitations and the fact that severely affected PD patients may require a walker, this approach

1s not suitable for this study.

2.5.3 Wearable Systems

Wearable technology has been proposed and implemented as an alternative gait measurement
system. Some wearable systems in research include but are not limited to an instrumented shoe
gait analysis system as suggested by Bamberg ef al [13], a smart-watch gait recognition
technology as proposed by Xu et a/ [14], and an ear-worn gait measurement system as
described by Li ef al [15]. These types of systems utilise sensors such as accelerometers,
gyroscopes, magnetometers, force sensors and sonars that are placed on a person’s body to
compute the spatiotemporal parameters of the subject [13, 14, 15]. Thereafter, using signal
processing, a subject’s gait parameters in the form of velocities, accelerations, stride lengths,
stride times, total walk times and cadence are able to be extracted and conclusions regarding

the patient can be made [13, 14, 15].

Although wearable gait analysis technology can be used as a potential solution in gait
measurement it does impose limitations on a patient’s lifestyle. As described in [16], wearable
devices are often uncomfortable and therefore, impact a patient’s use of the product.
Moreover, patients that suffer from PD may have hand tremors which make it difficult to strap
the sensors themselves, consequently requiring assistance or in more severe cases the
additional aid of a walker. Therefore, this form of analysis tool is unsuitable as a gait

monitoring solution for this research.

2.5.4 Instrumented Walker Systems

An instrumented walker is a standard walker that has been equipped with sensors that record
the kinematic data of a subject during use [16]. This type of device has been designed to allow
a patient the freedom to move around without the stress of attaching wearable sensors or the
setting up of complex machinery. It allows a patient to move freely as they would with the
stability of a walker while recording information pertaining to the way in which they walk.
This data is then processed using signal processing techniques to evaluate a subject’s spatial

and temporal gait parameters [16].
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Alwan et al, in [36] discuss the design of an assisted walker that utilises force sensors in order
to calculate the moments exerted by a subject on the walker’s handles. Subsequently, from

these results, subject footfalls and gait parameters can be extrapolated [36].

Moreover, [16] utilise the Personal Aid for Mobility and Health Monitoring II (PAMMII)
instrumented walker (as shown in Figure 2.2) to extract gait parameters and features pertaining
to subjects using low-cost distance encoders, force sensors, and an accelerometer. This device
was successfully used to diagnose PD patients from controls with sensitivity and specificity

scores ranging between 85% and 91% [16].

Hand
Grips w

Accelerometer and
Control Box

Rear
Support

A Wheels with
Encoders

Figure 2.2: Diagram of the PAMMII instrumented walker, highlighting the placement of its sensors and control box

Owing to the success of the abovementioned PAMMII study as well as the fact that the
PAMMII system is an affordable and easy-to-use solution that requires no professional labour
to measure the gait of a PD patient, in both a clinic and home setting on a daily basis or as
needed, the PAMMII instrumented walker is seen as a suitable gait monitoring solution for

this research.

2.6 Discrimination Systems Based on Kinematic Signals

Previous studies (as described in Section 2.5 [28, 29, 30, 31, 32, 33, 34, 13, 14, 15].) have
shown that signals obtained from kinematic sensors demonstrated various degrees of

reliability when discriminating gait anomalies of PD patients.
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Particularly, recent studies have gone into the classification and differentiation between PD
patients and controls or discrimination between PD patients in different stages of the disease
using signals acquired from walker mounted sensors, applying both machine learning and
statistical approaches (albeit to a lesser extent) [37, 38]. However, up until now (to the
knowledge of the author), data captured from walker mounted sensors has not been used to

assess subtle changes like the effects of treatment on a PD patient.

Research has shown this type of accurate classification task necessitates extensive signal
processing, feature extraction, and feature selection to classify results and produce
discrimination sensitivity [25, 12, 27, 16, 39]. Figure 2.3 illustrates how signal processing
research typically address similar discrimination problems of raw data, (kinematic or other).
Variations of this diagram exist and have been used extensively for many data types, including
medical data, and in PD research [25, 12, 27, 16, 39]. The following subsections explain each

section of the flow diagram in more detail.

|:> |:> Discrimination
System

Figure 2.3: Flow diagram of a typical discrimination system research task

2.6.1 Signal Pre-processing

Signal pre-processing is a set of processes that are necessary for most real-world signals to
improve the quality of the signals before further processing is applied [40]. Among these
processes are noise reduction, raw signals discrepancies correction, segmentation of the signal
to sub-parts and transformations. Effective signal pre-processing allows for an accurate feature
extraction and more comprehensive classification [40]. Pre-processing is particularly
important when the signals are acquired by low-cost sensors, like the ones used in
instrumented walkers for gait disorders analysis [16]. Specifically, previous studies proposed
and tested numerous types of filters that were able to improve gait signals acquired from PD

patients. [23, 32, 36, 41].
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2.6.1.1 Signal Filtering

Multiple types of filtering techniques in the context of kinematic signals acquired from PD
patients have been explored. Among the prevalent ones are the Finite Impulse Response (FIR)
filter, the Infinite Impulse Response (IIR) filters, wavelet de-noising and Empirical Mode

Decomposition (EMD).

In literature, a low pass filter is regularly applied to eliminate the high-frequency noise of a
person’s gait signal. This stems from the fact that human muscle movement has a frequency
lower than 16Hz and step frequency smaller than 3Hz [42]. PD patients’ symptoms produce

additional noise which requires particular filtering.

Dai et al investigate filtering raw accelerometer and gyroscope signals using both high-pass
FIR and IIR filters with a cut-off frequency of 3.25Hz to detect tremors in PD patients. These
filters were implemented in order to reduce the influence of dyskinesia on the measured signals
[43]. Moreover, [44] filters raw accelerometer data using a low-pass IIR filter as well as a
high-pass IIR filter with cut-off frequencies of 3Hz and 1Hz respectively to estimate the
spatiotemporal parameters of a person. This filtering was performed to reduce the effect of

bradykinesia, dyskinesia, and the noise of a person’s body movement [44].

Another previous research implemented and tested a 4™ order low-pass Butterworth filter with
cut-off frequency of 2.5Hz to reduce the high-frequency noise of the accelerometer data PD
patients and control subjects [16]. This study also employed wavelet de-noising to filter

accelerometer signals [16].

Lastly, Ballestoros et a/ and Nunes et al used EMD to filter an acceleration signal similar to
the kinematic signals of this research task signal [39, 45]. This method decomposes the signal
into a number of zero-mean bandlimited oscillatory components, called Intrinsic Mode
Functions (IMF). Each IMF is analysed in terms of its data variation where IMF signals with
lower variations are removed. The remaining IMF levels are then summed creating a filtered
version of the original signal [39, 45]. It is important to note that the signal noise is found in

the initial IMF levels such as the first and second levels [39, 45].
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2.6.1.2 3-Axis Signal Rotation

An essential component of accelerometer data pre-processing is rotational correction [16, 46,
47]. This is performed to align the accelerometer signal anteroposterior to the direction of
movement i.e. ensuring the X-axis and Y-axis of the accelerometer signal is in line with the
direction of movement and Z-axis is facing upwards [16, 46]. This must be done as
accelerometer measurements include the effects of gravity (9.81m/s?) therefore, data must be
rotated in order to separate a person’s acceleration from gravity so that only true movement
quantities remain [16, 46]. Favre et al applied a rotational correction using a quaternion
rotation matrix to adjust accelerometer data to be anteroposterior to the direction of movement
[46]. Moreover [48], compared a Kalman filter, Tilt Kalman filter, and the Madgwick

algorithm to estimate z-axis orientation and correct rotation, in real time.

2.6.1.3 Footfalls Detection

Owing to the rationale discussed in Section 2.3, the detection of footfalls or when a foot
touches the ground is seen as a fundamental requirement for this research task. It is necessary
to assist the feature extraction methods in isolating key information pertaining to a subject’s
gait performance such as stride lengths, stride velocities and stride accelerations etc. [10, 23,

27, 13, 49] (further described in Section 2.6.2).

Gait disorders studies and in particularly PD gait studies used accelerometer signals as the
basis to derive gait features that can characterise the difference between patients and control
subjects [10, 23, 27, 13, 49]. Byan et al used peak detection of a rotated and filtered on-body
accelerometer signal as illustrated in Figure 2.4 to identify subject footfalls. As shown, in an
ideal, noiseless signal, the peaks of the accelerometer signal represent when a subject’s foot

touches the ground of footfall [50].
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Figure 2.4: Accelerometer based footfalls detection from [S0] where red stars on each peak of the signal indicate

2.6.2 Feature Extraction

footsteps

Features are defined as mathematical representations of a signal’s characteristics. In other

words, a feature portrays the distinctive and distinguishing traits of a signal [25, 23]. In gait

analysis, features are extracted to quantify how a person walks.

Previous gait analysis studies proposed numerous features of gait such as stride length and

stride [10, 23, 27, 13, 49]. Moreover, these studies of gait disorders and particularly PD gait

used accelerometer signals and the extracted features to characterise the difference between

patients and control subjects [10, 23, 27, 13, 49]. Table 2.1 illustrates examples of features

derived in these studies.

Table 2.1: Example table of derived features, in terms of gait and sensor features, found in literature

Derived Features

Gait Features

Sensor Features

Step velocity, step time and step length [27,
13, 16]

3-axes accelerometer signal cross correlation [36,
41]

Standard deviation of step velocity, step time
and step length [27, 13, 16]

Accelerometer signal, max, mean and median
frequency and bandwidth [51]

Turn time and turn velocity [41]

Kurtosis [49, 51]

Cadence (steps per minute) [51]

Harmonic ratio [23, 27, 51]

Total number of steps taken [12, 44]

Step Regularity and Asymmetry [51, 52]
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2.6.3 Feature Selection

Feature extraction often results in a large number of features, or a high dimensional feature
space, which may contain redundant and extraneous information [51]. Additionally, research
has shown that discrimination systems, such as machine learning algorithms and statistical
measures are adversely affected by a large feature space where irrelevant and redundant data
is present [53]. Feature selection techniques reduce the size of a feature space by projecting
the original high dimensional feature set onto a new smaller dimensional feature space or by
selecting relevant feature subsets from the extracted features [44, 51, 54]. Feature selection
methods were used to differentiate between PD patients and controls and were found to
improve the discrimination system performance, in terms of accuracy and efficiency [53]. The
proceeding subsections detail the two types of feature selection methods that exist namely;

projection methods and criteria-based feature selection.

2.6.3.1 Projection-Based Feature Selection

Of the surveyed literature, the most common projection-based feature selection method used
is Principal Component Analysis (PCA) [16, 39, 55]. Previous studies used PCA to reduce the
high-dimensionality of the derived gait characteristic feature-space with the aim of

differentiating between PD patients and controls [16, 39, 55].

PCA achieves this by orthogonally transforming the input feature-space in a way that
maximises the variability of the output feature-space [56]. The output feature-space is mapped
to maximise variance using a linear combination of the original features. Consequently, the
feature-space output of the PCA algorithm consists of a smaller set of derived variables, called
principal components [56]. The following subsection outlines how the PCA algorithm is

performed.
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2.6.3.1.1 Principal Component Analysis

Firstly, the original feature space must be normalised. This is achieved using Equation 1 [57].

Equation 1: PCA Normalisation formula [57]
=X — X

. i~ 4Amin
Normalised X; = —_—
] Xmax - Xmin

where,
e X; isasingle extracted feature value
® Xnax and X, are the maximum and minimum values of the extracted feature across

all subjects

Thereafter, the covariance of the features is calculated as shown in Equation 2. This is

performed to measure how the variables move together [56].

Equation 2: PCA Covariance formula [56]

X=X"xX
where,

e X is the matrix of the feature-space

Once completed, the data is rotated to fit a new axis that maximises variance [56]. This is
achieved by calculating the eigenvectors and eigenvalues of the covariance matrix.
Subsequently, the feature-space matrix (X) is projected onto the new axis using Equation 3

to obtain the principle components of the PCA transformation.

Equation 3: Principal component calculation [56]

PC = X" x Elargest
where,
e X is the matrix of the feature-space

*  Ejargest 1s the matrix of eigenvectors that corresponds to the largest eigenvalue

2.6.3.2 Criteria-Based Feature Selection
Unlike projection-based feature selection, criteria-based feature selection performs

dimensionality reduction without creating new feature variables through transformation.
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Subsequently, clinicians may still analyse the PD patient’s derived data results to comprehend
system responses [58]. According to literature, two types of criteria-based feature selection
methods are used to assess PD patients derived gait characteristics and features namely:

wrapper and filter techniques [58].

2.6.3.2.1 Wrapper Feature Selection Method

Wrapper feature selection methods identify a variety of features subsets based on relevance
and correlation to the discrimination objective as stipulated by a professional i.e. in the case

of this PD research, this would be as specified by a healthcare professional or neurologist [58].

2.6.3.2.2 Filter Feature Selection Method

Contrasting to the aforementioned technique, the filter selection method does not rely on
human selection. This method uses statistical methods to evaluate the significance of a subset
of features. Statistical methods aim to summarise and quantify groups in the data in terms of
statistical measures such as means, variances, standard deviations, standard mean errors and
confidence intervals to test hypotheses [59]. Consequently, this method may provide objective

feature subsets as opposed to the wrapper technique [58].

From literature, statistical methods employed in studies that analyse subjects’ gait and
movement characteristics include but are not limited to; T-tests, paired T-tests, ANOVA tests
and post-hoc Bonferroni tests [59, 60, 61, 38]. These tests assess the likelihood that measured
changes in patient condition are not random on an individual feature basis i.e. the statistical
significance (p-value) of the changes in each feature, as well as the probability that measured
mean changes in features are not random across subjects. Specifically, these types methods
have been applied in their respective studies to discriminate treatment effects in terms of
statistical differences in medication responses of pre-defined subject groups [59, 61].
Additionally, Huang et al utilise the widely used Global Statistical Test (GST) as well as
multivariate techniques to assess and calculate the overall medication impact of clinically

relevant outcomes for long-term PD patients [38].

2.6.4 Discrimination Systems

Classification and discrimination tasks often employ machine learning. The goal of a machine

learning algorithm is to classify data in terms of the different patterns found. Consequently, it
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may be applied to this research task’s problem domain in the form of a supervised and

unsupervised learning algorithm [62].

2.6.4.1 Unsupervised Learning Algorithm

Unsupervised learning algorithms attempt to model the fundamental distributions and
characteristics of data in order to determine results. Thus, this type of algorithm does not label
data and effectively develops the input to output mapping on its own [62]. Usually, this type
of machine learning algorithm is implemented when data labels are not explicitly stated as it
allows the machine to decide on what features are important. In terms of this PD research, an
unsupervised learning algorithm may be useful as it can use the underlying fundamental
characteristics of derived features to classify a patient and does not rely on the potentially

subjective views of clinicians and pre-assigned data labels.

From literature, the most common unsupervised learning algorithm in PD assessment follows

in the form of the K-Means Clustering method [63].

2.6.4.1.1 K-Means Clustering

The K-Means Clustering uses vector quantisation to partition features into n-clusters that

categorise the dataset without predefined knowledge about features [63].

A previous study implemented the K-Means Clustering algorithm to assess whether a patient
suffers from PD. Results show a sensitivity and specificity of 85% and 91% respectively [16].
Similarly, another study used K-Means Clustering to infer if a person has PD and showcases

results of 89% and 79% for sensitivity and specificity respectively [58].

2.6.4.2 Supervised Learning Algorithm

Within a supervised learning algorithm, the aim is to approximate a mapping function that can
determine an output based on a specific input. In terms of PD classification, this is achieved
using pre-assigned labels of features that are deemed important by feature selection methods
to train the implemented algorithm through iterative measures, to predict data specific results

[62].
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Literature has shown four supervised learning techniques that have been used extensively in
different types of PD classification namely: Support Vector Machines (SVM), Artificial
Neural Networks (ANN), Naive Bayes and Bagged Decision Trees (BDT) [63].

2.6.4.2.1 Support Vector Machines

SVM is classified as a non-probabilistic binary linear classifier although research has shown
it can be extended to multi-class classification algorithms [63]. SVMs map feature spaces
using kernels to higher dimensional spaces using non-linear decision boundaries. Thus, SVM

allows features to be linearly separable [53].

In the field of PD vs non-PD classification, Tsanas et a/ utilised SVMs in conjunction with
random forests to classify PD patients noninvasively. This was achieved using only ten
dysphonia features, showcasing an overall classification accuracy of 99% [37]. Similarly, Das
et al used an SVM classifier to differentiate mild and severe symptoms in PD patients. Test

results for this experiment illustrated an average accuracy of 90% [64].

2.6.4.2.2 Artificial Neural Networks

An ANN is a type of connectionist system that has been designed based on biological neural
networks such as animal brains [63]. ANN aims to develop a system that learns from its
training examples. It achieves this by extrapolating rules from training data to recognise and

classify trends in new input data [63].

A previous study discussed the design and implementation of a Radial Basis Function Neural
Network. This system was used to recognise and predict the onset of the PD tremors in human
subjects. This system showcased accuracies of 89% [65]. Additionally, another research

illustrated an accuracy of 96% using an ANN to classify if a patient has PD [66].

2.6.4.2.3 Naive Bayes

This type of classifier is a probabilistic classifier that stems from Bayes' theorem and has
strong assumptions regarding its features [63]. Thus, the Naive Bayes method assumes that a
classification problem can be modelled probabilistically with its data approximated by a priori
probability distribution. Consequently, for particular models, the Naive Bayes algorithm can

seem to oversimplify the problem [63].
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Tripoliti et al used the Naive Bayes algorithm to detect freezing of gait events in patients that

suffer from Parkinson’s Disease. This system showed an accuracy of 96% [67].

2.6.4.2.4 Decision Trees

A Decision Tree (DT) is a non-parametric supervised learning method [68]. It is a predictive
process that uses a branching method to create a set of rules that classifies data into categories
based on the importance of the given feature set [68, 69]. It achieves this by using a set of if-
then-else decision rules to classify data. Subsequently, it partitions a dataset into smaller and

smaller subsets to arrive at a decision [68].

A DT comprises of three types of nodes namely [68, 69].
e A root node that corresponds to the best predictor of the class,
e A decision node which is defined as a node that has two or more nodes attached to it
and,

¢ An end node which represents the verdict of the DT

Figure 2.5 illustrates how a DT splits a dataset with predictors smaller than the criterion being
placed on the left and those larger than the criterion being placed on the right [68, 69]. The
DT splits the feature-space using the Gini Index as depicted in Equation 4. The Gini Index is
a measure of the impurity in the features. In other words, it is a measure of the probability that
a randomly selected feature from the dataset is falsely predicted if it is randomly labelled

according to the distribution of labels in the subset [68, 69].

X; < Split Threshold

Yes

Figure 2.5: Example of a Decision Tree split
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Equation 4: Gini Index formula [68, 69]

Gini(X) =1 - ) ()’
i=1

where,
e 1 is the number of features

e p; is the relative frequency of each feature

2.6.4.2.5 Bagged Decision Trees (Bagging)

This type of machine learning algorithm combines multiple decision trees, reducing data
variance when predicting an outcome [68]. As mentioned in the previous subsection, a
decision tree is defined as a predictive process that uses a branching method to create a set of

rules that classifies data into categories based on the importance of the given feature set [68].

As shown in Figure 2.6, the BDT algorithm expands on this. It divides the input data into n-
subsets using uniform sampling with replacement. Each decision tree considers the most
important features across its data subset (sample n) and then creates a list of decisions which
best partitions the data sample [68, 70]. Afterwards, the results of all decision trees are equally
weighted and averaged to create the final bagged decision tree output classification.
Consequently, no features are ever discarded, and the BDT algorithm is considered a more
advanced version of the decision tree method as it overcomes individual decision tree

overfitting issues [68, 70].

Wau et al discussed the analysis of voice patterns to detect PD in patients utilising Bagging
Ensemble Machine Learning Methods. This system produced an accuracy of 90.8% with a
sensitivity of 98.0% [71]. Another study employed a Bagging algorithm to classify patients

with PD from controls with a successful detection rate of 98.3% [72].
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Figure 2.6: Bagged Decision Tree Algorithm overview, highlighting how bootstrap aggregating is used to resample
data with replacement

The abovementioned supervised and unsupervised machine learning algorithms maintain
similar detection rates for their particular classification tasks. However, owing to the fact that
data for this research task is pre-labelled in terms of three classification groups (treatment
patients, non-treatment patients, and controls) and H&Y clinical scores (0, 2, 3) respectively,

a supervised machine learning approach is deemed more appropriate for this research task.

Moreover, the pre-acquired database is limited in size and data outliers are unknown. With
this in mind, a BDT classifier is seen as simpler to implement and train when compared to

SVM, ANN, and Naive Bayes classifiers to generate a robust classification output.

PD is aneurodegenerative disease. It impairs a patient’s motor movements compromising their
independence and flexibility [4]. These symptoms culminate in problems with the manner of
a patient’s walking or gait. PD diagnostic and assessment scales exist in the form of the
UPDRS, H&Y, and TUG tests. Limitations of these scales necessitate the presence of a
healthcare professional to utilise their personal experience and knowledge to diagnose and
monitor the patient which can introduce personal bias effects. Technologies have been
developed to negate these deficiencies and have demonstrated various degrees of reliability
when discriminating gait anomalies of PD patients from control groups. However, they have

not been utilised to date (to the knowledge of the author) to evaluate the effects of short-term
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treatments on PD patients. Nevertheless, research has shown this type of classification task
requires extensive signal processing, feature extraction, and feature selection to classify results

and produce a successful discrimination accuracy [25, 12, 27, 16, 39].
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Chapter 3. Methodology

3.1 High Level Overview

Figure 3.1 provides a block diagram overview of the signal processing system that is used to

answer the research question. Each block of this diagram will be detailed in the subsequent

sections.
i Database RN Data and Signal
i N Completeness
i o and Integrity
i L7 Check

Feature Extraction Signal Pre-processing

Pre-and-Post
Feature Extraction

Change between Pre-and-Post
Extracted Features

: Footfall Detection Movement 1
i Algorithm Identification Algorithm M

Discrimination System

Feature Selection

Key Feature
Identification
and Validation

Bagged Decision Tree
Classifier

NOn- nica y E
_’E All Features ANOVA Features Relevant Features JH

Figure 3.1: Block diagram describing the methodology implemented to answer the research question

3.2 Database

3.2.1 Subject Description

This research aims to assess the extent that features extracted from signals acquired by walker
mounted sensors can identify changes in PD patient gait, due to treatment. This requires a
suitably sized database which includes two tests — before and after treatment, from PD patients

who received medication (treatment patients) as well as two tests from PD patients who
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received no medication (non-treatment patients) and control subjects. To meet this criterion,
this study reuses a database that has been acquired at the Rambam Medical Centre in Israel.
This database was recorded using the PAMMII instrumented walker owing to rationale

discussed throughout Section 2.5 and Section 3.2.2.

The existing database consists of 37 treatment patients, 6 non-treatment patients and 11
controls where each subject performed two 3m and 10m TUG walking tests (as outlined in
Section 3.2.3). For the treatment patients’ case, the tests were performed before the start of the
treatment and after the end of the treatment, which took a total 2-3 hours. The non-treatment
patients and the controls were likewise tested twice, where the two tests were completed 3
hours apart. In each patient test session, a healthcare professional assessed and recorded the
H&Y PD clinical severity scores and the control subjects were assigned an H&Y 0 severity

Score.

This PAMMII instrumented walker experiment was performed in accordance with the ethical
standards of the Rambam Medical Centre (Ethics Number: 0108-13-RMB) under the Helsinki
Declaration. Furthermore, ethics for the secondary use of this data has been granted by the
Human Research Ethics Committee (HREC) of the University of the Witwatersrand
(Clearance Certificate Number: M180203) with ethic clearance documentation found in

Appendix A.

3.2.2 Experimental Device

The PAMMII instrumented walker was used to record each subjects’ kinematic data for this
research. As described in Section 2.5.4, this device offers an affordable, user-friendly solution

for kinematic signals acquisition, and has shown good results in the diagnosis of PD [16].

The sensors used for this research are:
e Two digital distance encoders

e An ADXIL335 tri-axes accelerometer

These sensors are controlled by an Arduino Nano V3 microcontroller with a sampling rate of
21.5Hz to measure the trajectory a user has walked (encoders) as well as a user’s acceleration
(accelerometers) with a range of +16g and resolution of 0.1g along each axis (X, Y, and Z

axes).
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Figure 3.2 illustrates the location of all sensors and the controller. Moreover, the
microcontroller writes all recorded signal data to an SD card in the form of a CSV file. The

data recorded is detailed in Section 3.2.4.

Hand w

Accelerometer and
Control Box

Rear
Support

A Wheels with
Encoders

Figure 3.2: PAMMII schematic diagram, highlighting the placement of its sensors and control box

3.2.3 Experimental Procedure

The experimental procedure was performed for each subject group (treatment patients, non-
treatment patients, and controls) twice using the TUG protocol (as outlined in Section 2.2.3)
for both a 3m and 10m walking test: In the treatment patients, the first testing was performed
before the treatment, and the second after treatment in the form of intravenous Amantadine-
Sulphate IV, In the non-treatment patients and controls case, the first testing was performed
and after a delay (approximately 3 hours) simulating treatment time, the second walking test

was performed.

3.2.4 Data and Signals Acquired

The PAMMII system recorded the following signals during each subjects’ TUG tests:

e A time vector,
e Three acceleration signals (X, Y and Z axes), and

e Two distance measurements.
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Additionally, the clinician who oversaw the TUG tests recorded the following clinical

information pertaining to each subject in the trial:

e The subject’s age,
e The subject’s gender, and

e The subject’s H&Y clinical score.

These data signals and the subjects’ respective clinical information was recorded for the 54

subjects in the dataset (37 treatment patients, 6 non-treatment patients, and 11 controls).

3.3 Data and Signal Completeness and Integrity Check

As usual, in research which re-uses information, especially data that was acquired in a busy
hospital setting, data must be authenticated and primed such that accurate and reliable analysis
is performed. Thus, the following data and signal completeness and integrity checks have been

implemented to ensure the dataset is not missing information.

1. Ensured that each subject has performed a 3m and 10m TUG test pre-and-post treatment.
2. Ensured that data within the raw signals for each subject is meaningful and not only noise.

3. Ensured that each subject has their respective clinical details recorded.

3.4 Signal Pre-processing

As gait is defined as the way in which a person walks (Section 2.4.1), it is realised that
determining when a subject’s foot touches the ground while walking is an essential component
prior to feature extraction [10, 23, 27, 13, 49]. Therefore, the aim of signal pre-processing for
this research task consists of preparing data such that it can be used for feature extraction in
terms of subject gait movement i.e. determining when a subject is walking, determining when
a subject is turning/stationary, and determining a subjects’ footsteps while walking. With this

goal in mind, numerous pre-processing techniques have been implemented.
As discussed in Section 2.5.4, the PAMMII system employs low-cost hardware and sensors.

Consequently, on occasion, a sample is missed. In order to counteract this, data interpolation

is applied to all raw data. This being said, algorithms are still needed to establish when a
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subject is walking and turning/stationary as well as when a subject’s foot touches the ground
while walking for gait extraction. Therefore, a Movement Identification Algorithm and a
Footfall Detection Algorithm have been created. The study described in this proceeding
subsections was performed by the author of this thesis, in collaboration, and published [73].

Furthermore, it is important to note that all signal filtering methods described in these
subsections were performed on the respective raw data signals to derive all the features

extracted as outlined in Section 3.5.

3.4.1 Movement Identification Algorithm

Typically, a movement is composed of several stages, which are different in properties (i.e.
straight line vs. circular) and/or separated by no-motion periods. Using the TUG protocol, it
is seen that the subjects have two phases of straight-line walking that is separated by a turning
phase. This being said, these walking patterns are seen to vary across subjects. Some subjects
complete the protocol without a break in a timely manner while other subjects stop during the
test for short or long periods as needed. Potentially, these periods could be used as an indicator
of PD highlighting the symptoms/physical limitations of the patient (e.g. reduced
coordination, postural instability and/or impaired balance). The succeeding subsections

explain how this algorithm differentiates between these stages

3.4.1.1 Encoder Signal Preparation

This algorithm utilises the recorded data from the left and right distance encoders as well as
its corresponding time stamps. Firstly, all acquired signals are transformed into usable SI units.
Therefore, each encoder value is converted from distance travelled in encoder ticks to meters
using Equation 5 where values are found from the encoder datasheet and the corresponding

time stamps are converted from milliseconds to seconds.

Equation 5: Encoder Ticks to Meters Conversion Ratio Formula

7 * (Wheel Diameter in meters)

C jon Ratio =
onverston ratto (Number of Ticks per Revolution)

Thereafter, the average distance is calculated from the left and right distance encoders and the

velocity of the left, right and average distance encoder signals is calculated using numerical

differentiation.
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3.4.1.2 Signal Filtering

The distance and derived velocity signals are filtered using a Zero-phase Moving Average
digital filter to smooth the input data and diminish phase distortion that can result from

filtering.

3.4.1.3 Movement Stage Selection

The implemented movement selection algorithm aims to identify the walking periods of a
subject and consequently infer when a subject is turning. It identifies this walking region using
the distance and velocity plots for the left, right and average encoder signals. Subsequently,
logic is used to incorporate the results of all outputs such that a point is only deemed a walking
period if all the outputs agree. The implemented walking period selection logic works by
traversing through the distance and velocity signals for each plot (left, right and average) in
one-second intervals (or windows) until the end of the signal. The flow diagram in Figure 3.3

illustrates the applied logic of this algorithm.
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Figure 3.3: Flow diagram describing how the Movement Stage Identification Algorithm determines movement and
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3.4.2 Footfall Detection Algorithm

A basic event in the gait cycle, which decomposes it into elementary sections is the footfall.
As discussed throughout Section 2.3 there is a relationship between PD and gait. Moreover,
gait analysis systems as detailed in Section 2.5 see the footfall as a necessity to calculate
reliable gait features. Wearable sensors can provide footfall detection more readily, sensing
the “thump” of the foot. For off-body sensors, like the instrumented walker, this task is more
challenging as additional noise is added into the system from the 3™ party apparatus that is

used to record the measurement.

As outlined in Section 2.6.1.3, once an accelerometer signal has been filtered, it is possible to
identify footfalls using the peak detection. This algorithm uses this logic to predict when a

subject’s foot touches the ground while walking only.

3.4.2.1 Accelerometer Signal Preparation

This algorithm utilises the recorded data from the accelerometer signals (X-axis, Y-axis, and
Z-axis), its corresponding time stamps and the determined walking periods from the
Movement Identification Algorithm to determine footfalls. Firstly, the timestamps are
converted from milliseconds to seconds. The Rodriguez rotation matrix is used to align the
accelerometer data points to be anteroposterior to the direction of movement (as outlined in
Section 2.6.1.2). This is achieved by calculating the normalised cross-product between each
accelerometer data point and the required axis (a = [0,0,1]) to work out the fixed unit vector
of rotation (W = [wy, wy, w,]) [47]. Afterwards, the Rodriguez rotation matrix is calculated

using Equation 6.

Equation 6: Rodriguez Rotation Matrix formula [47]
Ry(0) =1+ Wwsin(8) + w?(1 — cos (8))
where,

e ] denotes a 3x3 Identity Matrix
~ . . . . . ~ 0 -wz; wy
e W denotes the antisymmetric matrix with entries W =, o w,
Wy Wy 0
e 0 denotes the normalised dot-product between each accelerometer data point and the
required axis

Subsequently, the gravity component is removed from the aligned accelerometer data.
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3.4.2.2 Filtering and Footfall Detection

The PAMMII recorded signals are non-stationary time-series signals. Therefore, owing to the
basis of Empirical Mode Decomposition (EMD) that a signal is composed of a superposition
of fast and slow oscillatory components [39, 45], the accelerometer signals are filtered using

EMD.

The mathematical representation of the EMD decomposed signal is shown in Equation 7. This
filtering technique iteratively decomposes a non-stationary signal into a number of zero-mean
bandlimited oscillatory components, called Intrinsic Mode Functions (IMFs). These IMFs are

sorted such that each proceeding IMF level consists of lower frequency oscillations.

Equation 7: Mathematical representation of an EMD signal [39, 45]

n

x(©) = ) a(®) +7(0)

i=1
where,
e x(t) is the original signal,
e ¢(t) is the IMF decomposition of the signal, and

e 1(t) is the remaining signal

Figure 3.4 illustrates how each IMF is calculated. Initially, the maxima and minima of the
input signal are determined using cubic splines to produce a signal envelope. Next, the mean
of these envelopes is calculated and subtracted from the input signal to obtain a new signal.
This is repeated until the IMF conditions are met such that the number of extrema or zero-
crossings are equal to each other or differ by one as well as the mean value of the upper and
lower envelope is zero. Once these conditions are met, the signal is extracted as the nth order
IMF [39, 45]. Afterwards, the remaining signal is taken as the new input. These steps are

repeated until a stopping criterion of a standard deviation less than 0.3 is obtained [39, 45].
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EMD Filtering Example
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Figure 3.4: Example of how each IMF level is calculated

In order to test which IMF level to reconstruct the accelerometer signals from, the Z-axis
accelerometer signal has been reconstructed from various IMF levels to evaluate the accuracy
of the filtering technique across the different IMF levels for the footfall detection task.
Subsequently, the Z-axis accelerometer signal and its corresponding timestamps (in seconds)
were ranged for walking times only using outputs of the Movement Identification Algorithm

(Section 3.4.1).

Peak detection is then performed on the filtered Z-axis accelerometer signal, where peaks
depict predicted footfalls. This is done owing to the logic of Section 2.4 which describes how
gait is a cyclic function and the fact that footfalls can be found using the peaks of the filtered

accelerometer signal [50].

(The X-axis and Y-axis signals of the accelerometer are filtered in the same manner as the Z-

axis accelerometer signal using the EMD technique.)

3.5 Feature Extraction

For this research task, feature extraction is the process of transforming the pre-processed
signals (Section 3.4) into a set of features that could highlight distinctive properties in the
dataset and provide insight into the data. The performed feature extraction methodology is

presented in the succeeding subsections.
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3.5.1 Pre-and-Post Feature Extraction

Once a subject’s signals (encoder and accelerometer) have been pre-processed such that
spatiotemporal gait parameters in the form of straight-line walking, and turning segments are
separated, and footsteps have been identified, 178 features are derived from both the 3m and
10m TUG of the 3 subject groups (treatment patients, non-treatment patients, and controls)

pre-and-post their respective treatments.

These features include variants of spatial and temporal features (such as step length, step
velocity, step acceleration, cadence etc.), frequency related features (such as max frequency,
mean frequency, median frequencies, bandwidth etc.) and sensor features (such as
accelerometer signal correlations and accelerometer signal covariance etc.) found in literature
as defined in Section 2.6.2 as well as statistical measures (such as mean absolute difference,
relative mean absolute difference and accelerometer signal correlation etc.) that have been
adapted for gait analysis research task. These features are explored, and their usability is

assessed. The list of all features extracted is presented in Section 4.4.

3.5.2 Change between Pre-and-Post Extracted Features

Once each subjects’ pre-and-post features have been extracted for all TUG data, the
differences between every feature for both the 3m and 10m TUG data is calculated for each

subject as defined in Equation 8.

Equation 8: Change in features definition

AFeatures = Featuresp,, — Featuresp,q;

This change is then normalised across all subjects using Equation 9 for every extracted feature.

This normalised feature-set is used for all the following experiments (Section 3.7.5)
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Equation 9: Normalisation formula [57]

51
X — X
Normalised X; = _At “min
=1 Xmax - Xmin

where,
e X; is asingle extracted feature value,
o Xinax and X, are the maximum and minimum values of the extracted feature across

all subjects

3.6 Feature Selection

As discussed in Section 2.6.3, feature selection methods aim to reduce data redundancy in the
extracted features. Thus, the purpose of a feature selection method is to select attributes from

the feature-set that are deemed most relevant for the classification problem.

For this research task, it is seen that the feature extraction stage (Section 3.5) generated a large
feature-set of 178 features. This high-dimensional feature-set contains redundant and
extraneous information which can negatively impact the performance of the machine learning
algorithm as well as create additional data over-fitting issues. Owing to this and the fact that
this research aims to determine which features can best discriminate PD patients gait changes
due to treatment compared to non-treatment subjects and controls, five feature subsets have
been chosen to test the derived features discriminating powers using the applied machine

learning algorithm, namely:

1. Using all 178 features that were derived during feature extraction,

2. Using PCA,

3. Using the features that were selected by the 1-way Analysis of Variance (ANOVA)
statistical method,

4. Using the traditional spatial and temporal features that were observable to the healthcare
professional, and

5. Using the remaining Frequency, Sensor and Statistical (FSS) features that were not

deemed clinically relevant by a healthcare professional.

These feature subset tests have been selected as they manipulate the derived features subspace

in terms of maximising the variability in the feature subset (PCA features) and incorporate
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only statistically relevant features (p-value < 0.05) in the feature subset (ANOVA features).
Additionally, these feature subsets assess the spatial and temporal features selected by a
healthcare professional (Medically Observable features) as well as assess the frequency,
sensor and statistical features not selected by a healthcare professional (FSS features).
Consequently, the discriminating power of features can be evaluated using the applied
machine learning algorithm and key features can be identified, as outlined in Section 3.7 and

Section 3.8 respectively.

3.7 Discrimination System

The primary aim of this research task aims to determine the extent in which quantitative
differentiation between the subject groups (treatment patients, non-treatment patients, and
controls) as well as differentiation between PD disease severities can be achieved. This task
is deemed a classification type problem. Therefore, a supervised machine learning algorithm
is used to answer the research question. The proceeding subsections explain the dataset size
considerations employed, the classification algorithm implemented, and the classification

experiments performed.

3.7.1 Dataset Size Considerations

Typically, a dataset is larger than the number of derived features. However, for this research
like many similar clinical experiments, this is not possible as the number of subjects is
relatively small (51 in the case of this study). In order to diminish this issue and prevent

overfitting of the applied machine learning algorithm, two methods have been applied:

1. 10-fold Cross-validation - whereby the dataset is partitioned into 10 random subsets
consisting of 40 subjects that are used to train the machine learning algorithm and the
remaining 11 subjects are used to test the classifier.

2. Bootstrap Aggregating — whereby the machine learning algorithm partitions the
training set into 50 subsets using uniform sampling with replacement, trains a classifier

for each subset and averages their results (as outlined in Section 2.6.4.2.4).
The number of samples in the dataset is seen to increase 10-fold from the cross-validation

technique and 50 times from the bagging ensemble learning method. Thus, the dataset

increases from a maximum of 51 samples to 25 500 samples.
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3.7.2 Classification Algorithm

As this task has been deemed a classification problem, supervised machine learning algorithms
have been investigated. A Bagged Decision Tree (BDT) Algorithm was used to classify the
data. This type of machine learning algorithm uses bootstrap aggregating and multiple
decision trees to reduce data variance and overcome decision tree overfitting issues [68]. The
BDT algorithm has been selected owing to the success of the classifier as discussed in Section

2.6.4.2.4.

3.7.3 Software Implementation

The BDT classifier was implemented using the Matlab Statistics and Machine Learning
Toolbox. In Matlab, 10-fold cross-validation is applied to convert the input dataset into 10
randomly selected sets of which 80% of each set is training data (D = {D;, ..., D15}) and 20%
of each set is test data (T = {Ty, ..., T1o}). The BDT classifier uses each training set (D) as an
input and then takes 50 bootstrap resamples of D using uniform sampling with replacement
(B = {Bj, ..., B3p}). Each bootstrap sample (B) is used to generate a decision tree. The results
of each decision tree are then equally weighted and averaged. Test data (T') is used to assess
the classification rate of the trained BDT classifiers and the classification rates across the 10

cross-validation tests are averaged to output a final BDT classification rating.

3.7.4 Performance Metrics

In order to assess the quality of the implemented BDT classifier, three performance metrics
are used. These include the accuracy, sensitivity, and specificity of the classifier output as

defined by Equation 10 and Equation 11 and Equation 12 respectively [74].

However, the employed classification experiments (Section 3.7.5) incorporate both 2 and 3
class classification. Therefore, a one versus all approach is used for all calculations where the
True Positive (TP), True Negative (TN) False Positive (FP), and False Negative (FN) values

are determined for each class against the remaining classes and then averaged.

Equation 10: Accuracy formula [74]

A - rP+TN x 100%
WAy = TP+ FP+ TN + FN 0
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Equation 11: Sensitivity formula [74]

TP
Sensitivity = TP+—F1V X 100%

Equation 12: Specificity formula [74]

TN
Specificity = TN T FP X 100%

where,
e TP is the number of correct class predictions,
e TN is the number of correct non-class predictions,
e FP is the number of incorrect class predictions, and

e FN is the number of incorrect non-class predictions.

3.7.5 Classification Experiments

The following experiments were performed to answer part 1 and 2 of the research question.
Details pertaining to these experiments are depicted in Table 3.1, highlighting each
experiments purpose, the data used for the experiment, and the applied performance evaluation
metrics.

Table 3.1: List of the performed experiments describing their purpose, the data used for each experiment and the
respective performance evaluation metrics

Number Experiment Purpose Data Used Evaluation Metrics

1 To determine the optimal number of Number of Subjects= 51 Metric = Tested across all the
trees that the BDT algorithm needs Data = 3m TUG Data implemented feature
that allow for effective classification 10m TUG Data selection methods
across the feature selection methods.

2 To assess the system’s ability in Number of Subjects = 51 Metric = Confusion Matrix,
differentiating between the 3 subject Data = 3m TUG Data, Accuracy,
groups (treatment patients, non- 10m TUG Data Sensitivity,
treatment patients, and controls). Specificity

3 To assess the system’s ability in Number of Subjects = 40 Metric = Confusion Matrix,
differentiating between the PD (PD Patients only) Accuracy,
patients who were administered Data = 3m TUG Data, Sensitivity,
medication versus the PD patients 10m TUG Data Specificity
who were not administered
medication.

4 To assess the system’s ability in Number of Subjects = 34 Metric = Confusion Matrix,
differentiating between treatment (Treatment Group, H&Y 2 Accuracy,
patients who were assigned H&Y and H&Y 3) Sensitivity,
clinical scores of 2 and 3 respectively, | Data=3m TUG Data, Specificity
by a healthcare professional. 10m TUG Data
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3.8 Key Feature Identification and Validation

3.8.1 Key Feature Identification

As stated in part 3 of the research question, one of the aims of this research task is to identify
the key features that can discriminate changes in PD patients walking patterns, under
medication, compared to control groups. In order to identify these important features, the

feature subset that yielded the best classifier performance: the PCA method was considered.

As discussed in Section 2.6.3.1.1, the PCA method produced a matrix of principal components
using the covariance matrix of the original dataset and the original dataset transposed [57].
These principal components are the linear combinations of the original features that describe
the variance in the dataset [57]. The produced eigenvector matrix corresponds to the
correlation coefficients of the features and the principal components [75]. In other words, the
eigenvector matrix correlates and weights an individual feature’s contribution to a principal

component.

The PCA method extracts the maximum variance within the original dataset and places it
within the first principal component [57]. Moreover, an absolute correlation coefficient depicts
a very high correlation above 0.9, a high correlation above 0.7, a moderate correlation above
0.5, a low correlation above 0.3, and no correlation below 0.3 [76]. Therefore, to assess the
features that best contributed to the first principal component, a threshold was applied on the
absolute correlation coefficient values: the 43 features that produced at least a moderate
absolute correlation coefficient (greater than 0.5) were deemed the most important features of

the PCA method and denoted as the “key features” from this point forward.

3.8.2 Key Feature Validation

The discriminating powers of the key features must be evaluated. Therefore, the key features
are used as an input into the BDT classifier and its accuracy, sensitivity, and specificity, are

compared against the results of Experiment 1.
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Chapter 4. Results

4.1 Database

54 subjects participated in the clinical trial where,

e 37 subjects are PD patients who were administered a treatment,
e 6 subjects are PD patients who were not administered a treatment, and

e 11 subjects are healthy controls.

Most of the treatment patients’ data was already collected when this research started. The
control groups were collected more slowly, mainly due to the fact that many patients did not
want to volunteer for an experiment where they needed to stay at the clinic for 3 hours without
getting any treatment. The hope that more non-treatment patients will be recruited by the time
of writing did not materialise, therefore the results, analysis, and conclusions are hereby
presented, based on the dataset described above. Care was taken through the analysis to use
computational methods which could minimize the effects of the small number of subjects and

the imbalance between the classes, as detailed in the methods section.

4.2 Data/Signal Completeness and Integrity Check

All 54 subjects should have followed the same testing procedure, as described in Section 3.2.3
and their signals, as well as their clinical information, logged correctly and fully, as described

in Section 3.2.4.

Table 4.1 depicts the results of the integrity checks in terms of acquired PAMMII signals and
recorded clinical information. These results show that all clinical data has been recorded
accurately and that the time vector has also been logged correctly. However, analysis has
shown that both distance encoders (left and right) did nof record data for both the 3m and 10m

TUG test of 1 male subject before he was administered medication and that the accelerometer
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(X,Y, and Z) did not record data for both the 3m and 10m TUG test of 2 female subjects after
they were administered medication. These sensor malfunctions appear random as the age of
the 3 subjects ranges between 61-82 and their respective H&Y clinical scores differ. Owing
to this, only these 3 treatment patients who were administered medication have been removed
from both the 3m and 10m test databases and the remaining 94% of the test database, 51

subjects in total, is deemed usable for this research task.

Table 4.1: Percentage of correctly logged clinical information and sensor data

Sensor Data [%] Clinical Data [%] (as applicable)
Distance Encoder Accelerometer
Test Left Right X Y Y4 Time H&Y Age Gender

3m Pre 98 98 100 | 100 | 100 | 100 100 100 100
3m Post 100 100 96 96 96 100 100 100 100
10m Pre 98 98 100 | 100 | 100 | 100 100 100 100
10m Post 100 100 96 96 96 100 100 100 100
Database 98 98 96 96 96 100 100 100 100
Accuracy

Additionally, Table 4.2 and
Table 4.3 depict the subject demographics and the distribution of H&Y clinical scores in terms

of treatment patients.

Table 4.2: Subject demographics

Demographics Treatment Patients | Non-treatment Patients Controls
Number n=34 n=6 n=11
Age (Years) 61+5 62+3 59+7
Male/Female 22 M/12 F 4M/2F 4 M/TF

Table 4.3: Distribution of the treatment patients within the dataset in terms of their H&Y clinical scores

H&Y Clinical Score Treatment Patients
2 n=20
3 n=14
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4.3 Signal Pre-processing

4.3.1 Movement Identification Algorithm

4.3.1.1 Signal Filtering

The results of the applied Zero-Phase Lag filter are shown in Figure 4.1 and Figure 4.2. As
can be seen, the respective shapes of each distance and velocity signal have been preserved

and noise has been reduced.

Filtered vs Unfiltered Encoder Distance
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Figure 4.1: Example of a filtered vs. unfiltered distance encoder signal
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Figure 4.2: Example of a filtered vs. unfiltered derived velocity signal
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4.3.1.2 Movement Stage Selection Output

The output of the Movement Identification algorithm identifies when a subject is walking in
a straight-line or turning and discards stationary periods at the beginning and end of the TUG
test. Figure 4.3 illustrates this highlighting the movement and turning periods by red and blue

respectively.
Calculated Moving and Turning Periods
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2
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Figure 4.3: Movement Stage Identification Algorithm output results, highlighting the segmentation between straight

line walking and turning periods

4.3.2 Footfall Detection Algorithm

4.3.2.1 Signal Filtering

The accelerometer signal is filtered using Empirical Mode Decomposition. The signal is
reconstructed from IMF level 3 owing to logic discussed in Section 2.6.1.1 and Section 4.3.2.2.
The results of the EMD filtering is shown in Figure 4.4 showing how the shape of the signal

has been preserved and noise has been reduced.
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01 Tiltered vs Unfiltered Encoder Z-Axis Accelerometer Signal
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Figure 4.4: Example of an EMD filtered vs. unfiltered Z-axis accelerometer signal

4.3.2.2 Footfall Detection Output and Accuracy Evaluation

The Footfalls Detection Algorithm’s accuracy has been validated against video evidence of
four subjects walking patterns which simulate normal walking, PD shaking, foot-dragging and
irregular walking in order to ensure that the derived footfalls detection algorithm has a
satisfactory accuracy. Moreover, the Z-axis accelerometer signal has been reconstructed from
arange of IMF levels to ensure that EMD filtering sensitivity is optimal. Figure 4.5 illustrates
how walking footfalls have been validated where a footfall is regarded correctly predicted if

it falls within the video verified range.
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Z-Axis Walking Footfall Detection Algorithm with Video Data Validation
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Figure 4.5: Example of Straight-line walking footfalls detection validation, for the 4 tests performed, for IMF levels
1-4

Figure 4.6 depicts the number of video-verified footsteps and algorithm predicted footsteps
and compares it against correctly predicted footsteps across different IMF levels (1-4).
Additionally, Figure 4.7 portrays the average accuracy of each IMF level across all four tests.
Filtering the signal from IMF level 3 is shown to have the highest accuracy of 86%. Thus, it
is reasoned that IMF level 1 and IMF level 2 contain the signal’s high-frequency noise and
IMF level 4 and higher levels contain key characteristics pertaining to the signal. This

corroborates findings in [39, 45].
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4.4 Feature Extraction

Table 4.4 and Table 4.5 depict the lists of all 178 features in terms of straight-line walking

features and turning features that have been extracted.

Table 4.4: List of the features extracted from straight Line walking periods of subjects’ TUG data.

Feature Feature Description
Total TUG Test Time Total time taken to complete the TUG test in s
Total Walking Time Time duration spent walking during the TUG test in s
Mean Step Time Average time taken between steps in s

e SD Step Time Standard Deviation of time taken between steps in s

% Variance Step Time Variance of time taken between steps in s

'E MAD Step Time Mean Absolute Difference of time taken between steps in s
RMAD Step Time Relative Mean Absolute Difference of time taken between steps in s
Number of Steps Total number of steps taken during the walking stages of the TUG test
Cadence Ratio of the number of steps taken per minute
Mean Step Length Average distance travelled between steps in m
SD Step Length Standard Deviation of distance travelled between steps in m

§ Variance Step Length Variance of distance travelled between steps in m

.‘g MAD Step Length Mean Absolute Difference of distance travelled between steps in m

= RMAD Step Length Relative Mean Absolute Difference of distance travelled between steps in
Encoder Difference rIl)lifference between distance covered by each encoder in m
Mean Step Velocity Average velocity between steps in m/s
SD Step Velocity Standard Deviation of velocity between steps in m/s

§= Variance Step Velocity Variance of velocity between steps in m/s

% MAD Step Velocity Mean Absolute Difference of velocity between steps in m/s

g RMAD Step Velocity Relative Mean Absolute Difference of velocity between steps in m/s
Mean Walking Velocity | Average velocity travelled during the walking stages of the TUG Test in
Mean Step Acceleration r:{/serage acceleration between steps in m/s?

£ SD Step Acceleration Standard Deviation of acceleration between steps in m/s?

§ Variance Step Variance of acceleration between steps in m/s?

< | Acceleration

;& MAD Step Acceleration | Mean Absolute Difference of acceleration between steps in m/s?
RMAD Step Relative Mean Absolute Difference of acceleration between steps in m/s?
Acceleration
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Sensor

Mean Walking
Accelerometer Signal

Average of the Accelerometer Signal during walking stages of the TUG in
g

SD Walking Standard Deviation of the Accelerometer Signal during the walking stages
Accelerometer Signal ofthe TUG in g

Variance Walking Variance of the Accelerometer Signal during the walking stages of the
Accelerometer Signal TUGing

MAD Walking Mean Absolute Difference of the Accelerometer Signal the during walking
Accelerometer Signal stages of the TUG in g

RMAD Walking Relative Mean Absolute Difference of the Accelerometer Signal the
Accelerometer Signal during walking stages of the TUG in g

Skewness Walking Degree of asymmetry in the accelerometer signal distribution
Accelerometer Signal

Kurtosis Walking Extent that the accelerometer signal distribution lies to the left of the mean
Accelerometer Signal signal amplitude

X, Y Walking Measure of mutual relationship between X and Y accelerometer signals
Accelerometer Signal

Correlation

X, Z Walking Measure of mutual relationship between X and Z accelerometer signals
Accelerometer Signal

Correlation

Y, Z Walking
Accelerometer Signal

Measure of mutual relationship between Y and Z accelerometer signals

Correlation

X, Y Walking Measure of directional relationship between X and Y accelerometer

Accelerometer Signal signals

Covariance

X, Z Walking Measure of directional relationship between X and Z accelerometer signals

Accelerometer Signal

Covariance

Y, Z Walking Measure of directional relationship between Y and Z accelerometer signals

Accelerometer Signal

Covariance

Walking Power Measure of physical power exerted by subject while walking. Measured as
the integral of the accelerometer signal

Step Regularity Measure of regularity corresponding to peak values and lags of the auto-
correlated accelerometer signal

Step Asymmetry Measure of difference between two successive steps using an auto-

correlated accelerometer signal

Accelerometer Signal
Maximum Frequency

Maximum frequency of the accelerometer signal in Hz

Accelerometer Signal
Mean Frequency

Mean frequency of the accelerometer signal in Hz

Accelerometer Signal

Median frequency of the accelerometer signal in Hz

Median Frequency
Accelerometer Signal The difference between the largest and smallest frequencies in the
Bandwidth accelerometer signal in Hz

Accelerometer Signal
Average Power

Mean of the total Power Spectral Density estimate of the accelerometer
signal W/Hz
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Table 4.5: List of the features extracted from turning periods of subjects’ TUG data

Feature Feature Description
“E’ Total Turning Time Time duration spent turning during the TUG test in s
=
Turning Velocity Average velocity travelled while a subject is turning in m/s
SD Turning Velocity Standard Deviation of velocity travelled while a subject is turning in m/s
>
'§ Variance Turning Velocity | Variance of velocity travelled while a subject is turning in m/s
§ MAD Turning Velocity Mean Absolute Difference of velocity travelled while a subject is turning
in m/s
RMAD Turning Velocity | Relative Mean Absolute Difference of velocity travelled while a subject
is turning in m/s
Turning Acceleration Average acceleration travelled while a subject is turning in m/s?
= | SD Turning Acceleration Standard Deviation of acceleration travelled while a subject is turning in
& m/s?
E Variance Turning Variance of acceleration travelled while a subject is turning in m/s?
< | Acceleration
g | MAD Turning Mean Absolute Difference of acceleration travelled while a subject is
< | Acceleration turning in m/s?
RMAD Turning Relative Mean Absolute Difference of acceleration travelled while a
Acceleration subject is turning in m/s?
Mean Turning Average of the Accelerometer Signal during the turning stage of the
Accelerometer Signal TUG testin g
SD Turning Standard Deviation of the Accelerometer Signal during the turning stage
Accelerometer Signal of the TUG testin g
Variance Turning Variance of the Accelerometer Signal during the turning stage of the
Accelerometer Signal TUG testin g
MAD Turning Mean Absolute Difference of /the Accelerometer Signal during the
Accelerometer Signal turning stage of the TUG test in g
RMAD Turning Relative Mean Absolute Difference of the Accelerometer Signal during
Accelerometer Signal the turning stage of the TUG testin g
Skewness Turning Degree of asymmetry in the accelerometer signal distribution
Accelerometer Signal
Kurtosis Turning Extent that the accelerometer signal distribution lies to the left of the
Accelerometer Signal mean signal amplitude
X, Y Turning Measure of mutual relationship between X and Y accelerometer signals
+. | Accelerometer Signal
2 Correlation
= X, Z Turning Measure of mutual relationship between X and Z accelerometer signals
Accelerometer Signal
Correlation
Y, Z Turning Measure of mutual relationship between Y and Z accelerometer signals
Accelerometer Signal
Correlation
X, Y Turning Measure of directional relationship between X and Y accelerometer
Accelerometer Signal signals
Covariance
X, Z Turning Measure of directional relationship between X and Z accelerometer
Accelerometer Signal signals
Covariance
Y, Z Turning Measure of directional relationship between Y and Z accelerometer
Accelerometer Signal signals
Covariance

Turning Power

Measure of physical power exerted by subject while turning. Measured
as the integral of the accelerometer signal
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Accelerometer Signal Maximum frequency of the accelerometer signal in Hz

Maximum Frequency

Accelerometer Signal Mean frequency of the accelerometer signal in Hz

Mean Frequency

Accelerometer Signal Median frequency of the accelerometer signal in Hz

Median Frequency

Accelerometer Signal The difference between the largest and smallest frequencies in the
Bandwidth accelerometer signal in Hz

Accelerometer Signal Mean of the total Power Spectral Density estimate of the accelerometer
Average Power signal in W/Hz

4.5 Feature Selection

4.5.1 PCA Selected Features

As discussed in Section 2.6.3.1, PCA reduces data dimensionality by maximising data
variance through an orthogonal transformation of the input features. Features were compressed

using PCA into 5 principal components for the 3m and 10m TUG data respectively.

4.5.2 1-way ANOVA Selected Features

As discussed in Section 2.6.3.2.2, statistical measures are used to assess the statistical
significance (p-value) of the derived features as an objective measurement of feature

importance.

For this feature selection method, the 1-way ANOVA statistical test was performed on every
feature across all subjects for both the 3m and 10m TUG data to determine which features are
statistically significant with a p-value < 0.05. Consequently, the null hypothesis, which stated
that the means of each of the groups are equal was rejected and the alternative hypothesis was
accepted with a 95% certainty of a statistical difference between the means of the selected

features.

Of the 178 derived features, the ANOVA feature selection method determined 43% and 41%
of the derived features for the 3m and 10m TUG data respectively, to be statistically
significant. Table 4.6 summarises the features that were deemed statistically significant by

both sets of TUG data.
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Table 4.6: Summary of the statistically significant features selected by the 1-way ANOV A statistical test for the 3m
and 10m TUG data

ANOVA Selected Features
Selected Features 3m TUG Data 10m TUG Data
Total TUG Test Time v v
Total Turning Time v v
Total Walking Time v v
Total Number of Steps v v
Mean Step Length v v
SD Step Length 4 v
Variance Step Length v v
MAD Step Length v v
RMAD Step Length 4 x
Encoder Difference v v
SD Step Velocity 4 v
Variance Step Velocity 4 v
RMAD Step Velocity 4 x
Mean Walking Velocity 4 v
SD Turning Velocity 4 v
MAD Turning Velocity 4 4
Variance Step Acceleration 4 4
RMAD Step Acceleration v v
Mean Turning Acceleration v v
SD Turning Acceleration 4 4
Variance Turning Acceleration 4 4
MAD Turning Acceleration 4 4
Mean Walking Z-axis Accelerometer Signal v v
SD Walking Z-axis Accelerometer Signal v v
Variance Walking Z-axis Accelerometer Signal 4 4
MAD Walking X, Y, Z-axis Accelerometer Signal 4 4
Skewness Walking X, Z-axis Accelerometer Signal 4 v
Kurtosis Walking Y, Z-axis Accelerometer Signal v v
Accelerometer Signal X, Z—axis Max Frequency X 4
Accelerometer Signal X, Z—axis Mean Frequency v X
Accelerometer Signal X, Y—axis Median Frequency 4 v
Mean Turning Y, Z-axis Accelerometer Signal 4 v
SD Turning X-axis Accelerometer Signal v v
Variance Turning Z-axis Accelerometer Signal 4 v
MAD Turning Y, Z-axis Accelerometer Signal 4 v
RMAD Turning X, Z-axis Accelerometer Signal 4 v
X, Y Turning Accelerometer Signal Correlation 4 v
Skewness Turning X, Y-axis Accelerometer Signal 4 v
Kurtosis Turning Y-axis Accelerometer Signal 4 v
Turning Power 4 X
Accelerometer Signal Y-axis Median Frequency 4 4
Accelerometer Signal X, Y, Z-axis Bandwidth v v
Accelerometer Signal X, Y, Z-axis Average Power v v

4.5.3 Medically Observable Features

As discussed in Section 2.6.3.2.1, healthcare professionals were consulted in order to select

features that are seen as clinically observable. The term “clinically observable” was chosen
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for these features, since these are characteristics which human healthcare examiners observe
or calculate (i.e. using a stop-watch) in the traditional, not instrumented TUG test. Table 4.7

depicts the 12 features selected from the entire feature set that have deemed clinically relevant.

Table 4.7: List of the medically observable features selected by a healthcare professional

Medically Observable Selected Features

Total TUG Test Time

Step Velocity

Total Walking Time

Step Velocity

Total Turning Time

Step Acceleration

Mean Step Time

Number of Steps (during the Test)

Step Time

Cadence (number of steps per min)

Step Length
Variance Step Length

4.5.4 FSS Features

It was seen that the healthcare professionals selected only 6.74% of the feature-set, (12 features
out of the 178 features). It was reasoned that the remaining features should not be discarded
to keep this study impartial and objective. Therefore, the 166 frequency, sensor and statistical
features that were not selected by the healthcare professionals have been employed as a feature

selection method in order to assess the discriminating powers of these features.

4.6 Discrimination System

As discussed in Section 3.7.5 and summarised in Table 3.1, a total of 4 experiments were
conducted in order to answer part 1 and 2 of the research question. Table 4.8 summarises the
results of these experiments, highlighting the aim of the experiment, the data used for the

experiment and the results of the experiment.

In Experiment 2 and Experiment 3, there was a class imbalance noted, especially with the
smaller number of non-treatment patients in the dataset. In order to diminish the effects of this
imbalance, bootstrap aggregating has been performed on the data with 50 random subsamples
taken using sampling with replacement. Moreover, additional evaluation metrics have been
included in the form of accuracy, sensitivity, specificity and confusion matrices to measure
the overall performance of the BDT classifier. Nevertheless, the possible effects of this

imbalance have been noted and are discussed in Chapter 5.
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Table 4.8: Summary of the performed experiments describing their purpose, the data used for each experiment and
the results of each experiment

Number Experiment Data Used Experiment Results
Purpose
1 To determine the Number of Subjects= 51 Optimal Number of Trees = 50
optimal number of trees | Data = 3m TUG Data
that the BDT algorithm 10m TUG Data
needs that allow for
effective classification
across the feature
selection methods.
2 To assess the system’s Number of Subjects =51 3m TUG Data:
ability in differentiating | Data = 3m TUG Data, Best Feature Selection Method = PCA
between the 3 subject 10m TUG Data Accuracy =92.16% + 3.92%
groups (treatment Sensitivity = 82.35%
patients, non-treatment Specificity = 93.38%
patients, and controls).
10m TUG Data:
Best Feature Selection Method = PCA
Accuracy = 90.20% * 3.86%
Sensitivity = 81.37%
Specificity = 92.54%
3 To assess the system’s Number of Subjects = 40 3m TUG Data:
ability in differentiating | (PD Patients only) Best Feature Selection Method = PCA
between the PD patients | Data =3m TUG Data, Accuracy = 90.00% + 4.12%
who were administered 10m TUG Data Sensitivity = 97.06%
medication versus the Specificity = 50.00%
PD patients who were
not administered 10m TUG Data:
medication. Best Feature Selection Method = PCA
Accuracy = 87.50% + 4.63%
Sensitivity = 94.12%
Specificity = 50.00%
4 To assess the system’s Number of Subjects = 34 3m TUG Data:
ability in differentiating | (Treatment Group, H&Y 2 | Best Feature Selection Method = ANOVA
between treatment and H&Y 3) Accuracy =79.41% + 4.26%
patients who were Data = 3m TUG Data, Sensitivity = 85.00%
assigned H&Y clinical 10m TUG Data Specificity = 73.43%
scores of 2 and 3
respectively, by a 10m TUG Data:
healthcare professional. Best Feature Selection Method = ANOVA
Accuracy = 76.47% + 4.57%
Sensitivity = 80.00%
Specificity = 73.43%

The following subsections describe the results of these experiments in detail. Table 4.8

conveys that the 3m TUG and 10m TUG results are similar for all the tests, and moreover, the

3m TUG results are slightly higher than the 10m ones. Since the 3m is also the test favoured

by healthcare professionals (being the original TUG), only the results for 3m TUG data will

be detailed. The results for the 10m TUG data are found in Appendix B.
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4.6.1 Experiment 1 — Finding the Optimal Number of Trees

As with all machine learning tasks, there is a trade-off between classification accuracy and
complexity or execution time [68]. In the BDT method, classification performance and
execution time are proportional to the number of decision trees within the BDT classifier [68,
70]. Therefore, to make the system both accurate and efficient, an optimal number of trees to

classify a class has been calculated.

All 51 subjects’ TUG data was used for this experiment using 10-fold cross-validation. Figure
4.8 shows that approximately 50 decision trees are the optimal number of trees needed for
bootstrap aggregating to yield the highest classification accuracy of the bagged decision tree

algorithm across the five feature selection methods, for the 3m TUG data.

Bagged Decision Tree Accuracy vs Number of Trees
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Figure 4.8: Accuracy of the BDT classifier vs. Number of Trees, highlighting the optimal number of trees needed
across the implemented feature selection methods, for the 3m TUG data

4.6.2 Experiment 2 — Classification of the 3 Subject Groups

This experiment was performed to determine the discriminating power of the derived features,
in differentiating between the subject groups (treatment patients, non-treatment patients, and

controls).
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All 51 subjects’ TUG data was used for this experiment using 10-fold cross-validation and 50
decision trees. It was noted for this experiment that there was a class imbalance with a smaller
number of non-treatment patients within the dataset. In order to diminish the effects of this
imbalance, the BDT classifier has been implemented using bootstrap aggregating.
Consequently, 50 random subsamples have been taken using sampling with replacement.
Additionally, extra evaluation metrics have been included in the form of accuracy, sensitivity,

specificity and confusion matrices to measure the overall performance of the BDT classifier.

Figure 4.9 depicts the performance of the BDT classifier across the five feature selection
methods, highlighting the average accuracy of the BDT classifier for each input within a 95%

confidence bound.

Bagged Decision Tree Classifier Performance across Feature Sets for 3 Groups Classification

3m TUG Data
100 —

Accuracy [%)

All PCA ANOVA Medically Observable FSS Features
Feature Selection Method

Figure 4.9: Accuracy of the BDT classifier using the five feature selection methods as an input to classify the 3
subject groups, for the 3m TUG data

As seen, using the feature-set selected by PCA as an input results in the best BDT classification
performance. Figure 4.10 depicts the confusion matrix of the Bagged Decision Tree classifier

using this feature-set, highlighting the nature of the classification errors, in terms of how each

class 1s misclassified.
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3m TUG Data - PCA Features Confusion Matrix (Accuracy:92.16%)
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Figure 4.10: Confusion Matrix of the BDT classifier using the feature-set selected by PCA as an input for
classification of the 3 Subject Groups. The actual classes (columns) are the subjects divided into their real subject
groups (treatment patients, non-treatment patients, and controls) and the predicted classes (rows) are the BDT
classifier output for each subject into the 3 groups. Each cell contains both the number and percentage of subjects
classified by the BDT algorithm, for the 3m TUG data

Table 4.9 expresses the individual sensitivity and specificity of each class (subject group) as

well as the average sensitivity and specificity and accuracy of the BDT classifier using the

feature-set selected by PCA as its input.

Table 4.9: Classification results for the BDT classifier using the feature-set selected by PCA as its input for
classification of the 3 subject groups, for the 3m TUG data

Class
Treatment Patients Non-treatment Patients Controls | Average
Sensitivity [%] 97.06 50.00 100.00 82.35
Specificity [%] 82.35 97.78 100.00 93.38

Figure 4.9 shows that using the PCA feature selection method as an input results in the best
classification performance of the BDT classifier with the highest accuracy 0f 92.16% + 3.92%,
a sensitivity of 82.35% and a specificity of 93.38%, for the 3m TUG data. Further conclusions

from this experiment are discussed in Chapter 5.
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4.6.3 Experiment 3 — Classification between Treatment Patients and Non-

treatment Patients

This experiment was performed to further assess the distinguishing power of the derived
features, in differentiating and discriminating between the PD patients who were administered

medication and the PD patients who were not administered medication.

Hence, all controls were removed from this experiment. The remaining 40 patients’ TUG data
was used for this experiment using 10-fold cross-validation and 50 decision trees. It was noted
for this experiment that the class imbalance still exists, with a much smaller number of non-
treatment patients compared to the treatment patients. In order to diminish the effects of this
imbalance, the BDT classifier has been implemented using bootstrap aggregating.
Consequently, 50 random subsamples have been taken using sampling with replacement.
Additionally, extra evaluation metrics have been included in the form of accuracy, sensitivity,

specificity and confusion matrices to measure the overall performance of the BDT classifier.

Figure 4.11 shows the average accuracy of the BDT classifier using the five feature selection
methods as an input to classify between treatment patients and non-treatment patients within

a 95% confidence bound.
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Figure 4.11: Accuracy of the BDT classifier using the five feature selection methods as an input to classify treatment
patients vs. non-treatment patients, for the 3m TUG data
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As seen, like Experiment 2, using the feature-set selected by PCA as an input results in the
best BDT classification accuracy. Figure 4.12 depicts the confusion matrix of the BDT
classifier using this feature-set as its input. This confusion matrix displays the best
performance of the BDT classifier for this experiment and in doing so highlights the nature of

how the two classes are misclassified.

3m TUG Data - PCA Features Confusion Matrix (Accuracy:90%)

Treatment Patient

Predicted Class

Placebo Patient

Treatment Patient Placebo Patient
Actual Class

Figure 4.12: Confusion Matrix of the Bagged Decision Tree Algorithm using the feature-set selected by PCA as an
input for classification of treatment patients vs. non-treatment patients. The actual classes (columns) are the subjects
divided into treatment patients and non-treatment patients and the predicted classes (rows) are the BDT classifier
output of each subject into these 2 groups. Each cell contains both the number and percentage of subjects classified
by the BDT algorithm, for the 3m TUG data

Table 4.10 expresses the accuracy, sensitivity and specificity of the BDT classifier using the
feature-set selected by PCA as it input, highlighting the detection rate and false detection rate

of the treatment patients and the non-treatment patients.

Table 4.10: Classification results for the BDT classifier using the feature-set selected by PCA as its input for
classification of treatment patients vs. non-treatment patients, for the 3m TUG data

Accuracy [%)] 90.00 £4.12
Sensitivity [%] 97.06
Specificity [%] 50.00

Figure 4.11 demonstrates that using the PCA feature selection method as an input results in
the best classification performance of the BDT classifier with the highest accuracy of 90.00%
* 4,12%, a sensitivity of 97.06% and a specificity of 50.00%, for the 3m TUG data. Further

conclusions from this experiment are discussed in Chapter 5.
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4.6.4 Experiment 4 — Classification between Treatment Patients H&Y 2 and
H&Y 3 Clinical Scores

This experiment was performed to assess the distinguishing power of the derived features, in
differentiating and discriminating between only the treatment patients with H&Y clinical

scores of 2 and 3.

Hence, all non-treatment patients and controls were removed from this experiment. The
remaining 34 subjects’ TUG data was used for this experiment using 10-fold cross-validation
and 50 decision trees. The BDT classifier has been implemented using bootstrap aggregating.
Consequently, 50 random subsamples have been taken using sampling with replacement.
Additionally, extra evaluation metrics have been included in the form of accuracy, sensitivity,

specificity and confusion matrices to measure the overall performance of the BDT classifier.

Figure 4.13 depicts the average accuracy of the BDT classifier using the five feature selection
methods as an input to classify treatment patients in terms of their H&Y 2 and H&Y 3 clinical

scores within a 95% confidence bound.

Bagged Decision Tree Classifier Performance across Feature Sets for H\&Y 2 vs. H\&Y 3 Clinical Scores
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Figure 4.13: Accuracy of the BDT classifier using the five feature selection methods as an input to classify treatment
patients in terms of their H&Y 2 and H&Y 3 clinical scores, for the 3m TUG data
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Unlike Experiment 2 and Experiment 3, using the feature-set selected by the 1-way ANOVA
method as an input results in the best BDT classification accuracy. Figure 4.14 shows the
confusion matrix of the Bagged Decision Tree classifier using this feature-set, highlighting

the nature of the classification errors, in terms of how each class is misclassified.

3m TUG Data - ANOVA Features Confusion Matrix (Accuracy:79.41%)

H&Y 2
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H&Y 3
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Figure 4.14: Confusion Matrix of the BDT Algorithm using the feature-set selected by ANOVA as an input for
classification of the treatment patients according to their H&Y clinical scores. The actual classes (columns) are the
subjects divided into their H&Y 2 and H&Y 3 clinical scores and the predicted classes (rows) are the BDT classifier
output of each subject into these 2 groups. Each cell contains both the number and percentage of subjects classified

by the BDT algorithm, for the 3m TUG data

Table 4.11 expresses the accuracy, sensitivity and specificity of the BDT classifier using the
feature-set selected by the 1-way ANOVA method as it input, highlighting the detection rate

and false detection rate of the treatment patients according to their H&Y clinical scores.

Table 4.11: Classification results for the BDT classifier using the feature-set selected by ANOVA as its input to
classify treatment patients in terms of their H&Y 2 and H&Y 3 clinical scores, for the 3m TUG data

Accuracy [%] 79.41 + 3.86
Sensitivity [%] 85.00
Specificity [%] 71.43

Figure 4.13 shows that using the 1-way ANOVA feature selection method as an input results

in the best classification performance of the BDT classifier with the highest accuracy of
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79.41% =+ 3.86%, a sensitivity of 85.00% and a specificity of 71.43%, for the 3m TUG data.

Further conclusions from this experiment are discussed in Chapter 5.

4.7 Key Feature Identification

The PCA algorithm yielded the best BDT classification performance in terms of accuracy,
sensitivity, and specificity for Experiment 1. In order to assess the features that best
contributed to the first principal component, a threshold was applied on the absolute
correlation coefficient values: the 43 features that produced at least a moderate absolute

correlation coefficient (greater than 0.5) were deemed the most important features. Table 4.12

lists the 43 features found, separating straight-line walking features and turning features.

Table 4.12: List of the 43 key features that had a moderate-very high absolute correlation coefficient between the
original features and the first principal component

Key Features

Straight Line Walking Features

Turning Features

Total TUG Test Time Mean Turning Acceleration
Total Walking Time MAD Turning Acceleration
Mean Step Length Mean Turning Z-axis Accelerometer Signal

SD Step Length

RMAD Turning Z-axis Accelerometer Signal

Variance Step Length

Skewness Turning X, Y-axis Accelerometer Signal

MAD Step Length

Kurtosis Turning Y-axis Accelerometer Signal

RMAD Step Length

Turning Power

Encoder Difference

Accelerometer Signal Y—axis Median Frequency

SD Step Velocity

Accelerometer X, Y, Z-axis Signal Bandwidth

Variance Step Velocity

RMAD Step Velocity

Mean Walking Velocity

Variance Step Acceleration

RMAD Step Acceleration

Mean Walking Y-axis Accelerometer Signal

SD Walking Z-axis Accelerometer Signal

Variance Walking Z-axis Accelerometer Signal

RMAD RMS-Z Accelerometer Signal

RMS, Z Walking Accelerometer Signal Correlation

RMS, Z Walking Accelerometer Signal Covariance

Skewness Walking RMS—-Z Accelerometer Signal

Kurtosis Walking RMS-Z, Z-axis Accelerometer Signal

Accelerometer Signal X, Z—axis Max Frequency

Accelerometer Signal X, Z—axis Mean Frequency

Accelerometer Signal X, Y—axis Median Frequency

Accelerometer Signal X, Z, RMS Bandwidth

4.8 Key Feature Validation

In order to validate that the key features of Table 4.12 are able to discriminate between the

treatment patients, non-treatment patients and controls, these features are fed into the BDT
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classifier and its accuracy, sensitivity, and specificity is compared with the results of

Experiment 1.

The 51 subjects’ 3m TUG data was used for this validation experiment using 10-fold cross-
validation and 50 decision trees. As in Experiment 1, it was noted for this experiment that the
class imbalance exists due to the significantly smaller number of non-treatment patients. In
order to diminish the effects of this imbalance, the BDT classifier has been implemented using
bootstrap aggregating. Consequently, 50 random subsamples have been taken using sampling
with replacement. Additionally, extra evaluation metrics have been included in the form of
accuracy, sensitivity, specificity and confusion matrices to validate the overall performance of

the BDT classifier.

Figure 4.15 compares the performance of the BDT classifier using the key features subset as
input against the PCA selected feature-set, highlighting the accuracy as well as the average

sensitivity and the average specificity of the BDT classifier for each input.
Exagerated Bagged Decision Tree Classifier Performance across Feature Sets for 3 Groups Classification
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Figure 4.15: Performance comparison of the BDT classifier comparing the key features performance against the
PCA selection method in terms of classification of the 3 subject groups, for the 3m TUG data
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The figure illustrates that using the key features feature-set as an input yields a slightly reduced
performance than the PCA method, but the proportion between the measures is similar. Figure
4.16 depicts the confusion matrices of the BDT classifier using the key features as its input

for the 3m TUG data. This highlights the nature of the classification errors, in terms of how

each class is misclassified.

3m TUG Data - Key Features Confusion Matrix (Accuracy:90.2%)

94.1%
32
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Figure 4.16: Confusion Matrix of the BDT Classifier using the key features as an input for classification of the 3
subject groups. The actual classes (columns) are the subjects divided into their real subject groups (treatment
patient, non-treatment patient and control) and the predicted classes (rows) are the BDT classifier output of each
subject into the 3 groups. Each cell contains both the number and percentage of subjects classified by the BDT
algorithm, for the 3m TUG data

Table 4.13 expresses the sensitivity and specificity of each class (subject group) as well as the

average sensitivity and specificity and accuracy of the BDT classifier using the key features

feature-set as its input.

Table 4.13: Classification results for the BDT classifier using the key features feature-set as its input for
classification of the 3 subject groups, for the 3m TUG data

Class
Treatment Patients Non-treatment Patients Controls | Average
Sensitivity [%] 94.12 50.00 100.00 81.37
Specificity [%] 82.35 95.56 100.00 92.64
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Table 4.14 compares the accuracy, average sensitivity, and average specificity of the BDT

classifier using the key features subset against the same performance measures of the PCA

input subset.

Table 4.14: BDT classifier results, comparing the key features against the PCA feature selection method inputs for

classification of the 3 subject groups, for the 3m TUG data

3m TUG Data [%]

Key Features PCA
Accuracy 90.20 £ 4.26 92.16 £3.92
Sensitivity 81.37 82.35
Specificity 92.64 93.38

In spite of the slightly reduced classification performance using the key features as compared

to the PCA, the key features set is a subset of the original features and is useful for further

analysis and interpretations of these features in the context of discrimination between the

treatment patients, non-treatment patients, and controls. Further conclusions of this

experiment are discussed in Chapter 5.
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Chapter 5. Discussion and Conclusion

5.1 Key Findings

5.1.1 Research Goals

The primary goal of this research was to answer the following question “To what extent can
features extracted from signals acquired by walker mounted sensors identify changes in PD

patient gait due to treatment.”
This question is translated into three objectives as follows:

1. To determine to what extent combinations of these features provide a classification of
the three subject groups.

2. To determine to what extent these features or their combinations identify the severity
of the disease according to H&Y clinical scales.

3. To determine which of these features, derived from kinematic signals from walker
mounted sensors best discriminate PD patients gait changes due to treatment compared

to non-treatment patients and controls.

Discussion of the results that answer this question is outlined in the succeeding subsections.

5.1.1.1 Experiment 2 — Classification of the 3 Subject Groups

The aim of this experiment was to gain insight into how the treatment patients responded to
medication compared to non-treatment patients and controls. This was assessed through the
BDT classifiers ability to differentiate between the three subject groups. Part 1 of the research
question has been answered using a BDT classifier with 50 decision trees and was validated

using 10-fold cross-validation.
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For this experiment, it was noted that there was a class imbalance, especially with a smaller
number of non-treatment patients compared to the other two groups. The BDT classifier was
implemented using bootstrap aggregating to mitigate some of the class imbalance effects.
Furthermore, additional evaluation metrics were included in this study, in the form of
accuracy, sensitivity, specificity and confusion matrices, to validate the overall performance

of the classification.

As outlined in Section 4.6.2, using the feature-set selected by PCA resulted in the best
classification performance with an accuracy of 92.16% + 3.92%, sensitivity of 82.35%, and

specificity of 93.38% measured, for the 3m TUG data.

3-class classification of gait data in PD was not found in literature. The performance
comparison is therefore made to a 2-class (binary) classification results. A previous research
analysed signals from wearable sensors, attached to a person’s shoe to detect severe PD
patients from controls with an accuracy of 91%, a sensitivity of 100% [77]. The current
research accuracy (92.16%) is consistent with this finding, while the current research
sensitivity (82.35%) is far worse. Naturally, a 3-class classification differs from a 2-class
(binary) classification. In the current research, 2 of the 3 classes are PD patients and one is a
control group. Therefore, it seems plausible that the 2 classes of PD patient would be less

distinguishable, lowering the sensitivity.

This assumption is corroborated by further inspection of the performance of the BDT
classifier. The PCA selected feature-space confusion matrix in Figure 4.10 displays the best
classification performance in terms of accuracy (92.16%), sensitivity (82.35%), and
specificity (93.38%) as well as the type of classification errors. All controls in this experiment
were successfully identified and discriminated from treatment patients and non-treatment
patients. This finding implies a similar pattern to previous findings, where the PAMMII
instrumented discriminated PD patients from controls with sensitivity and specificity scores
of 91% and 95% respectively [16].

However, as demonstrated in Table 4.9, the decrease in these average performance measure
stems from the result that 50.00% of the non-treatment patients were misclassified as treatment
patients. No definite explanation could be found for this finding. Some plausible suggestions

follow: A previous study suggested that placebo treatments can have a strong influence on PD
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symptoms even if the patient is aware that the treatment is a placebo or for control purposes
[78]. Although in the current experiment the non-treatment patients did not get treatment at
all, the influence of placebo effects cannot be excluded, as the consultation with one’s doctor
may have caused some non-treatment patients to feel “treated” [78]. This may have caused the
changes seen in some the non-treatment patients. Notably, those few non-treatment patients
who agreed to participate in the study and sit for 3 hours between the tests, are a minority of

the patients who asked to, which may explain their assumed “changes”.

The interpretation can also consider the results of the treatment group, which show high
discrimination: 33 of 34 patients in this group were correctly classified as treatment patients.
Assuming that the features convey changes before and after the treatment, this result implies
that these patients have gone through a change. Amantadine has been shown to improve PD
patient condition over time [79]. Naturally, not all patients respond similarly: Previous clinical
trials conducted on 36 patients receiving Amantadine showcased efficacious improvements in
64% of patients [79]. Another study exhibited a 60% improvement in terms of dyskinesia
across 14 patients who completed the trial [80]. The much higher percentage of assumed
“responders” to the treatment in the current study (97.06%) may imply that either the majority
of treatment patients are indeed responding to the Amantadine-Sulphate IV medication or that
the system is too sensitive, detecting small changes which means that the successful detection
rate of the treatment patients is probably exaggerated. The latter argument could also explain
the result that 50% of the non-treatment patients also appear to “respond” and suggest that the
system may be too sensitive picking up subtle changes across both the treatment patients and
non-treatment within the short 3-hour test frame. The psychological and physical factors
which affected both groups of PD patients in the 3-hours they spent in the hospital, being
surrounded by doctors, nurses, and other patients may have caused the changes in most PD

patients regardless of the treatment given.

Another interpretation can be a methodology-related one: regardless of all the efforts taken to
diminish and mitigate the effects of the class imbalance within experiment 2, there still may
be imbalance effects, which may explain some of the findings. Moreover, only 6 non-treatment
patients were employed in this study. This cohort must be increased to provide conclusive
evidence regarding these findings. Therefore, future research requires additional subjects
(treatment patients, non-treatment patients, and controls) to further validate the methodology

and provide clearer insight into the group differences. Particularly, if these results are
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improved for a larger more balanced cohort, the system could be used as a marker that can
predict if a PD patient will respond to this treatment already in a first session. If no response

is indicated, doses may need to be changed, or a different treatment started.

An additional experiment was performed, limiting the method to a 2-class discrimination in
order to further assess the system’s ability to distinguish between the treatment patients and

non-treatment patients, excluding the controls. This is discussed in the succeeding subsection.

5.1.1.2 Experiment 3 — Classification between Treatment Patients and Non-

treatment Patients

The aim of this experiment was to re-validate the findings of experiment 2, examining if the
classifier’s results will be different when the controls were excluded from the data and the
classification was reduced to 2-classes only: PD patients who were administered medication
(treatment patients) and PD patients who were not administered medication (non-treatment
patients). The same BDT classifier with 50 decision trees was used for this experiment and

validated using 10-fold cross-validation.

It was noted that the class imbalance still exists in this experiment. Therefore, the BDT
classifier was implemented again using bootstrap aggregating to mitigate some of the class
imbalance effects. Additionally, extra evaluation metrics were included in the form of
accuracy, sensitivity, specificity and confusion matrices to measure the overall performance

of the classification.

The PCA feature selection method as an input to the classifier yielded again the best
classification performance with an accuracy of 90.00% + 4.12%, sensitivity of 97.06%, and

specificity of 50% measured for the 3m TUG data.

To the knowledge of the author, this type of classification experiment, where sensors were
used for the analysis and machine learning classification, performed for PD treatment efficacy
has not been performed to date. Therefore, a comparison with previous literature could not be

accomplished.
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Interpreting the best classification results of this experiment, in terms of the highest accuracy,
sensitivity, and specificity, the results obtained support the findings of Experiment 2. Both
experiments found that the PCA selected feature-space resulted in the best classification
performance. In both experiments, 97.06% of the treatment patients were identified

successfully whereas only 50% of the non-treatment patients were identified successfully.

Within this experiment, a class imbalance between the 2 groups still existed. Regardless of all
the care taken to diminish and mitigate the effects of the class imbalance, there still remained
an imbalance. The small class of 6 non-treatment patients may also have produced a bias being

too small.

The results of the 2 first experiments, therefore, indicate that more research is needed to
validate these initial findings, in order to provide a likely interpretation. The methodology
employed in this study should be examined by using a larger cohort of non-treatment patients.
Since no objective measure of improvement exist, a patient’s self-report, which is the way the
treatment was evaluated in former non-instrumented studies, could also be used for validating

patients’ improvement.

With larger and balanced cohorts, this system may be useful to further explore differences in
response in different patients’ groups (looking at age, gender, other clinical measures, disease
history and more), which may have insights for understanding PD and determining the
suitability of Amantadine-Sulphate IV and other treatments. Additionally, all treatment
patients received the same dosage Amantadine-Sulphate IV. Certain patients may require
higher or lower dosages to improve their condition. Future research could be performed using

this system to evaluate this postulation.

5.1.1.3 Experiment 4 — Classification between Treatment Patients H&Y 2 and
H&Y 3

The aim of this experiment was to further explore which treatment patients responded to their
respective treatments and to examine if this response could be predicted by their H&Y clinical
scores. This is assessed through the BDT classifiers ability to differentiate between treatment
patients who were assigned an H&Y score of 2 and 3 by a healthcare professional. Part 2 of
the research question has been answered using a BDT classifier with 50 decision trees and was

validated using 10-fold cross-validation.
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As opposed to the previous experiments, where PCA feature selection yielded the best
classification performance, in this experiment the 1-way ANOVA selected feature-space as an
input, resulted in a marginally better classification performance with an accuracy of 79.41%

+ 4.26%, a sensitivity of 85.00%, and a specificity of 73.43%, for the 3m TUG data.

To the knowledge of the author, this type of classification experiment has not been
implemented to date where changes in gait before-and-after medication are calculated (as
discussed in Section 3.5.2) and classified. This kind of feature extraction (looking at
differential values, or changes) removes the inherent differences between individual subjects’
gait. Presumably, this emphasises the differences between each subjects’ walking tests before-
and-after medication rather than the difference between individuals. However, by removing
the differences between individuals, it may increase the likeness and resemblance between
subjects in the different H&Y subject groups, especially if they responded in a comparable

manner, thus reducing the classifier performance.

The 1-way ANOVA selected feature-space confusion matrix shown in Figure 4.14 highlights
the best classification performance of this experiment in terms of accuracy (79.41%),
sensitivity (85%%), and specificity (73.43%). This confusion matrix highlights the type of
classification errors that were obtained. As seen, 15% of the H&Y 2 treatment patients have
been misclassified as H&Y 3 and 29% of the H&Y 3 treatment patients have been
misclassified as H&Y 2. The only similar variable between the two groups of patients was the
dosage of Amantadine-Sulphate IV that was administered to all. Differences in age, gender,
and physical condition may prove to affect more the response than ‘these patients H&Y
severity scale. Future research could incorporate patient groups who receive different dosages
of the medication to assess the full effects of the treatment. A larger patient group is needed

in order to examine the effects of these variables.

5.1.1.4 Feature Selection Methods

A large feature-set, consisting of 178 features was computed in this research. These features
included the standard medically observable, spatiotemporal features (such as step length, step
velocity, step acceleration, cadence etc.) as well as frequency related features (such as max
frequency, mean frequency, median frequencies, bandwidth etc.), sensor features (such as

accelerometer signal correlations and accelerometer signal covariance etc.) and statistical
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measures (such as mean absolute differences, relative mean absolute differences and
accelerometer signal correlations etc.) to improve the analysis of this study and assess the
capabilities of multiple feature selection methods.

As discussed in Section 3.6, four feature selection methods were implemented:

e A PCA feature subset,

e An ANOVA feature subset,

e A Medically Observable (Neurologist selected) spatiotemporal feature subset, and

e An FSS feature subset that included the remaining features not-selected by the

neurologist.

The results have shown that using the feature subsets selected by the PCA and the 1-way
ANOVA feature selection methods as inputs into the BDT classifier produced the best
classification performance in terms of accuracy, sensitivity, and specificity across the
experiments. The PCA and the 1-way ANOVA feature subsets included both Medically
Observable features and FSS features. This suggests that a combination of the traditional
Medically Observable feature subset and the FSS feature subset should be used to better
classify treatment patients, non-treatment patients, and controls as well treatment patients

according to the H&Y clinical scores.

5.1.1.5 Key Features Identification and Validation

Part 3 of the research question has been answered by interpreting which features contributed
the most to the PCA technique. 43 key features were found (listed in Table 4.12) and resulted
in a comparable albeit slightly lower accuracy, sensitivity and specificity in the classification
compared to the PCA method (illustrated in Figure 4.15). These results suggest that using the
subset of the key features is a desirable trade-off, further reducing the feature space while
providing the additional capability of interpreting individual features from the original set and

producing only slightly lower classification performance.

Furthermore, the key features sub-space is larger than the ones used in previous studies [10,
23, 27, 13, 49]. This stems from the fact that the feature extraction stage (Section 3.5 and
Section 4.4) of this research included standard medically observable, spatiotemporal features

(such as step length, step velocity, step acceleration, cadence etc.) as well as adapted frequency
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related features (such as max frequency, mean frequency, median frequencies, bandwidth
etc.), sensor features (such as accelerometer signal correlations and accelerometer signal
covariance etc.) and statistical measures (such as mean absolute differences, relative mean
absolute differences and accelerometer signal correlations etc.). This approach is unique to
this study. The results obtained across all experiments suggest that this approach may be

advantageous for future research.

5.1.1.5.1 Interpretation of the Key Features

The key features subset included 43 features listed in Table 4.12.

Previous studies placed emphasis on extracting the spatial and temporal features of gait
namely: step velocity, step time and step length with these features being derived from
wearable sensors or instrumented walkers [27, 13, 16]. The key features set in this contains
features from four feature categories namely: spatiotemporal features (3/43), adapted

frequency related features (13/43), sensor features (11/43), and statistical measures (16/43).

Variations of step length and step velocity are found in the list of key features (Table 4.12),
which corroborates past studies [27, 13, 16]. However, a significant percentage of additional
features: frequency features, sensor feature, and statistical measures were included in this
study’s key features feature-space. This suggests that the gait analysis of PD patients’ response
to treatment should be expanded beyond the traditionally used medically observable, time-
based features. Additional abstract and mathematical features such as frequency features,
sensor feature, and statistical measures should be included in future similar research as these
features may yield further insights into PD patients’ response to treatment and the general

understanding of PD.

5.1.2 Differences between the 3m and 10m TUG Data

The experiments of this study were performed on both the 3m and 10m TUG walking test
data. As summarised in Table 4.8, using the 3m and 10m TUG data produced similar
discrimination performance in terms of accuracy, sensitivity, and specificity across each
experiment. This is corroborated by a previous study where the PAMMII device was used to
record a 3m and 10m TUG walking tests of PD patients and controls [16]. Results showed
that both TUG walking tests maintained a similar subject classification sensitivity and

specificity of 91% and 95% for the 3m test and 96% and 100% for the 10m test in [16]. Thus,
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it is reasoned that only one TUG test should be considered in future studies. Furthermore, it is
preferable to use the 3m TUG test only as it is shorter, the original standard TUG test and

results in higher classifier performance accuracy.

5.1.3 Conclusions regarding the use of the PAMMII Instrumented Walker

This research task utilised data that was pre-acquired from a trial using the PAMMII
instrumented walker (as outlined in Section 3.2). This device was selected for this research
owing to the success of a PAMMII study (mentioned in Section 2.5.4) as well as the fact that
the PAMMII system is an affordable and easy-to-use solution that requires no professional
labour to measure the gait of a PD patient, in both a clinic and home setting on a daily basis

or as needed.

This device uses low-cost sensors that are mounted on a 3™ party apparatus. This resulted in a
more challenging signal pre-processing task, specifically in establishing when a subject is
walking and turning/stationary as well as when a subject’s foot touches the ground while
walking for gait extraction. The proceeding subsections will offer insight into the pre-

processing required.

5.1.3.1 Accurate Movement Stage Identification

In general, a movement is composed of several stages, which are different in properties (i.e.
straight line vs. circular) and/or separated by no-motion periods. The TUG walking test
protocol used in the PAMMII trial showed that subjects walking patterns can be partitioned

into two phases of straight-line walking that are separated by a turning phase.

This being said, these walking patterns are seen to vary across subjects. Some patients
complete the protocol without a break in a timely manner while other patients stop during the
test for short or long periods as needed. The implemented Movement Stage Identification
algorithm differentiated between these stages successfully. This shows the capabilities of the
PAMMII system’s low-cost distance encoders measurements and its numerically
differentiated velocities. However, this algorithm has been built for the pre-acquired 3m and
10m datasets. Consequently, it is reasoned that this algorithm should be tested using other

trials and datasets to fine-tune the thresholds of this algorithm as outlined in Figure 3.3.
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5.1.3.2 Accurate Footfalls Detection

A basic quantity of walking, which decomposes it into elementary sections is the footfall. As
discussed throughout Section 2.3 there is a relationship between PD and gait. Moreover, gait
analysis systems as detailed in Section 2.5 see the footfall as a necessity to calculate reliable

gait features.

As mentioned in Section 3.4, the implemented Footfalls Detection Algorithm was performed
by the author of this thesis, in collaboration, and published [73]. This previous work compared
the newly proposed Z-axis accelerometer algorithm (86% accuracy) described in this research
against another replicated footfall detection algorithm (69% accuracy) that utilises the
difference between force sensors (placed on the instrumented walker’s handles) to estimate
footfalls [73]. Results from [73] highlight the superiority of the newly proposed Z-axis
accelerometer algorithm which incorporates EMD filtering and peak detection to identify

footfalls (Section 3.4.2).

The following list summarises the key findings regarding the EMD filtering of the original Z-

axis accelerometer signals using the reconstruction of the EMD signal from IMF levels 1-4:

1. IMF level 1: Reconstruction from IMF level 1 recombined all components of the
original signal. Therefore, no noise is removed. This resulted in a footfalls detection
accuracy of 72%.

2. IMF level 2: Reconstruction from IMF level 2 removed some components of noise in
the signal. This resulted in a footfalls detection accuracy of 82%.

3. IMF level 3: Reconstruction from IMF level 3 removed the most components of noise
in the signal. This resulted in the best footfalls detection accuracy of 86%.

4. IMF level 4: Reconstruction from IMF level 4 removed key characteristics of the
original. Therefore, important features and signal information is lost. This resulted in

a footfalls detection accuracy of 78%.

Thus, is reasoned that IMF level 1 and IMF level 2 contained the signal’s high-frequency noise
components and IMF level 4 and higher levels contained key characteristics pertaining to the
signal. This corroborates findings in [39, 45]. Ultimately, it was found that when using the
EMD filtering technique, reconstructing the signal from IMF level 3 produced the highest
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footfall detection accuracy (86%) further illustrated by Figure 4.6 and Figure 4.7. This has
been deemed to occur owing to the fact that high-frequency noise and baseline drift was

removed from the original signal while key signal characteristics were preserved.

5.2 Key Findings Impact

The proposed methodology can potentially be used to quantify the response to treatment in
PD patients using kinematic signals acquired from a user-friendly, low-cost instrumented
walker. The results extend previous studies that have shown the viability of these walker
mounted sensors as an objective measurement system, provide feasibility to detect changes
due to treatment. The results imply a capability to discriminate between PD patients who were
administered medication, non-treatment patients and controls and to a lesser degree, between
different stages of PD. A possible practical implication of these results is to provide more
usable, continuous patient care: Such a device could be used by the patients when waiting for
their appointment in the clinic, without needing a healthcare professional to administer the
test, or at home, and allow clinicians to continuously monitor patient condition, treatment

courses, and disease progression.

5.2.1.1 New Methods to Overcome Noise and Limitations of Low-cost Sensors

As discussed in Section 2.5.4, the PAMMII instrumented walker makes use of noisy, low-
cost, off-body walker mounted sensors to record measurements. Compared to previous studies
(Section 2.5.3), these properties of the system are significant, as former studies incorporated
good quality, expensive sensors that are placed on the person’s body which yield more reliable
and consistent results but also reduced the affordability and usability of these systems. Using
the PAMMII system provided a signal processing challenge. As shown, using signal pre-
processing techniques (as discussed in Section 3.4) the limitations of low-cost noisy sensors

can be overcome increasing the affordability of potential future solutions.

5.2.2 New Footfalls Detection Algorithm

The accelerometer footfalls detection algorithm utilised in this research correctly predicts
footfalls with an 86% accuracy rate using a low-cost accelerometer that is placed on a 3" party
apparatus to the user. A footfall is seen as a basic element of walking and gait analysis.
Therefore, this algorithm may be replicated using other instrumented walkers or exo-body

device for gait disorder analysis tasks.
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5.3 Research Limitations and Future Work Recommendations

The following list presents the limitations of this research and recommends future

improvements:

e The movement stage identification algorithm and footfall detection algorithm have
been validated using video evidence. However, the subjects used for this validation
were controls who simulated PD gait disorders (such as tremors, limping, slow walking
etc.). Moreover, only 4 controls were used to validate this algorithm. Therefore, it is
recommended that a larger dataset of controls, PD patients and/or patients with gait
disorders is used to further validate these algorithms.

e The dataset incorporated 51 subjects in total. This is a substantial number compared to
previous studies on the sensor-based classification of PD. However, the groups of
treatment patients, non-treatment patients, and controls were different in the
distribution of ages and gender. Moreover, the small size of the non-treatment patient
group makes this bias even more apparent. Therefore, it is recommended that a larger
dataset is used to further validate this classification and enhance system credibility.

e The dataset captures information from subjects over a short-term interval (two short
tests 3-hours apart). It is recommended that future trials capture the data over a longer
period, to see changes in response over time.

e The H&Y clinical scores were assessed by one clinician. This could have produced a
subjectivity into the results obtained. Therefore, it is recommended that future studies
utilise multiple healthcare professionals to assign H&Y clinical scores to the PD
patients to remove this bias.

e [Itis recommended that only one of the 3m or 10m TUG walking tests are implemented

in future studies as it has been shown that they produce similar results.

5.4 Conclusion

The research included three objectives, designed to answer the research question: “To what
extent can features extracted from signals acquired by walker mounted sensors identify

changes in PD patient gait due to treatment.”
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The objectives included:

1. To determine to what extent combinations of these features provide a classification of
the three groups.

2. To determine to what extent these features or their combinations identify the severity
of the disease according to H&Y clinical scales.

3. To determine which of these features, derived from kinematic signals from walker
mounted sensors best discriminate between PD patients gait changes due to treatment

compared to non-treatment subjects and controls.

The first research objective was answered using the feature-set selected by PCA to
discriminate between the 3 subject groups: The best classification performance of the BDT
classifier resulted from the 3m TUG data with the highest accuracy of 92.16% + 3.92%,
sensitivity of 82.35%, and specificity of 93.38%.

The second research objective was answered using the feature-set selected by the 1-way
ANOVA method to discriminate between the treatment patients clinically assigned H&Y
scores of H&Y 2 and H&Y 3 respectively: The best classification performance of the BDT
classifier resulted from the 3m TUG data with the highest accuracy of 79.41% + 4.12%,
sensitivity of 85.00%, and specificity of 73.43%.

The third research objective was answered by evaluating the feature subsets of the best
performing feature selection method (PCA), in terms of accuracy sensitivity and specificity
and identifying features that contributed significantly to the feature selection methods: The
key features subset reduced dimensionality further while producing similar performance to the

PCA subset: an accuracy of 90.20% =+ 4.26%, sensitivity of 81.37%, and specificity of 91.64%.

The future improvement in this study incorporated the validation of the methodology and its
results using a larger dataset. However, this research demonstrated both the capabilities and
the limitations of the signal processing techniques and machine learning algorithms employed
on signals acquired from low-cost sensors mounted on a 3™ party apparatus (Walker)in several
discrimination experiments using. These quantitative methods could assist healthcare

professionals with the diagnosis and monitoring of PD patients.
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In conclusion, this study suggested the feasibility of using signals acquired by walker mounted
sensors to identify changes in PD patient gait due to treatment and to discriminate between

PD stages based on these changes.
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Appendix B. 10m TUG Data Results

B.1. Experiment 1 — Finding the Optimal Number of Trees

As with all machine learning tasks, there is a trade-off between classification accuracy and
complexity or execution time [68]. In the BDT method, classification performance and
execution time are proportional to the number of decision trees within the BDT classifier [68,
70]. Therefore, to make the system both accurate and efficient, an optimal number of trees to

classify a class has been calculated.

All 51 subjects’ TUG data was used for this experiment using 10-fold cross-validation. Figure
B.1 shows that approximately 50 decision trees are the optimal number of trees needed for
bootstrap aggregating to yield the highest classification accuracy of the bagged decision tree

algorithm across the five feature selection methods, for the 10m TUG data.

Bagged Decision Tree Accuracy vs Number of Trees

100
E 70
T 60
%
o
50
)
o
Z
z 30
g 2 All Features
<LC} ——— PCA Selected Features
—— ANOVA Selected Features
10 Medically Observable Features
——— FSS Features
0 1 1 L 1 L 1 1
0 50 100 150 200 250 300 350 400

Number of Trees

Figure B.1: Accuracy of the Bagged Decision Tree classifier vs. Number of Trees, highlighting the optimal number
of trees needed across the implemented feature selection methods, for the 10m TUG data

B.2. Experiment 2 — Classification of the 3 Subject Groups

This experiment was performed to determine the discriminating power of the derived features,
in differentiating between the subject groups (treatment patients, non-treatment patients, and

controls).
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All 51 subjects’ TUG data was used for this experiment using 10-fold cross-validation and 50
decision trees. It was noted for this experiment that there was a class imbalance with a smaller
number of non-treatment patients within the dataset. In order to diminish the effects of this
imbalance, the BDT classifier has been implemented using bootstrap aggregating.
Consequently, 50 random subsamples have been taken using sampling with replacement.
Additionally, extra evaluation metrics have been included in the form of accuracy, sensitivity,

specificity and confusion matrices to measure the overall performance of the BDT classifier.

Figure B.2 depicts the performance of the BDT classifier across the five feature selection
methods, highlighting the average accuracy of the BDT classifier for each input within a 95%

confidence bound.

Bagged Decision Tree Classifier Performance across Feature Sets for the 3 groups classification
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Figure B.2: Average accuracy of the BDT classifier using the five feature selection methods as an input to classify the
3 subject groups, for the 10m TUG data

As seen, using the feature-set selected by PCA as an input results in the best BDT classification
performance. Figure B.3 depicts the confusion matrix of the Bagged Decision Tree classifier
using this feature-set, highlighting the nature of the classification errors, in terms of how each

class is misclassified.
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10m TUG Data - PCA Features Confusion Matrix (Accuracy:90.2%)
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Figure B.3: Confusion Matrix of the BDT classifier using the feature-set selected by PCA as an input for
classification of the 3 Subject Groups. The actual classes (columns) are the subjects divided into their real subject
groups (treatment patients, non-treatment patients and control) and the predicted classes (rows) are BDT classifier
output of each subject into the 3 groups. Each cell contains both the number and percentage of subjects classified by
the BDT algorithm, for the 10m TUG data

Table B.1 expresses the individual sensitivity and specificity of each class (subject group) as

well as the average sensitivity and specificity and accuracy of the BDT classifier using the

feature-set selected by PCA as its input.

Table B.1: Classification results for the BDT classifier using the feature-set selected by PCA as its input for
classification of the 3 subject groups, for the 10m TUG data

Class
Treatment Patients Non-treatment Patients Controls | Average
Sensitivity [%] 94.12 50.00 100.00 81.37
Specificity [%] 82.35 97.78 97.50 92.54

Figure B.2 shows that using the PCA feature selection method as an input results in the best
classification performance of the BDT classifier with the highest accuracy of 90.20% + 3.86%,

a sensitivity of 81.37% and a specificity of 92.54%, for the 10m TUG data.

B.3. Experiment 3 — Classification between Treatment Patients and Non-

treatment Patients
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This experiment was performed to further assess the distinguishing power of the derived
features, in differentiating and discriminating between the PD patients who were administered

medication and the PD patients who were not administered medication.

Hence, all controls were removed from this experiment. The remaining 40 patients’ TUG data
was used for this experiment using 10-fold cross-validation and 50 decision trees. It was noted
for this experiment that the class imbalance still exists, with a much smaller number of non-
treatment patients compared to the treatment patients. In order to diminish the effects of this
imbalance, the BDT classifier has been implemented using bootstrap aggregating.
Consequently, 50 random subsamples have been taken using sampling with replacement.
Additionally, extra evaluation metrics have been included in the form of accuracy, sensitivity,

specificity and confusion matrices to measure the overall performance of the BDT classifier.

Figure B.4 shows the average accuracy of the BDT classifier using the five feature selection
methods as an input to classify between treatment patients and non-treatment patients within

a 95% confidence bound.
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Figure B.4: Accuracy of the BDT classifier using the five feature selection methods as an input to classify treatment
patients vs. non-treatment patients, for the 10m TUG data

As seen, like Experiment 2, using the feature-set selected by PCA as an input results in the
best BDT classification accuracy. Figure B.5 depicts the confusion matrix of the BDT

classifier using this feature-set as its input. This confusion matrix displays the best
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performance of the BDT classifier for this experiment and in doing so highlights the nature of

how the two classes are misclassified.

10m TUG Data - PCA Features Confusion Matrix (Accuracy:87.5%)

Treatment Patient

Predicted Class

Placebo Patient

Treatment Patient Placebo Patient
Actual Class

Figure B.5: Confusion Matrix of the Bagged Decision Tree Algorithm using the feature-set selected by PCA as an
input for classification of treatment patients vs. non-treatment patients. The actual classes (columns) are the subjects
divided into treatment patients and non-treatment patients and the predicted classes (rows) are BDT classifier
output of each subject into these 2 groups. Each cell contains both the number and percentage of subjects classified
by the BDT algorithm, for the 10m TUG data

Table B.2 expresses the accuracy, sensitivity and specificity of the BDT classifier using the
feature-set selected by PCA as it input, highlighting the detection rate and false detection rate

of the treatment patients and the non-treatment patients.

Table B.2: Classification results for the BDT classifier using the feature-set selected by PCA as its input for
classification of treatment patients vs. non-treatment patients, for the 10m TUG data

Accuracy [%] 87.50 +£4.63
Sensitivity [%] 94.12
Specificity [%] 50.00

Figure B.4 demonstrate that using the PCA feature selection method as an input results in the
best classification performance of the BDT classifier with the highest accuracy of 87.50% +

4.63%, a sensitivity of 94.12% and a specificity of 50.00%, for the 10m TUG data.

B.4. Experiment 4 — Classification between Treatment Patients H&Y 2 and

H&Y 3 Clinical Scores
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This experiment was performed to assess the distinguishing power of the derived features, in
differentiating and discriminating between on/y the treatment patients with H&Y clinical

scores of 2 and 3.

Hence, all non-treatment patients and controls were removed from this experiment. The
remaining 34 subjects’ TUG data was used for this experiment using 10-fold cross-validation
and 50 decision trees. The BDT classifier has been implemented using bootstrap aggregating.
Consequently, 50 random subsamples have been taken using sampling with replacement.
Additionally, extra evaluation metrics have been included in the form of accuracy, sensitivity,

specificity and confusion matrices to measure the overall performance of the BDT classifier.

Figure B.6 depicts the accuracy of the BDT classifier using the five feature selection methods
as an input to classify treatment patients in terms of their H&Y 2 and H&Y 3 clinical scores
within a 95% confidence bound.

Bagged Decision Tree Classifier Performance across Feature Sets for H\&Y 2 vs. H\&Y 3 Clinical Scores
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Figure B.6: Accuracy of the BDT classifier using the five feature selection methods as an input to classify PD
patients H&Y 2 and H&Y 3 clinical scores, for the 10m TUG data

Unlike Experiment 2 and Experiment 3, using the feature-set selected by the 1-way ANOVA

method as an input results in the best BDT classification accuracy. Figure B.7 shows the
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confusion matrix of the Bagged Decision Tree classifier using this feature-set, highlighting

the nature of the classification errors, in terms of how each class is misclassified.

10m TUG Data - ANOVA Features Confusion Matrix (Accuracy:76.47%)
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Figure B.7: Confusion Matrix of the BDT Algorithm using the feature-set selected by ANOVA as an input for
classification of the treatment patients according to their H&Y clinical scores. The actual classes (columns) are the
treatment patients divided into H&Y 2 and H&Y 3 clinical scores and the predicted classes (rows) are BDT classifier
output of each subject into these 2 groups. Each cell contains both the number and percentage of subjects classified
by the BDT algorithm, for the 10m TUG data

Table B.3 expresses the accuracy, sensitivity and specificity of the BDT classifier using the
feature-set selected by the 1-way ANOVA method as it input, highlighting the detection rate

and false detection rate of the treatment patients according to their H&Y clinical scores.

Table B.3: Classification results for the BDT classifier using the feature-set selected by ANOVA as its input to
classify treatment patients in terms of their H&Y 2 and H&Y 3 clinical scores, for the 10m TUG data

Accuracy [% 76.47 £4.57
Sensitivity [%] 80.00
Specificity [%] 71.43

Figure B.6 shows that using the 1-way ANOVA feature selection method as an input results
in the best classification performance of the BDT classifier with the highest accuracy of

76.47% + 4.57%, a sensitivity of 80.00% and a specificity of 71.43%, for the 10m TUG data.
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B.5. Key Feature Validation

In order to validate that the key features of Table 4.12 are able to discriminate between the
treatment patients, non-treatment patients and controls, these features are fed into the BDT
classifier and its accuracy, sensitivity, and specificity is compared with the results of

Experiment 1.

The 51 subjects’ 10m TUG data was used for this validation experiment using 10-fold cross-
validation and 50 decision trees. Similar to Experiment 1, it was noted for this experiment that
the class imbalance exists due to the significantly smaller number of non-treatment patients.
In order to diminish the effects of this imbalance, the BDT classifier has been implemented
using bootstrap aggregating. Consequently, 50 random subsamples have been taken using
sampling with replacement. Additionally, extra evaluation metrics have been included in the
form of accuracy, sensitivity, specificity and confusion matrices to validate the overall

performance of the BDT classifier.
Figure B.8 compares the performance of the BDT classifier using the key features subset as

input against the feature-sets selected by PCA method, highlighting the accuracy as well as

the average sensitivity and the average specificity of the BDT classifier for each input.
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Exagerated Bagged Decision Tree Classifier Performance across Feature Sets for 3 Groups Classification
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Figure B.8: Performance comparison of the BDT classifier comparing the key features performance against the PCA
feature selection method in terms of classification of the 3 subject groups, for the 10m TUG data

The figure illustrates that using the key features feature-set as an input yields a slightly reduced
performance than the PCA method, but the proportion between the measures is similar. Figure
B.9 depicts the confusion matrices of the BDT classifier using the key features as its input for
the 10m TUG data. This highlights the nature of the classification errors, in terms of how each

class 1s misclassified.
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Figure B.9: Confusion Matrix of the BDT Classifier using the key features as an input for classification of the 3
subject groups. The actual classes (columns) are the subjects divided into their real subject groups (treatment
patient, non-treatment patient and control) and the predicted classes (rows) are the BDT classifier output of each
subject into the 3 groups. Each cell contains both the number and percentage of subjects classified by the BDT
algorithm, for the 10m TUG data

Table B.4 expresses the individual sensitivity and specificity of each class (subject group) as

well as the average sensitivity and specificity and accuracy of the BDT classifier using the key

features feature-set as its input.

Table B.4: Classification results for the BDT classifier using the key features feature-set as its input for classification
of the 3 subject groups, for the 3m TUG data

Class
Treatment Patients Non-treatment Patients Controls | Average
Sensitivity [%] 91.18 50.00 100.00 80.39
Specificity [%] 82.35 93.33 100.00 91.90

Moreover, Table B.5 compares the accuracy, average sensitivity, and average specificity of

the BDT classifier using the key features subset against the same performance measures of the

PCA input method.

Table B.5: BDT classifier results, comparing the key features against the PCA selection method inputs for
classification of the 3 subject groups, for the 3m TUG data

10m TUG Data [%]
Key Features PCA
Accuracy 88.24 +£4.23 90.20 + 3.86
Sensitivity 80.39 81.37
Specificity 91.90 92.54
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In spite of the slightly reduced classification performance using the key features as compared
to the PCA, the key features set is a subset of the original features and is useful for further
analysis and interpretations of these features in the context of discrimination between the

treatment patients, non-treatment patients and controls.
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