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“So slight and nearly imperceptible are the first inroads of this malady, and so extremely
slow its progress, that it rarely happens, that the patient can form any recollection of the
precise period of its commencement.”

James Parkinson



Abstract

Oliveira, F. H. M., Objective assessment of motor symptoms of Parkinson’s disease through
non-contact sensors , UFU, Uberlandia, Brazil, 2020, 88p.

The diagnosis and evaluation of the severity of Parkinson’s disease (PD) is a task that
has been performed through clinical evaluation and use of subjective scales. Over the
years several studies have reported results and technologies with the purpose of making
the characterization of PD more objective. In this perspective, we have identified the
possibility of using non-contact capacitive sensors to record the motor activity of the hand
and wrist. Another identified challenge is related to the quantification of the severity
of motor symptoms of PD. In this study, we present the use of an innovative tool, t-
Distributed Stochastic Neighbor Embedding (t-SNE), for the reduction and visualization
of information. The use of this tool allowed the visualization of data in a two-dimensional
space and an improvement of the performance of classifiers responsible for estimating
the severity of the disease. In order to evaluate the use of capacitive sensors and signal
processing tools, data from neurologically healthy individuals and people with PD were
collected. In the end, our contributions are the following: (i) development and evaluation
of a technology for recording motor signals of hand and wrist activities, based on capacitive
contactless sensors; (ii) comparative evaluation among several tools for signal processing,

in order to objectively evaluate the motor symptoms of PD.

Index-terms: Parkinson’s disease, Non-contact capacitive sensor, Inertial sensor, Hand

motor task.
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“Que a for¢a do medo que tenho nao me im-

peca de ver o que anseio.”

- Oswaldo Montenegro

Introduction

1.1 Problem formulation

This thesis is focusing on the problem of quantitative evaluation of Parkinson’s disease

(PD) motor symptoms by using non-contact sensors.

The fact that PD has yet to have cure defies science and this is not the only challenge.
The diagnosis and follow-up of PD is another one, and over the years several researches
have been focused on the detection of motor and non-motor PD symptoms. PD was orig-
inally considered a pure movement disorder characterized by its main motor symptoms,
also known as cardinal signs, i.e., bradykinesia, rigidity, tremor and postural instability

[1] and these motor symptoms worsen over time.

In this sense, many sensors and techniques are employed to quantify the cardinal
signs of PD. Most studies [2, 3, 4] address this challenge by using contact sensors (e.g.,
inertial sensors), and this approach has limitations. Although a number of studies using
these sensors show relevant outcomes and high correlation with severity scales [2], there are
challenges intrinsic to the use of contact sensors [5]. These sensors limit natural movement
and can be uncomfortable. Besides requiring skin preparation, they can cause irritation,
thus, may not be indicated to be used in environments with high risk of contamination
by contact [5, 6].
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Although there exist many studies in the PD field, especially with the aim to quantify
its motor signs, little has been investigated about the use of non-contact sensors, as well
as the employment of modern tools for data visualization. As discussed in [7], the gap
between the “big data” acquired with sensitive measurement technologies and their limited

clinical application is still a challenge that limits the progress in this field of study.

In order to solve these problems, a series of experiments were conducted to shed light
on the investigation of the use of non-contact sensors to quantify the motor symptoms of
PD and the employment of machine learning tools to improve the understanding of big
data frequently acquired across the many experiments with PD patients. It was expected
that by means of the use of non-contact sensors, it is possible to quantify the main motor

patterns of PD, similarly to one of the most used inertial sensors, i.e., the gyroscope.

1.2 Relevance of the thesis

Chronic diseases, eldery health and innovation in health were fields declared as research

priorities from the Ministry of Health of Brazil [§].

PD is a neurodegenerative disease that affects about 6.1 millions of people globally
[9]. Over the past generation, the global burden of PD has more than doubled as a result
of increasing number of older people [9, 10]. As worldwide life expectancy has increased
it will likely continue to grow. The projected number of individuals with PD in the five
most populous nations of Western Europe and in the ten most populous nations of the

world for 2030 is 8.67 million, considering individuals over 50 years old [11].

The economy burden of PD in the United States in 2010 was approximately $22,800
USD per patient [12]. The population with PD incurred medical expenses of approxi-
mately $14 billion USD in 2010, $8.1 billion USD higher ($12,800 USD per capita) than
expected for a similar population without PD [12]. Indirect costs (e.g., reduced employ-
ment) are conservatively estimated at $6.3 billion USD (close to $10,000 USD per person
with PD) [12]. In Europe, the costs per subject with PD in 2010 was estimated in €PPP
11,153 [13]. In Australia, the mean annual cost per person to the health care system in
2012 was $32,556 AUD [14]. The burden to society was an additional $45,000 AUD per
annum per person with PD. In Brazil, the second most prevalent neurodegenerative dis-
ease worldwide cost in 2015 an average of $5,853.50 USD per person, including $3,172.00
USD in direct costs (medical and nonmedical) and $2,681.50 USD in indirect costs [15].
Figure 1.1 summarizes the estimated annual cost per capita with PD in some countries

around the world.

The burden of chronic conditions such as PD is projected to grow and this give impetus
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Figure 1.1: Approximated annual cost per capita with Parkinson’s disease in some coun-
tries. All values are in thousands of USD.

to the need for innovative new treatments to delay onset, or alleviate symptoms.

PD is a very complicated condition for physicians to optimally manage, with multiple
motor and nonmotor manifestations that evolve over time. Its diagnosis is purely clinical
and relies on medical history and neurological evaluation [16]. Recently, the clinical
diagnostic criteria for PD have been revised [17]. Bradykinesia (slowness of movement),
rigidity (increased muscular tone) and rest tremor are still highlighted as cardinal signs
of the disease. However, now, bradykinesia must occur in combination with rest tremor,
rigidity or both. Over the past 10-20 years, non-motor symptoms of PD have been given
considerable attention [18]. Nevertheless, the motor signs still represent the hallmarks of

the disease and are the most important characteristics for the diagnosis of PD.

1.3 The object of the research

The research object of this doctoral thesis is quantitative parameters, obtained using
gyroscope sensor and non-contact capacitive (NCC) system, being the latter a system

designed during the doctoral research.

Obtained parameters were analyzed to quantify motor patterns and applied to dis-

criminate PD patients from those without PD.
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1.4 The aim of the thesis

The aim of the thesis is to develop a non-contact system to quantify the motor symptoms of
PD and employ machine learning tools to improve the understanding of big data frequently
acquired across the many data collections with PD patients. Figure 1.2 illustrates the

conceptual idea of the proposed system.

3

T

Physician assessing PD
by means of quantification
of motor behavior

Parkinson’s disease
patient

2

Custom-made device
with built-in sensors

/

Figure 1.2: Conceptual idea of the proposed system. During the exam the patient will
execute standardized motor tasks with the hand in the cube while the health professional
will be able to view the results of the exam on the computer screen.

1.5 The objectives of the thesis

In order to solve the stated problem and reach the aim of the thesis, the following objec-

tives were formulated:
1. To investigate non-contact sensors capable to quantify the PD motor signs.

2. To investigate if data acquired with NCC system allow discrimination among dif-

ferent hand movements and propose features to discriminate hand movements.

3. To investigate if data acquired with NCC system allow discrimination between sub-
jects with and without the PD and propose features and clustering techniques to

discriminate groups of subjects.

4. To investigate techniques to visualize and classify the huge amount of data that
can be estimated from signals of a set of movements commonly evaluated for PD

diagnosis.
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1.6 Research methodology

Investigation in this dissertation is divided into three parts. In the first part, two non-
contact sensors were experimentally evaluated. Leap Motion controller (LMC) was the
first sensor analyzed and considered to be used for the quantification of PD motor signs.
During the experiment with LMC a static plaster hand was used as a reference to analyze
the sensor behavior and its accuracy. The second analyzed sensor was the NCC sensor
based on electric potential technology, for this sensor a deeper evaluation was conducted.
In this sense, a custom-made device with built-in NCC sensors was designed and validated

by means of a micro-machine reference system.

In the second part of the investigation, parallel with the first part, features were
extracted to evaluate techniques for visualization and classification of data from inertial
and physiological signals of a set of movements commonly used for PD diagnosis. Signals

used in this part of the research were acquired by Machado et al. [19].

The third part of the investigation comprised a series of experiments using NCC
system. First, an experiment with a healthy subject was conducted to validate the data
collection protocol. Secondly, an experiment with two subjects, being one with PD and
other without PD, was done with aim to discriminate motor tasks between both groups.
Thirdly, using NCC system and gyroscope sensor, signals from both sensors were collected
at the same time for correlation analysis in time and frequency domains. Three healthy
subjects participated in this part of the study doing eight hand motor tasks. Finally, in the
fourth experiment, 57 subjects were recruited, being 30 with PD and 27 controls without
PD. The subjects from each group were paired in terms of age and sex, and subjects with
PD were evaluated using the Unified Parkinson’s Disease Rating Scale (UPDRS) by three
skilled raters. Signals from NCC system and gyroscope sensor were collected during the
execution of nine hand motor tasks. A frequency analysis was performed (i) to compare
the systems based on both sensors; (ii) for discrimination of motor patterns from both

groups of subjects.

1.7 Scientific novelty of the thesis

1. Model of the relationship between hand displacement and electric potential inte-

grated circuit (EPIC) sensor response.

2. Exhaustive analysis of three dimensionality reduction (DR) techniques for data visu-
alization and classification of motor patterns analysis in PD. ¢-distributed stochastic

neighbor embedding (-SNE) is highlighted by the best achievements in terms of vi-
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sual discrimination of the groups and the overall classification accuracy.

3. Design, development, employment and validation of a proposed NCC system for the

assessment of people with PD.

1.8 Practical value of the research findings

Results of the research are to be used for the development of portable systems for human
motion quantification. Features extracted from the signals of hand movements can be

used for characterization and discrimination of motor patterns.

The investigated tools for data visualization and classification can be used for the
development of computer-aided diagnosis systems to allow diagnosis and follow-up of
people with PD. The two-dimensional projections enhanced the visual discrimination of
thousand of features that may represent the patients. By using these visualization tools, a
control zone can be estimated and used as a reference for the many exams which a person

with PD goes through along the life.

1.9 Approval of the research findings

The results of the research were published in eight scientific publications - one in peer-
reviewed scientific paper and seven in conference proceedings (see appendix A). Addition-
ally, a patent was filed - number BR 10 2018 069864 8 and also a software registration -
number BR 51 2015 000133 7. Furthermore, the results of the research were presented in

following conferences:
o XXIV Brazilian Congress on Biomedical Engineering, 2014, Uberlandia, Brazil,
e Simpédsio em Engenharia Biomédica, 2014 - 2015, Uberlandia, Brazil,
o XXV Brazilian Congress on Biomedical Engineering, 2016, Foz do Iguacgu, Brazil;

« World Congress on Medical Physics & Biomedical Engineering, 2018, Prague, Czech
Republic;

o XXVI Brazilian Congress on Biomedical Engineering, 2018, Armacao de Buzios,

Brazil;

e 41st Annual International Conference of the IEEE Engineering in Medicine and
Biology Society (EMBC), 2019, Berlin, Germany.



Chapter 1. Introduction

1.10 Structure of the dissertation

The dissertation consists of an introduction, six chapters and general conclusions. The

volume of the dissertation is 88 pages, in which are given: 41 figures and 11 tables.

Additionally, 119 items are cited in the dissertation.



“One, remember to look up at the stars and not down
at your feet. Two, never give up work. Work gives
you meaning and purpose and life is empty without
it. Three, if you are lucky enough to find love, re-

member it is there and don’t throw it away.”

- Stephen Hawking

Parkinson’s disease

In this chapter, an overview of Parkinson’s disease is presented.

Parkinson’s disease (PD) is one of the neurodegenerative diseases that has been largely
approached and benefited by many technological progress. PD is a chronic and progressive
disorder that affects the central nervous system (CNS) more specifically the base nucleus,

involving the progressive loss of dopaminergic neurons from substantia nigra *.

The loss of dopaminergic neurons from pars compacta portion of the substantia nigra
located in midbrain due to PD can be observed in neurological exams [20, 21]. There
is a loss of axons that depart from this brain area and are designed for the striated in
coordinating the brain culminating in the dopamine deficit, consequent to atrophy and

degeneration of the base nuclei [22].

These pathophysiological changes produce typical neurological symptoms or cardinal
signs that can be observed in patients with PD such as, bradykinesia, muscle stiffness,
rest and postural tremor, and postural instability [23, 24]. In some cases, there is also
cognitive, affective and autonomic impairment [23, 25]. Figure 2.1 shows some of the

common PD motor signs.

It should be emphasized that with the disease progression, secondary complications

!Substantia nigra is a basal ganglia structure located in the midbrain that plays an important role in
reward and movement.
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Figure 2.1: Some of the common PD motor signs.

appear. Among the complications, some are result by combination of cardinal signs, such
as (i) poverty of movements; (ii) reduction in speed, range and amplitude (hypokine-
sia); (iii) difficulty initiating movement (akinesia); (iv) masked face; (v) musculoskeletal
changes (contractures, fatigue, development of abnormal fixed postures); (vi) gait disor-
ders (pacing pattern, festination and freezing, i.e., abrupt gait interruption); (vii) dys-
function of speech and swallowing; (viii) visual and sensorimotor disorders, in addition to

cardiopulmonary alterations.

PD is among the most prevalent neurodegenerative diseases in the elderly, over 60
years old, and the prevalence increases with age [26, 27]. However, individuals younger
than 40 years can be affected by the syndrome [28]. With the increase in life expectancy,
the number of PD patients is expected to double by 2030 [1].

The diagnosis of PD is purely clinical, in other words, there is no examination, quan-
titative test or biomarker capable of indicating the diagnosis of the disease, as well as
its progress, improvement or worsening of the patient condition. This assessment is per-
formed by means of anamnesis (patient’s history and symptoms related to the disease),

previous medical history, observation and qualitative questionnaires [29].

Many of these signs and symptoms manifest years before diagnosing PD, meaning
their onset is subtle. Due to a lack of objective tests, these signs and symptoms go
unnoticed by caregivers, health professionals and even by the patient himself, sometimes
resulting in late diagnosis. For the diagnosis, a thorough evaluation is necessary to rule
out other possible neurological diseases that cause similar symptoms. In many cases, the
clinical diagnosis should be supported by the body’s response to the drug levodopa (“dopa
test”) [30].

In general, scales for the evaluation of neuromuscular diseases explore several compo-
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nents of human experience, such as the clinical condition of the person, motor and mental
functions, disabilities, limitations related to work activities and social participation, and

quality of life.

The most commonly used subjective scale for assessing PD is the Unified Parkinson’s
Disease Rating Scale (UPDRS) [31, 29], which is composed of four parts: Part I (non-
motor experiences of daily living), Part II (motor experiences of daily living), Part III

(motor examination) and Part IV (motor complications).

For the quantification of the cardinal signs of PD, several sensors and algorithms have
been proposed in order to make the evaluation of the disease objective. This need arises
from the fact that PD still does not have a standard exam for its diagnosis, follow-up, and
treatment. Unlike other pathologies that can, for example, be diagnosed and monitored
by a blood test.

Usually, after diagnosis, the first attempt is always the drug with dopamine replace-
ment, and there is an initial period (~ 5 years) when the symptoms go away. After the
initial period, the drug begins to have no effect, and from time to time the dosage needs to
be increased [32, 33]. Increasing the dosage may cause adverse effects (i.e., schizophrenia),

and in this scenario, in some cases deep brain stimulation surgery is indicated.



“If you can’t fly then run, if you can’t run then walk,
if you can’t walk then crawl, but whatever you do you

have to keep moving forward.”

- Martin Luther King Jr.

Non-contact sensors for Parkinson’s disease

motor symptom quantification

In this chapter, the overview of the current research on the topic of the dissertation is

presented.

Objective ways to measure the signs of PD are widely discussed [34]. Studies such
as those presented in [7, 34, 35] synthesize what has been researched and indicate the
perspectives and needs that involve technologies for PD. Many of the approaches use

inertial sensors, such as accelerometer, gyroscope, and magnetometer.

Figure 3.1 shows some of the sensors and techniques commonly used for the quantifi-

cation of the PD signs.

Table 3.1 lists the main types of sensors used to quantify the motor signs of PD, as

well as some studies that have employed these sensors.

Although a number of studies using contact sensors show relevant outcomes and high
correlation with the severity scales [44], there are challenges intrinsic to the use of this
type of sensor [5]. These sensors can cause skin irritation, require careful skin preparation
and may not be indicated to be used in environments with high risk of contamination

by contact [5, 6]. On the other hand, the non-contact sensors are an alternative for the
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Figure 3.1: Commonly used sensors for detection and quantification of signs and symp-
toms of PD.

evaluation of movements and biopotentials.

In this sense, this survey aimed to answer the following question: Is there a portable

non-contact sensor capable to quantify the PD motor signs?

3.1 Leap Motion controller

Leap Motion controller (LMC) is a controller that allows the tracking of multiple hands,
fingers, and small objects in free space. The controller’s capabilities in realistic environ-
ments were analyzed by Weichert [45] and Guna [46]. However, on 2014 and 2015, the

studies did not evaluate the specific hand tracking behavior.

The LMC is a consumer-grade sensor developed by Leap Motion company. The sen-
sor was primarily designed for hand gestures and finger position detection in interactive
software applications. LMC uses infrared (IR) imaging to determine the position of prede-
fined objects in a limited space in real time. Technically, very few details are known about
the precise nature of the algorithms used due to patent and trade restrictions. However,
from inspection of the controller, it is clear that three separate IR light-emitting diode
(LED) emitters are used in conjunction with two IR cameras [45]. The controller’s field of
view is an inverted pyramid centered on the device. The effective range of the controller

extends from approximately 25 to 600 millimeters above the device.

The cartesian coordinate system used to describe positions in the controller’s sensory
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Table 3.1: Information about some of the sensors commonly used to quantify motor signs

of PD.

Does it need Measurement Example

Category Sensor contact with Basic operation .
. unit of use
the limb?
Measures
Inertial ) accelaration based 2
Accelerometer Yes on Newton'’s g (or m/s*) [36, 37]
second law.

Measures angular
Inertial Gyroscope Yes velocity based on °/s [36, 37]
Coriolis force.

Measures the
change in rotation
Inertial Magnetometer Yes of a body relative Gauss [38]
to the earth’s
magnetic field.

Measures the
electrical activity
Biopotential  Electromyographic Yes of the excitable mV (39, 4]
membranes of
muscle cells.

Scructured light,
No Time of Flight and
Stereo vision.

3D camera (or
depth sensor)

z, y and z

Image .
coordinates

Measures the
Others Laser No reﬂe.c tion of the Pizel [42]
projected laser

light.

Measures the
Ultra- reflection of the
Oth
. Wideband No projected EM v [43]

pulse.

space is shown in Figure 3.2. It should be noted that the sampling frequency of the sensor

is not stable, it can not be set, and varies significantly [46].

LMC could be an option of sensor for the assessment of PD motor signs. Hand
tremor, for instance, is one of the cardinal signs of PD and its analysis has particular
requirements such as high accuracy and high precision [47]. These requirements are
desired due to the two common tremor parameters, amplitude that can reach small values

(around millimeters) and frequency, which can reach up to around 12 Hz [47].

Weichert et al. (2013) [45] analyzed the accuracy and robustness of the LMC using
an industrial robot equipped with a pen in a controlled environment. They found a

static accuracy of 0.2 mm and a dynamic accuracy of 1.2 mm for the pointer mode. The
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Figure 3.2: The cartesian coordinate system used describe positions in the controller’s
Sensory space.

authors highlighted that the majority of applications for the LMC are gesture-based user
interfaces. Also, the achievable accuracy of measurement of the motion of a human hand

is the most relevant factor, which is essentially affected by the so-called tremor.

Guna et al. (2014) [46] went beyond, analyzing the precision and reliability of the LMC
and its suitability for static and dynamic tracking. For static measures they equipped a
prosthetic hand with a passive marker. An accuracy lower than 0.5 mm was achieved,
but they warned that obtaining tracking stability was challenging. When moving away
from the controller, the linear correlation revealed a significant increase in the standard
deviation. For the dynamic measurements, a V-shaped tool, consisting of two tracking
objects maintaining a constant distance between them, was used to simulate two human
fingers. The results of the dynamic scenario revealed the inconsistent performance of the
controller, with a significant drop in accuracy for samples taken more than 250 mm above
the controller’s surface. In spite of LMC represented a revolutionary input device for
gesture-based human-computer interaction, it presents limited sensory space and incon-
sistent sampling frequency. Due to these limitations it cannot be used as a professional

tracking system.

In order to confirm the reproducibility, Chapter 5 presents an experimental method

and its results to evaluate LMC as a human tremor record device.

More recently, after the experiments presented in Chapter 5, some studies were con-
ducted focusing in the context of clinical assessment. Coton et al. (2016) [48] studied the
feasibility of the use of LMC for hand motion analysis. The study aimed to determine if
LMC could be used to realize a finger motion analysis in the contact of physiotherapist’s
examination. The authors employed a standard and validated protocol (i.e., measure

of motor function) whose purpose is to quantify the patient’s capabilities and represent
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neuromuscular disease state and advance. Regarding LMC capabilities in this applica-
tion setup, (i) the authors noted that smaller hands are more difficult to track and less
accurate than adults’ hands; (ii) a static hand will maintain its detection only for a short
moment, if the hand does not move the tracking will fail; (iii) the global accuracy of the
LMC decrease with the diffraction effect of glass support used in their experiment; (iv) to
ensure an initial tracking of the hand by the LMC, the fingers have to be clearly visible

and spaced.

Butt et al. (2018) [49] used LMC for objective and automatic classification of PD.
The main objective of their study was to develop and test the ability of the LMC to assess
the motor dysfunction in patients with PD based on MDS-UPDRS part III exercises. The
results revealed that the system did not return clinically meaningful data for measuring
postural tremor in people with PD. In addition, it showed limited potential to measure the
forearm pronation/supination. Also, LMC has a limited angle of view to assess the motor
dysfunctions in people with PD. For this reason, certain gestures could not be recorded
properly depending on the placement of the LMC. Regarding the functional limitation of
LMC for postural tremor assessment in PD, one possible reason could be an inconsistent

frame rate of the device with respect to time.

To summarize, LMC presents severe limitations as a candidate device for the imple-
mentation of innovative service in neurodegenerative diseases and other ageing-related
disorders. Improvements in software development kit (SDK) algorithm accuracy and

usability are required to allow its use in medical assessment context.

3.2 Non-contact capacitive sensor

After LMC, non-contact capacitive (NCC) sensor was identified as a portable technology

with potential to be used for hand motion quantification.

In this research, the investigated NCC sensor is based on electric potential sensing
(EPS) technology. Table 3.2 presents a history timeline of EPS technology development

and successful applications.

NCC sensors are capable to measure perturbations in the electric field (E-field) caused
by objects with dielectric properties such as the human body [55]. By using this technol-
ogy, it is possible to recognize various human activities. Many studies have reported the
use of this sensing technology for multiple purposes such as non-invasive breathing and
heart monitoring [54], wearable devices to detect hair touch and restless leg movement

[56] and passive tracking of movements [52].
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Table 3.2: NCC electric potential sensing technology timeline.
Year Authors Study title Achievements
o Ultra-high impedance voltage
1991 ~ Clippingdale probes and non-contact EPS was first introduced
et al. [50] .
electrocardiography
Data showing the application of
Harland ef al Electric potential probes - new the remote, off-body, sensing of
2001 51] " directions in the remote sensing of the electrical activity of the
the human body heart at distances of up to 1 m
from the body
Data obtained using a sparse
Beardsmore- . . .
Passive tracking of targets using (4-element) array of sensors to
2010 Rust et al. . .
[52] electric field sensors image a volume of space for
target movements
A comparative study of electrical
. potential sensors and Ag/AgCl Signals recorded by the novel
Fatoorechi et _
2015 al. [53] electrodes for characterising EPS sensor were compared to a
’ spontaneous and event related wet-gel electrode system
electroencephalagram signals
Gonzalez- Capflcmve Sen'smg for Monitoring the heart rate and
, Non-Invasive Breathing and Heart . .
2016  Sanchez et al. B . breathing rate of non-restrained,
Monitoring in Non-Restrained, .
[54] non-sedated laboratory mice

Non-Sedated Laboratory Mice

There is a version of EPS sensor designed to allow detection of field disturbance due to
the movement of a nearby object. In Chapter 7, a series of experiments are conducted to
evaluate the employment of this sensor for PD motor signs quantification. It is important
to note that we have found no report of the use of capacitive sensors for monitoring hand

movements in the context of PD.

NCC EPIC sensor behavior

Plessey Semiconductors Ltd is the company responsible for the commercialization of elec-
tric potential integrated circuit (EPIC) sensors [57]. The EPIC sensors are basically
composed of a metal electrode which is coupled to circuitry with an ultra-high input
impedance, so, it acts as a high sensitivity, non-contacting voltmeter. It is designed to
measure very small changes in electric fields. EPIC measures changes in electric potential,
that could be [58], (i) the earths natural electric field (i.e., 100 V / vertical meter); (ii)
the environment electric field (i.e., 50/60 Hz mains frequency); (iii) biometric electric field
(i.e., ECG / EMG / EOG / EEG); (iv) an induced electric field.

In single-ended mode the sensor can be used to read electric potential; when used in

differential mode, it can measure the local electric field; or it can be deployed in arrays



Chapter 3. Non-contact sensors for Parkinson’s disease 17

to provide spatial potential mapping (locating a conducting or dielectric material placed

in free space).

There are several products launched by Plessey, but in this research we are interest
in PS25454 (see Figure 3.3) EPIC sensor, which was specifically designed for movement

detection in an open environment.

10 mm

A
A 4

10 mm

(b)

Figure 3.3: PS25454 EPIC sensor (Plessey semiconductors, UK), (a) front and (b) rear
views.

PS25454 EPIC capacitive sensor (see Figure 3.3) incorporates several features to en-
hance the measured signals, allowing for the detection of field disturbance due to the
movement of a nearby object. The main features of this sensor are ultra-high input resis-
tance, typically 20 G€2; input capacitance as low as 15 pF; lower -3 dB point typically 0.2
Hz and upper -3 dB point typically 20 kHz. It operates with bipolar power supply from
+2.4V to £5.5V.

EPIC can be used in non-contact applications to sense [58], (i) field disturbance; (ii)
monitoring charge; (iii) interaction with ambient field. Only interaction with ambient AC
field will be detailed, because it is the operation best suitable for the objectives of this

research [52].

When a person moves, the E-field is disturbed so that a proportional signal can be
used to estimate various information related to position and motion. One of the main
advantages of this sensor technology is its ability to operate completely passively, without
the necessity to emit waves in the environment such as in the case of a radar [59]. Figure
3.4 illustrates the sensor behavior while interacting with ambient AC field plus a hand

movement.

Detailing, Figure 3.4a depicts the sensor behavior while any objects are moving

around. The sensor signal output is the detected ambient AC field and it oscillates
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(c) Sensor behavior while the hand moves away (i.e., back
and forth movement).

Figure 3.4: Interaction with ambient ac field - NCC EPIC sensor behavior.
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exactly in 60 Hz. In this research, this signal component is called of carrier and it is
related to the power line frequency. Figure 3.4b depicts what happens when the hand is
moved closer to the sensor unit (i.e., back and forth movement). The upper and lower
horizontal red lines denote the baseline signal amplitude and the vertical dashed lines
represent a window of sensor output while a human hand was moving back and forth one

time. Figure 3.4c depicts the sensor signal output while a human hand was moving away.

3.3 Conclusions and hypothesis

1. There is a massive number of studies employing contact sensors (i.e., inertial and
electromyographic sensors) to measure the signs of PD and many of them show

relevant outcomes and high correlation with the severity scales.

2. There are challenges intrinsic to the use of contact sensors. These sensors can cause
skin irritation, require careful skin preparation and may not be indicated to be used

in environments with high risk of contamination by contact.

3. Previous studies have demonstrated that LMC is a revolutionary input device for
gesture-based human-computer interaction, but it presents limited sensory space
and inconsistent sampling frequency. Due to these limitations it cannot be used as

a professional tracking system.

4. NCC sensors based on EPS technology are capable to measure perturbations in the

electric field caused by objects with dielectric properties such as the human body.

5. EPS technology has been developed and applied since 90s. The applications are
mainly focused in the measurement of biopotentials. However, there is no appli-

cation of this technology yet for the hand motion quantification in the context of
PD.

6. There is a version of EPS sensor designed to allow detection of field disturbance due

to the movement of a nearby object.
Two hypotheses were formulated as a result of the performed literature survey:

1. LMC are not suitable for the assessment of PD hand tremor or any time dependent

event.

2. By means of the use of non-contact capacitive sensors, it is possible to quantify

the main motor signs of PD, as well as one of the most used inertial sensor (i.e.,

gyroscope).



“It’s not like I take two pills and then at 10am I take
another two. It really depends on what chemicals are
brewing in my brain that day.”

- Michael J Fox

Visualization and classification of motor

symptoms of Parkinson’s disease

Currently, the ability to collect and store large datasets is tremendous. Despite that, our
ability to algorithmically analyze and synthetically display clinically and disease-relevant
information to physicians and patients remains limited [7]. Big data in healthcare can
be useful for early detection of disease and focused treatment. Data from people with
PD possess all the characteristics of big data [60, 61], which are characterized by volume,

variety, velocity, veracity, value, and variability.

More and more application domains are producing progressively larger and multivari-
ate datasets. Expressed in a space that requires many degrees of freedom, multivariate
data present severe problems for data analysis and especially for visualization. Visualiza-
tion is the integral part of exploratory data analysis, the first stage of data analysis where
the goal is to make sense of the data before proceeding with more goal-directed modeling
analyses. Since human perception (and output devices) is limited to three-dimensional
space, the challenge of visualizing multivariate data is converting the data to a space of
lower dimensionality that is depictable and comprehensible to the user while preserving
as much information as possible. This process is called dimensionality reduction (DR)

and visualization of multivariate data is one of its traditional applications.
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Related to data visualization and classification, the curse of dimensionality [62] refers
to various challenges that arise when analyzing data in high-dimensional spaces that do
not occur in low-dimensional settings. High dimensionality coupled with large sample

sizes create issues such as heavy computational cost and algorithmic instability.

4.1 Dimensionality reduction

A relevant area for data visualization is dimensionality reduction (DR). DR focuses on
keeping data relationship from high-dimensional (e.g., original data) to low-dimensional
(e.g., reduced data) spaces. In addition, DR methods are used to simplify data visu-
alization, making it easier for human evaluation. Data visualization is an important
application of DR. It is the study of the visual representation of data through graphical

representations, and it is effective in exploratory data analysis [63, 64].

DR algorithms can be divided into different categories based on different criteria,
e.g., linear and nonlinear dimensionality reduction algorithms. Classically, the problem
of dimension reduction and data representation has been approached by applying lin-
ear transformations such as the well-known principal component analysis (PCA) [65, 66].
Those linear techniques focus on keeping the low-dimensional representations of dissimilar
data points far apart. However, PCA is not capable of representing higher order, nonlin-
ear, and local structure in the data. In the last decades, some nonlinear DR algorithms

have been proposed to deal with complex nonlinear data.

Many nonlinear and linear DR methods are reported in the literature [67, 68]. In
this research, three of these methods were employed and compared: PCA [65], Sammon’s
mapping [69], and ¢-distributed stochastic neighbor embedding (#-SNE) [70].

Sammon’s mapping is one of the first nonlinear mapping algorithms for analysis of
multivariate data [69]. t-SNE, on the other hand, is an improved variation of the stochastic
neighbor embedding (SNE) [71].

Furthermore, there are some studies that employed PCA [61, 72|, Sammon’s mapping
[72, 19] and ¢-SNE [73, 74] for visualization of PD-related data. The following subsections

explain the basic principle behind Sammon’s mapping and ¢-SNE techniques.

Sammon’s mapping

Sammon’s nonlinear mapping [69] is a projection method for analysing multivariate data.

The method attempts to preserve the inherent structure of the data when the patterns are
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projected from a higher-dimensional space to a lower-dimensional space by maintaining
the distances between patterns under projection. Denote the distances between pattern
X, and pattern X in the input space and their projections Y; and Y} in the projected space
as dj; and d;;, respectively. Employing Euclidean metric to measure distances, Sammon’s

mapping minimises the mapping error

1 & [ — dyg)?
Doy

i<j

where n is the number of patterns. The mapping attempts to fit n points in the lower-
space, such that their interpoint distances approximate the corresponding distances in

the higher-space.

Sammon’s mapping has been originaly designed and usually used to project high-
dimensional data onto one to three dimensions in order to analyse the data structure, or
for classification based on two projections [75, 19]. It was found that classification accuracy
based on Sammon’s projections is comparable with, an in some cases even superior, to
that based on other feature extractors [75, 76, 77].

t-SNE

The ¢-SNE technique represents a recent machine learning strategy for nonlinear dimen-
sionality reduction that is useful for embedding (e.g., scatter-plotting) of high-dimensional

data into lower-dimensional (1D, 2D, 3D) spaces.

t-SNE tries to place a point from high-dimensional space in a low-dimensional one
so as to preserve neighborhood identity. The SNE algorithm converts Fuclidean dis-
tances between high-dimensional data points into conditional probabilities representing

similarities; closer data points mean high similarity.

The similarity of data point z; to data point z; is represented by the conditional
probability p;;. These similarities express the probability that z; would select x; as its
neighbor. For the low-dimensional counterparts y; and y; of the high-dimensional data

points z; and x;, it is computed a similar conditional probability denote by g;j;.

Once conditional probability distributions are calculated for the data points in both
the high- and low-dimensional representations, the goal of the algorithm is to minimize the
mismatch between the two. The cost function (Equation 4.2) which should be minimized

is the sum of Kullback-Leibler (KL) divergences over all points using a gradient descent
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method,

o (4.2)
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in which P; represents the conditional probability distribution over all data points given
a data point z; and @); represents the conditional probability distribution over all other

map points given map point ;.

t-SNE improves SNE in two points [70]: (i) by using a symmetrized version of the SNE
cost function with simpler gradients and (ii) by applying Student’s ¢-distribution rather
than a Gaussian to compute the similarity between two points in the low-dimensional

space.

4.2 Conclusions and hypothesis

1. Dimensionality reduction methods are frequently used as a prior step before data

classification.

2. The use of DR methods prior data classification, in some cases, improve the accuracy

of generated models.

3. Visualization of high-dimensional data is an important problem in many different

domains, and deals with data of widely varying dimensionality.

4. The employment of t-SNE for data visualization dates from 2008, when the tech-
nique was first presented and its application in data related to PD has yet been

poorly explored.

5. Until 2018, the use of t-SNE as a step prior to data classification had not yet been

investigated.

6. It was not found in the literature a comparison of DR methods in the context of

PD motor patterns recognition.
Two hypothesis were formulated as a result of this chapter:

1. By using ¢-SNE, it is possible to enhance the visualization of PD motor patterns in

a 2-dimensional map.

2. By avoiding the curse of dimensionality, the use of DR methods prior PD data

classification could improve the performance of machine learning models.



“I love deadlines. I love the whooshing noise they make

as they go by.”
- Douglas Adams

Experimental research using Leap Motion

controller

In this chapter, the results of the experiments with the LMC are presented. The ex-
perimental research of LMC, by measuring hand displacement in a static and dynamic
scenarios, are presented. This research aimed to evaluate LMC as a device to be used
for quantification of hand movements before apply it in a wider study in PD motor task

quantification.

In order to evaluate LMC, three experimental setups were designed: (i) measurement
of induced hand tremor by means of functional electrical stimulation; (ii) measurement
of wrist tremor from a subject with PD and from two subjects neurologically healthy;
(iii) measurement of a static plaster hand model under two light conditions and two
different distances between the controller and the hand. Additionally, a computer software
(National Institute of Intellectual Property - Brazil - BR 51 2015 000133 7) was designed
and implemented to control LMC and to organize the data collected for further analysis.

Figure 5.1 depicts the software interface with description notes.

By using this software (see Figure 5.1) it is possible to record various data regarding
the hand and its fingers, including the hand palm and fingers displacement along x-, y-

and z-axes.
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Figure 5.1: Graphical user interface of developed computer software for data collection
with Leap Motion controller.

The results of the research presented in this chapter were published and presented
at two national conferences: “XXIV Brazillian Congress on Biomedical Engineering” [78]

and “VIIT Simposio em Engenharia Biomédica” [79].

5.1 Hand tremor quantification

In this investigation, four volunteers were invited to perform an invidual task (i.e., sustain
a pose against gravity). Two distintic scenarios were evaluated: (i) induced hand tremor
by means of functional electrical stimulation; (ii) wrist tremor from a subject with PD and
from two subjects neurologically healthy. This study has been approved by the National
Committee for Ethics in Research (CAAE: 07075413.6.0000.5152).

Signal preprocessing

In this study, only the hand palm displacement was used as information for tremor anal-
ysis. The variation of hand palm position along the time is used for estimation of velocity

(v), as defined in Equation 5.1. The time-series of velocity norm (|| 7||) is estimated and,
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then, used to represent the voluntary and involuntary movement.

S [Ax Ay Az} 51)

At AL At
Signal processing

A rectangular window of 10 seconds was considered for all collected signals in a way to
make them comparable. The signals were analyzed in time and frequency domains. The
instantaneous mean frequency (IMNF) was estimated by means of Hilbert Spectrum (HS)

as described in [80].

Scenario: induced hand tremor by means of functional electrical

stimulation

Figure 5.2 illustrates the elements employed for the experiment which involves the stim-
ulator controller, the glove (to spread the stimulus across the hand) and the LMC (to
capture the induced tremor). For tremor induction a device developed by VITAtronic®[81]
company was used, with aim to emulate the human tremor commonly found in eldery

people.

The electric stimulator device was powered by a 9 V battery and it is composed of
two potentiometers, one for electric pulse frequency adjustment and other to control the
stimulus amplitude. The electric pulse is transmitted through the cable to the conductive

glove worn by volunteer.

To check and visualize the electric pulse frequency and amplitude, an oscilloscope was
connected in the glove input terminals. Figure 5.3 shows a typical electric pulse generated

by stimulator.

A neurologically healthy subject was the volunteer in this experiment. Table 5.1

summarizes the experiment configurations.

The data acquisition of induced hand tremor lasted at least 10 seconds for both hands

considering the four frequencies, keeping pulse amplitude value, as shown in Table 5.1.

As a result, Figures 5.4 and 5.6 show the palm velocity norm (|| 7]|) of volunteer’s left
hand while stimulus frequency has been set to 2.5 Hz and 10 Hz, respectively. Figures 5.5
and 5.7 show the estimated IMNF (in green) and Figure 5.8 compare the obtained results

for each case.
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Figure 5.2: Data collection setup of induced hand tremor by means of functional electrical
stimulation.
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Figure 5.3: Typical electric pulse generated by hand tremor stimulator.

Figure 5.8 shows the IMNF distributions for each configuration as shown in Table 5.1.

A clear visual difference between the distributions can be seen only in the case of the first
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Table 5.1: Induced hand tremor experiment configuration.

Item Parameter Configuration
. Amplitude 0.68V
Stimulator
25Hz /5Hz /
Frequency 7.5 Hz / 10 Hz
Leap Motion
controller Sample frequency 60 Hz
) Data af:qu151t10n o= 10s
time
Left hand (stimulated at 2.5 Hz)
100 T T T
80
2 60
1S
€ 40
20
oL | | | | 1 il
0 1 2 3 4 5 6 7 8 9 10

time (s)

Figure 5.4: Norm of left palm velocity vector (stimulated at 2.5 Hz).

20 Left hand (stimulated at 2.5 Hz)

Figure 5.5: Estimated instantaneous mean frequency (in green) from the signal presented
in Figure 5.4 by using Hilbert spectrum analysis.

three frequencies against the last one.

All the IMNF distributions were non-normal. The normality test was conducted
by using One-sample Kolmogorov-Smirnov test. Table 5.2 presents the hypothesis test

comparing each distribution in pairs by means of Mann-Whitney U-test.

In the Table 5.2, p-value equal or less than 0.05 means that compared distributions
have different medians. In this sense, the distributions were statisticaly different following

a pattern, e.g., taking 2.5 Hz as a reference, only 7.5 Hz and 10 Hz were different. Only the
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Figure 5.6: Norm of left palm velocity vector (stimulated at 10 Hz).

20 Left hand (stimulated at 10 Hz)

time (s)

Figure 5.7: Estimated instantaneous mean frequency (in green) from the signal presented
in Figure 5.6 by using Hilbert spectrum analysis.
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Figure 5.8: Boxplot of IMNF distributions for data acquired while electric stimulator
frequency has been set at 2.5 Hz, 5 Hz, 7.5 Hz and 10 Hz.
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Table 5.2: Median difference test among the four IMNF distributions by using Mann-
Whitney U-test.

P-value
2.5 Hz 5 Hz 7.5 Hz 10 Hz
2.5 Hz 1.00 0.33 0.04 0.00
5 Hz 0.33 1.00 0.33 0.00
7.5 Hz 0.04 0.33 1.00 0.00
10 Hz 0.00 0.00 0.00 1.00

distribution of the higher stimulus frequency the difference was confirmed while compared

against the other ones.

5.2 Preliminary sensor evaluation

In this investigation, the aim was to evaluate LMC with focus on the specific hand track-
ing capabilities. Depending on the human age, for example, the tremor amplitude varies
between 0.4 mm =+ 0.2 mm for young individuals and 1.1 mm =+ 0.6 mm for old indi-
viduals [82, 83]. The controller’s performance was evaluated using a static hand as a
reference object, this way, the hand palm position was tracked and recorded to evaluate

the dispersion of the results.

The effective range of the controller extends from approximately 25 to 600 millimeters
above the device. The cartesian coordinate system is used to describe positions in the
controller’s sensory space. It should be noted that the sampling frequency is not stable,

it can not be set, and varies significantly [46].

Measurement setup

The LMC was fixed on a plane and a reference plaster hand model was fixed above it, as
shown in Figure 5.9. A laptop computer, Intel Core i7-3520M CPU 2.9 GHz with 8 GB
of RAM, with the developed evaluation software (Figure 5.1) were used for real-time data

acquisition and logging.

During the measurements, the hand model was firmly attached using a metal struc-
ture. The static measurement was performed under four experimental conditions sets as
shown in Table 5.3.
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Figure 5.9: Setup of the experimental environment.

The measured positions are denoted by p[i] = (p.[i], p,[i], p:[i]) € R?, where the
components p,[i], py[i] and p,[i] represent the coordinates in the LMC cartesian coordinate
system of the i-th sample (1 < i < N,i € N) taken at the same position, and N means

the total number o samples taken.

Table 5.3: Predefined experimental conditions sets.

INNumination Distance from
intensity (lux) controller (cm)
Set 1 353
Set 2 72 27
Set 3 353
Set 4 72 17

In the following, for each set, at least 2,500 samples were measured. In order to
analyze the sensor’s accuracy and precision in static scenario the deviation and standard
deviation were calculated. Figure 5.10 shows deviation between each measured position

and mean value for x- and y-axis from set 2.

Figure 5.10 presents one of the smallest deviations for x- and y-axis, which is less
than 0.43 mm in the case of x-axis and in the y-axis case is less than 0.59 mm. The
box-and-whisker plots in Figure 5.11 shows the average deviation concerning the x-, y-

and z-axis at each set (see Table 5.3). The boxes are representing the interquartile range
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Figure 5.10: Deviation between each measured position and the mean value for x- and
y-axis from set 2.

that contains 50% of the values and the whiskers are marking the minimum and maximum

values, excluding outliers (marked as red points).
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Figure 5.11: Box-and-whisker plot of x-, y- and z-axis deviations for each set.

Figure 5.12 shows a comparison of standard deviation of x-, y- and z-axis for each
set. The lowest standard deviation (0.085 mm) was measured on the x-axis 27 cm above
the controller with illumination intensity of 72 lux, while the highest standard deviation

(0.57 mm) was measured on the z-axis at the same conditions.

This investigation described a preliminary evaluation of the hand tracking perfor-
mance of the LMC in the static scenario. It should be noted that the LMC software
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Figure 5.12: Standard deviations of x-, y- and z-axis for each set.

version used was 2.2.5 and the application programming interface (API) function used to
get the hand position was Hand.palmPosition. Unlike, that information were not clear in
[45] and [46] studies.

The results revealed a significant increase in the standard deviation when the hand
model was moved away from the controller’s surface, particularly in the z-axis, which
combines with results presented by [46]. In some cases, the controller only tracked the
static point for a few seconds and then stopped. The sampling frequency keeps around
58 Hz with small changes (0.5 Hz), which is below the expected value that should be 60

Hz. These two phenomena were also reported in [46].

Concerning about illumination intensity, the set of measurements revealed no signifi-
cant deviation difference between the sets of 353 lux and 72 lux. Future works could focus
on correlation tests to evaluate the best settings for the use of the LMC, and estimating

a model of the error probability density function.

5.3 Conclusions

1. The use of LMC allied with signal preprocessing, taking into account the velocity

norm and signal processing, analyzing the signal in frequency domain, allowed the
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discrimination of simulated hand tremor only in some cases (see Table 5.2).

2. LMC drops considerably its accuracy while hand is moved away from the controller’s

surface, particularly in the z-axis.
3. Inconstant sampling frequency is a frequently issue while using the LMC.

4. TNlumination intensity does not affect the LMC data acquisition.



“Without the quest, there can be no epiphany.”

- Constantine Scaros

Experimental research for data visualization

and classification

In this chapter, the results of the experiments with three DR methods are presented. PCA
[65], Sammon’s mapping [69] and t-SNE [70] were evaluated in terms of data visualization
and classification. Features in a low-dimensional space are classified based on their ability
to discriminate neurologically healthy individuals, individuals suffering from PD treated
with levodopa and individuals suffering from PD treated with deep brain stimulation
(DBS). The objective was to improve the PD data visualization and discrimination by

using machine learning algorithms.

The research results presented in this chapter were published in a peer-reviewed sci-

entific journal (i.e., Computational and Mathematical Methods in Medicine - [84]).

6.1 Methods

Participants and data collection

This study was conducted in the Federal University of Uberlandia (UFU), Uberlandia,
Brazil, and at the University of California, Los Angeles (UCLA), USA. Both institutions
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provided ethical approval for the experimental procedures (CAAE 07075413.6.0000.5152;
UCLA IRB 14-001491). A complete description of the procedure employed for data

collection is available in [19].

The data were collected by means of the TREMSEN (Precise Tremor Sensing Tech-
nology) system (National Institute of Intellectual Property - Brazil - BR 10 2014 023282
6) [19]. The system uses a surface EMG sensor, in a differential configuration, and triaxial
inertial measurement unit (IMU) based on MEMS technology consisting of a gyroscope,
an accelerometer and a magnetometer (L3G4200D, LSM303DLM).

The dataset consists of motor task measurements collected from 38 subjects. The sub-
jects were divided into the following groups: neurologically healthy individuals (Sy = 10),
individuals suffering from PD treated with levodopa (Spp = 16), and individuals suffer-
ing from PD treated with DBS (Spps = 12). All the subjects with PD that participated
in this study were rated as 2 (i.e., bilateral or midline involvement without impairment
of balance) or 3 (i.e., bilateral disease: mild-tomoderate disability with impaired postural

reflexes; physically independent) by using Hoehn and Yahr scale [85].

The dataset used in this study resulted from four motor tasks depicted in Figure 6.1,
performed by the volunteers: finger taps (Task 1 - T1), finger to nose (Task 2 - T2),
supination and pronation (Task 3 - T3) and rest (Task 4 - T4). All of these tasks are well
established, described in the UPDRS [29] and used in clinical evaluation.

Task 2 (T2) Task 3 (T3) Task 4 (T4)

Task 1 (T1)
. Finger taps . Finger to nose |, Pronation and supination | Rest
) 10 seconds 1 10 seconds 0 10 seconds "|” 10 seconds

Figure 6.1: Basic sequence of executed tasks.

Each subject executed the sequence of four tasks depicted in Figure 6.1 five times. At
least 30 s was allowed for rest after the end of the execution of each sequence (from tasks
1 to 4).

During the execution of the tasks, two sets of three-axial inertial sensors (i.e., ac-
celerometer, gyroscope, and magnetometer), weighing 1 g each, were positioned on the
dorsal surface of hand and forearm. Two pairs of disposable EMG sensors were placed on
the muscles flexor and extensor located in the forearm. Both inertial and the envelope of
EMG signals were digitized at 50 Hz.

Figure 6.2 illustrates typical waveforms of resultant components (i.e., a combination

of x, y, and z coordinates) for the inertial sensors and the signal envelope for the elec-
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tromyographic activity. The periods of the sequence of executed tasks (T1, T2, T3 and

T4) are delimited by rectangular windows, indicating the beginning and end of each task.
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Figure 6.2: Typical example of preprocessed signals. Results of the application of the
windowing and filtering steps described in [19]. The distinct tasks (T1, T2, T3, and T4)
are separated by pulses.

Since each subject repeated each task five times, it was computed the coefficient of
variation (CV) [86] to estimate the ratio of the standard deviation to the mean among the
repetitions. For the reproducibility perspective, CV value can be used as one parameter

to guide other studies in the reproduction of the experiment results.

On average, Table 6.1 shows the CV for the subjects per group. Empirically, Sy
presented lower mean CV value among the three groups indicating that the subjects from
this group may not vary in terms of the motor pattern as much as subjects from Spp and
Sprs groups. On the hand, subjects from Spp and Sppg groups may vary more, which is
expected once they suffer from PD presenting different motor patterns according to their

physiological conditions (e.g., under medication and anxiety).

Table 6.1: Overall mean coefficient of variation (1 = 100%) among each repetition of the
subject.

Coefficient of variation per group

Sy Spp SpBs

0.214+0.14 0.24 £0.15 0.30£0.21
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Steps for data processing

Focusing on data visualization and the discrimination between healthy subjects from those
suffering from PD, the present study assesses features estimated from data projection
techniques (PCA, Sammon’s mapping and -SNE) classified by a support vector machine
(SVM) classifier. The main steps of this study are shown in Figure 6.3.

3

DR Methods
[ PCA, Sammon’s,
t-SNE |

4 - Out-of-sample

la 1b 1c 4a — 4b 4c
Preprocessing | Windowing Feature Fit ANN | Data visualization
methods extraction PCA )
000
[FS,IA, IF] [ MAV, RMS, ...] o®®
24 l 2h i 22 b Automatic
Data split Prediction method

Standardization
of data

Training group classification
_ SVM Su”» e’ » Spes’ ?

Figure 6.3: Diagram depicting the main steps.

The extracted features were standardized (step 2a in Figure 6.3) and then split into
training and test sets (step 2b in Figure 6.3). The high-dimensional feature vectors
of the training set were submitted to dimension reduction (step 3 in Figure 6.3). The
corresponding low-dimensional map point for the test set was produced by means of an
out-of-sample extension technique (step 4 in Figure 6.3). This step was accomplished by

using an artificial neural network (ANN).

Feature reduction was followed by supervised learning and classification, which was
achieved through SVM [87] (step 5 in Figure 6.3). These steps aim to evaluate the DR
techniques in order to explore the PD motor task data. Each used method is described

in detail in the following subsections.

Feature extraction

Feature extraction was performed over the filtered signals (F'S), the instantaneous ampli-
tude (IA), and the instantaneous frequency (IF), estimated from the Hilbert transform
[80], as pointed out in the step lc of Figure 6.3. The following features, which are fully

described in Table 1 of [88, 89], were estimated: mean absolute value (MAV), root mean
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square (RMS), global maximum (PEAK), mean of the absolute values of the second dif-
ferences of the normalized signal (MAVSDN), mean of the absolute values of the second
differences (MAVSD), mean of the absolute values of the first differences of the normal-
ized signal (MAVFDN), mean of the absolute values of the first differences of the signal
(MAVED), interquartile range of the signal (INTERQ RANGE), difference between the
maximum and minimum values of a signal (RANGE), standard deviation (STD), variance

(VAR), and approximate entropy.

For each method (i.e., FS, IA, and IF), a feature matrix was created containing
the features extracted from all sensors. In addition, it was analyzed the combination
of features estimated from each method: FS-TA, FS-TIF, TA-IF, and FS-TA-IF. The aim
was to identify which combination could provide the best discrimination results. The

preprocessing methods (step la in Figure 6.3) are fully described in [19].

Data standardization and splitting

Since we have data from different sensors (i.e., accelerometer, gyroscope, magnetometer,
and electromyography) which are on different scales, it is common to standardize the data.

Thus, the features were standardized by using the zscore method (step 2a in Figure 6.3),

z = : (6.1)

where x is the feature to be standardized, yu is the mean of the feature including all samples,
and o is the standard deviation of that feature. The standardized feature vectors were
then separated randomly into training and test sets (step 2b in Figure 6.3) comprising
90% and 10%, repectively, of the data from each group of subjects (Sy, Spp, and Spgs)
before proceeding. A strict separation between training and test sets is crucial for a more
real and reliable evaluation of the automated classification task. This is an improvement
while compared to the study described in [19], where the dimension reduction step was

applied to the entire dataset prior to machine learning.

Unsupervised dimension reduction analysis

In this work, three unsupervised DR methods were evaluated (step 3 in Figure 6.3).
The first one was the linear feature reduction PCA [65, 66]. The second was Sammon’s
mapping, one of the first nonlinear mapping algorithms for analysis of multivariate data
[69]. The third, also a nonlinear mapping technique, was t-SNE of van der Maaten and

Hinton [70]. These methods were explained in Chapter 4.
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Experiment parameter setting

Sammon’s mapping and -SNE have several free parameters, such as the number of iter-
ations for which the cost function optimization is processed and the learning rate used in
the gradient descent method. In addition, --SNE has perplexity parameter, which can be

defined as a smooth measure of the effective number of neighbors.

In our experiments, we did an exhaustive search in order to evaluate the influence of
each DR parameter in the quality of the generated maps. All the parameters settings are

shown in Figure 6.4.
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Figure 6.4: Parameter settings of the experiments. Note that for the preprocessing meth-
ods we explore all possible combinations between them (i.e., FS, IF, TA, FS-IF, FS-IA,
IF-TA, and FS-IF-TIA).

Each DR method was evaluated across some experiments without repetition (same
combination more than once), which are composed by different parameter settings (as
shown in Figure 6.4); for example, PCA experiments are arranged by the combination of
preprocessing methods (v) and tasks (7), resulting in 28 experiments. Following, with a
total of 700 experiments is Sammon’s mapping by the combination of v, 7, number of
iterations (1), and learning rate (n). Lastly, -SNE experiments combine all parameters

depicted in Figure 6.4, which sums 3,500 experiments.

For each setup shown in Figure 6.4, the procedure was (1) execute DR method; (2)
execute the out-of-sample process; (3) train and test the SVM classifier; and (4) compute

performance indices in order to evaluate the parameters setup.

Out-of-sample extension

A plenty of nonlinear DR methods only map a given finite set of data points to low-

dimension, not providing a built-in way to map new data points to the corresponding
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low-dimensional representation. Sammon’s mapping and ¢-SNE fall into this category
of DR methods. The training set of high-dimensional data x; and their corresponding
mapped low-dimensional representation y; was used to train a feedforward neural network
with weights w, which act as a mapping function f : x; — y; in which for each x;, we
have a y; to determine the low-dimensional representation of the test set (step 4b in Figure
6.3).

Before proceeding to use an ANN, the high-dimensional training set passes through
PCA by preserving 90% of the total variance of the data (step 4a in Figure 6.3). This
step avoids the curse of dimensionality [90] and speeds up ANN training. Bayesian reg-
ularization backpropagation [91] was the training method used to update w and bias

values.

The analysis of the lower dimensional data was performed by means of the evaluation

of classification results.

Classification analysis

In order to evaluate the DR techniques, a supervised machine learning classifier, SVM, was
employed for data classification (step 5 in Figure 6.3). Once trained, the model was cross-
validated using a leave-one-out (LOO) method and the cross validation loss of the model
was calculated. It should be noted that inside the training set, we also have the validation
set used during cross-validation step. Through empirical test, the best parameters for our

SVM classifier were Gaussian kernel function with 0.35 for kernel scale.

Classification accuracy was defined as

TP+ TN

6.2
TP+TN + FP 4+ FN’ (6.2)

accuracy =

where TP = number of true positives, TN = number of true negatives, FP = number of

false positives, and FN = number of false negatives.

Success rate was defined as

YR
successrate = — (6.3)
vT

where Rpp is the true positive rate, v indicates the number of preprocessing methods,

and 7 represents the number of tasks.
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Cross validation is a statistical method for assessing how the result models will gener-
alize to an unknown dataset [92]. In this research was used LOO cross validation method,
where the number of folds equals the number of samples in the dataset. Thus, the SVM
algorithm was applied once for each sample, using all other samples as a single-item
validation set. As we have three classes (i.e., Sy, Spp, and Spps), it was employed a
multiclass classification [93] in a one-versus-all strategy, which employs binary classifiers

to assume that one class is positive and the rest are negative.

6.2 Results

The experimental results of the assessed classification methods are shown in this section.

One hundred and seventy-one training samples were collected from 38 subjects within
the training set, each composed of 408 to 1,224 dimensional features, which were reduced
to two-dimensional features and evaluated with LOO CV. The rest of the samples, which
is 10% as described in subsection 6.1, compose the test set. Each data from the test set
was submitted to the out-of-sample extension in order to be mapped in a 2-dimensional
space. In the end, these 2D points were labeled by the SVM model.

Visual representation of mappings

In Figures 6.5-6.8, we show some of the results of our experiments with PCA, Sammon’s
mapping, and +-SNE on the datasets built with the tasks depicted in Figure 6.1. The
visualizations are scatter plots representing dimensionless scores of the projection of high-
dimensional feature vectors. Additionally, it was drawn the decision boundary generated

by a multilayer feedforward network in such a way to enhance the visual analysis.

Each setup, as depicted in Figure 6.4, creates one scatter plot. The scatter plots

shown in Figures 6.5-6.8 were selected using a quality ratio defined as

OSR OSR
OR = ( LOOC; + TS)7 (6.4)
where OSR is the overall sucess ratio defined by
TP

where TP is the number of true positive of all classes and TNS is the total number of
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samples. Since OSR is given in percentage and could range from 0 to 100%, QR also

follows this interval.
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Figure 6.5: Visualization of projected data onto a lower dimensional space (step 3 in
Figure 6.3). The visualizations are scatter plots representing dimensionless scores of the
projection of high-dimensional feature vectors onto the first (x-axis) against the second
(y-axis) estimated components. The data are from Task 1, which is the movement of
finger taps. Triangles represent Sy, asterisks Spp, and circles Sppg. (a) The projections
of PCA technique, (b) projections of Sammon’s mapping, and (c¢) --SNE map.

This ratio aims to guide in the selection of scatter plots which reach best results in the
classification process, considering each DR method and each task. In this way, Figures
6.5-6.8 represent the scenarios which achieved higher quality ratio. Table 6.2 summarizes

the parameters and performance values for each selected scenario.

Analyzing Table 6.2, t-SNE achieved better performance in all scenarios, reaching
mean QR of 99.42%. Secondly it was Sammon’s mapping with mean QR of 90.72% and
finally PCA with mean QR of 81.36%. Finger to nose (T2) was the task with high-
est QR value considering all DR methods, and Rest (T4) was the task with the lowest

performance.
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Figure 6.6: Visualization of projected data onto a lower dimensional space (step 3 in
Figure 6.3). The visualizations are scatter plots representing dimensionless scores of the
projection of high-dimensional feature vectors onto the first (x-axis) against the second
(y-axis) estimated components. The data are from Task 2, which is the movement of finger
to nose. Triangles represent Sy, asterisks Spp, and circles Spps. (a) The projections of
PCA technique, (b) projections of Sammon’s mapping, and (c¢) t--SNE map.

Classification performance of projected data

Figures 6.9 and 6.10 present the boxplots of success rate (normalized between 0 and 1,
in which 1 means 100%) for the data from the training set and test set, respectively. In
Figure 6.9, for all three classes of data, the true positive success rate distribution remains
similar, except for PCA for the Spp class. In Figure 6.10, the true positive success rate
of Sammon’s mapping and t-SNE were similar and higher than PCA for Sy class. For

Spp and Sppg classes, t-SNE yielded superior performance.

Analyzing the boxplots of Figure 6.9, it is observed that there is a clear difference
among all DR methods, whereas in Figure 6.10 for Spgs group, there also was a difference

among DR methods, but for Sy and Spp groups, the difference was not clear.
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Figure 6.7: Visualization of projected data onto a lower dimensional space (step 3 in
Figure 6.3). The visualizations are scatter plots representing dimensionless scores of the
projection of high-dimensional feature vectors onto the first (x-axis) against the second
(y-axis) estimated components. The data are from Task 3, which is the movement of
pronation and supination. Triangles represent Sy, asterisks Spp, and circles Sppg. (a)
The projections of PCA technique, (b) projections of Sammon’s mapping, and (c) --SNE
map.

In order to confirm the analysis of boxplots, a statistical test was conducted. Only
Sammon’s mapping and +SNE were considered for statistical analysis, since the PCA
method has one value in the context of boxplots. The normality presupposition was not
satisfied for any of the distributions. The normality presupposition was verified by means
of the one-sample Kolmogorov-Smirnov test. Table 6.3 presents the p-values estimated
by means of the two-sample Kolmogorov-Smirnov test between success ratios achieved by
Sammon’s and -SNE methods. The statistical difference of 95% was confirmed for all

cases, except for Sy group from the test set.

Overall, these findings show that when ¢-SNE is combined with either the SVM al-

gorithm, a notable improvement is seen over other investigated DR methods. When



Chapter 6. Ezxperimental research for data visualization and classification 46

40

. 30|
G

S —— ‘ oI f: =
Task 4 (T4) or &
Rest
0 I h..
S 10| 3 &
A H
20} ;
* Spp '
— ~DBS %0 0 20 40 60 80 100
(a) PCA
25+ 80
20f ? %
40
15| g
10 Hh + 20 ; * ¢
5 L '
w o 0
0 & w2 ol '___t{
i R 1 ) O30 O ool
5E '+ =1 F * .;'.."_'l('- Y — = 20
¥ e LY
-10F X g £ 40
-15} e
-0t
20
_25 L 4 1 1 1 1 1 1 _SU L i i ]
-40 -30 -20 -10 0 10 20 30 40 -50 [ 50 100 150
(c) t-SNE (b) Sammon’s mapping

Figure 6.8: Visualization of projected data onto a lower dimensional space (step 3 in
Figure 6.3). The visualizations are scatter plots representing dimensionless scores of the
projection of high-dimensional feature vectors onto the first (x-axis) against the second
(y-axis) estimated components. The data are from Task 4, which is the rest pose against
gravity. Triangles represent Sy, asterisks Spp, and circles Spps. (a) The projections of
PCA technique, (b) projections of Sammon’s mapping, and (c¢) t--SNE map.

examining the mean of each distribution shown in Figure 6.9, the improved classification
was seen when compared -SNE to Sammon’s, increased 18.1%, 18.4%, and 18.8% for
classes Sy, Spp, and Sppg, respectively. When examining the mean of each distribu-
tion shown in Figure 6.10, the improved classification was seen when compared ¢-SNE to
Sammon’s, increased 2% and 6% for classes Spp and Sppg, respectively, but decreased
by 0.6% for class Sy.

Next, Table 6.4 shows the grand average confusion matrix of SVM classifier for all
studied DR methods, including data from the training set (LOO CV) and test set. In this
table, the diagonal cells in bold show the normalized percentage of correct classifications
by the SVM. For example, 70 samples of Spp group were correctly classified when -SNE
DR method was employed. This corresponds to 98% of all training set samples of Spp
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Table 6.2: Parameters and performance values of best scenarios according to its quality

ratio (QR).

. Performance
Task DR methods Parameter settings value
l n € QR (%)
PCA - - - 79.82 £ 6.2
Finger taps (T1) Sammon’s 575 0.6 - 88.60 + 8.6
t-SNE 5000 0.6 27 99.42 £ 0.8
PCA - - - 86.26 £ 4.5
Finger to nose (T2)  Sammon’s 423 0.4 - 94.44 £ 7.8
t-SNE 5000 0.4 5 99.71 £ 0.4
PCA - - - 83.92 £+ 15.2
Pronation and
supination (T3) Sammon’s 742 0.6 - 93.57 £ 9.0
t-SNE 1000 0.6 16 100 £ 0.0
PCA - - - 75.44 £ 2.4
Rest (T4) Sammon’s 1080 0.4 - 86.26 + 11.9
t-SNE 3000 0.5 16 98.54 + 2.0

Table 6.3: P-value from two-sample Kolmogorov-Smirnov test between success ratios
achieved by Sammon’s and +-SNE methods.

P-value
Group
Leave-one-out
. . Test set
cross validation

SH 0.00 0.32
Spp 0.00 0.02
SpBs 0.00 0.00

group. Similarly, 6 samples of the same group were correctly classified when, again, -SNE

DR method was employed. This corresponds to 78% of the test set samples of Spp group.

Overall, using the PCA DR method 73.5% of the training set and 67.8% of the test set
was correctly classified. For Sammon’s mapping, considering the training and test sets,
respectively, 78.6% and 74.1% of the predictions were correct. Lastly, +-SNE yielded the
highest percentage of correct predictions for both, training (96.9%) and test sets (76.6%).

Figures 6.11 - 6.13 show the receiver operating characteristic (ROC) curves of the LOO
CV of the training set and test set validations for each class along with the mean area

under the curve (AUC) while each DR method was employed as a step before classification



Chapter 6. Ezxperimental research for data visualization and classification 48

Training set (leave-one-out cross-validation)
T T T
S, s S

PD DBS

_

0.95

o
(]
T

I

0.85 4

Success rate (%)

HH

|

H
HiH

0.75

0.7

PCA ‘
Sammon's
t-SNE

PCA
Sammon's
t-SNE
PCA
Sammon's
t-SNE

Figure 6.9: Boxplots of grand average of true positive rate achieved by SVM using LOO
CV for PCA, Sammon’s, and -SNE DR techniques for participants of Sy (left), and Spp
(center), and Sppg (right) groups. As this study PCA has no parameters to be varied

(Figure 6.4), it is depicted by one value, which represents all possible combinations for
the PCA DR method.

Table 6.4: Grand average confusion matrix of SVM for each DR method. The bold
diagonal cells show the normalized (0-1) percentage of correct classifications by the SVM.

Target class

Leave-one-out
DR. method cross validation Test set
Su Spp  Spbms Su Spp  Spms

S 0.70 0.11 0.07 0.60 0.08 0.10

Predicted
PCA class Spp 024  0.78  0.20 031 079 026
Spps  0.05 011 072  0.09 0.13  0.64
Sy 0.79  0.08 0.05 0.78  0.11 0.08

, Predicted
Sammon’s class Spp 0.15 0.79  0.18 017 076  0.24
Spps  0.05 013  0.77  0.06 0.13  0.68
Sy 0.98  0.01 001 077  0.08 0.07

Predicted
t-SNE class Spp 0.02  0.98  0.03 014 078  0.19

SpBs 0.01 0.01 0.95 0.09 0.14 0.74
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Figure 6.10: Boxplots of grand average of true positive rate achieved by SVM using the
test set for PCA, Sammon’s, and +-SNE DR techniques for participants of Sy (left), and
Spp (center), and Sppg (right) groups. As this study PCA has no parameters to be varied

(Figure 6.4), it is depicted by one value, which represents all possible combinations for
the PCA DR method.

process. For the LOO CV, the confidence bounds of 95% were computed for ROC curves
by means of Bootstrap, with 1,000 replicas.

For the Sy class, t-SNE achieved remarkable performance considering LOO CV, with
the highest mean AUC (0.99) and with the lowest deviation from the mean. Sammon’s
mapping and PCA reached mean AUC of 0.91 and 0.85, repectively, and both showed a
similar deviation from the mean. Considering the test set, +-SNE and Sammon’s mapping
show similar responses when observing the shape of the curve, mean AUC, and the balance
point (i.e., the point where the ROC curve reaches the equality between specificity and
sensitivity - diagonal dashed line in Figures 6.11 - 6.13). PCA, on the other hand, had
the lowest performance.

The ROC curves of Figure 6.12 show the discrimination ability of the SVM classifier
for Spp class for both, training (LOO CV) and test validation sets. Examining Figure
6.12a, the results indicate that t-SNE obtained similar results when compared to the same
method applied in Sy group, whereas Sammon’s and PCA decreased their performance.
Note that for Spp class, these two methods present overlapped area in ROC curve along

with confidence bounds as much as for Sy class. However, for Spp class, the confidence
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Figure 6.11: Receiver operating characteristics curves of SVM classifier for the training
and test sets of Sy group. The orange, green, and blue lines show the ROC curves for
t-SNE, Sammon’s mapping, and PCA DR methods, respectively. AUC is the area under
the curve. (a) Mean ROC curves for data from the training set and its 95% confidence
bounds computed by means of Bootstrap, with 1,000 replicas. (b) Mean ROC curves for
data from the test set.
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Figure 6.12: Receiver operating characteristics curves of SVM classifier for the training
and test sets of Spp group. The orange, green, and blue lines show the ROC curves for
t-SNE, Sammon’s mapping, and PCA DR methods, respectively. AUC is the area under
the curve. (a) Mean ROC curves for data from the training set and its 95% confidence
bounds computed by means of Bootstrap, with 1,000 replicas. (b) Mean ROC curves for
data from the test set.

bounds are narrower.

Figure 6.12b shows ROC curves for the test set. The behavior of the curve for each DR
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Figure 6.13: Receiver operating characteristics curves of SVM classifier for the training
and test sets of Sppg group. The orange, green, and blue lines show the ROC curves for
t-SNE, Sammon’s mapping, and PCA DR methods, respectively. AUC is the area under
the curve. (a) Mean ROC curves for data from the training set and its 95% confidence
bounds computed by means of Bootstrap, with 1,000 replicas. (b) Mean ROC curves for
data from the test set.

method was similar, -SNE reached the best AUC (0.86), right after are PCA (0.84) and
Sammon’s with AUC of 0.83. At the balance point view, --SNE was the best method and
PCA was the worst one. Considering Sy and Spp classes, PCA improved for classification
of Spp samples from the test set. On the other hand, Sammon’s and -SNE decreased its

performance for Spp class.

The classification performance for Sppg class is also shown in ROC curves of Figure
6.13. The results showed in Figure 6.13a present training set performance curves for
Spps class, again, t-SNE achived the best performance in terms of AUC and balance
point. Next, Sammon’s mapping and PCA with 0.87 and 0.84 of mean AUC, respectively,
showing great overlapped area between its confidence bounds. For Sppg class, t-SNE
showed the wider confidence bound while compared with the performance achieved for
Sy and Spp classes. Figure 6.13b, in turn, shows that the three DR methods yielded the

same results for Spp and Sppg classes in terms of mean AUC.

6.3 Discussion

This kind of study is not often found in the literature. The reasons could be related to
the complexity of the recruitment of volunteers since, in this study, three distinct groups

(i.e., Sy, Spp, and Sppg) were evaluated. This type of data are expensive, and their
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acquisition demands specialized professionals.

In the literature, there are a plenty of studies which propose and evaluate methods for
discrimination between individuals with PD from neurologically healthy ones. However,
some studies show that there are key points to be overcome for realizing the full potential of
this technology in PD research and practice [7, 94], for instance (1) the machine learning
methods are challenging to evaluate and apply without a basic understanding of the
underlying logic on which they are based; (2) the ability to algorithmically analyze and
synthetically display clinically and disease-relevant information to physicians and patients
remains limited. This study brings a comparison among three DR methods with the aim

to address these two points.

PD treatment is also another topic extensively discussed in the literature. The two
fields inside this area related to our study are an investigation of motor behavior while
using medication-based treatments and surgical ones. According to [7], it is lacking an
objective way to adjust drug (e.g., levodopa) release as the patient needs. Besides that,
the DBS treatment has different points for improvements, one of that concerns the imple-
mentation of closed-loop (i.e., self-adjustable parameters) DBS. The present study moves
toward these directions, comparing these groups of subjects and characterizing their motor

behavior.

As reported in the literature [95, 19, 96, 97, 98], our results demostrated differences
between movement patterns for the three groups. On the other hand, we introduce
the comparison of visualization and classification tools, which allows for an objective
evaluation of subjects. Based on our review, just a few studies approached the challenge
of visualizing and classifying motor activities of the three classes evaluated. Even so, the

studies that explored this area did not go so far as our study.

The visual representation of mappings presented in Figures 6.5 - 6.8 show the ability
of each DR technique to deal with high-dimensional data since these figures show the sce-
narios which achieved higher quality ratio. Considering the visual aspect (i.e., clustering
and boundary of classes), +-SNE produces better visualizations, followed by Sammon’s
mapping in second place and PCA in the third one. In fact, the -SNE ability to keep
global and local structures implies in better visualizations as stated in [67]. Sammon’s
mapping, in turn, improves PCA, adding the ability to handle with nonlinear data. In ev-
ery mentioned figure, the map built by Sammon’s has a similar shape while compared with
PCA map. This occurs due to the PCA initialization strategy for Sammon’s algorithm
[75].

(Classification accuracy for PCA, Sammon’s mapping, and +-SNE was, respectively,
73.5%, 78.6%, and 96.9% for the training set and 67.8%, 74.1%, and 76.6% for the test
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set. According to [92], the training set is used to fit the models and the test set is used
for assessment of the generalization error of the final chosen model. Furthermore, there
are subtle differences between the training set and test set. The reasons of that are (1)
differences in motor behavior between inter and intragroups; (2) the training and test sets
are built randomly; (3) the out-of-sample step introduces error which is related to the
mapping of high-dimensional information onto a 2-dimensional space; (4) the classifier
generalization ability varies, and this factor impacts directly in the prediction accuracy,

especially when new samples are presented.

Visual representation presented in Figures 6.5 - 6.8 could be used as a visualization
tool for follow-up of treatments of PD by means of definition of the control zone, so that
the closer this zone to the subject is better in terms of motor behavior. Furthermore, to

achieve a smooth control of this zone, an individual analysis for each patient could help.

Our results take into account the differentiation of PD treatments and a healthy
control group without considering the subtypes of the disease. The variability found in
some methods may be due to this factor, since tremor, bradykinesia, and rigidity present
different movement patterns. A further study with the use of our system and protocol in

new group of participants, separated by PD subtypes, could address this limitation.

The tasks performed in this study are well established, described in the UPDRS [29]
and used in clinical evaluation [99, 100, 101, 102, 103]. In Figure 6.5, the finger taps
(Task 1) using t-SNE projection reached a quality ratio of 99.42% =+ 0.8 as well as the
clearer visual representation among all mappings shown in Figures 6.5 - 6.8. Sammon’s

mapping, in turn, presented a spherical projection, which is characteristic of this method
and achieved 88.60% =+ 8.6 of QR, around 10% less than t-SNE.

Finger to nose (T2) and pronation and supination (T3) were the performed tasks with
highest mean QR, 93.47% and 92.50%, respectively, considering all DR methods. Both
movements are more complex than the other two performed tasks, finger taps (T1), and
rest (T4). The higher motor pattern complexity of T2 and T3 task reflect in a higher
success rate on discrimination of the three classes (Sy, Spp, and Spps). The finger to
nose task shares its dominant kinematic pattern with a variety of activities of daily living
(ADL) such as eating, drinking, and answering a phone. Pronation and supination task,

on the other hand, is commonly used to assess bradykinesia [104].

Regarding discrimination among groups, t-SNE showed the highest success rate for
the LOO CV followed by Sammon’s mapping. Similar performance was achieved when
t-SNE was applied as a step before proceeding with the classification using the test set.
Although the success rate reached by #-SNE was superior, its performance was weak

while compared with itself in LOO CV. This drop occurs due to the step to allow project
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new data points, called out-of-sample (step 4 in Figure 6.3). The out-of-sample (OOS)
process was carried out by means of a PCA along with an ANN as explained in Section
6.1. Our OOS approach reached overall mean squared error of 17.9 4+ 10.5 and 3.6 + 2.7
for Sammon’s mapping and t-SNE, respectively, and an overall R value of 0.97 4+ 0.02
and 0.95 4+ 0.03 also for the same methods.

Despite our good results in OOS step, in many cases, the high variability of intragroup
motor patterns, mainly in Spp and Sppg, turns the OOS a hard process. There are in
the literature other methods to deal with OOS [105]; these methods could improve the

results presented in this study.

In this study, three preprocessing methods were employed. The first (F'S) was based on
the filtered signal, which yields data more correlated with the original data; the second
(IF) captures changes in the signal frequency over time and the third (IA) takes into

account changes in the amplitude of the signal.

Concerning to the preprocessing methods, our results show that the combination of
features extracted from the methods F'S and IF was the one that yielded the best overall
success rate (86.14% =+ 4.3), in accordance with [19]. The success of this combination
may be related to the cardinal symptom tremor, which induces oscillatory movements in

individuals with PD. These oscillatory movements could vary around 6 Hz [103].

Proceeding to classification analysis, Table 6.4 summarizes the classification results
by using the confusion matrix style. Machado et al. [19] employed a similar analysis in
some points, using only Sammon’s mapping. They reported an overall mean success rate

as given below:
1. Sy(Sy): 0.85 and 0.75 for classification and test sets, respectively;
2. Spp(Spp): 0.73 and 0.60 for classification and test sets, respectively;
3. Spps(Spps): 0.72 and 0.63 for classification and test sets, respectively.

In our experiments using -SNE, we achieved an overall mean success rate as given

below (from Table 6.4):
1. Sy(Sy): 0.98 and 0.77 for classification and test sets, respectively;
2. Spp(Spp): 0.98 and 0.78 for classification and test sets, respectively;

3. Spps(Spps): 0.95 and 0.74 for classification and test sets, respectively.
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6.4 Conclusions

This part of the study, investigated the motor behavior of three distinct groups of indi-
viduals: neurologically healthy, PD treated with levodopa, and PD treated with DBS. In
order to analyze the motor behavior of each group, four motor tasks were performed by
the subjects and recorded using inertial and EMG sensors. In spite of the large possibili-
ties of sensors to be used for collecting various data that can quantify PD symptoms, the
same progress cannot be seen while dealing with large and complex data such as the kind

of data collected in this study.

The assessment of the classification methods showed that the visualization provided
by the t-SNE enhanced the visual discrimination of the groups so that they could be
clearly identified for all investigated tasks. For automatic discrimination among groups,
SVM was used after the data reduction step. The SVM performance was higher in al-
most all scenarios while --SNE was employed. Furthermore, the noted improvement was
irrespective of the group or task or of the preprocessing method utilized, with an improve-
ment of around 18% for the training set, considering -SNE versus Sammon’s mapping.

For t-SNE versus PCA, the improvement was around 23% for the training set.

As a future studies, the following items could be highlighted: (i) analysis of redun-
dant features to exclude features with high correlation; (ii) factorial experiment design
to decrease the number of experiments and avoid the exhaustive search regarding the
parameterization of DR techniques; (iii) inclusion of features related to the signal energy,

e.g., Teager-Kaiser energy operator.



“If you don’t have time to read, you don’t have the time

(or the tools) to write. Simple as that.”
- Stephen King

Experimental research on non-contact

capacltive sensor

In this chapter, the results of the experiments with PS25454 non-contact capacitive (NCC)
sensor are presented. The experimental research of NCC sensor, by measuring a set
of hand movements, are presented. This research aimed to evaluate NCC sensor as a
component of a device to be used for quantification of hand movements. This brings
innovation while applying this kind of non-contact sensor in the context of PD motor sign

quantification.

In order to evaluate NCC sensor, four early experiments were conducted with different

aims:

1. The first experiment [106], aimed to test and validate the developed hardware (v1),
as well as the experimental protocol. In addition, a set of features were estimated
from the collected signals and used to perform 2-dimensional projections, after di-
mension reduction. The projections aimed to show possible patterns for the different

movements.

2. In the second early experiment [107], after the developement of a second version of
the custom-made hardware, tests with a subject with and without PD were made.

Furthermore, also in this experiment, amplitude and time-dependent features were
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extracted from the collected signals and projected in 2-D to check the patterns and

possible differences among the two subjects.

3. Third experiment [108] was conducted to compare the use of NCC sensor with
gyroscope. Three healthy subjects performed tasks using both sensors. After that,

a correlation analysis was developed.

4. Lastly, the fourth experiment [109] aimed to verify the possibility of the NCC sensor
measuring postural wrist tremor and to compare data of the NCC sensor with those
obtained by a gyroscope. At the end, the data was used to characterize the group

of subjects, by using features related to frequency.

Besides the four early experiments, a wider one was conducted and its aim was assess
hand motor tasks performed by subjects with and without PD. This last experiment
[110] tackle two points: (1) the modelling of the relationship between NCC responses and
displacement in a controlled scenario; (2) the experimental evaluation of the implemented
system by comparison of results obtained from a gyroscope, while healthy individuals and

people with PD were executing distinct hand motor tasks.

The research results presented in this chapter were published and presented at national
“XXV Brazilian Congress on Biomedical Engineering” [106], “XXVI Brazilian Congress
on Biomedical Engineering” [108] and international “World Congress on Medical Physics
and Biomedical Engineering 2018” and “41%" International Engineering in Medicine and

Biology Conference” scientific conferences.

Finally, this chapter focus mainly on the last and larger conducted experiment, un-

published yet.

7.1 Materials

In order to apply the NCC sensor technology in the context of PD movement analysis, a
system, composed of hardware, firmware and software, was developed from scratch. Figure
7.1 shows the main window of developed software. By using this software it is possible to
control the hardware device, which includes start, stop and save data collected, transmit
and receive control signals to synchronize with other devices, plot and interact (e.g., pan

and zoom) with recorded signals.

A crucial part of the developed system (National Institute of Intellectual Property -
Brazil - BR 10 2018 069864 8) is the hardware, composed of a custom-made circuit, along
with an arrangement of NCC sensors with a board with markers to assist the subjects

during the execution of experimental tasks. In the actual version, four PS25454 sensors
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Figure 7.1: Graphical user interface of developed computer software for data collection
with NCC sensors.

were used in pairs. Each pair defines a directional axis (x or y). A custom-made structure
was designed using four sensors placed at the four centered edges of a squared area of size

0.21 m x 0.21 m. Figure 7.2 shows this arrangement.

The sensors were configured in differential mode to measure the local electric field. To
avoid common mode noise, INA333 (Texas Instruments, Dallas, TX, USA) instrumenta-
tion amplifier was used, which has high common mode rejection, low power consumption

and low price.

The sensors require a power supply voltage of 5.5V, which is also suitable for the
instrumentation amplifier. A battery was used as power supply in order to reduce the

environmental electrical noise.

From both EPIC sensors, the signals were fed to the instrumentation amplifier. After
that, the amplifier output is buffered by a voltage divider to adjust the signal level for
analog-to-digital conversion (ADC). Figure 7.3 shows the simplified circuit diagram. The

system was grounded to minimize environmental noise interference.
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Figure 7.2: 2-D array of PS25454 sensors. Each pair of sensors provides information about
movement in the x and y axes. In the background, a board with markers was specifically
designed to assist the subject during the execution of experimental tasks. The orange
arrows point to the four EPIC sensors.
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Figure 7.3: Simplified circuit diagram to use PS25454 EPIC sensors in a differential mode
for movement quantification.
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7.2 Methods

System validation

A micro-machine system (Minitech CNC Mini-Mill/GX, USA) with a resolution of 1um
was used as the reference for the validation of the system. Attached to the reference

system, a plaster hand model was fixed in order to simulate a usage scenario. Figure 7.4
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depicts the experimental setup for system calibration.

Figure 7.4: Experimental setup for NCC system calibration. The axes orientation is
denoted by the red arrows and the orange arrows point to the four EPIC sensors. Each
sensor is encapsulated in a custom-made structure.

With the aim of establishing the relationship between displacement and voltage am-
plitude range, two scenarios were considered. For the first one, the hand was fixed 8 cm
apart from the sensor highlighted by a red asterisk (see Figure 7.4) and for the second one,
the hand was fixed 4 cm apart from the same sensor. In both scenarios, the movements
were along y-axis and they were executed 3 times each in the following sequence: (1)
move 10 mm;(2) move 5 mm; (3) move 2.5 mm; (4) move 1.5 mm and (5) move 0.5 mm;

always going back and forth.

The focus of this stage of the study was to determine the relationship between hand
displacement and EPIC sensor response. To do this, a linear mixed model [111] was used

to express the relationship between the measured variables,

y ~x+ (1]setup) + ¢ (7.1)

where z is our fixed effect term related to the hand displacement, 1|setup is the random
effect to model the two possible scenarios (i.e., the hand fixed at 4 cm and 8 cm apart

from the reference sensor), and ¢ is the general error term.
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Participants

A total of 57 subjects (Table 7.1) were recruited, being 30 with PD (Spp) and 27 controls
without PD (S¢). This research has been approved by the National Committee for Ethics
in Research (CAAE: 65165416.4.0000.5152). The subjects from each group were paired
in terms of age and sex. Subjects with PD were evaluated using MDS-UPDRS by three

skilled raters.

Table 7.1: Participants information.

PD (n = 30) Controls (n = 27)

Age* 62.1 + 9.7 60.7 + 8.5
Sex 20 M, 10 F 17M, 10 F
UPDRS Part III score** 33.4 + 13.3 -

* Equal medians with p = 0.56.
** Overall mean of MDS-UPDRS Part III score.

MDS-UPDRS part III concerns to motor examination and its total score ranges from
0 to 132 [29]. The overall mean part III score presented in Table 7.1 represents the PD
severity of our sample from Spp group. In percentage, this value represents 25% + 9%.
In clinical terms, this score implies in a slight to mild PD motor examination severity.
“Slight” refers to symptoms with sufficiently low frequency or intensity to cause no impact
on function and “mild” refers to symptoms of frequency or intensity sufficient to cause a

modest impact on function [29].

Experimental setup

The experiments (see experiment video available in Appendix B) were carried out in an
open unshielded environment (Figure 7.5). A three-axial gyroscope (L3GD20H, STMi-
croelectronics, Switzerland) was positioned on the dorsal region of the hand together with
a laser pointer for aiding the subject to execute a set of motor tasks (Figure 7.6). The
TREMSEN (Precise Tremor Sensing Technology) system (National Institute of Intellec-
tual Property - Brazil - BR 10 2014 023282 6) was used for data acquisition and real-time

visualization of the signals [19].

Subjects were instructed to start the motor task with the visual laser point at the
central region of the board (highlighted with a crossed circle). The white circles on the
board were set as targets considering each type of the experimental task (Figure 7.6). For

task T1, subjects were instructed to keep the hand in a pose against gravity with a visual
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Figure 7.5: Experimental setup. The 3-axial gyroscope is positioned on the dorsal part
of the hand along with the laser point. The orange arrow points to the gyroscope sensor
whom the y- and z-axes are indicated. The forearm is on the support. The squared board
is used for guiding the participant during the experiment.
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Figure 7.6: Set of tasks executed. The number of repetitions for each task is shown.

laser point at the central region of the board during 10 s. For tasks T2 to T5, subjects
were asked to execute the hand movements 5 times in 10 s, whereas for tasks T6 to T9
they were asked to execute the same type of tasks 15 times in 10 s. This sequence was

done three times with a rest among each execution.

Although the selected motor tasks are not in the UPDRS they are close related to the
ones performed by patients during the evaluation using the UPDRS [29]. Also, gyroscopes
are suitable to assess the selected movements, as they detect angular velocity, which may

vary as function of the task.

Signals collected from the gyroscope were sampled at 50 Hz (with sensitivity of +
500 °/s) [112] and from the NCC system at 3 kHz. This sample rate was chosen because
of the sensor behavior, in a way that, after carrier removal, 50 points are left for every

second. The signals were synchronized by an external trigger. The x and y axes of the
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NCC system correspond to the movements around z and y coordinates of the gyroscope,

respectively.

Signal pre-processing

The NCC sensor signal comes with carrier at 60 Hz (power line frequency) with ampli-
tude modulation, as explained in Section 3.2 of Chapter 3. So, in order to extract the
relevant information from the output sensor signal, the carrier was removed by means of
an envelope technique. Each sensor can measure the existing mains frequency (50 Hz /
60 Hz). When a dielectric object, such as a hand, is placed between two sensors, the level

of the mains signal detected by the sensor is changed.

The signals obtained from the gyroscope were pre-processed by using a moving average
filter and a nonlinear detrending technique described in [89]. For the signals detected from
the NCC system, the following sequence of steps was employed, first the signal envelope
of the peaks at 60 Hz component was estimated to remove the carrier signal, followed by

the same sequence of steps applied to the gyroscope.

Frequency analysis

The NCC sensor detects the disturbances in the local E-field and translates this into a
signal composed of the sum of all disturbances detected in the E-field. The following steps
were applied for the signals from both sensors (i.e., NCC and gyroscope): (i) estimate the
instantaneous mean frequency (IMNF') based on Hilbert spectrum (HS) [80]; (ii) calculate
some of the key values of the descriptive statistics (i.e., min - minimum value excluding
outliers, q1 - first quartile, median, q3 - third quartile and max - maximum value excluding
outliers). Points are treated as outliers if they are greater than ¢3 + w.(¢3 — ¢1) or less
than ¢l —w.(¢3—ql), where w is the maximum whisker length, and q1 and g3 are the 25th
and 75th percentiles of the sample data, respectively; (iii) apply one-sample Kolmogorov-
Smirnov test to check the normality of the distribution; (iv) apply a statistical test to
check the significance of the differences between the Spp and S¢ groups, considering the

estimated descriptive statistical features for each axis.
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7.3 Results

System validation

As a result of the experiment described in Section 7.2, Figure 7.7 shows the model response
of NCC EPIC sensor.
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Figure 7.7: Relationship between displacement and amplitude range of NCC EPIC sensor.
The dashed lines represent upper and lower 95% confidence intervals. In red on the upper
left corner is the line equation of the linear mixed model.

As shown in Figure 7.7, the model presented strong linearity. R-squared and adjusted
R-squared were nearly the same (R* = 0.7692 and R, = 0.7631). The following linear

equation

y = 0.003074x + 0.001767 (7.2)
was estimated by means of the fitted model, where x is the displacement in millimeters

and y the sensor output value in volts. From Equation 7.2 it is possible to estimate the

sensor behavior.

Typical waveforms

Figure 7.8 depicts typical waveforms obtained for a subject from S¢ and Spp groups while

executing the tasks shown in Figure 7.6.
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Figure 7.8: Typical signals collected. (a) subject without PD; (b) subject with PD. Each
rectangular window highlighted in red represents the signal from a task.

In Figure 7.8, the signals from both sensors can be visually compared and a high simi-
larity between their waveform can be seen. Each type of movement occurs most intensely
on a specific axis. For instance, T4 and T5, i.e., flexion and extension, respectively, occur
mostly on the y-axis. Nevertheless, it is also possible to observe smaller scale contribution

on the z-axis to the gyroscope sensor, and on the x-axis to the NCC sensor, latter if the

signal is zoomed in.

Frequency analysis

The estimation of IMNF for frequency analysis was made by means of the HS, for all
subjects considering three trials and the nine tasks. Figure 7.9 shows an example of the

estimation of IMNF, for signals collected from the task 2 - abduction.
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Figure 7.9: Typical IMNFs (in green), estimated through the HS, for task 2. (a) Signals
and IMNFs for a subject without PD, for the x-axis of both sensors. (b) Signals and IMNFs
for a subject with PD, for the x-axis of both sensors. Selected subjects are matched in
age and sex.

The differences between signal waveforms for Sc and Spp subjects can be seen in
Figure 7.9. In the first two seconds of Figure 7.9b, it is possible to see oscillations in
the signals of gyroscope and NCC sensor, latter to a lesser extent. These oscillations
come from hand shaking, and they are also presented throughout the signal, similar to

transients.

Table 7.2 presents a comparison between S and Spp groups considering the estimated
IMNEF values for both sensors (i.e., NCC and gyroscope) and for each task. The logical
values “17, also highlighted in green, help in visualization of which sensor axes and features

reached a significance level of 95% (p < 0.05).

In most cases, both sensors were able to discriminate features from signals of each
group (S¢ and Spp). For NCC sensor, tasks 1 and 3 were not discriminated completely by
considering both axes. The gyroscope sensor, in turn, did not show statistical significance,

for all features and axes, for tasks 1, 4, 5, 6, 8 and 9.
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Table 7.2: Comparison of descriptive statistics based on IMNF values between So and
Spp groups by Mann-Whitney U-test.

NCC sensor

Gyro sensor

p-value

logical value

p-value

logical value

X-axis y-axis x-axis y-axis x-axis y-axis x-axis y-axis

min 000 006 1 0 002 000 1 1
_ 000 054 1 0 028 008 O 0
émedian 000 087 1 0 001 000 1 1
F q3 000 092 1 0 000 000 1 1
max  0.02 082 1 0 000 000 1 1
min 000 000 1 1 000 000 1 1
~ q1 0.00 000 1 1 000 0.00 1 1
% median 0.00 000 1 1 000 0.00 1 1
F q3 0.00 000 1 1  0.00 0.00 1 1
max  0.00 0.00 1 1 000 001 1 1
min 000 000 1 1 003 005 1 1
 q1 000 001 1 1 000 0.00 1 1
% median 0.00 001 1 1 000 0.00 1 1
F g3 000 003 1 1 000 000 1 1
max  0.00 0.06 1 0 000 000 1 1
min 000 000 1 1 001 000 1 1
T q1 0.00 0.00 1 1 000 0.00 1 1
% median 0.00 000 1 1 000 0.00 1 1
F q3 0.00 000 1 1 001 000 1 1
max  0.00 0.00 1 1 005 000 O 1
min 000 000 1 1 002 000 1 1
0 q1 0.00 000 1 1 000 0.00 1 1
@ median 0.00 0.00 1 1 000 000 1 1
F q3 0.00 000 1 1 002 000 1 1
max  0.00 0.00 1 1 011 000 O 1
min 000 000 1 1 000 0.00 1 1
© g1 0.00 000 1 1 000 002 1 1
% median 0.00 000 1 1 000 003 1 1
K g3 000 000 1 1 000 010 1 0
max  0.00 0.00 1 1 000 0.36 1 0
min 000 000 1 1 000 001 1 1
~ q1 0.00 000 1 1 000 000 1 1
f@median 0.00 000 1 1 000 000 1 1
K g3 0.00 000 1 1 000 0.00 1 1
max  0.00 0.00 1 1 000 0.00 1 1
min 000 000 1 1 013 002 0 1
® q1 000 000 1 1 005 0.00 1 1
émedian 0.00 000 1 1 003 000 1 1
F q3 0.00 000 1 1 002 000 1 1
max  0.00 0.00 1 1 002 000 1 1
min 000 000 1 1 008 004 O 1
o qf 0.00 000 1 1 004 005 1 0
émedian 0.00 0.00 1 1 001 003 1 1
F q3 0.00 000 1 1 000 001 1 1
max  0.00 0.00 1 1 000 0.00 1 1
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7.4 Discussion

This investigation proposed the employment of non-contact capacitive sensors for the
assessment of people with Parkinson’s disease. The results showed that NCC sensor
performs as well as a gyroscope sensor for discrimination of movements executed by people
with and without PD.

Many sensors and techniques are employed to quantify the cardinal signs of PD. Most
studies [2, 3, 4] address this challenge by using contact sensors (e.g., inertial sensors),
and this approach has limitations. So, the alternative of use NCC sensors bring new

possibilities, besides overcoming some drawbacks related to the contact approach.

The analysis of the tasks depicted in Figure 7.6 can support the development of a
score to quantify the severity of some of cardinal signs. Rabelo et al. [112], for example,
analyzed the bradykinesia by means of quantification of flexion and extension movement
of the wrist. Pose against gravity was evaluated in [42] in order to estimate hand tremor

parameters.

Furthermore, NCC system can be beneficial in many ways: (i) for people who have
sensitive skin such as the elderly, being this most people suffering from PD [5]; (ii) for
invisible application, once they work without contact and even through the wall [113];
(iii) as a tool to allow exam in environments with high risk of contamination by contact
[6]; (iv) less interference due to cable movements; (v) no privacy concerns and (vi) less

amount of data and processing time while compared with image-based systems.

NCC system

So far, there has been just a few studies using EPIC sensors, especially the non-contact
versions. The datasheet of these sensors does not present enough information, and lack

of application notes turn its use challenging.

Gonzalez-Sénchez et al. [54] employed EPIC sensors to develop an electrocardiography
(ECG) monitoring system that does not require the preparation of the skin or direct
contact. From a sensor instrumentation circuit point of view, their study presented very
well the circuit design and some faced issues. PS25251 EPIC sensor was used in their
study and according to its datasheet, this version of the sensor was designed to be used as
a dry contact ECG sensor. However, their first tested setup two sensors in a differential
mode were used in a contactless approach. In this setup a laboratory mouse was placed
between the sensors. Finally, the plastic tube was surrounded with grounded aluminum

foil to reduce electrical noise picked up by the sensors.
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In our study, two approaches were tested. In the fist one, NCC system was designed
to operate in a single-ended mode. So, each sensor individually captured the E-field
disturbance in a way that the amplitude of a signal correspondent to a sensor unit increase
when the subject’s hand approaches it. After that, in order to establish each axis, the
signals of each sensor unit, after digitization, were subtracted by each other in pairs.
This approach presented to be not stable and the signals were frequently swamped by

environmental noise.

In the second approach, the one considered for the results presented in this chapter, it
was adopted a differential mode between a pair of sensors. Using this approach, the signal
of interest, most of times, was not swamped by environmental noise. After digitization,
60 Hz signal appeared as a carrier and the signal of interest varied the amplitude of
the carrier, in the same way it happens in amplitude modulation (AM). However, even
employing differential mode design, sometimes the signal of interest (i.e., voluntary and
involuntary movements of the hand) appeared weak and it was considerable swamped by
environmental noise. To overcome this limitation, a grounding technique also mentioned
in [54] was employed, i.e., the arm support was covered with aluminum foil connected to
a ground (GND). By using this grounding technique, signals were stable during all data

collections.

Regarding system validation, the estimated model depicted in Figure 7.7 presented
agreement with the measurements made by Aydin et al. [114]. The differences in am-
plitude range among our results and the one presented in [114] are due to measured
phenomena. In our experiment, the electric field disturbance due to hand displacement
was measured, and in their experiment the aim was to calibrate the EPIC sensor as a

field meter, so, a known electric field was created in laboratory.

Although the differences between the movements performed in system validation (i.e.,
hand translation) and experimental method (i.e., hand rotation), the basic principle of
NCC EPIC sensor was modelled and presented in Figure 7.7. This step was relevant to
confirm the previous results [114] and move forward. This kind of system validation could

be extended, considering, for instance, a variety of hand movements.

Waveforms

The obtained results indicate that both sensors, the NCC and gyroscope, can measure all
evaluated movements (i.e., T1 to T9). The signals shapes from NCC and gyroscope sensor
are very similar as shown in Figure 7.8. In [108], for instance, a correlation analysis was
made and the results showed high agreement between both sensors. This similar behavior

between them are relevant once gyroscope sensor is largely used and well established in
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the field of movement analysis, including PD motor symptom evaluation [2].

On the other hand, NCC system is highly dependent of sensors arrangement and
setup. This concern may be seen in Figure 7.8b, in which the signal amplitude of NCC
sensor for x-axis is higher than for y-axis. There are at least two possible reasons for
this phenomena: (i) the subject’s hand is closer to the sensors of x-axis, once the human
hand is wider in frontal plane than in sagital plane; (ii) in the case of Figure 7.8b, the
subject has PD and he suffers from bradykinesia (score 3 for item 3.4 of MDS-UPDRS)
and rigidity (score 2 for item 3.3 of MDS-UPDRS), which normally contribute to the
slowness of the movement and a reduced range of motion. These two symptoms affect
directly subject hand’s movements which reflects in the captured NCC sensor signal. The

latter reason can also be noted in gyroscope sensor signal, but to a lesser extent.

Frequency analysis

Information related to frequency domain is relevant and widely used to analyze PD motor

symptoms [3, 4, 115].

In Figure 7.9, for example, the IMNFs were estimated over time. Figure 7.9b illus-
trates a task signal and its IMNF for a subject with PD. Tremor symptom appears while
analyzing the signal from both sensors and the employed method for frequency estimation
was able to track the signal frequency oscillation. This phenomenon can be visually noted
in the first two seconds in Figure 7.9b for both sensors where the subject presented severe

hand tremor.

A comparison of descriptive statistics based on IMNF values among So and Spp
groups is shown in Table 7.2. Both sensors discriminate the motor patterns of both
groups very well. Overall, NCC sensor performed better. In many cases where NCC or
gyroscope did not present statistical significance for a particular axis, the possible reason
is that the analyzed movement occurred mainly on the other axis. For instance, task 3
occurs mainly on the x-axis. The results for NCC sensor in task 1 on the y-axis should
be highlighted. In task 1, the subject was asked to keep a pose against gravity, and in
this pose, even if the subject’s hand shakes, it will be closer to the x-axis sensors and

proportionally far from y-axis sensors, given the anatomical dimensions of the hand.

7.5 Conclusions

This experimental investigation described a new application of a non-contact sensing

technology which is entirely passive and works detecting changes in the ambient electric
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field. We showed that, with a custom-made arrangement of Electric Potential Sensors, it is
possible to quantify hand movements. The created system was calibrated and applied for
the assessment of wrist motor tasks performed by subjects with and without Parkinson’s
disease. This technology and the application presented in this dissertation open new

possibilities to the movement analysis field.

A comparison by using frequency features estimated from NCC and gyroscope signals
was conducted along with a statistical significance test. Considering this scenario, NCC

system showed to be as effective as the system based on gyroscope sensor.

In addition to the practicality of using the proposed system on a daily basis, it is also
suitable to be used for people with skin problems, like sensitive skin in the case of elderly.
It could be used in environments with high risk of contamination by contact. While
compared with image-based systems, there is no privacy concerns once in the proposed
system there is no need to capture and nor store real world images and less amount of

data to be processed.

Furthermore, other experimental setups could be evaluated in future studies, as the
literature shows that distance and number of sensors impact directly in the acquired signal
[54, 114]. Also, studies to turn this system into wearable could be relevant to the field.



“Stay hungry. Stay foolish.”
- Steve Jobs

(zeneral conclusions

Our ability to move around is vital in our daily life. However, there are many diseases
that limit the human capacity of movement. Parkinson’s disease is one of these, that goes
beyond and also affects the non-motor abilities of the subject. As PD is a neurodegen-
erative disease, the diagnosis and follow-up of it are crucial to help the ill person and

minimize the impairments that will appear over time.

Nowadays, the diagnostic process of PD is painful and often take more than a year
to get the initial diagnosis [116]. Since there is no test available to make a definitive
diagnosis, the diagnosis is based on the results of the clinical assessment. Therefore, the
experience and expertise of the clinician are critical, as the diagnosis is primarily based
on patient history, clinical signs and symptoms, and response to medications [33]. The
accuracy of diagnosis improves with time and repeated assessments. Previous studies
concluded that initial diagnosis of PD made by general neurologists were incorrect in 24%
to 35% of the cases when patients were examined at autopsy. In comparison, when clinical
diagnosis is performed by a movement disorders expert, the incorrectness rate drops to
7% to 30% [117, 118, 119].

To minimize this problem and help during PD diagnosis, one of the promising trends
involve sensor devices, which are low cost, low power, unobtrusive, and accurate in the
measurements, for monitoring and managing the pathology. The miniaturization, so-

phistication, proliferation, and accessibility of technologies are enabling the capture of
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more and previously inaccessible phenomena in PD. However, more information has not
translated into a greater understanding of disease complexity to satisfy diagnostic and

therapeutic needs [7, 94].

The experiments presented in this dissertation brought the following contributions to
the field:

1. Leap Motion sensor is not yet suitable to record the commonly used movements for
PD diagnosis, mainly due to three aspects: (i) inconstant sample rate; (ii) tracking

issues; (iii) small (i.e., around 17 ¢cm?) field of view to increase sensor accuracy.

2. Evaluation of non-contact capacitive sensor (e.g., comparison with gyroscope and
sensor response modeling) as a novelty sensor technology for PD motor signs quan-

tification by means of experiments with subjects with and without PD.

3. Assessment of the classification methods showed that the visualization provided
by the t-distributed stochastic neighbor embedding (&SNE) enhanced the visual
discrimination of samples of movements executed by the following individuals: neu-
rologically healthy, PD treated with levodopa, and PD treated with deep brain
stimulation (DBS). For automatic discrimination among groups, support vector
machine (SVM) was used after the data reduction step. The SVM performance was

higher in almost all scenarios while t--SNE was employed.

The results of this dissertation provide a new way to quantify movement disorders
and suggest a pipeline to improve data classification and visualization. The visual repre-
sentation presented in our research could be used as a visualization tool for follow-up of
treatments of PD.

By the end, future studies can focus on the improvement of hardware stability to avoid
interferences from the environment (e.g., dielectric objects moving around the sensor in
the same room). It is also suggested to increase the number of sensors, in order to acquire
more components related to hand movement and allow the analysis of more complex

movements.



“So many books, so little time.”
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2]

- Frank Zappa
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Supplementary materials

This appendix aggregates the supplementary materials (e.g., software, datasets and videos)

produced during the development of this thesis.
The developed softwares and scripts are hosted in GitHub platform, follow the links:
e https://github.com/oliveirafhm

e https://github.com/NIATS-UFU

Chapter 5

The following link contains a supplementary material file that includes 12 text files con-
taining various hand data collected with LMC for each trial of each setup, as described
in Section 5.2 of Chapter 5.

Link: http://dx.doi.org/10.13140/RG.2.2.22888.01287.
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Chapter 6

The following link contains a supplementary material file that includes three tables con-
taining features estimated from signals of the executed tasks. Each table includes features
extracted from filtered signals, instantaneous frequency, and instantaneous amplitude, re-

spectively.

Link: http://dx.doi.org/10.13140/RG.2.2.24985.16489.

Chapter 7

The following link contains a supplementary material video file that shows an experiment

trial of a subject with PD.

Link: https://photos.app.goo.gl/FebrUd31ifuZMtos9.
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