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Abstract

Multiple Sclerosis (MS) is a chronic inflammatory disease of the central nervous
system. It affects approximately 400.000 individuals in Europe and about 2.5
million worldwide. Clinical symptoms of MS are highly variable and depend on
the localization of lesions in the brain and spinal cord. Patients with chronic
progressive neurological diseases such as MS typically show a decrease of
physical activity as compared with healthy individuals. Approximately 75 to 80
percent of patients with MS (PwMS) experience walking and physical activity
impairment in early stages of the disease. Therefore, walking impairment is
considered as a hallmark symptom as this may have a significant impact on
different daily activities. Moreover, an indirect association between overall MS
symptoms and physical activity was found.

Several studies investigated the walking ability and physical activity under free-
living conditions in PwMS, as this may provide significant information to
predict the patient’s health status. Different methods have been used for this
purpose, including subjective approaches like self-report, questionnaires or diary
methods. Although these methods are inexpensive and can easily be employed
preferably in large scale studies, they are prone to error due to memory failure
and other kind of misreporting. For many years, laboratory analysis systems
have been considered to be the “gold standard” for physical activity and walking
ability assessment. Nevertheless, these methods require extensive technical
support and are unable to assess unconstrained physical activities in free-living
situations. Thus, there is increasing interest in ambulatory assessment methods
that provide objective measures of physical activity and gait parameters.

Therefore, this thesis takes a different approach and investigate the usage of an
objective monitoring system to early detect the slightly changes in disease-
related walking ability and gait abnormality using one accelerometer. Moreover,
this work aims to classify the derived acceleration data regarding their response
to a certain intervention and treatment. In doing so, first of all, different
algorithms were developed to extract activity and gait parameters in time,
frequency and time-frequency domain. Then a Home-based system was
developed and provided to help doctors monitor the changes in the ambulatory
physical activity of PWMS objectively. The developed system was applied in
two different studies over long period of time (one year) to assess changes in
physical activity and gait behavior of PwMS and to classify their response to
medical treatment.



The aim of the first study was to investigate the ability of the developed
parameters to objectively capture the changes in motor and walking ability in
PwMS. Moreover, the objective was to provide additional evidence from long-
term design study that support the association between changes in physical
activity and walking ability and disease progression over time.

The aim of the second study was to investigate the effectiveness of the
medication treatment using the developed gait parameters and the assessment
system developed in this work. The result of the study was compared to those
assessed in the clinic. Comprehensive analysis of gait features in frequency and
time-frequency domain can provide complementary information to understand
gait patterns. Therefore, in this study, the parameters peak frequency and energy
concentration were integrated along with time-domain parameters, such as step
counts and walking speed.

In case of chronic diseases, such as MS, medical benefit is the main factor to
accept new technology. Thus, the developed system should be advantageous for
diagnosis and therapy of MS. Moreover, it is important for the physician to be
able to get better overview of the medical data about the disease course and
health condition of their patients. Therefore, many critical factors regarding
medical, technical and user specific aspects were considered in this work while
developing the ambulatory assessment system. To assess the acceptance of the
system a questionnaire was designed with main focus on two factors; usefulness
and ease-of-use. The questionnaire was based on the Technology Acceptance
Model (TAM).

As a result, the design, validation and clinical application of Home-based
monitoring system and algorithmic methods developed in this thesis offer the
opportunity to comprehensively and objectively assess the pattern of behavioral
change in physical activity and walking ability using one sensor across
prolonged periods of time. The derived information may assist in the process of
clinical decision making in the context of neurological rehabilitation and
intervention (evaluation of medication or physiotherapy effects) and thus help to
eventually improve the patients’ quality of life.

In this work the focus was on patients with multiple sclerosis, however the
developed and evaluated system can be adapted to other chronic diseases with
physical activity disorders and impairment of gait.



Zusammenfassung

Multiple Sklerose (MS) ist eine chronisch entzindliche Erkrankung des
zentralen Nervensystems. Sie betrifft schatzungsweise 400.000 Menschen in
Europa und etwa 2,5 Millionen weltweit. Die klinischen Symptome der MS sind
sehr unterschiedlich und hangen von der Lokalisation der L&sionen im Gehirn
und Ruckenmark ab. Patienten mit chronisch fortschreitenden neurologischen
Erkrankungen wie MS zeigen Ublicherweise einen Rickgang der korperlichen
Aktivitat im Vergleich zu gesunden Menschen. Circa 75 bis 80 Prozent der
Patienten mit MS (PmMS) leiden in friihen Krankheitsstadien an Mobilitats- und
Geheinschrankungen, die erhebliche Auswirkungen auf die alltdglichen
Aktivitaten haben kdnnen. Aus diesem Grund wird die Gehbeeintrachtigung als
ein typisches Symptom der MS gesehen. Daruber hinaus weisen mehrere
Studien einen indirekten Zusammenhang zwischen MS-Symptomen und
korperlicher Leistungsfahigkeit auf.

Mehrere Studien untersuchten die Gehféhigkeit und die korperliche Aktivitat
unter alltdglichen Bedingungen bei PmMS, da diese wichtige Informationen zur
Vorhersage des Gesundheitszustandes des Patienten liefern konnen. Dazu
wurden verschiedene Methoden eingesetzt, darunter subjektive Ansatze und
Methoden wie Fragebogen oder Tageblicher. Diese Methoden eignen sich
aufgrund der geringen Durchfiihrungskosten bei gleichzeitig hoher Fallzahl,
bergen aber ein Risiko fir Verzerrungen der Einschatzungs- und
Erinnerungsfahigkeit.

Seit vielen Jahren gelten Laboranalysesysteme als ,,Goldstandard” fir die
Bewertung der korperlichen Aktivitat und der Gehféhigkeit. Dennoch erfordern
diese Methoden einen umfangreichen technischen Support und sind fir die
breite Anwendung im Alltag nicht geeignet. Daher besteht ein zunehmendes
Interesse an ambulanten Bewertungsmethoden, die objektive Informationen tber
die alltagliche korperliche Aktivitat und Gangparameter liefern.

Die vorliegende Arbeit hat das Ziel, ein objektives Aktivitatsmonitoring und ein
Mobilitatsanalysesystem zu entwickeln, das minimale Anderungen in der
krankheitsspezifischen ~ Gangféhigkeit und  -anomalie  mit  einem
Beschleunigungssensor frihzeitig erkennt. Ferner soll die Wirksamkeit einer
bestimmten Intervention und Behandlungstherapie anhand der erfassten
Beschleunigungsdaten nachgewiesen werden. Zunéchst wurden verschiedene
Algorithmen zur Extraktion von Aktivitdts- und Gangparametern im Zeit-,
Frequenz- und Zeit-Frequenzbereich entwickelt. Darauf aufbauend wurde ein



System zur Erfassung der Bewegungs- und Aktivitdtsdaten im hauslichen
Umfeld konzipiert und entwickelt. Das System ermdglicht den Arzten die
Veranderungen in dem alltdglichen Aktivitatsverhalten des Patienten objektiv zu
erfassen und zu (berwachen. Das entwickelte System wurde in zwei
Langzeitstudien angewendet, um Veranderungen der physischen Aktivitat und
des Gangbildes bei PmMS zu messen und den Einfluss auf die medizinische
Behandlung zu bestimmen.

Ziel der ersten Studie war es, die entwickelten Parameter auf ihre Eignung zur
objektiven Erfassung und Erkennung von Verdnderungen der Aktivitats- und
Gangfahigkeiten bei PmMS zu priifen. Es konnten evidenzbasierte Erkenntnisse
einer Langzeitstudie gewonnen werden, die einen Zusammenhang zwischen
Gangbild; Aktivitatsfahigkeiten und Krankheitsverschlechterung darstellten.

Das Ziel der zweiten Studie war es, die Wirksamkeit der
Medikamentenbehandlung unter Verwendung der entwickelten Parameter und
des Assessment-Systems zu untersuchen. Die Studienergebnisse wurden mit
denen aus der KIlinik verglichen. Eine wumfassende Analyse der
Gangeigenschaften mithilfe der entwickelten Parameter im Zeit-, Frequenz-, und
Zeit-Frequenzbereich bieten erganzende Informationen zum Verstandnis des
Gangbildes.

Bei chronischen Erkrankungen wie MS spielt der medizinische Nutzen der
neuen Technologie eine groRe Rolle bei der Akzeptanz. Daher sollte das
entwickelte System fir die Diagnose und Therapie der MS von Vorteil sein und
dafiir dienen, dem Arzt einen besseren Uberblick tiber den Krankheitsverlauf
und den Gesundheitszustand des Patienten zu verschaffen. Aus diesem Grund
wurden bei der Entwicklung des ambulanten Monitoringsystems Faktoren
hinsichtlich medizinischer, technischer und anwenderspezifischer Aspekte
beriicksichtigt. Fir die Akzeptanzanalyse wurde ein Fragebogen entwickelt, der
sich auf zwei Faktoren konzentriert: Nitzlichkeit und Benutzerfreundlichkeit.
Der Fragebogen basiert auf dem ,,Technology Acceptance Model*“ (TAM).

In dieser Arbeit wurde ein Aktivitdtsmonitoring System und Algorithmen
entwickelt, die Moglichkeit bieten, Muster der Verhaltensdnderung in der
korperlichen  Aktivitdt und  Gehfdahigkeit mit  einem  einzigen
Beschleunigungssensor Uber langere Zeitrdume objektiv zu erfassen. Die
gewonnenen Informationen kénnen bei der klinischen Entscheidungsfindung im
Rahmen der neurologischen Rehabilitation und Intervention (Bewertung der



Auswirkung der medikamentdsen und physiologischen Therapien) helfen und so
die Lebensqualitét der Patienten verbessern.

In dieser Arbeit lag der Fokus auf Patienten mit multipler Sklerose, jedoch
konnen das entwickelte und evaluierte System und Parameter an andere
chronische Erkrankungen mit Aktivitats- und Geheinschrdnkungen angepasst
werden.
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Introduction

1 Introduction

Gait disorders and physical inactivity are common in patient with chronic
diseases such as Multiple sclerosis (MS). Gait impairments are hallmark
symptoms as they may have significant impact on patients’ quality of life.
Assessment of physical intensity and gait parameters are of key importance for
choosing the suitable intervention for the patients and help clinicians with just-
in-time treatment adjustment. Over the last decades, multiple systems were
applied to measure physical activity and walking ability of patients with motor
and gait disorders. For many years, laboratory and clinical measures of physical
activity and gait parameters have been considered as a gold standard.
Nevertheless, these methods require extensive technical support and unable to
assess unconstrained motor and gait parameters in everyday life situation.
Therefore, in clinical studies and for the aim of continuous monitoring of
patient’s mobility situation, increased interest in ambulatory assessment
methods has been expressed. These methods provide objective measures of
activity and walking ability under free-living condition [1]. Portable devices and
telemedicine systems can permit this assessment in free-living setting over
prolonged periods without inducing an excessive interference with natural daily
activity.

Over the past several decades, telemedicine has constituted an important
breakthrough in healthcare. The term telemedicine refers to the usage of medical
information exchanges from one site to another via telecommunication
technology for medical diagnosis, treatment and patient care. Over forty years
ago, telemedicine grew rapidly and its use has been widely spread. That is
because the usage of telemedicine system can improve not only the access to the
patients’ information, but it also improves access in secondary care (i.e. access
both between and within hospitals). Furthermore, telemedicine helped toward
the transfer of healthcare from in-hospital to in-home healthcare. Different
factors have contributed to the transform including the nature of the disease,
demographic changes, increased healthcare complex equipment and amount of
rehabilitation services, increased focus on quality of life and increased demand
for healthcare cost containment, to name a few.

Transferring the healthcare from clinic setting to patient’s home increases the
need for remote monitoring and treatment. In the case of patients with chronic
disease, such as MS, the information flow between patient and professional staff
becomes complex and challenging. Telemedicine system and IT applications can
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efficiently improve the information flow and the relationship between patients
and healthcare professionals.

Telemedicine can be useful when the system met the following conditions: easy
to be used; involves the patients in the management of their disease; and has a
direct impact on the fundamental aspects of patient management [2].
Furthermore, in the long-term monitoring, telemedicine could considerably
reduce the cost of healthcare and increase efficiency through better management
of chronic diseases. The usage of telemedicine systems to monitor patients under
free-living conditions over longer period of time can help physicians to track
disease progression. Early detection of disease state and health condition can
help to earlier intervention and therapy adjustment [3]. Furthermore,
telemedicine system can provide a tool to reduce medication and diagnostic
errors and increase efficiency during decision making and physician can use
these systems to monitor patient’s response to a certain treatment [4]

This work illustrates the potential of using telemedicine system to objectively
monitor comprehensive motor and gait parameters derived from one triaxial
accelerometer in patient with multiple sclerosis (PwMS). The overall aim of the
work was to apply IT for objectively data collections, processing and
presentation of disease status, health condition and treatment response in PwWMS.
The main focus was on developing the methods and system for data processing
and on the choice of useful motor and walking parameters. The data used for the
development and evaluation of the methods consist of repeated measures, which
were collected at different times over a long period of time to support the
process of clinical decision making in the context of neurological rehabilitation
and intervention.

1.1 Physical Activity and Gait in PwMS — Background and

Motivation
MS is an inflammatory demyelinating and neurodegenerative disease of the
central nervous system (CNS). MS affects approximately 2.5 million individuals
worldwide, of which 400.000 are in Europe and most commonly young adults
(20-40 years) [5]. The following figure (Figure 1-1) shows global prevalence of
MS.
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Figure 1-1. Global prevalence of Multiple Sclerosis [6]

MS is resulting in demyelination of the axons which leads to a loss of
conduction along certain neural pathways. The reported cortical lesions in
frontal brain areas contribute to cognitive dysfunctions and in particular, to
motor deficits in MS. Thus, it is not surprising that impaired walking and
physical inactivity are one of the most commonly reported symptoms in MS;
approximately 85% of PwMS experience walking disability and motor
impairment [7]. A meta-analysis suggested that PwMS engage in less physical
activity than healthy samples and typically only a small proportion of PWMS
achieves the amount of daily moderate-to-vigorous physical activity intensity
(MVPA) that has been recommended by health guidelines [8]. Degenerative
processes may also result in gait impairment which is considered as key
components of disability in PwMS. Thus, physical inactivity and gait disability
are considered as a key problem in PwMS as they may incur a loss of personal
independence, withdrawal from social life and finally decline on quality of life

9.

The state of the art in the clinical setting is to use the clinical rating scales, such
as Expanded Disability Status Scales (EDSS). It includes items that score the
degree of neurological impairment in different functional systems yielding total
scores that range from 0 to 10 [10]. However, the EDSS has been criticized due
to methodological problems associated with predicting the clinical outcome in
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MS, such as using an ordinal scale. Furthermore, EDSS is shown to be
insensitive to the clinical change which could affect the accuracy of the
diagnosis, since it is mainly based on the observations and judgments by
physicians [11].

Effective symptom management of PwMS relies on timely diagnosis and
classification of disease course. Therefore, early diagnose and in-time treatment
optimizations are critical to prevent irreversible neurological deficits and reduce
the rate of acute neurological relapses [3]. Moreover, observer-independent
measures before and after treatment intervention can cover more aspects of the
outcome than the established subjective clinical scales.

Severity of the overall symptoms and the level of neurological impairment have
been reported to be significantly correlated with physical activity behavior and
walking ability [12]. Moreover, clinical scales that assess the health status of
PwWMS typically include items pertaining to motor activity. For example,
walking ability is a central element of the EDSS [10]. Therefore, physical
activity and gait analysis has become a widely used clinical tool to assess
ongoing clinical status of the patients and enable accurate diagnosis.

1.2 Objective of this work

Physical activity behavioral and gait performance in PwWMS have typically been
assessed by questionnaires or diary methods. Although these methods are
inexpensive and can easily be employed preferably in large scale studies, they
rely on correct memory retrieval and an accurate estimation of physical activity.
Clinical tests such as 6-Minute Walk Test and the Timed 25-Foot Walk Test,
have frequently been employed to assess physical function. However, these
movement probes are also limited to the clinical setting and have a poor
ecological or real-life validity [13].

Increased recognition has been given to the importance of physical and walking
limitations in everyday life of PwMS. Therefore, a regular and objective
assessment of physical and motor ability has been considered to be a very useful
tool to monitor clinical disease activity and assess the efficacy of rehabilitation
therapies.

For many years, laboratory analysis systems have been considered to be the
“gold standard” for physical activity and walking ability assessment.
Nevertheless, these methods require extensive technical support and are unable
to assess unconstrained physical activities in free-living situations. Therefore,
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there is increasing interest in ambulatory assessment methods that provide
objective measures of physical activity and gait parameters.

Various types of wearable sensors and different positions have been used and
described in the literature, where accelerometers showed to be the most
preferable in term of accuracy, cost and comfortability. Nevertheless, studies
applied accelerometer either used multiple sensors attached to different part of
the body, or they used it in combination with other sensors. The studies used
only one accelerometer, are usually expressed the data as “activity counts”. This
value depends on one single regression model, which is not applicable on all
typed of activities [14]. More importantly, most of the accelerometers only
provide basics gait parameters, such as steps count, walking speed but not gait
abnormality (e.g. asymmetry) unless in combination with other types of WS.
Therefore, further research is needed in term of simplified procedures for
supporting the diagnosis and assessment of health condition in PwWMS under
free-living conditions. There is a need for an objective monitoring system with
reduced number of sensors that is able to early detect the disease-related changes
of activity and gait. Furthermore, this system should be accepted by patients and
physicians for everyday use.

Based on the research needs previously raised, this work aims to realize and
develop a method that allows a complex and reliable assessment of physical
activity and gait disorder in PwMS under free-living conditions. Based on one
accelerometer this method should be able to assess comprehensive number of
activity and gait parameters to help physicians in monitoring changes in motor
ability, thus allowing an early treatment adjustment and optimization.
Furthermore, the developed method should provide a valuable tool to evaluate
the effectiveness of treatment intervention. The focus of this work is the
objectively detection of the slightly changes in disease-related walking ability
and gait abnormality using daily acceleration data. Moreover, this work aims to
classify the derived data regarding their response to a certain intervention and
treatment using time-domain and frequency domain methods.

In order to allow meaningful interpretation of the results and insure the
reliability of the assessed data, physical activity and gait parameters should be
observed across prolonged period of time. Therefore, this work also objects to
develop a prototypical Home-based assessment system, which should enable the
possibility to integrate, manage and analyze the assessed data. This system
should be user-friendly, easy to use and provide comprehensive overview of
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patients on each clinical stage. Moreover, it should be; a) applied in free-living
environment of the patients, b) integrated in the clinical setting to support
clinicians by the medical decision. Therefore, different technical and usability
aspects as well as patients and physicians’ requirements were considered for the
development of the end-user’s software.

The hypotheses of this work are:

H1: It is possible to use one wearable sensor to analyze comprehensive physical
activity and gait parameters in order to capture the slightly changes of these
parameters in absence of clinical measures.

H2: Accelerometer can be used to significantly differ between different
impairment levels.

H3: Accelerometer can provide objective useful tool to monitor and evaluate the
intervention effects during rehabilitation process.

H4: The developed system is adapted for long-term monitoring and qualitative
and quantitative assessment of motor abnormalities in PwMS during their daily
activities with high acceptance rate.

The research approach of the developed methods is illustrated in Figure 1-2. At
the lowest level the system should assess comprehensive number of gait
parameters under free-living conditions to reach the capacity of the laboratory
systems. In neurological healthcare environments, the extracted parameters
should provide an insight into mobility and walking behavior of PwMS. The
assessment should be done using one accelerometer and the measurements
should be performed repeatedly in the patients’ homes. This could enable the
detection of gait abnormalities, which may indicate the onset of diseases
progression and capturing the slightly changes in mobility behavior in absence
of clinical disability. In the next stage, the data-driven analysis methods should
be applied to analysis the relationship between the extracted parameters as
independent measures and the dependent outcome which is obtained by the
clinical ratings. Finally, the extracted parameters should be evaluated for its
reliability and sensitivity. Reliability refers to the extent to which the parameters
are free from measurement. Moreover, the extracted parameters should be able
to detect the changes over time, which result from treatment intervention as well
as from natural disease progression.
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Figure 1-2: Approaches to methods development and evaluation

Gait acceleration is a powerful tool to assess human activity and capture
deterioration in gait characteristics. Therefore, it can be a very important source
of clinical relevant information and a helpful tool in decision making. Gait
analysis system available nowadays usually includes kinematics and kinetics
information. However, obtaining this information is complex, time demanding
and intrusively. Other systems used several wearable sensors to extract spatio-
temporal parameters (e.g. swing and stance phases, steps).

This work presents new methods to extract different gait parameters to reach the
capacity of the laboratory systems with only one wearable sensor. In comparison
to the However, not only time domain parameters were extracted, but the
novelty of this work is its comprehensive analysis of multiple gait features in
time, frequency and time-frequency domain in PwMS under free-living
conditions. For the first time, it will be possible to objectively obtain the slightly
changes in physical and gait parameters such system was applied over long
period of time (one year) to assess changes in physical and gait behaviour of
PwMS and to classify their response to medical treatment.

1.3 Outline of this work

This work is organized in 8 chapters. Chapter O (current chapter) introduces the
topic of this thesis and outlines the rest of the work. Motivations of the research
work are explained with the objectives of the thesis. Chapter 2 presents the basic
concepts of the physiological of human physical activity and gait, as well as the
general backgrounds of the disease multiple sclerosis. Chapter 3 covers the
theoretical background of modern sensor technologies, as well as basic concepts
of signal processing and analyzing. Chapter 4 presents the state of the art in the
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field of physical activity and gait parameters assessment tools, including a short
description of the common used clinical reference methods, overview about the
various laboratory methods and a review of methods based on wearable
technology. This chapter summarizes the advantages and disadvantages of the
available methods regarding their usability for the purpose of this work.

Chapter 5 covers the conception of the developed system, where the hardware
and the software requirements are presented. This chapter presents the new
algorithms developed to assess gait parameters using one accelerometer,
throughout temporal and frequency parameters detection. Developing of these
parameters is essential tasks for the realization of the system to assess
comprehensive gait parameters in free-living environment. Furthermore, the
chapter presents the development of the software components of the monitoring
systems. Chapter 6 and Chapter 7 presents two different studies where the
systems was applied and evaluated for assessing changes in physical activity and
gait parameters, determination of the stability of the extracted parameters on
free-living environments and finally to evaluate the systems as a clinical tool to
measure and monitor the efficiency of the therapy. Chapter 8 summarizes the
results finalizes the work with a conclusion and an outlook for future work.
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2 Basic Concepts — Human physiology and Multiple

sclerosis
In this chapter, the most important concepts of physical activity, human gait and
the disease of multiple sclerosis will be explained. At first, the physiological
background of human physical activity and gait will be described. Then, the
basic theoretical understanding of the disease and the physical and gait
impairment in patient with multiple sclerosis will be presented.

2.1 Human Physical Activity

Physical activity is defined as any movement or force produced by skeletal
muscles and results an increase in energy expenditure above the rest [15].
Physical activity can be categorized in various ways. The simplest
categorization includes the physical activity that occurs while resting, at work
and at leisure [15]. However, leisure physical activity requires voluntary
muscular work and can be divided into subcategories, such as sport, household,
conditioning exercises (e.g. to improve fitness, enhance mental well-being,
promote health).

The description of physical activity is usually done by the following parameter
[16]:

- Type of the activity (walking, jogging...etc)

- Duration of the activity in minutes or hours per day or movement unit.

- Frequency of occurrence per day, week or months.

- Intensity; normally classified into mild, moderate and vigorous. The
intensity is often quantified in metabolic equivalent (MET). One MET is
equivalent to the energy consumption at rest [17].

2.1.1 Anatomy of Human movement

The purpose of this section is to present a brief overview of the anatomical
principles that apply to movement in exercise and activity. First of all, the
planes and the axes of the movement will be presented. The anatomy and the
function of the human skeleton are also discussed. Detailed information can be
found in [18,19].

The movement of the human body joints takes place about a rotational line. This
line is the rotation axis and is perpendicular to the plane in which the movement
occurs. Figure 2-1 shows the three different planes of the human body, i.e.
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sagittal, frontal and vertical. The Sagittal plane divides the body into left and
right parts, whereas the frontal plane divided the body into anterior and posterior
parts. The vertical plane divides the body into superior and inferior. The general
movements of the body are described by defined terms. Most of these terms are
treated in pairs.

Flexion and extension describe movements that affect the angle between two
parts of the body. Flexion is a bending movement, in which the angel is
decreased, such as bending the elbow, sitting down, moving the trunk forward
and backward. When the angle between body parts increases the term
“extension” is used. Thus, the extension describes the movement in the posterior
direction.

Abduction and adduction are sideways movements that refer to the motion in
the frontal plane and describe the movement away from or toward the body
center. The center of the body is defined as the mid-sagittal plane. Abduction is
the motion that moves away from the midline of the body, whereas adduction
refers to the movement toward the midline.

Sagittal plane

Frontal plane

v

Vertical plane

>/

Figure 2-1. Planes of the human body movement ([18] modified)

Elevation and depression describe the movement above and below the
horizontal. They refer to the motion in the superior and inferior direction,
respectively. Other movement such as rotation refers to the rotation towards or
away from the center of the body.
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Human skeletal system: The human skeletal system consists of 206 bones, of
which 177 involve in voluntary movement. It consists of bones, membranes that
line the bones and cartilage. These bones include connective tissue, nervous
tissue and muscle and epithelial tissues. The skeleton shown in Figure 2-2 is
divided into axial and appendicular skeleton. The former is mainly protective,
whereas the latter is involved in locomotion. Axial skeleton includes skull,
vertebrae, ribs, lower jaw, sternum, sacrum and coccyx. The appendicular
skeleton is comprised of pelvis gridle, shoulder gridle and upper and lower
extremities.
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Figure 2-2. Human skeletal system ([19] modified)

One of the most important functions of the skeletal system is to protect soft
organs from injury, such as heart and lungs. Furthermore, it provides a
supportive framework for the attachment of muscles and other tissues and
enables body movements. Bones are considered to be minerals storage, such as
calcium and phosphorus which are essential for different cellular activities.
Moreover, the adipose cells of the yellow marrow store minerals and lipids
(fats). Thus, the skeletal system serves as energy reservoir.
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The bones of the skeletal system [19] can be classified according to their shape,
size, structure and functional requirements into:

- Long bones: They are bones that are longer than they are wide. They exist
mostly in the appendicular skeleton and are responsible for weight-
bearing and movement. They consist of a long shaft with two bulky ends
or extremities. They are primarily compact bone but may have a large
amount of spongy bone at the ends or extremities. Examples of long
bones are the humerus, radius and femur.

- Short bones: These bones are small, chunky and irregular in shape with
vertical and horizontal dimensions approximately equal. They consist of
thin layer of compact bone with relatively large amount of bone marrow.
Bones of the hand, foot and tarsal are examples of short bones.

- Flat bones: These bones are thin, strong, flattened and usually curved.
Their main function is to protect the vital organs and provide a base for
muscular attachment. Sternum, skull, ribs and hip bones are classified as
flat bones. In adults, flat bones are also responsible for producing blood
cells.

- Irreqular bones: Bones with non-uniform shape are classified as irregular
bones. They are mainly spongy and covered with a thin layer of compact
bone. These bones include vertebrae, sacrum and ilium.

- Sesamoid bones: Patella is an important example of the bones from this
category. They usually represent a point of attachment for tendons and
ligaments.

Human skeletal muscle: Muscles are considered to be the powerhouse of the
body movements. They convert chemical energy into mechanical work and heat.
Skeletal muscle makes up approximately 40-50% of an adult total body mass,
enabling the body to control motor, maintain posture and store energy. Figure
2-3 illustrates the main skeletal muscles. Each skeletal muscle may be made up
of hundreds of fibers (or muscle cells) lying parallel to another and bundled
together by connective tissue. There are three different layers of connective
tissues. Epimysium separates the muscle from its neighbors and surrounding
tissues. The surrounding tissue or perimysium surrounds the bundled fibers. The
third layer of the connective tissue called endomysium. This layer surrounds
each individual muscle cells. Skeletal muscles are voluntary muscles and they
are supplied and controlled by blood vessels and nerves of the central nervous
system, respectively. Each nerve impulse causes all the fibers to contract fully
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and simultaneously. Each nerve is accompanied with an artery and at least one
vein. These blood vessels are responsible for supplying the skeletal muscles with
oxygen and nutrients and for carrying wastes out.

Neck

Trapezius

Shoulder

Pelvis/thigh

Thigh

Leg

(a) (b)

Figure 2-3. Main skeletal muscles - front view (a) and back view (b)(
[20]simplified)

The body contains three types of muscle tissues. Their shape, location and
responsibilities are summarized in the following table (Table 2-1).

Table 2-1. Type of body muscles

Type Description

¢ Rectangular in shape

e Involuntary, striated and rhythmical muscles

e Found in the walls of heart

e Under control of the autonomic nervous system

e Propel blood into heart and through blood vessels

Cardiac
muscles

16



Basic Concepts — Human physiology and Multiple sclerosis

e Fibers are the basic unit

¢ \oluntary, striated muscles

e Usually attached to the skeleton

e Controlled by peripheral parts of the central nervous system

e Responsible for body movement

e Spindle-shaped

e Involuntary, non-striated, slow and rhythmical muscles

e Found in the walls of the hollow internal organs, e.g. veins
and blood vessels

e Under control of the autonomic nervous system

Skeletal
muscles

Smooth
muscles

The structural classification of the muscles and their attachment to the skeletal
system and the movement they cause can be found in different physiology and
anatomy books. For example [19,20].

2.1.1.1 Nervous System

The nervous system is made up to three types of organs: the brain, the spinal
cord and nerves. The brain and the spinal cord are along the midline of the body;
therefore, they are referred to as a central nervous system (CNS). The peripheral
portions of the nerves system extend from the central nervous system to the
peripheral organs such as muscles and glands. These nerves are referred to as
peripheral nerves system (PNS). The major division of the nervous system (i.e.
CNS and PNS) and their subdivision are shown in the following Figure 2-4.
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Figure 2-4. Major divisions of the nervous system and their subdivisions ([21]
edited)

The nervous system is responsible for communicate, control and regulate the
action and reaction of the body in response to the environment stimulus. It
controls directly the glands and the voluntary movements of the skeletal
muscles. Moreover, the nervous system regulates indirectly the other parts of the
body by adjusting, for example, the amounts of the hormones produced by some
glands.

Neurons are the core units of the nervous system. Each neuron consists of cell
body (soma), one or more dendrite and a single axon (Figure 2-5). The neurons,
or nerve cells, conducting the impulses sent by the brain to a certain part of the
body (e.g. muscles, glands), and sending messages back to the brain.
Functionally, neurons are divided into three categories according to the direction
in which they transmit impulses: Sensory neurons, motor neurons and
association neurons. Sensory neurons are the nerve cells that transmit impulses
from body organ to the CNS, whereas motor neurons carry impulses in the
opposite direction, i.e. from the CNS to the effector organs. The third type of
neurons called interneuron or association neurons. They are located in the
entirely within the CNS forming the connection between sensor and motor
neurons.
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Figure 2-5. Structure of a normal neuron [22]

In relation to physical activity, the motor body functions are controlled by spinal
cord and brain. The spinal cord harmonized muscle contractions, whereas the
brain triggers action and reaction signals over the spinal cord. Understanding
these circuits and the relation between movement and its central control (i.e. the
nervous system) is important to be able to understand both normal behavior and
the causes of abnormal activity behavior in various neurological diseases, such
as multiple sclerosis and Parkinson’s disease. The lower motor neurons in the
spinal cord and brainstem are considered as the primary motor neuron. They
initiate all movements of the skeletal muscle by innervating the fibers within
each single muscle. The neurons innervating the same muscle are grouped
together and form a motor neuron pool. The electrophysiological properties of
an individual motor neuron are appropriately matched to the contractile
properties of the fibers it innervates. The assembly of the motor neuron and the
fibers it innervates called motor unit. Figure 2-6 illustrates the distinct and
overlapped neural subsystems responsible for the control of movements.
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Figure 2-6. Interaction of neural structures involved in the control of the
movement ([22] modified)

Local circuit neurons and the lower motor neurons constitute the first
subsystems. The neurons of the lower motor neurons are located in the spinal
cord and brainstem. They extend their axons out of the spinal cord and
brainstem to innervate the muscle fiber of the body and head, respectively. Both
reflexive and voluntary movements are eventually transmitted to the muscles by
the activation of the lower motor neurons. Lower motor neurons for both head
and body are controlled by the upper motor neurons. The neurons of the upper
motor neurons are located in the brainstem or cerebral cortex and their axons
pass down directly to the synapse of the local circuit neurons or lower motor
neurons. Basal ganglia and cerebellum subsystems are complex circuits which
are responsible for controlling and regulating the activity of the upper motor
neurons.

Further information with more details about motor neurons types, the activity
and responsibilities of the neural structures involved in the control of movement
can be found in [21,22].

2.2 Human Gait

Locomotion is the process by which the human move from one point to another.
It consists of basic events; starting, stopping, changing direction and speed.
Human locomotion is either voluntary or automated motion, and it is controlled
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and regulated by feedforward and feedback [23]. Walking is considered as one
of the most basic voluntary human movement. Its messages are initiated by the
motor and premotor cortex and regulated by brainstem and cerebellum (section
2.1.1.1). This complex coordination between different human systems and body
parts results into rhythmic gait.

The ability to stand and walk normally require multiple inputs from different
systems, such as visual, vestibular, motor, sensory. Therefore, balance and gait
require healthy brain, spinal cord and sensory system. Normal gait refers to the
natural and general human walking parameters, whereas, pathological gait refers
to abnormal gait affected by factors, such as age, pathology of skeletal muscle or
neurological disease [24]. Understanding and analysis of gait has been
considered to be an important aspect of assessment, diagnosis of walking
disorder in neurological diseases, such as multiple sclerosis.

Gait is a cyclical movement that possesses very rhythmical and periodical
events. These repeatable events are referred to as gait cycle. Figure2-7 illustrates
the gait cycle with the main two events or phases. As shown in this figure the
movement begins and ends with ground contact (heel strike) of the same foot,
I.e. reference foot. Thus, a gait cycle consists of two main phases; stance phase
and swing phase. During the stance phase the reference foot is on the ground,
whereas it is off the ground in the swing phase.
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Figure2-7. Phases of the human gait [24]

The stance phase is responsible for stability and weight bearing, shock
absorption. It makes up approximately 60% of the gait cycle and can be divided
into sub phases or periods. It begins with the initial contact, which refers to the
time instant when the foot touches the ground. The sub phase where the foot
comes to full contact with the ground is referred to as loading response. The
following sub phase called mid stance, it begins when the foot leaves the
ground and ends with the trunk glides over the stance limb. Terminal stance or
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heel off is the period in which the heel leaves the ground and the contra-lateral
foot touches the ground. The pre-swing, also known as toe off, is the final
period of the stance phase (from 50% to 60% of the gait cycle) and characterized
by double support. The body’s weight in this period the will be loaded to the
opposite side. The swing phase can also be divided in three periods, namely
initial swing, mid-swing and late swing. Initial swing, called also early swing
forms the first third of the swing phase and starts when the foot leaves the
ground. The maximum flexion of the knee defines the end of the early swing
and represents the start of the mid-swing period. This period extends till approx.
85% of the gait cycle and terminates when the swing foot passes the opposite
fixed foot. The third and ultimate period of the swing phase is the late swing. In
this period the knee reaches its maximum extension preparing for ground
contact.

Kinematics is the motion, independent from the forces, which describes the
movement in term of placement, speed and acceleration. Examine and analysis
of velocity and acceleration data may provide important and valuable
information about gait pathology.

The repetition of the same event for the same foot referred to as stride. On
contrary, a step is the movement of a single limb from heel strike of the first foot
to the heel strike of the opposite one. A stride can be characterized by multiple
temporal parameters stride time, stance and swing time, swing/stance ratio,
double support and single support time. Walking speed is also considered as a
temporal characteristic of the stride; it is a function of both cadence and step
length. These parameters are defined in Table 2-2. Gait impairments lead to
alteration in the temporal parameters, such as decreased walking speed, cadence,
decreased single limb support. Different studies showed that, apparently from
normal variability, these parameters can be used to distinguish between normal
and pathological gait [24]. Therefore, temporal parameters of gait are helpful in
assessing and tracking a progress of patient’s clinical and health status.
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Table 2-2. Temporal parameters of stride

Parameter Description

Stride length The distance between heel strike of
one foot and the subsequence heel
strike of the same foot

Step length The distance between heel strike of
one foot and the subsequence heel
strike of the contra-lateral foot
Walking speed | Distance over time, usually reported in

m/sec

Cadence Steps per minute

Stance time Time in seconds where the reference
foot is on the ground

Swing time Time in seconds where the reference

foot is off the ground
Swing/stance Ratio between stance and swing time
ratio

2.3 Multiple Sclerosis

Multiple sclerosis (MS) is a chronic neurological illness which is considered to
be the most common inflammatory demyelinating disease of the central nerves
system (CNS). The disease typically affects adults between the ages of 20 and
40 with an onset peak age of 30 years [5]. Multiple sclerosis impacts
approximately 2.5 million individual worldwide and about 400.000 individuals
in Europe with rates go higher farther from equator and occurs in women more
often than in men with a ratio of 3.2:1 [6].

MS is considered as an autoimmune disease, that is a condition in which the
immune system attacking the individual’s tissue. MS cannot be spread from
person to person. As described in the previous section (section 2.1.1.1), the CNS
consists of nerve cells known as neurons. These neurons are coated by a fatty
membrane called myelin sheath, which covered the neurons of brain and spinal
cord. This tissue protects the nerves and enables the conduction of the nerve
electrical impulses that travel through the body. For unknown reason the
immune system treats the myelin sheath as foreign substance and starts to react
against it. Thus, MS occurs when the myelin sheath is destroyed. When myelin
degrades, the conduction of electrical impulses through neurons is either
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impaired or lost. Figure 2-8 illustrates the difference between a healthy neuron
and MS affected one.

Healthy
nerve cell J

Neuron

Scarred
myelin

Demyelinated
nerve cell

Figure 2-8. Healthy nerve and Multiple Sclerosis affected nerve [5]

2.3.1 Causes, diagnose and classification

Normally, the immune system protects the body against foreign substance
except in autoimmune diseases such as MS, where the immune system starts to
attack its own tissue. Scientists do not considered MS as an inherited disorder
but still aren’t certain about the causes of this phenomenon. However, one
theory believes that a combination of genetic predisposition and environmental
or vital factor, such as infections, diet, country of birth and residence, might
increase the risk of developing MS. First of all, it is essential to understand that
the disease course varies from one patient to another. Typically, patient
experiences clinical onset of an acute and sub-acute neurological disturbances,
which is known as clinically isolated syndromes. The diagnosis of MS is
complex and needs to demonstrate dissemination of lesions over time and space
and to exclude alternative diagnoses. There are different valuable investigations
of MS; magnetic resonance imaging (MRI), evoked potentials and cerebrospinal
fluid (CSF) examination [25]. However, the most recently diagnostic method
called McDonald’s Criteria is known with its high degree of sensitivity and
specificity in early diagnosis of MS, thus allowing of better consulting and
effective earlier treatment [26].

MS is generally described as a disease with several clinical types, namely four
types, which their names describe the course of the disease and the way it acts
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on the body over time. However, a clear classification of MS is difficult to be
made [5]. These four types are:

e Relapsing-remitting MS (RRMS): This is the most common type.
Approximately 85-90% of patients are diagnosed with RRMS at onset. It
Is characterized by its relapses period in which symptoms worsen lasts for
weeks or months. Relapses are followed by periods of remission.

e Secondary-progressive MS (SPMS): It is characterized by its steadily
worsening of the disease symptoms. About 50% of the RRMS patients
transition this type of the disease within a decade of the onset.

e Primary-progressive MS (PPMS): It is not a very common type.
Approximately 10% of the patients of MS are diagnosed with PPMS. This
type is characterized by its slow and steady worsening of the symptoms
from the time of onset with no relapses or remission.

e Progressive-relapsing MS (PRMS): This type is relatively rare with
about 5% of the MS cases. It is characterized by the steady progression
from the initial time of the diagnosis with occasional relapses.

The types of the disease and their frequencies are displayed in Figure 2-9.
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Figure 2-9. a) Different clinical types of the disease MS, b) Frequency of MS
types [27]

2.3.2  Symptoms and assessment tools

MS has been characterized as an immune-mediated disorder that leads to
multifocal demyelinating lesions in the white mater (WM) of the CNS [28].
Clinical symptoms of MS are highly variable and depend on the localization of
lesions in the brain and spinal cord. Approximately 45% of patients diagnosed
with MS don’t have severe symptoms at onset. Given that, the affected places in
brain and spinal cord vary from one patient to another; MS patients can
experience different symptoms. However, there are common symptoms which
are reported by most of the patients. Fatigue, walking and mobility, balance and
coordination problems are considered as the most common symptoms with a
rate of 80% of patients. Further common symptoms are pain (normally chronic
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pain) and cognitive dysfunction, where approximately 50% - 55% of MS
patients report these symptoms. Problem in speaking and swallowing, hearing,
seizures are the less common symptoms.

The traditional concept of MS as a white matter disease has been revised over
the past years due to increasing evidence for grey matter lesions. In addition to
intracortical lesions in PWMS, a predominant location of plaques was found in
the frontal cortex including cortical motor regions. In particular, greater
activation was found during motor tasks in the ipsilateral premotor and inferior
frontal gyrus of patients with clinically isolated syndromes (CIS), which may be
indicative of MS, compared to healthy controls. These changes also imply a
previous impairment of the brain motor network of PWMS [28].

Recently, a number of instruments have been developed to measure the clinical
severity and functional impairments. These instruments are used as clinical
endpoint to assess the effectiveness of therapeutic interventions. The most
commonly used disability endpoint is the so called Expended Disability Status
Scale (EDSS) [29]. EDSS is developed by the neurologist, John Kurtzke, and
considered as a gold standard for evaluating the degree of neurological deficit
and disease progress. The EDSS quantifies neurological impairments of eight
functional systems (FS): Pyramidal (ability to walk); Cerebellar (coordination);
Brain stem (speech and swallowing); Sensory (touch and pain); Bowel and
bladder function; Visual, Mental and other. In addition to the isolated syndrome
in PWMS, an association of intracortical lesion load with clinical disability
scores (EDSS) and the clinical course of MS has been found [28].

The EDSS is an ordinal scale that ranges from 0 to 10 in 0.5 unit increments
(when reaching EDSS 1), where 0 described the normal neurological condition
and 10 described the mortality due to MS. EDSS scores are summarized in
Table 2-3.
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Table 2-3. Expanded Disability Status Scale EDSS

Sco | Description

re

0 Normal neurological exam

1 No disability, minimal sings in one FS™

1.5 | No disability, minimal signs in more than one FS”

2 Minimal disability in one FS

2.5 | Minimal disability in two FS

3 Moderate disability in one FS, or mild disability in three or four FS
though fully ambulatory

3.5 | Fully ambulatory but with moderate disability in one FS and one or two
FS

4 Fully ambulatory without aid up to 12 hours a day despite relatively
severe disability. Able to walk without aid or rest up to 500 meters.

4.5 | Fully ambulatory without aid up to most of the day. However, may have
some limitation or require minimal assistance. Able to walk without aid
or rest up to 300 meters

5 Ambulatory without aid or rest for about 200 meters. The disability is
severe enough to impair full daily activities

5.5 | Ambulatory without aid for about 100 meters. The disability is severe
enough to preclude full daily activities

6 Assistance (cane, crutch, brace) is required to walk about 100 meters
with or without resting

6.5 | Constant bilateral assistance is required to walk up to 20 meters without
resting

7 Unable to walk beyond approximately 5 meters even with aid

7.5 | Restricted to wheelchair. Unable to walk more than a few steps

8 Restricted to bed or chair but may be out of bed much of the day.
However, perambulated wheelchair is required

8.5 | Essentially restricted to bed much of the time, has some effective use of
the arm

9 Helpless, restricted to bed, can communicate and eat

9.5 | Totally helpless bed patient, unable to communicate or eat

10 Death due to MS

Instruments that assess the neurological condition of the PwMS typically include
items pertaining to motor activity. This also holds for EDSS, where walking
ability constitutes the central aspect of this instrument. Despite being the most
commonly used scale to assess disease severity, it has been criticized due to
methodological problems in predicting the clinical outcomes [30]. The EDSS
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basically depends on the rates, therefore, it has high variability, i.e. two
assessors seldom get the same score when assessing the same patient. It is
subjective and does not reflect the walking ability in the customary
environments, thus EDSS score can vary depending on the time of the
assessment day resulting in poor reliability [31]. EDSS has also been criticized
for its usage of an ordinal scale to evaluate symptoms. As a result of this ordinal
non-linear scale, patients will progress faster from step one to five than from
steps five to seven. Moreover, problems with applying the scale to a patient
without ambulation problems as well as insensitivity to clinical change are also
considered as weaknesses of the EDSS [32]. Finally, as EDSS assessed by a
neurologist, it is cost effective instrument to be used in clinical and research
settings.

2.3.3  Physical activity and gait impairment in multiple sclerosis

Physical activity has generally been acknowledged to be a health-promoting
factor. It may occur in any behavioral setting and can be categorized on the basis
of the type or purpose of the gross motor activities (e.g. in the context of
occupational or leisure activities) [33]. Over the last decade, many evidences
have been gained of the importance of physical activity as a method to improve
quality of life. In this section physical activity and gait impairment in PWMS as
well as their relation to other MS symptoms will be discussed.

Brain lesions and degenerative processes can elicit motor and gait impairment.
Thus, physical activity and motor disorders are among the major problems of
PwWMS, as they may incur a loss of personal independence, and finally
withdrawal from social life. Over the course of their disease, many patients
experience a significant decline of mobility and daily life activity [9]. Gait
parameters are the hallmark symptoms, and they are particularly reported by
approximately up to 90% of PwMS [34]. Although, mobility and gait
impairment are more common in patients with further disease level, they are
also observed in the early stages of MS. Different studies reported decline in
waling speed, distance and stride length in PwMS with mild disability (EDSS <
2.5) compared with healthy control [35]. Studies lasted over long period of time
(e.g. one year, 2.5 years) documented a significant reduction in physical activity
and gait parameters [14,36]. Hence, approximately 50% of PwMS will require
mobility aid within 15 years after onset [37]. However, regardless of disease
duration or severity, the functions of lower limb were considered to be at high
priority of 13 different bodily functions (Figure 2-10)
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Figure 2-10. Rank of most important bodily functions in early and late MS [37]

Because MS is incurable disease, researchers and clinicians focused on
treatments for symptoms management. Clinical symptoms or MS are highly
variable and depend on the localization of lesions in the brain and spinal cord.
Therefore, they are perceived indicators for the severity of the deficiency in
different functional neurological system (e.g. muscle weakness, sensory and
vision impairment, degree of instability). However, a significant correlation
between the frequency or intensity of the overall symptom and the physical
activity has been reported. The study of Molt et al. showed that the worsening of
overall symptoms is associated directly or indirectly with lower physical activity
[38]. For example, motor symptoms (e.g. arm weakness, balance, coordination
impairment) are moderately and inversely associated with activities of daily
living (ADL) of PWMS. Secondary analysis of data obtained from 686 PwMS
reported that emotional symptoms have moderate and inverse correlation with
ADL [39]. Other studies (cf. [12,40]) have also documented a correlation
between symptoms of fatigue, depression and pain with physical activity.
Moreover, Givon et al. reported significant correlations between different
spatio-temporal gait parameter and the level of neurological impairment due to
MS [41]. Therefore, researchers have started to consider physical activity and
gait impairment as a behavioral correlate of disability progression in PwWMS.
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These observations highlight the importance of the assessment of the physical
activity and walking ability in order to understand the relation between these
measures and the symptoms and the progression of the disease. This could
enable the early diagnosis of symptoms worsening and thus help with just-in-
time treatment adjustment.

31






Sensor Technologies and signal analysis

3 Sensor Technologies and signal analysis

This chapter gives an overview about sensor technology and signal analysis.
First of all, basic theoretical knowledge of sensors, which are commonly used to
capture physical activity and gait parameters, will be presented. In addition, the
concepts of signal analysis methods used in this work will be described.

3.1 Microsystem Technologies

Microsystem technology (MST) is the technology used to fabricate
microsystem. Microsystems deal with integrated microstructures and signal
processing to generate the desire output. MST includes microelectronics,
micromechanics and micro-optics components which are fabricated on the same
substrate.

This leads to the term Micro-Electro-Mechanical Systems (MEMS), which was
generally coined to refer to miniature sensors and actuators operating between
electrical and mechanical domains. The first MEMS device appeared in the USA
in 1980’s. However, the development of MEMS technology was relatively slow
due to the complexity of the manufacturing process. Figure 3-1 illustrates some
fundamental techniques required to develop MEMS device [42]. Physical
dimensions of MEMS devices can range from below one micron to sever
millimeters. As well as, the types of MEMS devices can vary from relatively
simple structures to extremely complex systems. Some advantages of MEMS
are; small size, light weight, on-chip integration of electromechanical systems
and their controlling electronic circuitry, high functionality, lower power
consumption to name some. These allowed applications to be developed which
would otherwise be impossible.
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Figure 3-1. Some of the many fundamental techniques required to develop
MEMS [42]

3.1.1 Applications

There are plenty of applications for MEMS, essentially, where miniaturization is
beneficial. The concepts and feasibility of more complex MEMS devices offered
a comprehensive penetration in various fields of application such as;
microfluidics, aerospace, biomedical, chemical, physical, data storage, wireless
communications, etc.[43]. Figure 3-2 illustrates the different functional domains
of MEMS applications.
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Figure 3-2. Various application domains of MEMS ([43] modified)

Basically, sensors are a major application of MEMS technology in different
fields; such as industry (airbag systems, medical blood pressure sensor). The
combination between MEMS sensors and other sensors can be implemented in
the field of multi-sensing applications. There are three primary types of MEMS
sensor; pressure sensors, chemical sensors and inertial sensors (accelerometers,
gyroscopes).

3.2 Sensor

As definition, sensor is a device that receives and responds to signal stimulus.
Generally, they are energy converter which transfers the input signal (stimulus)
into an electrical signal. Therefore, the term “sensor” should be distinguished
from “transducer”. The former converts the energy from a certain type into an
electrical energy, whereas the latter converts any type of energy into another. A
sensor is always a part of a larger system (data acquisition system) that may
incorporate other detectors, signal conditioners, signal processors, memory
devices, data recorders and actuator [44]. Transducer may be part of a complex
sensor Figure 3-3. As shown in this figure, the last part of a complex sensor is a
direct sensor that produces electrical output. Thus, there are two types of
sensors; direct and complex. A direct sensor uses a certain physical effect to
directly convert a stimulus into an electrical signal, whereas a complex sensor
Figure 3-3 in addition needs one or more transducers of energy before a direct
sensor can be employed to generate an electrical output.
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Figure 3-3. Transducer as a part of complex sensor ([44] modified)

Depending on the classification purpose, the sensor classification schemes could
range from very simple to complex. Generally, all sensors can be categorized
under two categories, either passive or active. Passive sensor can directly
generate an electrical output with no need for any additional energy source, e.g.
photodiode, piezoelectric sensor. On contrary, the active sensors need external
power for their operation, e.g. thermistor, which does not generate electrical
signal, but its resistance can be measured by detecting the variations in the
output current and/or voltage.

Furthermore, based on the selected criteria, sensors can be classified into
absolute and relative. Absolute sensors measure stimulus with respect to their
absolute scales, whereas relative sensors generate a signal that relates to a
known baseline. Considering their properties, such as sensitivity, accuracy,
detection means, material and field of application, sensors can also be further
classified into multiple categories.

3.2.1 Acceleration Sensor

Accelerometers are one of the most commonly used and commercially
successful MEMS sensors. In general, accelerometers are used to measure
dynamic force subjected to a moving object, where the former is related to the
velocity and the acceleration of the object. They are widely demanded due to
their applications in automotive industry, where the acceleration sensors are
used in safety systems such as airbags activation. However, due to the small size
and low cost of the accelerometers, their applications cover broader spectrum.
For example, mobile electronics, hardware protection, biomedical applications,
to name a few.

Figure 3-4 illustrates the principle operation of an acceleration sensor. The
simplest form of an accelerometer consists of a proof mass suspended by springs
attached to fixed frame. The principle operation behind the accelerometer is the
Newton’s second law of motion which defined the acceleration by relating it to
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the mass and force (F = a.m). In other words, a net force (F) subjected on an
object of mass (m) causes the latter to accelerate along its sensitive axis. This
acceleration (a) is directly proportional to the magnitude of the force and
inversely proportional to the mass (m) of the object [45].

F=a.m=m.f+m.g Eq.3-1

As a result of an external acceleration, the support frame will be displaced
relatively to the proof mass, which in turn changes the internal stress of the
suspension spring. Based on the relative displacement the extension can be used
to measure the external acceleration. The accelerometer is insensitive to the
gravitational acceleration (g) and thus provides an output proportional to the
non-gravitational force per unit mass (f) to which the sensor s subjected along
its sensitive axis.
f Acceleration

with respect to
inertial space

Displacement
pick-off
\ v~
- Case

Proof
H__— mass

Signal (m)

proportional
to specific
force
n

Spring

Figure 3-4. A simple acceleration [45]

The total force F is described by the gravitational force and other external forces
which cause the mass m to accelerate. Considering the case where an
accelerometer falls freely within a gravitational field, the output remains at zero.
This because, in the “falling-freely” situation, the accelerometer will fall with
acceleration equal to the gravity field (a = g), and hence according to the
equation above the f will be zero (f = 0). Conversely, in the situation where the
accelerometer is held stationary (a = 0) the accelerometer will measure the
force acting to stop it from falling. Following from (Eq.3-1), this force (m . f =
—m.g) is the specific force required to offset the effect of gravitational
attraction. Therefore, having the knowledge about the gravitational field enables
the measure of the accelerometer output. Commonly the earth’s gravitational
pull is the reference value from which all other accelerations are measured. It is
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known as g and is approx. equal to 9.8m/s2. MEMS accelerometers are
described in more detailed in [45].

Typically, accelerometers are specified by their sensitivity, output range,
Dynamic range, Amplitude stability, frequency response, resolution, full-scale
nonlinearity, offset, number of axes shock survival and bandwidth [45].
Therefore, the definition of the required specifications is application depended.
Furthermore, acceleration sensors are divided in different types according to the
way the displacement of the proof mass is sensed. Examples of the device types
are capacitive, piezoelectric, piezoresistive, optic, electromagnetic. In the
following sections the most common types will be presented.

3.2.1.1 Capacitive

Capacitive accelerometers measure a change in capacitance across a bridge
circuit. They essentially contain at least two components, the first is the fixed
plate and the other is a plate attached to the proof mass (Figure 3-5). These
plates form a capacitor whose value is a function of a distance d between the
plates. Hence, changing the distance between the plates will change the capacity
of the system, which can be measured as a voltage output. When an external
acceleration is applied the proof mass moves away from or toward a plate, hence
the capacitive will decrease or increase, respectively. The change in capacitance
is given by the following equation [44]:

1 1 ) x2<&dg? X

AC = €A - 2eA
¢ (do_x d0+x ¢ dOZ

Eq.3-2

Where; A is the area of the plate and d,is the nominal gap between the plate and
the proof mass.

Nut __ Center Post Washer

Spacers / Electrode (A)

Mass (m) Base Flexure (k)

Figure 3-5. Capacitive acceleration sensor [46]
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Capacitive accelerometers have several advantages; high sensitivity, high
precision, low cost, good noise performance, less prone to variation with
temperature, less power dissipation and simple structure. Therefore, they have
been applied in a wide range of applications such as; automotive (crash
detection and stability control), biomedical (activity monitoring), consumer
electronics (portable computers, cellular phones), robotics (control and
stability), structural health monitoring and military application.

3.2.1.2 Piezoresistive

Piezoresistive accelerometers (also known as Strain gauge accelerometers) are
one of the first commercialized microaccelerometer (Figure 3-6). These sensors
include piezoresistive material that changes its resistance when mechanical
stress is applied. These devices can sense accelerations within a broad frequency
range (from near DC up to 13 kHz) and can withstand overshock up to 10.000 g,
therefore, they are preferred in high shock applications.

piezoresistor

air ga
lead / g
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_ 12N
. —\ / slass cover
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€poxy ( A \
spring 1\‘nass

Figure 3-6. Piezoresistors accelerometer [46]

Piezoresistive accelerometer based on piezoresistive effect, which describes the
changing in electrical resistive of a semiconductor due to mechanical strain.
Hence, when a force is applied to the proof mass, the latter will be displaced and
causes stress in the piezoresistive material. This strain extracted from the proof
mass change the resistance of this material. Therefore, the strain can be directly
correlated with the magnitude and rate of the mass displacement and,
subsequently, with an acceleration.

The main advantage of piezoresistive accelerometers is the simplicity of their
structure and fabrication process, as well as their readout circuitry, since the
resistive bridge generates a low output-impedance voltage. However, they
exhibit larger temperature sensitivity, thus an additional temperature
compensation circuitry is required. Moreover, they have smaller overall
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sensitivity compared to capacitive devices, and hence a larger proof mass is
preferred for them.

3.2.2 Gyroscope

Gyroscopes are devices able to measure the angular rotation rate of a body with
respect to the reference frame (gyroscope frame). They consist, generally, of a
mass with a free axis or rotation supported by a gimbal, and the latter is
supported by a gyroscope frame Figure 3-7. The main concept of the operation
iIs based on the basic principle of the angular momentum conservation.
Extensive information can be found in [44].

Gyroscope
frame

Spin axis

Gimbal

A4

Figure 3-7. A Gyroscope [47]

MEMS gyroscope are gyroscopes miniaturized and packaged with electrical
transducers. There are three types of MEMS gyroscopes: rotational, optical and
vibrating. Rotational microgyroscopes are similar in design to the traditional
gyroscopes. A high-speed rotational component is involved in the design; thus
this type is costly in fabrication. Optical gyroscopes are the most accurate type;
however, because of the size and the cost of the manufacturing, they are not
widely used in industrial applications. The most commonly used type is the
vibration microgyroscopes (Figure 3-8 a), which based on the transfer of energy
between two vibration modes caused by Coriolis acceleration (Coriolis Effect).
Inducing a vibration on the solid mass causes the mass to proceed along its
reference axis (x) with a velocity (v). This, in turn, induces and angular rotation
of the mass (Q2) along a direction perpendicular to the velocity’s plane, which
produces Coriolis acceleration a, (Figure 3-8 b). This acceleration can be
expressed by:

a. =2v X Q Eq.3-3
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Figure 3-8. Vibration Microgyroscopes (a) [48], Coriolis Effect (b) [49]

Recently, these devices have gained a lot of attention for several applications.
For example, using MEMS gyroscopes have been used in companion with
MEMS accelerometers to detect heading information for inertial navigation
purposes. Furthermore, they are widely used in airplanes, spacecrafts,
automobiles consumer electronics (e.g. video-camera stabilization, inertial
computer mouse), robotics applications, and wide spectrum of military
applications.

3.2.3 Pressure Sensor
By definition, the pressure is a force exerted on a surface per unit area. The Sl

. . . 4 N . .
unit of pressure is the pascal (Pa): (1Pa = 15). That is, one pascal is equal to

one Newton per meter squared. Pressure sensor is a device that is capable of
generating signal related to the pressure. They are complex sensors, that is more
than one step of energy conversion is required till an electrical signal is
generated. Different measures can be acquired from the pressure, such as speed
and altitude.

Two essential elements are required to make a pressure sensor; the membrane
(plate) with a known area A and a detector that responds to the applied stress F,

dF : :
thus (p = d—A). Therefore, in most cases the pressure sensors contain

deformable elements whose deformations are measured and converted by the
displacement into electrical signals related to the pressure value. In pressure
sensors, this deformable or sensing element is a mechanical device that
undergoes structural changes under strain resulting from applied stress.
Generally, the main problems in pressure sensors are in the system packaging
and protection of the diaphragm from the contacting pressurized media, which
are often corrosive, erosive and at high temperatures.
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Pressure sensor can be categorized in different classes depending on the type of
pressure the device measures [44] (Figure 3-9):

1. Absolute pressure: These sensors measure the pressure relative to the
perfect vacuum pressure. Measurement assessed in absolute pressure use
the absolute zero as their reference point. The vacuum has to be negligible
compared to the pressure to be measured. Such sensors are used to gas
analysis, altimeters, engine air intake performance, to name few.

2. Gauge pressure: This pressure is measured relative to the ambient
atmospheric pressure. Thus, the output of the gauge pressure is directly
influenced by the changes in weather conditions or altitude. Positive
pressure is referred to the pressure higher than the ambient pressure,
whereas negative pressure is referred to the pressure lower than the
atmospheric pressure. Typical example of the usage of gauge pressure
sensor is the measure of tire pressure. These sensors are also used for
surgery of emergency applications.

3. Differential pressure: This kind of sensors has two pressure ports, that is,
they measure the difference between two pressures applied to the sensing
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Figure 3-9. Absolute (right) and differential (left) pressure sensor [44]

3.2.3.1 MEMS Pressure sensors

MEMS pressure sensors are among the first MEMS devices developed and
produced for real world applications. The sensing element in these sensors is
made of thin silicon diaphragm with a size that varies from few micrometers to a
few millimeters square. MEMS pressure sensor used the principle of mechanical
bending of thin silicon diaphragm by the contact medium (liquid or gas) [48].
There are two common types of MEMS pressure sensors that will be presented
in this section: piezoresistive and capacitive pressure sensors.
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3.2.3.1.1Piezoresistive Pressure Sensor

At the moment, piezoresistive pressure sensors are still the most commonly
used. They consist of thin silicon diaphragm and a tiny piezoresistors diffused
into the diaphragm (Figure 3-10). Usually, the resistor is connected to the
Wheatstone bridge [48].

resistors

AR AN
% diaphragm

vent hole

5 * diffused

Figure 3-10. Piezoresistors in the silicon diaphragm [44]

When stress applied to a resistor, the latter changes its resistance due to the
piezoresistive effect. This change in the resistivity is proportional to the applied
stress and thus to the applied pressure. The maximum output of such devices is
on the order of several hundred millivolts. Therefore, a conditioner is required in
order to have the output in an acceptable format. However, piezoresistive
sensors have high temperature sensitivity, thus the conditioner should not
include temperature compensations. Further disadvantage of this type of sensors
is the low sensitivity of the piezoresistors; therefore, they are not suitable to be
used in low pressure measurement application. However, piezoresistive pressure
sensors have small size, are simple to be fabricated and have a high linearity
between the applied pressure and the output voltage [48].

3.2.3.1.2 Capacitive Pressure Sensor
The other way of converting pressure into electrical output is to use the
capacitance change measuring principle (Figure 3-11).
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Figure 3-11. Capacitive pressure sensor [48]

In the capacitive-pressure sensor the diaphragm displacement changes the
capacitance with respect to the reference plate. This kind of measure is
especially suitable for the low-pressure sensors. The diaphragm can be designed
to obtain up to 30% capacitance change. Furthermore, these sensors have low
power consumption and low temperature sensitivity, which makes them
candidates for elevate temperature application. However, they suffer from the
non-linearity relation between the input pressure and the measured output.
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3.3 Signal Processing and Analysis
The following section gives an overview about the basic concepts of the signal
processing, classification and statistical analysis methods used in this work.

3.3.1 Time, Frequency and Time-Frequency Domain Signal Processing

A signal is a function of an independent variable such as time, distance, position,
etc. The signal can be classified into: continuous-time, discrete-time; analog,
digital; periodic, aperiodic; causal, anticausal, noncausal; deterministic, random;
finite, infinite length signal [50].

The primarily goal of signal processing is to extract features out of the signal,
which can be provide underlying information on a specific problem for decision
making. Signal processing can be done either in time, frequency or time-
frequency domain.

3.3.1.1 Time Domain Representation

Time domain analysis is the investigation of the physical phenomenon or signal
in respect to time, i.e. to record of what happened to the system parameters
versus time.

In the time domain, a signal is represented as sequences of numbers, called
samples, which denoted as x[n] with n being an integer in the range —oo < n <
oo, Discrete-time signal is represented by {x[n]}. This sequence may be also
generated by periodically sampling continuous-time signal x,(t) at uniform
intervals of time. The n-th sample is given by:

x[n] =x,(O)|i=pr = x,(nT),n="--,-2,-1,0,1, ... Eq.3-4

Where, T is the sampling interval or sampling period.

3.3.1.2 Frequency Domain Representation

Signals are often represented in frequency domain by their spectrum, frequency,
amplitude and phase. Frequency domain representation can be effectively used
in measurement of signal parameters, signal transmission, system design, etc.

The most important principle in the frequency domain analysis is the
transformation, which is the conversion of the function from time domain to
frequency domain and vice versa. Fourier transform allows the characterization
of systems in a simple algebraic form instead of differential equations connected
to time domain representation.
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3.3.1.2.1Fourier series and Fourier transform

A periodic signal can be decomposed into linear combination of sine and cosine
functions. This series is referred to as Fourier series of signals, and it has the
following form:

Eq.

u(t) = Uy + z(U,‘é1 cos kwt + UE sin kwt) 35
k-1

where w = ZFE (T stands for the period). The coefficients can be calculated using
the following equations:

Uy = [T u@de, Uf = 2T u(®cos(kot)de, UE = Eqé
%fOTu(t) sin(kwt)dt

These operations are based on the orthogonality of trigonometric functions on
the interval [0... T1.

Fourier transform is the extension of Fourier series to periodic and nonperiodic
signals. The spectrum of the signal x(t) is defined as:

+00
X(jw) = f x(t) e J@tdt Eq.
—e 3-7

The signal can be reconstructed from the spectrum X (jw) as follows:

1 [t .
x(t) = —J X(jw) e’ dw Eq.
27 ) 3-8

More details about frequency domain representation and Fourier transformation
can be found in [50].

3.3.1.3 Time-Frequency Domain Representation

Many signals and systems are generally described by their frequency
components, which have infinite duration and change as a function of time. For
these certain case of signal, time-frequency analysis is of great interest. That is,
because it offers simultaneous interpretation of the signal in both time and
frequency domain. The time-frequency representations (TFR) can be classified
according to the analysis method. In the first category, the signal is represented
by time-frequency function derived a basis function having a definite time and
frequency localization. For a signal x(t), the TFR is given by:
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+00
. Eq.
TFx(t: w) = f X(T) ¢t,a)(T)dT = (x: ¢t,w) 3_qg
where ¢, represents the basis functions and () represents the complex
conjugate. Short time Fourier transformation, wavelets and matching pursuit
algorithms are typical examples in this category.

The second category of TFR based on the time-frequency distributions idea
presented in [51], in which the TFR described by a kernel function as follow:

TFx(t,a))— j f J u+ 5T)x (u Eq.

3-10
——T)¢(9 7)eJOt-JTw+j0ugy dr do

where ¢ (8, t) is the two dimensional kernel function, determining the specific
representation in this category, and hence the properties of the representation.

Nowadays, different time-frequency approaches are available for high-resolution
decomposition in time-frequency plane, including Short-Time Fourier
transformation  (STFT), Wigner-Ville transformation, Choi-Williams
distribution (CWD), and the continuous wavelet transformation (CWT). In the
following section, the most favored tool will be presented, namely CWT.

3.3.1.3.1Wavelet Transform- Continuous Wavelet Transformation

Within the last two decades, the wavelet transform (WT) has become widely
considered as an alternative to the Short-Time Fourier transformation (STFT).
The main principle of the CWT based on the convolution of the signal with a set
of functions, which are a translated and dilated version of a main function. The
main function is a continuous function in time and frequency domain and called
mother function, whereas the translated and dilated functions are called wavelet.
Mathematically, the CWT of the signal x(t) is given as follow:

W(a,b) = \/ia f ()P (%) dt 3'5_2'1

Where, b, a are the location and the dilation parameter, respectively. yi(t) is the
mother function. On contrary to STFT, CWT allows high localization in time of
high frequency signal features. Furthermore, CWT is not limited to using
sinusoidal function.
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Wavelet transformation is commonly used in image compression application,
acoustics processing, pattern recognition, filter design, electrocardiogram
analysis. Furthermore, due to its ability of capturing sudden changes in signals
like the one measured by an accelerometer, wavelet transformation technique
has been often applied in activity recognition and gait analysis methods [52].

3.3.2 Statistical Tools for Data Analysis

3.3.2.1 Reliability and Intraclass Correlation

Reliability: is the degree to which an assessment tool produces stable and
consistent results. There are two types of reliability: relative reliability and
absolute reliability. Relative reliability indicates the consistency of an
individual’s rank position in respect to the other over repeated measurements.
Absolute reliability indicates the degree of which repeated measurement vary for
the individual, i.e. the absolute difference in the group’s mean over identically
repeated measurement (e.g. stability) [53]. The reliability is formally given by:

between subjects variability Eq.

liability =
retabiity between subjects variability + error 3-12
Reliability is usually calculated to assess: the reliability of the measurement

device, the reliability of the observer and the stability of the variable being
measured.

Intraclass correlation (ICC): is a relative measurement of reliability, which
has become common choice in reliability studies [54]. ICC is an attempt to
overcome some of the limitations of the classic correlation coefficients.
Similarly, to other reliability indices, ICC does not have standard acceptable
level of reliability. Theoretically, it can vary between 0 and 1.0, where O
indicates no reliability and 1.0 indicates perfect reliability. As it can be seen in
the (Eqg. 3-12), if the variability between subjects is sufficiently high, the
reliability will obviously be high. Thus, if individuals differ from each other a
lot, the ICC magnitude can be large, and if they differ little from each other the
value will be small. There are plentiful versions of the ICC with each being
suitable for specific situation.

3.3.2.2 Standard Error of Measurement and Minimal Detectable Change

Standard error of measurement (SEM): is defined as “the standard deviation
of errors of measurement that is associated with the test scores for a specified
group of test takers” [55]. If any test were to be applied to individual numerous
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numbers of times, it would be expected that the responses would vary a little
from trial to trial. Therefore, the standard deviation of measurement errors
indicates how reliable the measurement test is. Unlike, ICC which is a relative
measure of reliability, SEM indicates the absolute reliability and is expressed in
the actual units of the measurement, making it easy to be interpreted. SEM can
be calculated by multiplying the baseline standard deviation of the values of the
measurement response by the square root of one minus the ICC:

SEM = SDygsetine * V1 — ICC Eq.
3-13

Since that SEM is measure of the precision of an instrument, it is related to the
concept of minimal detectable change.

Minimal detectable change (MDC): is the smallest alteration in a given
measure that indicates a true change. In other words, MDC provides the absolute
amount of change necessary to exceed the measurement error of repeated
measures at a certain confidence interval (Cl). It is a useful tool to operationally
determine whether a magnitude of change in the parameter of interest is greater
than the amount of change attributable to measurement error [56]. Minimal
detectable change can be calculated using the following formula:

MDC = SEM =z /2 Eq.
3-14

where (z = 1.64) or (z = 1.96) reflects the 90% or 95% confidence interval
(CI), respectively.

3.3.3 Classification and Regression Model
This section presents the methods and techniques used in this work for the aim
of regression model development and classification.

3.3.3.1 Decision Tree

Decision tree is a learning algorithm that is widely used in solving
classifications problems [57]. Decision trees have increasingly become
important classification techniques due to their simplicity and computational
efficiency. Their simple structure provides an easily understanding and
interpretation of the information, thus easy to be translated into rules. However,
the complexity of the tree increases with the amount of data. A decision tree
partitions the feature space into a set of disjoint regions and assigns a specific

49



Sensor Technologies and signal analysis

value to each corresponding region. A general graphical representation of a
decision tree is shown in Fehler! Verweisquelle konnte nicht gefunden werden..
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Figure 3-12. General graphical representation of a decision tree

A decision tree consists of nodes connected by branches. There are three types
of node:

Root node: The first node in the tree that contains all the data. It has no
incoming branches and many outgoing branches.

Internal node: also called “test node”. Each internal node tests an attribute.

External node/leaf node: also called “decision node”. These nodes present the
results of the classification. It has one incoming branch and no outgoing branch.

The basic concept of the decision tree is to partition the input data set (feature
space) into smaller segment called terminal nodes. Each terminal node is
assigned to a class label. The partitioning process terminates when the resulted
subsets cannot be partitioned any further.

The decision tree is called binary tree when each internal node can be
partitioned into exact two child node only, such as classification and regression
tree (CART). If the internal node can have two or more child node, then the
decision tree is called multi-child tree, such as iterative dichotomier 3 (ID3). The
CART decision tree is the methods was used in this work and will be briefly
presented in the following section.
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3.3.3.1.1Classification and regression tree (CART)

The CART decision tree (Figure 3-13) is a binary recursive partitioning
procedure capable of processing and continuous and nominal attributes as
predictors [58]. The basic idea of tree building is to choose the split criteria
among all possible split criteria at a certain node. In CART algorithm the split
criteria depend on the value of only one predictor variable (or feature).

) (oma

Figure 3-13. Binary decision tree (CART)

The algorithm builds the tree starting from the root node repeatedly using the
following step:

1. Find the best split point for each feature that maximizes the splitting
criteria when the node is split according to it. The definition of the
splitting criteria will be explained later.

2. Find the node’s best split. Among the best split points found in the
previous step, choose the one that maximizes the splitting criteria.

3. Split the node using its best split found in the step 2 if the stopping rules
are not satisfied, restart at step 1.

Splitting criteria and impurity measurement:

Impurity: Let i(N) denote the impurity of the node then:
i(N) is 0 if the data at this node all belong to the same class.
I(N) is maximum if the classes are equally represented.

There are many different mathematical measures of the node‘s impurity:
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e Entropy: it is calculated as following:

(W) = ) P(C)Iog2p(C) Eq
J

where p(C;) is the fraction of the data set at node N that belong to the C;

e GINI diversity index: it s given by:

i((N)=1- [P(c-lnode)]2 Eq.
Z ! 3-16

where P(c;|node) presents the frequency of the class j in the current node N.

Splitting criteria: at a certain node N the splitting criteria Ai(s, N) corresponds
to the decrease in impurity and is given by:

Ai(s,N) = i(N) — p,i(N) — pri(Ng) Eq.
3-17

Where s is the split condition; i(N,) and i(Ng) are the impurities of the left and
the right child nodes; and p,, pi are the percentages of the cases in the node N
that branch left and right, respectively.

CART decision tree uses GINI diversity index as split criteria. To choose the
best split s condition the following calculation takes place for each possible
splitting value:

m
n; Eq.
GINI gy = z ~i(V) 213
i=1

Where, n;,n are the number of cases in the child node i and the parent node,
respectively.

After doing the calculation in equation (GINI split), the CART algorithm will
choose the split value that has the least GINI impurity. Depending on this value
the node will be split into left and right node. More detailed survey can be found
in [58].
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3.3.3.2 Support Vector Machine

Support Vector Machines (SVMs) are a popular type of binary pattern
classification methods which have gained increasing attention since they are first
presented by Vapnik [59]. Figure 3-14 illustrates the basic principle of the linear
SVM.

Class 1

Figure 3-14. Linear Support Vector Machine

Considering the training set D{(X;, y;)}: ; where X = {x;, ....x,,} € R" denotes
the input vectors and y; € {—1,1} is the indicator. With the nonlinear data set
the input vector X will be mapped into high-dimensional space in which a linear
decision surface can be constructed. This transformation is realized by kernel
function:

where, @ is a nonlinear function.

The commonly used kernel functions are: Fisher kernel, Graph kernel,
Polynomial kernel, RBF kernel and string kernels.

The optimal classifier is obtained by solving the following quadratic problem:

) L
mgr% {E wlw+ Cz Ei} Eq.
w.b. - 3.20

Subject to:
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i TCI) iT+bCI) i 21— i Eq
yi (0T @E)T +b®(x)) 21— ¢ 9

where, C is a regularization coefficient and &; called slack variable and they are
introduced to deal with nonlinear feature vectors.

3.3.3.2.1Support vector regression (SVR)

SVM can be applied also to the case of regression. The main idea of the SVR is
to map the input vector X into high-dimensional feature space and then to
perform linear regression in the feature space [60]. Same as in SVM this
transformation can be realized by the kernel function K (x;, x;). The correlation
between input and output can be written as following:

y=fx)=w.dx)+b Eq.
3-22

where, X € R™ is the dimensional input space and y € R is the corresponding
output. ®(x) is the features of the input variables, and the coefficients w, b can
be estimated by minimizing:

1 A 1 5 Eq.
E@) = C3 ) i = fn e +5 ol 3.5
i=1

where, C € R* determines the trade-off between the empirical risk and the
regularization term %llwllz. The empirical risk can be given by the insensitive
loss function (e):

x.: = {0 if |x| —€ Eq.
x| —€ else 3-24

To reduce the complexity by minimizing ||w]|? the non-negative slack variables
¢, &7 can be introduced to measure the deviation of training sample outside e-
insensitive zone. Thus SVR is formulated as following:

N
1 1 Eq.
—_r_ . Y 4 2
E(w)=Cy E G+ &) +5llwll 3-25
i=1

Subiject to:
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yi—f(x,w) <e+§; e
$,6i =0

After transforming the optimization problem into the dual problem, the output
model can be given as following:

N
f(x, a) = Z(CI: - ai) K(xl,x]) +b ; 0 < a;'k, a; < C 3_27
i=1

where, a;, a; are the Lagrange multipliers.
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4 Assessment of Physical Activity and Gait Impairment -
State of the Art

Physical activity is a complex behavior that can be subdivided into a number of
dimensions, such as frequency, duration intensity and type of activity. It has
generally been acknowledged to be a health-promoting factor [33]. Hence, an
increased effort has been placed in the area of development of population-based
interventions. However, patients with chronic progressive neurological disease,
such as multiple sclerosis, typically show a decrease of physical activity as
compared with healthy individuals [61]. Over the course of their disease, many
patients experience a significant decline of mobility and daily life activity [9].
Mobility and gait impairments in PwMS, such as reduced walking, stride length
and distance, are associated with increased activity limitations and thus with
decreased quality of life [62]. A clearer understanding and assessing of physical
activity impairment and gait ability in PwMS is essential for the development of
effective interventions to alter the progressive disease course.

As for healthy population, several methods have been used to assess physical
activity (activity count, MET level) and walking ability (e.g. velocity, step
length, swing time, cadence, symmetry) in PwWMS [14,36]. Generally, these
methods could be categorized as subjective (e.g. questionnaires, self-reports)
and objective (e.g. laboratory system, wearable system). This chapter briefly
presents these methods and discusses their advantages and disadvantages.

4.1 Questionnaires and Self-Report Assessment Methods

In individuals with physical activity disabilities, physical activity in daily life
have typically been assessed by questionnaires or diary methods [63,64]. With
self-report methods, individuals are asked to report on their activities, sometimes
even from a previous day, week or months. Information such as activity type,
frequency, duration and intensity can be also gathered using self-report and
questionnaires. Global self-reports are usually used to gather information about
the individual’s activity pattern over a long period of time (e.g. one year). Recall
questionnaires ask individuals to report on their activity from the previous day
or week; they are short and designed to classify activities into groups [65]. Self-
report and questionnaires methods have been widely used to assess physical
activity in PwMS.
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Self-reports and questionnaires methods are well-known for their cost
efficiency, user friendliness and suitability to be employed preferably in large
scale studies [66]. They also are able to distinguish between physical activity
domains, such as occupation, household, leisure time or sport [67,68]. However,
the major disadvantage of the questionnaires and self-report methods is that the
collected information is subjective and relies on correct memory retrieval
[67,69]. Furthermore, these methods rely on accurate estimations of physical
activity. Biased responding may result in an under- or overestimation of the
actual activity [70]. Most available self-report measures are not sufficiently
sensitive to register low levels of activity resulting in floor effect [71].
Moreover, automatic activities with a moderate intensity such as walking are
poorly encoded in episodic memory and are thus likely to be underestimated
[72]. It has been reported that self-report and questionnaires may also be
affected by the “social desirability” theory [73].

4.2 Clinical Assessment Methods

In addition to self-report and questionnaires methods, there exists a wired range
of clinical assessment instruments that address different walking ability and
clinical status. The importance of walking ability lies in the fact that gait
disorders affect a high percentage of the population with neurodegenerative
diseases such as multiple sclerosis. Usually, clinical assessment methods, also
called semi-subjective methods, are carried out under clinical conditions by a
specialist. The various gait-related parameters are assessed and evaluated while
the patients perform predefined tasks. The following section comprises the most
common clinical assessment methods that used to measure the walking ability.

4.2.1 Timed 25-Foot Walk test (T25FW)

This method is the first part of Multiple Sclerosis Functional Composite
(MSFC). T25FW is one of the most widely standardized measures of gait
velocity. The test consists of three parts for use in clinical, and its component
can display variable results, especially in patients with slow walking speed [74].
The T25FW measures the time the patient needed to walk the 25 feet (7 and a
half meter) distance with self-selected walking speed or fastest safe walking
speed. Time may be recorded either manually with a stop watch or via
mechanized equipment such as photocells. The output measure of this test is
used to differentiate between PwMS with mild disability and those with
moderate disability. The T25FW showed high reliability of (ICC = 0.9) [74].
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However, the test is not useful for patients with severe disability and cannot
walk the 25 feet.

4.2.2 Six-Minute Walking test (6-MW)

The 6MW was first validated in 1982 and in the last decade as been
increasingly used in neurological populations, such as stroke, Parkinson’s
disease and multiple sclerosis [75-77]. The outcome measure is the total
distance covered for 6 min. Patients are asked to walk for 6 min at maximal
speed back and forth in a hallway. Patients may use an assistive device, but rest
is not allowed within this 6 min. The 6MW has been validated as a measure for
walking ability. The results indicated that the measured distance travelled within
6 min has differed between PWMS and healthy individuals. The test has high
intra-rater and inter-rater reliability (ICC = 0.9). Furthermore, it is robust and
has improved precision compared with T25FW test [35]. Moreover, it has a
sensitivity to change of (MDC = +92.1m) in patients with mild to moderate
disability.

4.2.3 12-1tem Multiple Sclerosis Walking Scale (MSWS-12)

The 12-ltem multiple sclerosis walking scale (MSWS-12) is a self-report
measure that assesses 12 parameters, which describe the impact of multiple
sclerosis on walking ability in the past 2 weeks [78]. Each item consists of 5
scales, with 1 meaning no limitation and 5 meaning extreme limitation. This
instrument has been included in the gait outcome measures recommended by the
consensus conference of the Consortium of Multiple Sclerosis Center [79].

4.2.4 Timed Up and Go (TUG)

Timed up and go (TUG) is a timed test of dynamic balance. The patients are
instructed to stand up from a chair and walk a 3m distance then turn around,
walk back to the chair. The output of the test is the time from the moment the
pelvis lifts off chair till the moment it reaches the chair again. The time is
measured by a stop watch. The TUG has an excellent reliability (ICC = 0.94)
and its sensitivity to change is reported to be about; MDC = 4.09 sec, 11 sec for
patient with Alzheimer disease and Parkinson’s disease, respectively.

Generally, these clinical methods and functional tests have been reported to be
useful for discriminating pathology population. However, they prone to error
due to specialist’s manual measurement and subjectivity. Basically, there are
two main sources of subjectivity; clinical subjectivity and patient subjectivity.
On the clinical side, the assessment may differ between raters, due to rater’s
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interpretation of the patient’s status. Patient subjectivity may occur due to the
intra-variability, i.e. the performance of the patient in a certain test might vary
from time to time depending on the patient’s mood, fatigue, etc. Moreover, in
some tests the outcome measure might be unable to assess the little changes
within and between patients or between normal and abnormal condition. Finally,
these clinical methods usually require a specialist who’s able to carry out the test
and manual data analysis to obtain the results. A comprehensive description of
these and further clinical assessment methods can be found in potter [80].

The complexity and high variability of physical activity and gait makes them
difficult to be measured. Nevertheless, it remains of intense public health
interest to accurately and reliably assess them. Therefore, several researchers
have intended to develop and use different objective systems and devices for
measuring and evaluating physical activity and gait parameters. In the following
sections an overview about some known and commonly used objective devices
will be given.

4.3 Objective Assessment Methods — Laboratory Systems

Gait laboratories typically use a system, such as marker-based motion capture
and force plates. These systems are considered as gold standard for motion and
gait analysis and are known for their ability to provide very accurate description
and reliable measurements of the gait pattern. Furthermore, they allow getting
quantitative and objective figures of the clinical gait. In the following, some of
these systems will be presented.

Optical motion analysis system consists of markers attached to specific locations
on the individuals using a set of cameras. Applications of these systems can be
classified into gait parameter analysis and gait classification to distinguish
between different types of activities [81]. Currently, optical motion systems are
the most well-known and precise gait analysis systems. However, they are
expensive (60.000-150.000€) and their complexity for preparation and analysis
makes them unsuitable to be integrated in the daily routine assessment of gait
parameters in patients with severe walking impairment.

Alternative systems to camera-based systems are force plates. These systems
measure the ground reaction forces generated by a body standing or moving
across them. Force plates systems are used to quantify balance and assess gait
Kinetic parameters. The platform is about 60 x 60 cm and they can provide
accurate temporal parameters such as heel strike and toe off contact signals [82].
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Some commercial force plates are: Force plate AMTI series OR6-7 Figure 4-1,
Kistler force plates.

Figure 4-1. Force Platform AMIT force plat [82]

Major disadvantage of the force plates systems is that they can measure the
parameter only within one stride. Therefore, for longer distance where several
steps are involved, the computerized walking mat GAITRite® Analysis System
(CIR System Inc, Clifton, NJ) is used [83]. It is an electronic walkway system
that can be connected via serial port to a personal computer. GAITRIte® is a
carpet of 89 cm wide and 9.75 m long, where the active area is about 61 cm
wide and 7.32 m long and contains 16.128 pressure sensors. This system should
be differentiated from the force plates, the latter quantifies horizontal and shear
components of the applied force, whereas the former can quantify the pressure
patterns. Pressure sensors integrated in the walkway system are activated at
footfall and deactivated at toe-off, thus they enable a continuous capturing
spatio-temporal gait data sampled at 8 Hz. GAITRIte® system has been reported
to have high reliability (ICC > 0.85) and high validity when compared with
video-based motion analysis (ICC > 0.93) [84]. However, GAITRIte® is an
expensive system and need to be installed in appropriate rooms. Furthermore,
the data capture is restricted to a few steps at a time; therefore, the patient needs
to walk many times on the mat in order to obtain statistically valid data.

Recently, instructed treadmill gait analysis system has been proposed as an
alternative gait assessment and analysis system. This device enables the
capturing of gait parameters over long distance and long period of time under
consistent conditions; distance, belt speed and inclination. Most gait parameter
captured by this system showed high reliability [85]. The usage of instructed
treadmill has several advantages compared to over ground assessment system.
First of all, they are not limited to the number of steps per trial as with
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GAITRIte®. Furthermore, these systems allow the analysis of gait characteristics
at different speed including jogging, because while walking on treadmill patients
are able to control their speed.

Finally, instructed treadmill enables gait assessment while walking on an
inclined surface [86]. However, energy costs have been reported to be higher
during walking on treadmill than over ground. Moreover, walking on treadmill
may impede individual’s natural gait pattern [87]. Other several non-traditional
methods, such as laser technology [88], ultrasound system [89] and magnetic
tracking system for gait analysis have been developed. Figure 4-2 illustrates the
most widely used gait analysis systems under laboratory condition.

Force plate Complete gait laboratory

Figure 4-2. Most frequently used gait analysis technologies and systems [82]

However, these systems are expensive, complex and can only be operated by
specialist trained person. Moreover, laboratory conditions may influence the
natural behavior of the patients. Most importantly, the usage of these systems is
time-costly, thus its integration in clinical routine is limited. Therefore, there is
an increasingly need for an inexpensive, unobtrusive system, which allows
monitoring and evaluating of physical activity and gait parameters continuously
outside the lab (i.e. under free-living condition).

4.4 Objective Assessment Methods- Wearable Sensors

Recent advances in technology have promoted the development of objective
methods based on wearable sensors (WS) to allow continuous monitoring of
daily physical activity of multiple populations with gait disorder, such as stroke
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survivors, Parkinson’s disease (PD) and PwMS [90]. Such systems allow
capturing and monitoring of gait and physical parameter under customary
environments, thus they overcome the limitations of laboratory and clinical
subjective methods. WS-based systems use sensors attached to the body to
assess and evaluate the different aspects of human activity and gait during the
patient’s everyday activities under free-living conditions. There are different
types of WS have been used in the field of gait and physical activity assessment
(Table 4-1). A review of the most common used WS and their application is
presented in the following.

Table 4-1. Commonly used wearable sensor to assess physical activity and gait
parameter

Sensor Usage

Accelerometer Walking speed, displacement of the
body segment

Gyroscope Angular velocity and rotation

Pedometer Steps count

Magnetometer directional vectors of spatial orientation

Electromyography | Time and amount of muscles activation

Goniometr Joint angular range of motion

Pressure sensing | Stance phase detection

4.4.1 Pedometers

Pedometers are compact, battery operated devices that measure number of step
taken by the individual in continuous manner [91]. Some pedometers available
nowadays use the number of steps to estimate the travelled distance and energy
expenditure (EE). Pedometers have been applied in several applications: to
distinguish between individuals based on steps/day, to measure the effect of the
intervention on physical activity, to assess and compare time trends in physical
activity. These sensors have three principles of mechanism; Spring-levered arm,
piezoelectric and magnetic [92] . Spring-levered pedometers (Figure 4-3) use a
spring-suspended horizontal arm that moves up and down in response to hip
movement while walking or running. The arm opens and closes an electrical
circuit with each step and the number of steps is then counted.
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Figure 4-3. Spring-level pedometer

Magnetic reed proximity type also consists of spring-suspended horizontal lever
arm and a magnet attached to it. In this mechanism the magnetic field causes the
electrical contact of two overlapping metal pieces (magnetic reed proximity)
enclosed in a glass cylinder.

Piezoelectric pedometer (Figure 4-4) has an accelerometer with a horizontal
beam that compresses a piezoelectric crystal when subjected to movement (e.g.
walking). This generates a voltage proportional to the movement. The voltage
oscillation is used to record steps [93].

piezoelectric
cantilever

Figure 4-4. Piezoelectric pedometer

Over the last decade a quite variety of pedometers has been introduced;
conventional stand-alone pedometers and personal digital devices (Table 4-2).
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Table 4-2. Pedometers - Commercial types ([94], modified)

Device Model measurement | assessment | placement
time
Omron HJ- Steps, aerobic, | 7 days Pocket, bag or
720 activity time, | displayed clip to belt
distance, 42 days in
calories memory
Yamax CW Steps, distance, | 7 days Clip to belt
series calories 2weeks total
Sport line Steps, speed, 10 days Wrist
955 (G- activity time,
Y distance,
calorie
Fitbit one Steps, distance, | 5-7days Clip to
' calories, stair pocket, in
climbed, pocket
quality of sleep
Nike Step, distance, |- iPod OS
@ time, calories
iPhone e Steps - iPhone OS X

Although pedometers only capture steps and limited type of activities [92], they
have been used in different healthcare studies and clinical researchers. For
example, these devices have been used to detect differences in physical activity
between PwMS and healthy individuals, to evaluate their accuracy and
reliability, under free-living environment and controlled conditions [95,96].
Pedometers showed high reliability of ICC = 0.93 and ICC = 0.80 for 7-days
and 3-days of monitoring, respectively. However, difficulties may arise,
especially in populations with neurological disease whereby the gait pattern may
be abnormal and asymmetrical [97]. Therefore, the validity of such systems for
individuals with gait disorder is questionable.

Although pedometers are inexpensive, simple to use and unobtrusive devices,
they have a major drawback: they are unable to reflect the intensity of the
patient’s movements, like increases in moderate or vigorous physical activity or
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reduction in sedentary time [98]. Furthermore, they may suffer from inaccuracy
during self-selected and slow walking speed[99]. Moreover, pedometers cannot
provide important clinical information about gait quality, such as gait
asymmetry.

4.4.2 Gyroscopes

Micromachined gyroscopes are based on another working principle, which
implies that all body revolves around an axis develops rotational inertia.
Typically, a gyroscope can be used to measure the motion and posture of the
human body (angular orientation) by measuring the angular rate (i.e. the output
of the angular rate sensors) [100]. Gyroscopes must always face the same
direction, being used as a reference to detect changes in direction. The
advantage of using gyroscopes is that gyroscopes allow angular velocity
measurement and short-time estimate of total orientating. The reliability of the
gyroscope in detecting gait event (i.e. initial contact and toe of) has been
reported to be high (ICC = 0.98) [101]. However, the usage of gyroscope in
measuring daily-living activities, where the temperature fluctuation is larger
than in the laboratory, results in an offset error affects the gyroscopes signal. A
relatively small offset error will introduce large integration errors. Therefore,
several studies have used a combination of gyroscope and accelerometer or
magnetometer. The gravitational acceleration component could provide
inclination information that is useful to correct the drifted orientation estimate
from the gyroscopes, whereas the sensitivity of the magnetometer to the earth’s
magnetic field helps in correcting the drift of the gyroscope about the vertical
axis. Furthermore, using gyroscopes will decrease the autonomy of the
monitoring system due to their high power consumption [102].

4.4.3 Electromyography

Electromyography (EMG) is performed using an electromyograph. EMG
measures the electrical activity of the muscles at rest and during contraction. It
could be either voluntary or involuntary muscle contraction. The EMG signal
can be captured either by surface electrode (Figure 4-5), or with wire or needle
electrodes. The outcome signal should be then amplified to yield a suitable
format that can be used for further analysis.
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Figure 4-5. Brainquiry Wireless EMG/EEG/ECG system (right [82]), Simplified
scheme of the surface electrodes (left [103])

EMG has been widely used in the field of gait analysis as a tool to distinguish
between normal and pathological gait in both adults and children. Surface
electromyography (SEMG) is a useful tool for the assessment of motor disorder
in medical researchers, such as neurology, neurophysiology, orthopedics and
rehabilitation. Figure 4-6 illustrates a schematic view of SEMG application
within a gait analysis laboratory. Furthermore, EMG signals can be used to
assess different gait characteristics which are mainly related to functional and
pathophysiological characterization of gait disturbance [104]. For example,
EMG signal amplitude increases with increased walking speed, whereas the
EMG activity is minimized during comfortable speed.
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Figure 4-6. Schematic of SEMG System [105]

EMG can be very useful analysis instrument if applied under proper conditions.
Basically, SEMG are used when only general information on muscle activity is
required. On contrary, wire electrodes will be used if specific information on a
particular muscle is needed. In this case, the wire electrode must be integrated
into the muscle using a hypodermic needle. However, despite their poor
usability and their intrusively, EMG sensors are not suitable for ambulatory
application because of the sensitivity to the poor electrode site preparation and
placement [106].

4.4.4 Accelerometer

Accelerometers are devices that measure the acceleration of person’s body while
moving. Due to the advances in sensor technology over the past decades,
accelerometers become smaller, lighter, cheaper with high user acceptability.
Moreover, the new developed accelerometers are able to collect data at high
frequency and store it over many days or weeks, have high battery performance
and memory capacity [107]. Therefore, they now are the most commonly used
objective devices to assess physical activity and gait under free-living conditions
in large-scale observational studies. It was also shown that accelerometers have
advantages over other devices in assessing human activities, estimating EE and
gait velocity as well as detecting gait abnormality.
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Accelerometer can measure movement either uniaxial or triaxial. The uniaxial
accelerometer measures the acceleration in one plane, usually the vertical plane,
whereas triaxial accelerometers measure the acceleration in the vertical, sagittal
and lateral planes. However, triaxial have shown to be more sensitive in
detecting the variability of the activity in population with gait and movement
disorders. Accelerometers can be worn on various body parts, such as waist,
chest, ankle, pocket, wrist and shoe. During assessment of physical activity,
desire information about intensity, frequency and duration can be captured by
applying a suitable time sampling interval. In order to capture the full range of
human motions, sampling frequency should fulfill Nyquist criterion “the
sampling frequency should be at least twice the highest frequency contained in
the signal”. Typically, the frequency of normal physical activity is below 8 Hz
(during running), although the upper limit could reach 25 Hz for some arm
movements. Therefore, the commercially available accelerometers have a
sample frequency between 1 Hz to 64 Hz [108].

There are several devices currently available on the market. In the following the
most common devices will be briefly presented. A technical specification and
detailed survey are summarized in Table 4-3.

activPAL: The activPAL is a uniaxial accelerometer, which can be worn on the
thigh. The sensor has been used to classify different free-living activities. In
comparison with two pedometers, activPAL revealed an accurate steps-counting
and cadence estimation. Moreover, the sensor has been shown to be valid and
reliable tool in measuring cadence and steps (ICC > 0.99 and absolute
percentage error < 1.11 %) [109].

SenseWear: The SenseWear is an activity monitor device worn on the upper
limbs. Consists of combines multiple sensors; triaxial accelerometer, skin
temperature, heat flux and galvanic skin response. The output measures of
SenseWear are: total EE, METS, total number of steps and sleep duration. The
SenseWear revealed an accurate performance in estimating EE during slow and
normal walking, but showed underestimation of EE during increased walking
speed [110].

ActiGraph: There are two different models available on the market, namely
GT1M and GT3X. The GT1M is a uniaxial accelerometer and measures
acceleration at 30 Hz. It can be worn on the waist to measure activity counts,
step counts and EE. It can be used for sleep monitoring purpose. Multiple
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studies have reported its reliability and validity [111].The new model of
ActiGraph is the GT3X. It is a tri-axial sensor and can be worn on a belt on the
right hip. Several clinical studies have mainly used GT3X to assess physical
activity and activity count. The sensor has been evaluated in many studies and
the results that GT3X accurately measures physical activity when compare to
oxygen consumption, whereas the estimation of EE depends strongly on the
sample population and the type and intensity of physical activity [112].

StepWatch: The StepWatch is an ankle-worn sensor for gait measurement. It
records steps and cadence in different gait speed and styles. The accuracy of
StepWatch in counting steps has been investigated in several studies under
different conditions. The sensor showed overestimated step counting during a 24
hour monitoring [113]. The validity of the sensor was also reported in
population of widely varying impairment levels, such as PD and MS [114].
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Table 4-3. Summarizes of different accelerometer types ( [115], modified)

Sensor ActiGraph | ActiGraph | ActiGraph | actibelt Biotel Tracmorp | RT3 Movell Step activPAL | SenseWear | IDEEA
GT1iM GT3X ActiTrainer | Trium 3DNX Philips Stayhealthy | Movisens | Watch
Analysis
Size (mm) | 53x51x22 | 38x37x17 | 50x40x15 | 91x43x17 | 54x54x18 | 32x32x5 | 71x56x28 | 50x36x17 | 75x50x20 53x35x7 | 88x56x24 | 70x54x
17
Weight (g) | 27 27 45 53 70 12.5 65 17 38 15 45.4 59
Number of | 1 3 1 3 3 3 3 3 2 1 3 2
axis
Sampling | 30 30-100 30 100 20 - 1 64-128 32 10 32 32
rate (Hz)
Sensitivity | 0.05-2.5 0.05-2.5 0.05-2.5 0.01 0.2-20 - 2-10 0.04 - 29 29 59
range
Battery life | 20 days 20 days 20 days 20 days 21 days 3 weeks 30 days 7 days - 10 days 7 days 60 h
Output Activity Activity Activity Activity EE EE Activity EE, Gait Sedentary | EE, activity | Activity
measures counts, counts, counts, counts, intensity, Activity | characteristics | and duration, type, gait
steps, steps, steps, steps, EE, MET type, upright sleep type, EE
MET, MET, MET, MET, gait steps, time, duration
intensity intensity intensity speed, body steps,
level level level, distance position cadence,
heart rate travelled, MET, EE
changes
in altitude
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4.5 Commercialized Systems for Physical Activity and Gait
Analysis

There are several commercial systems for physical activity and gait analysis on
the market. These systems are either wearable or non-wearable and usually use a
combination of different aforementioned sensors and technologies. Some
examples of these systems will be presented in this section. BTS GAITLAB
system provides quantitative and objective information about possible gait,
postural dysfunction and muscular insufficiency. The system was used in the
study of Bello et al. [116] to measure the effects of intervention training
program on gait in PD. Tempol clinical gait analysis is also used for multiple
clinical purposes, such intervention control, rehabilitation, pre- and post-
comparison [117]. One of the widely used WS systems for gait analysis is Xsens
MVN [118]. It consists of 17 inertial sensors placed on chest, upper and lower
limb. The data are captured via wireless communicated suit (Figure 4-7).

w
y. j} XSens (MTw)

Figure 4-7. Xsens-Motion tracking system [119]

Another commercial system is the wireless M3D gait analysis system. The
system uses motion sensors on the lower leg, the thigh, the waist and the back
and wearable force plates on the toes and the heels. M3D includes an
accelerometer, a triaxial gyroscope sensor and a triaxial geomagnetic sensor
[120].

Commercial wearable systems with in-shoe integrated pressure (Figure 4-8),
such as in-shoe based foot plantar pressure sensor F-Scan® System by Tekscan
[121], have also been commonly used in clinical studies to assess and analyze
gait disorder.
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Figure 4-8. In-shoe plantar pressure analysis system [121]

A comprehensive review about commercial systems for physical activity and
gait assessment can be found in [82].

4.6 Summary

The previous sections highlighted the most commonly used methods and
systems for capturing physical activity and gait in both healthy individuals and
patients with gait disorder (such as PD and PwMS). These methods are
categorized as subjective (self-report, clinical instruments) and objective
(Laboratory system and WS). A comprehensive review of clinical research
literatures revealed that self-report and clinical instruments are widely used in
population with gait disorders. Although these subjective methods have been
reported to be valid and less expensive, they rely on recall and can only offers
biased evaluation taken over short period of time, as previously discussed in
section 4.1 and section 4.2. To overcome these disadvantages, several
researchers tended to apply objective method to assess physical activity and gait
parameters. Laboratory systems enable a simultaneous analysis of multiple gait
parameters captured from different approaches, are highly accurate and allow
more precision measurement when complex systems are applied. Therefore,
they have been widely applied for physical activity and gait assessment,
especially in patients with gait disorders. However, they are very complex,
expensive, and cannot monitor free-living gait outside the controlled
environment. Particularly, in the field of neurological diseases, there is
increasingly need for constant observation of patients’ mobility and walking
ability in their free-living conditions over a long period of time. Considering the
advantages of WS systems in measuring and evaluating physical activity and
human gait, several researchers applied these systems for clinical gait and
mobility observations. Table 4-4 summarizes different clinical studies that used
wearable sensors to assess physical and gait parameters. Among all WS
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accelerometers are considered to be the most suitable sensor for measuring
physical activity and gait under free-living conditions. They provide more
precise information regarding physical activity and their battery life is assured
for several days. Moreover, they are unobtrusive so that individuals are
unrestricted during their daily-living activities. Therefore, accelerometer was
used in this work.

Table 4-4. Summary of clinical studies that used wearable sensor to assess
physical activity and gait

Study | Population | Type of WS Placement | Experimental | Outcome

setup measure

[61] | MS Triaxial Trunks Free-living (24 | Daily activity
accelerometer |and legs hours) (walking,

sitting, standing
and lying)

[36] | MS Triaxial Waist Free-living (6 | Activity count
accelerometer occasions of 7

days each
separated by 6
months)

[122] | MS Pedometer, Waist, leg | Free-living (7 | Activity count,
triaxial days) activity
accelerometer temperature,

steps count

[123] | MS Triaxial Waist Free-living (7 | Steps count
accelerometer days)

[124] | MS Uniaxial Waist Free-living (7 | Activity count
accelerometer days)

[125] | Stroke Force- Shoe- Laboratory Spatio-temporal
sensitive based WS | environment | parameters
resistors and 3
accelerometers

[126] | PD Accelerometer | Waist Predefined Temporal

walkway parameters

[127] | Vestibular | Pressure Foot Laboratory Temporal

disorder environment | parameters

[128] | Stoke Triaxial Both Indoor/outdoor | Speed, bouts of
accelerometer | ankles predefined walking,

walkways Activity type

[129] | PD Two uniaxial | Shanks, Predefined Stride length,
gyroscopes, 3 | wrist, walkways at | stride velocity,
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biaxial chest laboratory and | cadence, arm
gyroscopes, at home angular velocity
triaxial and turning
accelerometer velocity
[130] | Stroke Two triaxial Both Free-living (8 | Walking bouts,
accelerometer | ankles hours) total walking
time, speed,
steps count, gait
asymmetry,
cadence
[131] | MS Uniaxial Waist Free-living (7 | Activity count
accelerometer days at
baseline and 6
months later)
[132] |PD Triaxial thigh and | Predefined Freezing of gait
accelerometer, | shank walkway (FOQG)
biaxial
gyroscope
[133] |PD IMU Both Laboratory Gait asymmetry
ankles environment
[134] | MS Uniaxial Waist Free-living (7 | Activity count
accelerometer days)
[135] | MS Triaxial Waist Free-living (4 | Activity count
accelerometer days)
[136] | Vertigo Pressure Foot Laboratory Temporal
and environment | parameters
vestibular
disorder
[137] | PD Triaxial left and Laboratory Gait events
accelerometer | right ankle (initial and end
contact)
[138] | Stroke Five biaxial Chest, Timed short- | Gait cycle
accelerometer | thighs, distance walk | events, cycle
each duration, step
forefoot and stride
length, speed
[139] |PD Gyroscope Forearms, | Laboratory Gait cycle,
thighs and spatio-temporal
shanks parameters
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5 Conception and Implementation of a home-based
system to objectively assess comprehensive gait

parameter for PwWMS

The main aim of a clinical motor and gait analysis system is the identification of
health status and altering pathological movement pattern. In neurological
diseases such as MS, motor and gait analysis may help in diagnose and
treatment determination. However, neurological disorders generally involve a
variety of symptoms that lead to considerable functional impairments in daily
life. Therefore, the assessment of physical activity and gait parameters should
include a reference of daily life, as such be a more effective way to monitor the
actual physical activity and walking behavior. Consequently, this daily
monitoring may be a sensitive tool to influence clinical decision-making in
intervention and rehabilitation. However, the quantitative assessment of daily
physical activity and gait parameters requires an objective, comprehensive,
reliable and easy to use technique to be applied in free-living situation. This
chapter presents the procedure and workflow conception and the algorithms
developed and applied to achieve the above mentioned goals. In the first part the
hardware and software requirements are presented and discussed. In the second
part of this chapter the developed algorithms are presented.

5.1 Is-Process and To-be-Process

As it was mentioned in section 2.3, MS is an incurable autoimmune disease of
the CNS with unpredictable symptoms that can vary in every individual
depending on the location of the affected nerve fibers. Therefore, the treatment
of MS should be individually determined and strongly based on the symptoms.
Furthermore, the adjustment of the therapy depends on the disease progression
and patient’s health status. Particularly, regular check-ups and physician visits
are carried on in order to monitor the condition of the patients and their response
to the treatment (determination of EDSS and MSFC). During the basic
examinations in the clinic, patients go through several clinical re-tests (e.g.
T25FWT, standing with eyes closed). Besides these tests, physicians perform
interviews with the patients in order to find out more detailed information about
their daily routine, difficulties by mobility and other functional areas. However,
this approach suffers from the following problems:

- The intervals between the tests are large (each 6 months), so that an exact
determination of the health status and disease course is not possible.
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Moreover, because of the long intervals the deterioration could be too late
noticed and treated.

- The clinical tests are prone to error due to the subjective assessment of the
disease-related information, and due to the poor evaluation of everyday
situation based on momentary estimation and impression of the disease
course.

- The physicians do not have sufficient feedback on the effect of the
treatment on the health situation (e.g. mobility).

- The observations are very time consuming and affected by patients and
physicians’ intra-variability.

Nowadays, the determination of an adequate therapy and medication basically
depends on the aforementioned assessed information. Thus, it is desirable to
improve and objectify the assessment methods, so that the physicians learn more
about everyday occurrences in the time between two successive clinical visits.
Hence the disease progression and health state of the patient can be evaluated
more precisely. This might help in the early detection of disease deterioration,
which in turn may intend to reduce the stationary stay and the error rate in the
determination of the therapy and medication. Therefore, it is of great importance
and need to develop a technical monitoring system that enables objective,
ambulatory and continuous assessment of the health status over a long period of
time. Figure 5-1 illustrates the steps that should be considered while developing
such a system:

1. Define the factor parameters that are important and relevant to measure
disease progression and clinical state: In the developing of such a system,
the main focused should be on could this system provide a great support
for both physicians and PwMS. The first step is then to determine what
parameters play an important role in disease progression. Furthermore, the
effects of these parameters on patient’s health condition and quality of life
should be considered.

2. The distribution of the disorder of the specific parameters should be
considered, that there will be more sense to consider the symptoms that
occur in a big proportion of patients.

3. If the considered parameters are measurable, the next step will be to
define which technology should be chose or developed to assess them
objectively under everyday life condition.
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4. Once the parameters and the technology were defined, data collection and
analysis should be considered. Mainly, the focus here is on the
comprehensively analyze of the parameters to extract clinically important
and relevant information.

* Objectively monitoring of disease progression and health condition of PwMS

* Which parameters are related to disease severity?

* Which parameters have impact on patient’s quality of life?
Parameter

* How to chose or develop the adequate technology?
* What are the requirement of the assessment system device/system?

Technology

o * Which information are correlated to disease state and health condition?
ata

Analysis

Figure 5-1: Main steps of an objective monitoring system of health condition of
PWMS
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For the selection of the parameters relating to MS, it is crucial to understand
which symptoms are particularly common in MS and mostly influence the
quality of life of PwMS. According to the World Health Organization,
impairment is defined as an abnormality of body or organ structure of function
whereas disability is defined as a global health picture related to a reduction of a
person’s ability to perform a basic task [140]. In MS, approx. 80 % of the
patients suffer from fatigue and muscle weakness and spasticity at the early
stage of the disease. These symptoms have been considered to be the underlying
causes of patient’s disability to perform their normal daily activity and to tend to
be less active than people without MS. This inactivity considered to be an
important factor that negatively affects the patient’s quality of life. Multiple
studies showed that the patient’s quality of life is hardly affected by motor and
coordination disturbance and reported a high correlation between activity and
gait parameters and EDSS score. Hence, physical activity and walking ability
can be considered as an important source of clinical relevant information.
Therefore, the observation and quantifying of these parameters might provide an
important tool to draw conclusions on patient’s health condition and support in
clinical decision making. Thus, the monitoring system should be able to derive
and analyze the daily activity and gait data.

In addition to data acquisition and processing, which is essential for extracting
the important information, an adequate visualization of the information to the
end-users is highly required in order to reveal insight and knowledge about the
overall fluctuation and progression of the disease. Therefore, the daily collected
data must be transmitted to a platform where the analysis is automatically
performed and a report about the daily activity and gait information is generated.
Using this report the physician should be able to obtain a comprehensive picture
about patient’s health condition and disease course. Consequently, deterioration
can be early detected and signaled to the physicians, who in turn can adjust and
optimize the therapy. Most people diagnosed with MS known very well about
their disease and are interested in their current health condition and disease
progression. Therefore, besides physicians, patients are also interested in having
feedback about their daily activity and walking behavior. Taking all the above
mentioned points into account, the following principle system component were
determined (Figure 5-2)
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Figure 5-2: Principle system component
The system components illustrated in the figure are:

e Motion sensor: To assess data related to activity and walking behavior of
the patients in their free-living environment.

e Data processing: The daily data collected should be daily transferred into
PCs and saved. Comprehensive algorithms for feature and parameter
extraction should be implemented.

e Visualization: The extracted parameters should be presented and
visualized to the physician to provide them with an insight into mobility
and walking behavior of the patients. They should enable recovery
process assessment, detection of gait abnormalities that may indicate the
onset of diseases progression and capturing of the slightly changes in
mobility behavior in absence of clinical disability. This could help to
develop an appropriate treatment intervention.

e Feedback: Patients should be able to receive feedback on their current
measurements. This feedback should give them an overview on their daily
activity and motivate them to contribute in the management of their MS
by staying active or become more active.

5.2 Requirements of the Measurement System

The system is to be used for the aim of daily assessment of physical activity and
gait parameters in PwMS who are able to walk without assistance (EDSS 1-5).
In the medical field not only medical and technical requirements should be taken
into account, but also ease of use and efficiency aspects have to be considered.
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The two main end-users of this system are: a) patients with restricted mobility
and walking ability, b) physicians who aim to objectively monitor and support
the patients in their free-living environment and response, when necessary, in a
timely manner. Therefore, the requirements of the patients and the physicians
had to be analyzed. Workshops and interviews were conducted with patients
and professional staff in the neurological clinic of Bad Neustadt, Germany.
Feedback from patients and physicians was captured and analyzed. The
following requirements were then determined:
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The motion sensor must not interfere or disturb users while carrying out
their free-living activities. Furthermore, the usage of the sensor should be
possible without much effort.

For the diagnosis, no immediate data analysis is required and thus no
immediate data transfer is needed. Therefore, the trade-off between online
data transmitting and battery life of the sensor reveals that the battery life
should be considered as an essential requirement. The battery life should
be adequate for the ambulatory assessment scenario. That means, the
motion sensor should be able to capture data as long as possible with no
need to be recharged, which ensure the comfortable usage of the sensor.

In order to get reliable activity and gait information, data from at least 4
days have to be collected. However, in ambulatory scenarios it is
important to assess data from weekdays as well as weekends; therefore,
the sensor should be able to capture data for long period of time (> 1
week).

For offline analysis a flash (non-voltage) memory, i.e. SD cards allow
stand-alone operation and thus there will be no need for a host system or
online data transmission. This is very important in term of battery life
increment.

The data should be comprehensive analysed and detailed information
about activity intensity, walking ability and abnormalities must be
provided. Furthermore, the relationship between the extracted parameters
and the health score should be analyzed.

Even if the sensor is able to capture data over long time, the system
should allow daily data storage to ensure the availability of these data.
Sensor management charging should be taken into account while
developing a long term monitoring system. The physicians should be able
to monitor and manage all patients’ measurements with less time
consumption and technical effort. Therefore, for the aim of data
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collecting, managing and analyzing two different end-user software
should be developed.

Motion sensor: Several motion sensors were analyzed. Different technologies
can be used in health care scenarios to capture activity and gait parameters.
However, the choice of the adequate device should take several factors into
account. First of all, the device should be able assess information about overall
human activity, deterioration in gait characteristics and to detect gait
abnormality. Additionally, it must be possible for the patient to use the device
easily by oneself at home, thus the device should have high usability. Power
consumption is an important factor while considering the fact that the system
should realize long term observation. The system should be used in an
ambulatory home care scenario and should be able to collect information about
free-living activities of the patients. Therefore, the motion sensor needs to be
wearable without disturbing patient during their everyday activities. Table 5-1
summarize the different main technologies for ambulatory gait analysis.

Table 5-1. Comparison of main technologies for ambulatory gait analysis

Device Activity Usability Power Wearability
Score consumption

Pressure sensor + - + +

Gyroscopes + + - +

Electorgoniometers - - + -

Accelerometers + + + +

According to this analysis, accelerometer appears to be the best choice for
objectively movement assessment and analysis of PWMS.

End-user software: Regarding the developed software, the interviews with
physicians and patients revealed how the data from new patients as well as the
ongoing measurement should be processed. Which type of information should
be delivered to and/or assessed in the clinic. Thus, the following requirements
were derived from the professional staff:

- Provide clear overviews on the patients are monitored, with clear
indication about how long he/she has been monitored.

- Provide a visual representation of where each patient is in the
measurement process, determine which tests are ordered and when.
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- Recode which measurement is reported, and which contains critical
results.

- Ability to provide reports about each day of each measurement.
Furthermore, a complete report about the whole measurement of each
patients.

Questionnaires and Feedback from patients were analyzed and the following
system requirements were revealed:

- Provide overview about the process and information about their
measurement.

- System should provide them with feedback about their daily activity. This
feedback was considered as a motivation factor.

- The system should be robust and easy to use without any special technical
experiences. Furthermore, problem with the motion sensor should be
clearly signaled.

By choosing an adequate accelerometer, develop comprehensive activity and
gait analysis algorithms and design an appropriate assessment system it will be
possible to realize the aimed home-based measurement system that fulfill the
above mentioned requirements.

5.3 Concept and Implementation

This section presents the conception of the developed Home-based monitoring
system. This system provides to clinical staff a powerful decision support tool
and to patients a robust health evaluation and monitoring system, which
feedback them with their medical and health information. The main
contributions of the systems are:

1. A comprehensive activity and gait monitoring system to recognize disease
progression and detect changes in health status.

2. Robust and simple mechanism, which inform patients about their actions
and motivate them to active contribute in the management of their
disease.

3. An objective monitoring and health care tool, which assist physicians to
design patient-specific treatment and to optimize this treatment when
needed.

The system consists of three subsystems: the motion sensor, Patient-Unit and
Physician-Unit.
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The motion sensor attached to the patient’s body. It enables the gathering of
patient’s daily physical activity and gait parameters through the continuous
recording of the acceleration signals. The selection of the adequate
accelerometer is discussed in section 5.3.1. The Patient-Unit consists of an
EeePC on which the Patient-Software is installed. This software is mainly
responsible for the raw data storage, sensor recharging and feedback daily
reports generating. The Physician-Unit is located at the Physician’s office or the
clinic. It consists of personal computer Physician-PC, on which the Physician-
Software is installed. This Unit is responsible for all patients’ data processing
and assisting the physicians in capturing the slightly changes in the health status
and classifying the responses of the patients to the intervention. Patients’ data
are restored on the Physician-PC and further knowledge and parameters are
generated so that the physicians are informed about abnormal situation and
patient’s health condition. Thus, in case of abnormalities the physicians will be
able to modify the treatment or trigger alarm situation. The main components of
this unit are:

a) Patients’ record management.
b) Measurement management.
¢) Comprehensive data analysis and reports generating.

5.3.1 Accelerometer Selection

There are different types of accelerometer on the market section 4.4.4. These
devices differentiate from each other in term of their technical specifications.
One of the important specifications is the number of the axes. The sensor should
be able to sense the components of the body movement in the all three
directions. Therefore, a triaxial acceleration sensor was chosen.

One of the key points to measure human acceleration is to understand the
motion of the human body and to define which physical property is wished to be
measured. This is necessary to choose the right accelerometer placement. The
signal of an acceleration sensor attached to the human body consists of three
base components: the static acceleration of gravitational field, the acceleration
component due to bodily motion and spurious accelerations; such as artifacts
due to vibration caused by other sources. However, the first two components are
connected directly to the physical activity and gait, whereas the third component
presents noise in the signal and can be minimized by using the right signal
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filtering and through carefully chosen sensor placement. Various sensor
placements have been used to assess gait over the years (e.g., [12], [13]).

The position at which an accelerometer is placed in the body is an important
consideration in the measurement of body movement. The placement position
has large variety including and not limited to chest, fore head, ankle, hip, thigh,
wrist. Normally the sensors will be attached to the part of the body whose
movement is being studied. For example, to investigate the movement of the leg
during walking the sensor is attached to the ankle and shin. The sensor in this
work was used to assess the patient’s physical activity and gait data in their free-
living environment, and thus the placement of the sensor should not interfere
with the patients’ everyday activity. Measures of trunk acceleration have shown
to be sensitive to age- and disease-related gait changes [141]. Therefore, the
trunk sensor position has been considered as an indicator of the motor control of
walking. Hip placement showed in different studies higher accuracy and user
acceptance in ambulatory activity monitoring and best performance predicting
speed in Comparison with wrist, thigh and ankle placement [142]. Therefore, the
placement position on the hip was chosen.

To measure the human everyday activity and gait, the measurement system
employed must be able to measures up to the desired frequency. Generally,
acceleration signals were found to increase in magnitude from the head to the
ankle. The frequencies of the human free-living activities, such as; walking,
running, climbing stairs range between 0.25 Hz and 20 Hz [143]. Similar as for
the frequency, the amplitudes of the signal involved in locomotion are lower at
the head in comparison with the signal measured at the low back. The amplitude
of the acceleration signal assessed at the ankle has the highest value. For
example, during jumping the absolute vertical peak accelerations measured at
the head ranges between 3.0-5.6 g, whereas it varies between 3.9-6 g at the low
back and between 3.0-7.0 g at the ankle. This leads to the conclusion that, if the
sensor is to place on the hip the measurement range of £6g should be sufficient.
However, experimental data suggest safe amplitude limits for the sensor
hardware that is used to capture acceleration data during running and similar
type of application. For a sensor attached at the torso or hip a range of £8g is
recommended.

Move Il was the only acceleration sensor on the market which fulfills the
previous mentioned requirements (e.g. number of acceleration axes, battery life,
data transfer and storage). The measurement unit consists of a tri-axial
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acceleration sensor (adxI1345, Analog Device) with a measurement range of
18 g, a sample rate up to 128 Hz and a resolution of 12 bit, and an air pressure
sensor (BMPO085, Bosch GmbH) with a sample rate of 8 Hz and a resolution of
0.03 hPa. The sensor weights 32 g has the dimensions of 3cm x 5¢cm x 2 cm,
and can be carried at different body positions (hip, wrist or chest). The
acceleration signal can be recorded up to 30 days and saved on a 2 GB micro SD
card. The recorded raw data can be transferred to a computer by USB 2.0
interface. Figure 5-3 shows the block diagram of the measurement unit.

| Battery
)
: Micro- Micro
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Controller SD-Card — usB
A
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Figure 5-3. Block diagram of the triaxial acceleration sensor (move 1)
(modified)

The acceleration raw data assessed by the measurement unit (acceleration
sensor) were transmitted via the USB interface to a local laptop or computer. As
illustrated in Figure 5-4 Matlab was used for the aim of data pre-processing,
analysis and development and evaluation of the algorithms.

Portable

Figure 5-4. Data collection and processing
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5.3.2 System Architecture and End-User Software

To realize the daily data assessment and analyzing over a long period of time a
corresponding software platform was developed for Physician-Unit and Patient-
Unit. This section introduces the system architecture and the software
framework. The requirement according easy use with no especial technical skills
was highly considered during the development.

System activity diagram shown in Figure 5-5, gives an overview about the usage
process of the system. A measurement carried out with this system consists of
three phases; Begin Phase, Measurement Phase and End Phase. In the Begin
Phase, measurement’s parameters will be determined (e.g. measurement time)
and the measurement will be started. Based on the measurement time, the life
cycle (measurement begin and measurement end) of each measurement will be
defined. Measurement Phase is the core phase in the daily acceleration data are
generated and collected. These data are collected over a period of time that is
defined in the Begin Phase (measurement time). The End Phase is the last phase
of the measurement cycle in which the system is returned, data are transferred to
the physicians PC, comprehensive analysis of the data is performed and a report
about the activity behavior is visualized.
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Figure 5-5. System activity diagram

Measurement Configuration and Process: Configuration process started by
the physician, where the Sensor-ID and Patient-1D are interred and connected to
each other (Figure xx). Sensor will be configured, in which the start and end
time of the measurement are defined. Furthermore, sensor will be attached to the
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EeePC so that the latter will be assigned to this specific sensor along the
measurement time, i.e. the sensor is assigned to the EeePC. Based on this
assignment system will control the sensor attached to the EeePC, and in case of
differences, no data transfer will be possible. This information (i.e. Sensor-1D,
EeePC-ID and Patient-1D) are saved in the measurement configuration. EDSS-
value of the patient will be captured and stored for the analysis.

Measurement data: Is the event where the Sensor-ID, Patient-ID and EeePC-ID
are given and saved in the system. Furthermore, the measurement time is
defined.

Sensor attached to the EeePC: Is the event where the measurement time and
Sensor-1D are automatically configured on the EeePC.

Measurement start: After having measurement time and Sensor-1D configured
on the EeePC, the daily measurement can be started. During this event, the
Patient-Software transfers the data to the EeePC and generates a daily report.
When achieving the end time, the measurement will be ended and the
configuration of the EeePC are automatically reset and wait for the new
measurement configuration.

Data collected using the above-described system were analyzed, filtered and
processed to derive clinically related information associated with activity and
gait characteristics of PWMS.

System Architecture: As it was aforementioned, there are two different end-
user software; Patient-Software (Figure 5-6) and Physician-Software (Figure
5-8)

Patient-Software is installed on the EeePC and consists of three components
Patient Interface, Patient Controller and Patient Model.

Patient Interface: This component is responsible for the display of measurement
information (i.e. checking measurement schedule, how long did the
measurement last) as well as sensor-related information (e.g. sensor data will be
copied, senor will be recharged). This information will be passed to this
component from Patient Controller component. Furthermore, this interface is
dedicated to display the daily activity report. The analyzed data will be also
passed from the Patient Controller component.
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Patient Controller: This component is dedicated for the measurement and sensor
control. It is the intermediate between the motion sensor and the Patient-
Software. A Subcomponent of the Patient Controller is the Sensor Manager,
which enables the access to the sensor device. For the very first time when the
sensor attached to the EeePC Sensor Manager reads the main measurement
configuration, i.e. sensor-ID and measurement duration. This information will
be automatically passed to the Patient Controller. Hence, in the successive times
when the sensor is attached, this information will be checked by the Sensor
Manager. This ensures that the right patient’s activity data are saved on the right
EeePC. Furthermore, the Sensor Manger reads sensor data and passes it to the
Storage Manager to be saved on the SD card. Another subcomponent is the
Config Manager, which is dedicated to store sensor and measurement
configuration data. The third subcomponent is the Analysis Manager. This
component accesses the raw data and performs the analysis. Patient Controller
component passes the analyzed data to the Patient Interface. Furthermore, it
informs the Patient Interface component about the loading state of the sensor as
well as the measurement state.

Storage Manager: As it was mentioned before, the sensor is able to capture data
for 1 week, however, the sensor might be defect or the memory could be full.
Therefore, the data should be daily stored on the EeePC and deleted from the
sensor. The component Storage Manager is responsible for the raw data save on
the SD card of the EeePC. When the data are saved, this component deletes it
from the sensor. As soon as the data have been transferred to the SD card
Storage Manager informs the Analysis Manager component, so that the latter
can perform the analysis.
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Figure 5-6. System architecture- Patient-Software

The Patient Graphical User interface is developed to be simple without
interaction of the patient. The designed interface starts automatically when the
EeePC is turned on. As soon as the EeePC is turned, the Patient-Software will
automatically start. After having the sensor attached, data will be automatically
transferred and saved on the SD card, and the sensor will be recharged. Patients
can use this interface to get their feedback about their daily activities. The main
functionalities of the patient interface are:

a) Display the measurement’s information and measurement’s schedule.
b) lllustrate information about sensor and data storage status.
c) Display the analysis results.
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The EeePC is automatically shut down as soon as the data are saved, analysed
and the sensor is fully recharged.
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Figure 5-7. User Interface - Patient-Software
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For the physician a Physician-Software was developed and installed on the
Physician-PC. This software is dedicated to assess the physician in monitoring
patient’s activity and walking behavior in their free-living environment.
Similarly, to Patient-Software, Physician-Software consists of three main
components:

Physician Interface: This component gives the information about patients,
measurements and sensors (in use and available). Furthermore, Physician
Interface is responsible for the analysis display of the completed measurements.
Patient-related information (e.g. name and EDSS) as well as measurement-
related information (begin and end) will be passed from this component to the
Physician Controller.

Physician Controller: It can be considered as a core component of the Physician-
Software. Physician Controller is responsible for measurement configuration.
This can be done via the subcomponent Sensor Manager, which allows the
access to the sensor, where the measurement duration and configuration will be
saved. Sensor Manager Component passes the sensor-ID to the Physician
Controller and the latter assign this ID and the measurement configuration to the
patient-1D. Physician Interface component can then request this information
from the Physician Controller. Moreover, Physician Controller component
checks if the correct sensor is attached, then it transfers the data from the SD
card and passes it to the Storage Manager. Otherwise, the transfer will not be
possible, and an error message will be displayed. After having the data saved,
the access to the Analysis component will be allowed, and analysed data will be
passed to the Physician Interface to be displayed as well as to the Storage
Manager to be saved.

Storage Manager: All captured data will be saved on the Physician-PC in order
to have more detailed analysis and better assessment of the patient’s motor and
health status. Storage Manager is responsible for data storage on Physician-PC.
This component gets the assignment information from the Physician Controller
so that the right sensor data will be saved and assigned to the right patient.
Furthermore, this component is responsible for store all patient-related,
measurements and analysis information.
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Figure 5-8. System architecture- Physician-Software

The physician user interface was developed to help physicians for manage and
monitor patients’ daily measurements. The key functionalities of this interface
are:

- Patients Overview: This view displays all running measurements and the
sensors (the one in use and the available one) (a)

- Adding new patient: Before the new measurement can be started, a new
patient record should be generated. This functionality allows the
physicians to inter patient-related information, define measurement
configuration and assign a certain sensor to the specific patient. If the
patient already exist, then the patient record can be opened and a new
measurement can be started. (b)
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- Starting new measurement: In this step the Patient-1D, Sensor-1D will be
defined. Measurement configurations will be determined and the EDSS
Scale of the patients will be captured and saved. (c).

- Open and requesting information from a certain patient: This functionality
allows the physicians to search for a certain patient in the patient database
and e.g. measurement process and/or analysis information of a specific
measurement day. Furthermore, the ongoing measurement can be stopped
or canceled. The 10-meter test shown in the figure was especially
developed to collect reference data for developing the algorithms of
activity and gait parameter (e.g. asymmetry)

- End measurement: to terminate the ambulatory measurement.

- Extracting sensor data and Analysis: After terminating the measurement,
sensor data will be transferred to the Physician-PC, and then the analysis
will be performed. Physician can display information and report about
each measurement day as well as a complete report about the whole
measurement. (d). Example of the extracted report is shown in (e)
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5.4 Development of gait parameters in time, frequency and time-
frequency domain

As previously discussed in section 2.3, activity and gait disturbance are the most

common symptoms in patients with multiple sclerosis. In this work, features in

time, frequency and time frequency domains were explored.

Walking speed and cadence are widely considered in healthcare researches as a
predictor of e.g. disability and falls. Daily steps count has been shown to be
related to different clinical measures; such as balance, fatigue. Therefore, gait
parameters such as walking speed and steps count were investigated in this work
to capture the changes in health status of the PwMS. Furthermore, Increasing
disability and symptoms may prevent PwWMS from participating in physical
activity and different studies include patients with mild, moderate and sever
disability showed that increased level of disability is associated with decreased
level of physical activity performance (metabolic equivalent [MET]) [144].
Typically, the symptoms of MS are likely to be dominant on one side. Thus, gait
asymmetry can be a direct consequence of abnormality and could be increased
as result of degeneration of health status.

Moreover, comprehensive analysis of gait feature in frequency and time-
frequency domain can provide complementary information to understand gait
patterns and can possibly be used to identify changes in gait parameters.
Therefore, additional parameters such as; peak frequency and energy
concentration were investigated in this thesis. Figure 5-10 illustrates the
approaches along with the gait features were extracted and analyzed.
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Figure 5-10. Approaches for gait features extraction and analysis
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The assessed parameters were used to objectively capture the slightly changes in
gait characteristics and classify the response to medical therapy. In the following
the algorithms developed to extract different signal features in time, frequency
and time-frequency domain will presented.

54.1 Walking speed

Walking speed is widely reported measures in clinical setting. It is a reliable,
valid measure and considered to be a good indicator of gait performance.
Therefore, it is often included in clinical research studies. The objective here is
to develop a system to capture walking speed of PWMS in their everyday life
using one tri-axial accelerometer placed on the hip. In this work a support vector
machine (SVM) was implemented. Unlike other methods (e.g. activity count,
neural network) SVMs can deal large-scale training data without a large amount
of learning time, they are less prone to over fitting and needs less memory to
store the predictive model. Furthermore, they are less sensitive to between-
subject biomechanical. Based on the developed algorithm the changes in daily
walking speed of multiple sclerosis patients were assessed.

Different studies used accelerometer to extract walking speed in free-living
environments. Some of those systems used multiple accelerometer devices
attached to chest, thigh and forefoot to capture walking speed [145]. However,
such systems have low user’s acceptance and therefore are not suitable for long-
term monitoring. The most common method to estimate walking speed from
accelerometers is the measure of activity counts (ACs). Due to its sensitivity to
between-subjects biomechanical this method suffers from poor accuracy.
Machine learning methods, such as artificial neural network (ANN), have been
also applied to detect walking speed. The main drawback of the ANN-based
methods is their dependency on large amounts of training time and data and the
complexity. Other researchers decided to use predefined human gait model. This
method does not require subject-specific training phase. Nevertheless, the
accuracy in such methods depends on the validity of the model. Furthermore,
subject-specific anthropometry must be measured in order to build the model,
which requires additional efforts.

5.4.1.1 Dataset

Data from two different studies were used to train and evaluate the gait speed
estimation model (Indoor and Outdoor studies) [145]. In the indoor scenario 17
individuals were asked to carry out different activities (sitting, standing,
walking, etc.). During all the activities an accelerometer (section 5.3.1) was
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attached to the hip. The raw data captured with sample rate of 128 Hz. For the
development of walking speed estimation algorithms, activities as walking and
jogging were considered. Individuals walked along a predefined walkway in a
circular indoor track at three different walking speed; normal (NWS), fast
(FWS) and Jogging (JOG) (approx. 1.33 m/s, 1.55 m/s and 2.22 m/s),
respectively. They walked 3 minutes for each speed. The speed was controlled
using an audible signal to set up the walking speed rhythm. Furthermore,
participants walked on treadmill where the speed was defined for each activity.
In the outdoor study twenty individuals have participated. In order to simulate
situations similar to those in the free-living environments participants were
constructed to walk an outdoor predefined distance at three self-selected walking
speed (NWS, FWS and JOG). The distance in the case of NWS and FWS was
415 m and for JOG was 830 m and the time needed for the individual to cover
the distance was noted. The acceleration signal in were also captured via
accelerometer (section 5.3.1) attached to the hip and with sample rate of 64 Hz.
Individuals’ characteristics are shown in the table below (Table 5-2).

Table 5-2. Individuals' characteristics

Males Females All subjects

(N=24) (N=13) (N=37)
Age (yrs.) 31.63 £ 9.67 31.00 £ 8.51 31.41 +£9.29
Height (m) 1.79 £ 0.07 1.67 £ 0.04 1.75 £ 0.08

Weight (kg) 82.70+12.06  65.09+9.00  76.51+13.91

BMI (kg.m-2) 25.83 +£3.04 23.36 + 2.99 24.96 + 3.24

5.4.1.2 Development of the SVR estimation model

The only input of the algorithm is the acceleration signal captured from the
sensor attached to the hip. Walking speed cannot be simply estimated by
integrating the acceleration signals. First of all, the acceleration signal consists
of not only from body acceleration but also of static acceleration of gravitational
field and artifacts acceleration. Secondly, the accelerometer drift grows
proportional to the square of the time resulting in large inaccuracies in the
estimation. Therefore, both gravity acceleration and noise were eliminated with
a Butterworth high-pass filter (cut-off 0.2 Hz) and Butterworth low-pass filter
(10 Hz), receptively. For the analysis the vertical axis was extracted. Then the
overlapping sliding windows, each of 3 seconds interval, was performed.
(Figure 5-11).
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Figure 5-11. SVR estimation model

Each segment was then presented as a vector of different features. These
features were used to train and evaluate the SVR regression model. First of all,
the feature signal energy (e) was calculated. This feature contributes
significantly and has a good correlation with walking speed. Therefore, this
work considers this feature as the main feature and combined it with other
features to increase the accuracy. After that, the variance (var) of the vertical
axis and the difference between the minimum and the maximum acceleration
(Amp) of the vertical axis were calculated for each segment. In time domain
features extraction, the variance is a good measure of the spread of the signal
around its mean. However, this feature could be affected by the number of steps
were taken, therefore, for the 3 seconds segment the variance for each 0.1s was
derived and the mean value was calculated. The feature Amp of the vertical axis
is known to be strong correlated with the walking speed (Figure 5-12) and also
is independent from the number of steps within the considered segment.
Furthermore, Fast-Fourier-Transformation was applied to determine the
maximum signal frequency and its corresponding position in time domain. Due
to small windows interval of 3 seconds (Figure 5-13), zero-padding was
performed so that more precise frequency localization will be possible.

8 .

7

Walking speed

0 0,1 0,2 0,3 0,4 a,5 0,6 0,7 0,8 0,9

Acceleration gap
Figure 5-12. Correlation between acceleration gap and walking speed
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The following features have been extracted:

Energy (e): Is the signal energy for all three axes; where (x;, y; and z;) are the
three axes of the i*" segment:

1< Eq.5-1
e = Nz\/xi2+yi2+zi2
i=1
Variance (var): The variance of the vertical axis (y)
Eq.5-2

N
1
var = Nz(” — mean ()7))2
i=1

Frequency (freq): The maximum frequency component of the vertical axis
(v); where fft(y) is the Fourier transform of the vertical axis and f; is the
sample rate.

freq = fft(); fi = Y () = max(F)| Eq.5-3

MinMaxDiff (Amp): The amplitude of the vertical axis

Amp = max(y) — min(y) Eq.5-4

SteplengthTimesFreq (v): step length multiplied by step frequency

v = steplength * stepfrequency Eqg.5-5
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Figure 5-13. Example of feature extraction (energy) for 3 seconds acceleration
signals

RBF-Kernel function will be used and this function is spherically symmetric, the
extracted featured were normalized as follow:

f — min(f)
max(f) — min(f)

Eq.5-6

Uf norm —

where, f is the features vector

Three model parameters (C, y, €) are determined so that the test error is minimal.
In this work these parameters are optimized by greedy search and cross
validation procedures. From the three parameters 27 different combinations of
(C,v,€) determine possible solutions to be tested. Figure 5-14 illustrates the
entire process to select the best feature and model parameters were determined.
For each feature combination value of the (C,y,€) parameters were found.
Greedy search approach was used to optimize the model parameters. Greedy
search method works in stages. At each step one input value of (C,y,¢€)
parameters is considered. This particular input will be evaluated and decided
whether it gives the optimal solution or not. The optimal solution is the one with
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minimum square error. After that, the estimation model was build and trained
with this set of feature combination and characteristic parameters. Then the
model was tested using leave-one-subject out approach.

| Signal \
A 4

Feature
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[nitial
solution

Feature
combination

Greedy search

No

v \J

Selected
features

Training

Y

Build SVR
Model

Test

Evaluation
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No

msquare
error

Optimized features
and SVM Parameter

Figure 5-14. Entire process to select features and model parameters

The dataset used in this work includes treadmill walking activity and ground
walking activity. Since the walking on treadmill differs from walking on ground
the SVR model was trained for the dataset with and without treadmill.
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Moreover, two separate SVR models (one for slow and fast walking and one for
jogging/running) were trained. The results showed that when using the general
estimation model, the mean square error is lower when the complete dataset was
included; i.e. dataset with treadmill (RMSE (m/s) = 0.0432) and without
treadmill (RMSE (m/s) = 0.0467). Therefore, the complete dataset was used for
the evaluation of the speed prediction models (Table 5-3).

Table 5-3. Estimation error of different datasets

Dataset RMSE
m/s

Complete 0.0432
Complete without 0.0467
treadmill

Jog 0.0884
Jog without treadmill | 0.0975
Walking 0.0092
Walking without 0.0116
treadmill

Using different estimation models (i.e. general, Jog/running and walking
slow/fast models) several features’ combinations were tested to determine the
best combination with minimum mean square error. The results showed that the
feature energy can provide lower mean square error with acceptable svRatio (the
number of support vectors divided by the number or training samples) in
comparison with all other features combinations (energy: RMSE = 0.043 m/s;
svRatio 0.11) (Table 5-4). Therefore, in the forthcoming analysis the feature
energy was used.

Table 5-4. Mean square error and svRatio of different feature combinations
(General model, Jogging Model and Walking model)

Feature RMSE | svRatio
m/s

General Model

e 0.043 0.15
e var 0.045 0.13
e steplength 0.046 0.14
e Amp 0.049 0.13
e freq 0.05 0.11
steplengthvar
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e freq 0.053 0.09
steplength 0.055 0.08
e freq var 0.06 0.11
Jogging Model

e 0.08 0.15
e var 0.11 0.22
e steplength 0.116 0.21
e Amp 0.108 0.22
e freq 0.11 0.21
steplengthvar

e freq 0.12 0.21
steplength 0.21 0.19
e freq var 0.12 0.28
Walking Model

e 0.009 0.07
e var 0.010 0.09
e steplength 0.011 0.03
e Amp 0.012 0.06
e freq 0.012 0.08
steplengthvar

e freq 0.013 0.03
steplength 0.022 0.05
e freq var 0.014 0.04

5.4.1.2.1Validation

Cross validation technique was used to validate the developed SVR model.
Leave-one-subject out approach was applied, which is a particular case of leave-
p-out subject where p=1. This method involves one observation out of the
dataset as validation set and the remaining observations as training set. To
quantify the accuracy of the method, the RMSE was calculated as well as the
RMSE %. Table 5-5 summarizes the results of the three models (general,
jogging and walking) for both indoor and outdoor studies. Both walking and
jogging data from both studies were used as input for the general SVR model.

Best results was seen when estimating fast walking speed for both indoor and
outdoor studies (RMSE = 0.07m/s, RMSE% = 4.66 and RMSE = 20.04m,
RMSE% = 4.82%, respectively) in comparison to jogging (RMSE = 0.22m/s,
RMSE% = 10.2; p < 0.01 and RMSE =90 m, RMSE% = 10.8%; p < 0.01) and
slow walking (RMSE = 0.16m/s, RMSE% = 12.3; p < 0.01 and RMSE = 48.4
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m, RMSE% = 10.2%; p < 0.01) activities. However, using slow/fast model
showed higher RMSE and RMSE% values in estimation fast walking speed
when compared with the general methods, whereas the results observed for slow
walking was better in the outdoor study. The general model showed better
results for jogging activity in comparison with jogging SVR estimation model
for outdoor study; where as the result for indoor study was better when using the
jogging model.

The values of RMSE in the outdoor study using jogging and slow/fast walking
model were 78.57m and 23.96m, respectively. In the comparison of speed, the
average speed error was 0.16 m/s when using the general model and 0.27 m/s
and 0.07 m/s when using the jogging model and slow/fast walking speed model,
respectively. The jogging model showed larger absolute and percentage error in
comparison to the general and slow/fast walking speed model.

Table 5-5. Mean square error and percentage mean square error of the
estimation models

General model Jogging  Slow/fast model

Dataset  Error model
jog slow fast slow fast
RMSE 90 48.42 20.04 78.57 23.95 26.95
Outdoor (m) (7.31) (8.7) (3.67) (3.22)™ (0.53)" (0.9)
study RMSE 10.85 10.18 4.82 9.47 5.77 6.49
% (0.88) (2.1) (0.88) (0.38) (0.12) (0.2)
RMSE 0.22 016  0.07 0.27 0.07 0.07
Indoor (m/s) (0.07) (0.12) (0.01) (0,02)™ (0.01)" (0.02)
study RMSE 1022 123 466 12.36 55 4.55
% (0.4 (9.3) (05 (0.79 (0.09) (0.03)

Note: Mean and SD were given. Jog = jogging, slow = slow walking speed, fast = fast
walking speed
“=p<0.05 "=p<0.01

Validation with Data from PwMS: This algorithm was developed to be used for
walking speed estimation in PwMS. However, gait pattern and parameters may
differ in PwMS from those of healthy individuals. Therefore, the estimation
accuracy of the algorithm was evaluated using dataset collected from PwMS.
The data was collected from 11 PwMS during the 10-meter walking test where
the patient walked along a 10 meter flat walkway forth and back one time at
their comfortable speed and the other time at fastest (as fast as possible) but safe
walking speed (section 6.1.1.2). Number of steps and the step length were
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assessed by the clinical staff and the actual distance the patient walked was
calculated. Using the walking speed developed algorithm these walking
distances were estimated and both RMSE (m) and RMSE% were calculated
(0.24 and 0.02%), respectively (Figure 5-15)

12
115

11

10,5
——Measured distance
10 - Estimated distance

9,5

Distance (m)

1 3 5 7 9 1 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43

Test

Figure 5-15. Walking speed estimation in PwMS - Clinical test
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5.4.2 Steps count

5.4.2.1 Related work

There are different methods for step detections used in the previous studies such
as; peak detection, flat zone. Step detection typically used peak detection
method, which is sensitive to noise and greatly affected by individual walking
speed, producing a high rate of false positive. Flat zone detection using
acceleration differential is not suitable if only one sensor will be used and the
flat zone of the signal will not be detected if the sensor is attached to the waist or
hip.

Neural network has been also used for the aim of step detection. This method is
accurate especially when it used to differentiate between walking activity and
other similar activities. However, it is hardly affected by walking speed, thus in
order to get high detection accuracy a big training data for each possible walking
speed is needed. Step detection using pressure sensor is considered to be very
accurate. Nevertheless, such methods are not appropriate for purpose of
ambulatory assessment because a separate sensor integrated in the shoe sole is
required. Detection methods based on smart phone have also been proposed,
however with limited accuracy of step detection.

Other studies wused frequency-based methods such as Fast Fourier
Transformation or Lomb-Scargle periodogram. However, in contrast to time-
based methods the frequency-based methods are highly affected by different
speed and therefore show low accuracy at low walking speed [146].

5.4.2.2 Development

In this work a step detection algorithm using zero-crossing was used. Using
these algorithm steps taken by individuals in their everyday life was detected
and the cadence was extracted. Furthermore, using the detected steps the step
length were assessed and gait asymmetry was investigated (section 5.4.3).
Figure 5-16 illustrates the developed algorithm.
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Acceleration Vert!cal Filter Detection Analysis (threshold Step
ams. Zercj‘»- and min/max detected
extraction crossing frequency)

No step
detected

Figure 5-16. Step detection algorithm- Flowchart

First of all, the vertical axis was considered for the analysis. The noise was
filtered, and the offset was removed using Butterworth high-pass (0.2 Hz) and
low-pass filters (3.5 Hz), respectively. The filter process was performed twice
with inverse direction for the second time. This ensures that the detected zero
crossing points will not be shifted in time by the effect of the filter’s phase
response. This is an important step especially in the analysis of gait asymmetry
(section 5.4.3). After having signal filtered and the time delay compensated
(Figure 5-17 a ,b), a threshold of -0.02g was determined and every oscillation
around zero bigger than -0.02g was excluded from the analysis, otherwise, it
was considered as zero-crossing and included in the further analysis as
corresponding peaks. The zero crossing points in the positive direction
correspond to a positive peak. Furthermore, since the frequency of walking
activity range between 0.5-4Hz, the frequency of two consecutive points is
examined if it is in the acceptable range (2 seconds). In this case a potential step
between the first and third zero crossing points was defined. Within this
potential step the minimum, whose amplitude exceeds a certain threshold was
searched, after that the time different between this potential steps and the
previous was investigate. If the time difference was in the interval of £2 second
then the step was recognized as such, otherwise no step was detected (Figure
5-17 ¢).
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Figure 5-17. a) Raw acceleration signal, b) Filtered signal, c) Detected steps

To evaluate the step detection algorithm, dataset form the previous mentioned
study was used (section s.4.1.1). Sensitivity and positive predictive value were
calculated (Table 5-6). Results showed high sensitivity (99.97 %) for both
walking and jogging activity. The detected steps were then used to investigate
gait asymmetry in PwMS (section 5.4.3).

Sensitivity (SE) = mo—— Eq.5-7

Positive predictive value (PPV) = TP+ FP
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Table 5-6. Sensitivity and positive predictive value of step detection - walking
and jogging activities

Activity step FP FN TP SE PPV
Slow and fast 22291 5 11 22280 99.95% 99.97%
Jogging 16981 6 12 16969 99.92% 99.96%

Note: slow and fast = slow and fast walking speed
54.3 Gait Asymmetry

5.4.3.1 Related work

Gait symmetry has been defined as the prefect function agreement between left
and right limb. Movement asymmetry is associated with motor and gait
dysfunctions and it is commonly observed in related with decline in health
status. Patients with chronic diseases, such as Multiple sclerosis, may exhibit
very asymmetrical gait [147]. Therefore, the reduction of asymmetry is
clinically addressed by rehabilitation therapists and considered to be important
parameter in gait evaluation and clinical decisions especially in patients with
residual stroke or neurological chronic disease such as multiple sclerosis.

The term “gait symmetry” can be applied when the right and the left sides of the
body behave identically. Therefore, the typical symmetry measures aimed to
compute this similarity using either discrete or continuous methods.

Discrete methods: are the most common. They require simple temporal of
spatial gait measurements or featured extracted from the movement signal.
Usually, the simple symmetry index is used.

XL Eq5'8
SIsimple = X_R

However, the symmetry index requires the choice of a reference value. This is
the major disadvantage of this method because the reference value is not always
clear and can lead to inconsistent results. Other studies used the symmetry angel
to investigate gait asymmetry. This method is not affected by the choice of
reference value. However, the system needed to capture angel symmetry
consists of different markers attached to the upper and lower limbs and 6-camera
systems [148]. Gyroscopes and pressure sensors have been also used to define
the swing phase of each gait cycle and to calculate the asymmetry. As it
mentioned before (chapter 4), the main limitation of such systems is their high
power consumption or low user acceptance, respectively.
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Continuous methods: based on the similarity comparison between two
continuous signals, such as EMG or angular displacement. Continuous methods
might be considered to be more informative in compare to discrete method.
However, in order to get high accurate results multiple sensors should be
attached to different body position (e.g. both legs, arms and legs).

The unique opportunity to use only one accelerometer to capture gait asymmetry
under controlled and free-living condition is presented in this work.

5.4.3.2 Development of gait asymmetry

Data from PwMS was collected during the 10-meter walking test (age = 41+9.3;
height = 170£8.1; weight = 72+16.7; EDSS = 3.6+1.66). Patients were asked to
walk forth and back at different walking speed. Detailed information is in
(chapter 6).

Acceleration signals were assessed using 3 acceleration sensor attached to the
right side hip. Gait symmetry/asymmetry index (SI) was defined using two
different parameters; step time and swing phase ratio.

Step time (T): is the time between the two consecutive ground contacts (heel
strike) of the same foot. This time was calculated for the right and the left
foot, Trand T, respectively (Figure 5-18).

T

v

Figure 5-18. Step time for left (blue) and right (red) foot

Heel strike is one of the clearest points in the signal. Therefore, the time
between two consecutive heel strikes was calculated to determine the step time
(T). This time is defined as:

Tn = THSn+1 - THSn Eq5'9
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where, Ty, is the step time of the nth ground heel strike.

Step time T for each foot was defined and the value of the difference between
both times, i.e. T and T , determines the S1.

Different phases compose the gait cycle (section 2.2). That means each step time
of each foot consists of different phases, namely swing phase and stand phase
(Figure 5-19).

heel strike heel strike

I | I
|

stance phase swing phase

Acceleration (g)

/

Toe-off

[
—
T

'
N

| | | | | | |
8240 8260 8280 8300 8320 8340 8360

Time (s)

Figure 5-19. Gait phases in acceleration signal [149]

Therefore, in order to determine the ratio of the swing phase to the total step
time, two main distinctive time stamps should be defined. Those are; the
beginning of the swing phase (Toe off) and the end of this phase (heel strike).
Swing phase ratio can be then defined as:

Tswing Eq.5-10
Q)swing = T
n

Tswing = THSn - TTOn

where; Tg,,ing is the time between the toe off time Ty, (foot leaves the ground)
and the consecutive heel strike of the same foot Ty (Figure 5-20).
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The following figure (Figure 5-21) shows the process of the gait asymmetry
algorithm.
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Acceleration — _ — D SN
signal processing detection

Figure 5-21. Calculation of the gait asymmetry indices

Figure 5-20. Swing and Stand time - right foot
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The vertical axis was separated and filtered using Butterworth high-pass and
low-pass filter. Then step detection algorithm (section 0) was applied and the
timestamp of each step were determined. In order to calculate the above
mentioned parameter, the steps taken by the right foot had to be separated from
the ones taken by left foot. Therefore, the major peak had to be determined. The
major maximum represents the step of the right foot, whereas the smaller
maximum represents the step of the left feet. This assumption is due to the fact
that the senor is attached to the right side hip. Thus, the forces that actually act
on the left foot will be attenuated due to the biomechanical differences. After
having the major peak determined, it can be assumed that this is a step of the
right foot. Since the steps are alternating occurred thus they can be easily
separated and assigned to their corresponding foot (Figure 5-22).
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Figure 5-22. Identification of left and right steps

Having the step separated the calculation of step time and swing ration and the
corresponding SI index can be determined. S1; is the defined as (Figure 5-23):
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Figure 5-23. Determination of step time asymmetry index

The calculation of the swing ratio depends basically on the determination of the
toe off/heel off time stamp. However, in the acceleration signal of the sensor
attached to the hip, this determination is not quite possible, due to the
attenuation of the signal. Therefore, the ratio of the double support time to the
total step duration (5%-10%) was considered. Based on this consideration the
time stamp of the left foot toe off (Tr,,) was defined and the swing phase ratio

was calculated (Figure 5-24). The SI; was defined as:

|65WingL - 6swingR| Eq.5-12

Slp = 100%, —vingt — 75
maX(stinng ®swingR)

where, Bgyings and Bsyingr, are the swing phase ratio of left and right foot,
respectively.
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Figure 5-24.Determination of swing phase ratio asymmetry index

5.4.3.3 Evaluation

Differences between right and left foot were investigated in PwMS for step time
and swing ratio. Step time showed no significant difference between both feet
(1030 +165 ms, 1027+168 ms, p = 0.5), whereas swing time illustrates
significant difference (54.24+1.8%, 43.61+1.9%; p<0.05), respectively.
Furthermore, asymmetry indices SIr, SI; of PwMS were compared with those

of healthy control groups (Table 5-7)

Table 5-7. Characteristics of patient and healthy control groups

PwWMS Control
Age 41 (£9.3) 28.2 (£3.35)
Height 170 (£8.1) 171.8 (£ 9.65)
Weight 72 (£ 16.7) 63.2 (x15.8)
EDSS 3.6 (x 1.66) -

Student t-test was used to investigate the differences between PwMS and
healthy control. The results showed that in general, PwWMS have less symmetry
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gait in comparison with healthy control group (Figure 5-25 and Figure 5-26).
Both asymmetry indices SI;, SIz were significantly higher in PwMS (p < 0.01).
This indicates that PwMS have low similarity between body sides compared to
healthy control (

Table 5-8).
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Table 5-8. Gait asymmetry differences between PwMS and healthy control

PWMS Control p-value
Step time 2.61+34 0905 <0.01
asymmetry (S1;)
Swing phase 12.11+7.6 76+6.1 <0.01
asymmetry (S1y)
: p<0.01
6 1
o ;
o i
g s !
n
2k
| .
ob — i
Control Patient

Figure 5-25. Step time asymmetry index in PwMS and healthy control
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Figure 5-26. Swing time ratio asymmetry index in PwMS and healthy control
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5.4.4 Peak Frequency and Energy Concentration

5.4.4.1 Related work

The acceleration data are considered to be a most useful tool for gait analysis
when features are not interpreted in isolation but together. The gait features
discussed above are time-domain features. Since walking is periodic activity, the
frequency transformation of feature time series is worth investigated. Therefore,
in this work additionally to the time-domain feature presented before, features in
frequency and time-frequency domain were developed and analysed. This may
provide a comprehensive picture into the motor control of walking activity.

Frequency domain analysis has been previously used to assess normal and
disordered gait. This analysis has been considered to be a powerful tool to
identify changes in gait due to age- and disease-related impairments especially
when such changes are not obvious in time domain. The main objective of using
time-frequency analysis is to determine the energy concentration along the
frequency axis at a certain time instant. Furthermore, the use of wavelet as
analysis and feature extraction tool in gait analysis has gained considerable
attention.

Multiple studies have investigated gait features in frequency and time-frequency
domain. Some of these studies extracted the gait features using smart mat
(GAITRIte) or force platform. These systems provide rich information, on the
other hand are restricted to laboratory and clinical environment. Other studies
used either gyroscope in combination with accelerometer or multiple
accelerometers attached to different body position. Such systems are not feasible
to be used in medical researchers.

5.4.4.2 Development of peak frequency und energy concentration

Peak Frequency: First of all, the segments of the signal that are corresponding
to movement activity were separated and included in the processing, whereas,
signals corresponding to sitting, standing and lying activities were excluded.
Peak frequency and energy concentration features were extracted from the
medial-lateral axis of the acceleration signal from the sensor attached to the
right-side hip.

Fourier transformation is an important tool for analyzing signals with periodic
repetition. Gait signals can be considered as quasi periodic; thus, it is possible to
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perform a spectral analysis on this signal. The qualitative analysis of the signal
in the frequency domain allows identifying different spectrums that could be
associated to gait impairment. One main parameter associated with a spectrum is
the peak frequency (PF). Peak frequency (PF) denotes the frequency at which
the maximum spectral power occurred. In other words, it presents the highest
peak in the frequency space to which the acceleration signal was converted.

fo = argmaxseo s, | |E.(f)|? Eq.5-13

PF f,, was detected in the frequency space and had the highest peak around the

PF candidate. F.(f) is the Fourier transform of the signal and f,,, Is the
sampling frequency.

Figure 5-27 illustrates the extracted process. First of all, the offset in the signal
was eliminated by subtracting the mean and then the signal was smoothened
using a Butterworth low-pass filter (cut-off 3.5 Hz) in order to decrease the
effect of the high-frequency noise that accompanies PF detection. Then the
hamming window was applied. The size of the window is dynamically adapted
to the signal length. Gait signal can be considered as a quasi-periodic, i.e. the
start and the end of the signal might not match with each other. This could result
in the so called leakage effect. Therefore, windowing the data ensures that the
ends of the signal match up, which remarkably reduces the spectral leakage and
leads to better and reliable PF analysis .The next step is to transfer the signal
into frequency space where finally the frequency with the highest power
spectrum can be extracted.
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Figure 5-27. Peak frequency extraction algorithm
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Energy Concentration: Wavelet transformation was utilized to extract the
relative energy concentration EnC of the signal in a specific frequency band.
The idea behind Wavelet methods is to analyze the behavior of the energy
distribution at a certain time instance or frequency band. In this work it was
particularly used to analyze the distribution of the energy concentration in
different frequency bands of the time-frequency domain. The analysis of energy
concentration can provide a useful tool to reveal more information from gait
signal for diagnostic purposes. Figure 5-28 illustrates the extraction process.
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Figure 5-28. Energy concentration extraction algorithm

The input signal was filtered using the same cut off frequencies as for PF. Then
the filtered signal was multiplied with a hamming window equally. After the
preprocessing, a multi-resolution analysis (MRA) until the 10th level was
performed using Meyer wavelet filter-banks. The multi-resolution analysis is a
common tool to perform wavelet decomposition on time-discrete signals. Each
step of the MRA develops a set of detail coefficients dyand a set of
approximation coefficients a, according to the model in Figure 5-29. As it
shown in this figure the signal goes through a high-pass and a low-pass filter.
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The output signals of both filters are down sampled to avoid redundancy in the
data. The result signal is detail and approximation coefficients. The complete
10-level Meyer wavelet decomposition procedure by using MRA is illustrated in

Figure 5-30.
High-pass @—» dn+1
an i ™
Low-pass 4@—> an.1

Figure 5-29. One step wavelet decomposition - d is details and a is
approximations

To develop the relative energy concentration EnC (k) in one of the 10 frequency
bands, each set of detail coefficients have to be calculated and its energy using
the formula:

Eqx = lldill? ke{1,2,...,10} Eq.5-14

The energy of the approximation coefficients set at the 10th level is equally
needed to extract the relative energy EnC (k).

Earo = llagoll? Eq.5-15
where, ||. ||is the Euclidean norm and a,, represents a vector

Therefore, the relative energy EncC is calculated by the quotient “detail energy at
k" to the energy of the complete signal "approximation energy at 10" plus the
sum of the detail energy from 1 to 10.

Eak
EalO + 21121 Edk

Enc,, = Eqg.5-16

sk €{1,2,..10}
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Figure 5-30. Ten level wavelet decomposition tree
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Energy concentration was tested at different level (from 1 to 10). However, as it
can be seen in Figure 5-31, energy concentration at level 6 showed significant
difference between patient groups with mild and moderate disability, whereas
other level showed no significant differences between both groups.
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Figure 5-31. Comparison of different decomposition level
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EnC feature showed significant differences between both PwMS subgroups
(PWMS-L: EDSS = 1-2.5; PWMS-H: EDSS = 3- 5) (Figure 5-31). Patients with
mild disability showed significantly higher energy concentration (35.63 + 20.19)
at level 6 (EnC 6) in comparison to patients with moderate disability (31.67+
18.41). Student t-test was used to compare both subgroups (p < 0.05). Figure
5-32 illustrates the differences between both subgroups regarding peak
frequency. Peak frequency showed marginal significant difference between
both subgroups (p = 0.08). Peak frequency can be hardly affected by signal
fluctuation, which could be a possible explanation of the results. However, these
features were tested and evaluated by using bigger sample size (Chapter 7).
Table 5-9 summarizes the differences between both subgroups.

Table 5-9. Comparison between both patients' subgroups regarding energy
concentration and peak frequency (mean, SD and p-value)

PWMS-L PwWMS-H p-value
Energy 35.63 £ 20.19 31.67 £18.41 <0.05
concentration (%)
Peak frequency 1.54 £0.61 1.39 £ 0.68 0.08
(Hz)
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Figure 5-32. Peak frequency comparison between mild and moderate subgroups
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6 Ambulatory assessment of neurobehavioral alteration

and gait impairments in PWMS

As it was mentioned in section 2.3walking impairment is one of the most
ubiquitous features of MS. It can have impactful effect on the independence and
activities of daily life. Assessment of motor and gait disability in PwMS requires
continuous evaluation. This continuously is essential to monitor the course of
the disease, to understand the development of the health status which may help
in early treatment optimization. Moreover, the assessment of the variability of
motor and gait parameters in free-living environment may provide significant
information to predict the health status of the PwMS. Repeated measurements of
this variation might also provide useful indicators of activity and walking ability
change that is unlikely to be due to error in measurement.

6.1 Study Design and Data Fusion
The following study was carried out as a part of the project MS Nurse and in
contribution with the hospital of neurologic acute and rehabilitation medicine in
a rural area in Northem Bavaria, Germany.

Study design, measurement system and participants characteristics will be
presented in the following.

6.1.1 Study Design

The aim of this study was to determine the ability of the developed parameters
to objectively capture the slightly changes in motor and walking ability in
PwMS. Moreover, the objective was to provide additional evidence from long-
term design study that support the association between changes in physical
activity and walking ability and disease progression over time. This can be
accomplished by collecting observations or data at more than one point of time.
This could also allow investigating the correlation between the changes and the
disease severity. Variations and differences between patients with mild and
moderate disease severity and within a patient should be captured in order to
assess the disease dynamic. Furthermore, the stability and sensitivity of these
parameters were measured, and the amount of the clinically meaningful change
was determined.

These measures were collected four times (four phases), each lasting 10 days
with an interval of three months between each phase. Person-specific data were
collected at the beginning of the study. Move Il accelerometer is the only
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sensors on the market that fulfill the hardware requirements discussed in
Chapter 5. The study was divided into clinical measures and ambulatory
measures. The developed system presented in Chapter 5 was applied for the
assessments.

6.1.1.1 Participants

Over a period of one year, 11 PWMS (females = 7, males = 4; age: 41 + 9.3 yeatr;
height: 170 £ 8.12 cm; weight: 72 £ 16.77 kg; disease duration: 12.18 + 10.67)
were recruited in the hospital for neurologic acute and rehabilitation medicine in
a rural area in Northern Bavaria, Germany. Participants had to meet the
following inclusion and exclusion criteria:

a) definite diagnosis of MS [26].

b) EDSS score below 5 (3.6 £ 1.66), which indicates the ability to walk at
least 200 m without assistive devices [29].

c) acompleted and signed an informed consent. Eight patients had relapsing-
remitting multiple sclerosis, one patient had primary progressive multiple
sclerosis and two patients had secondary progressive multiple sclerosis.

The procedure of this study was approved by the ethics committee of the
Bavarian Medical Association, Germany. The study lasted one year and
consisted of clinical measures and ambulatory activity measures.

6.1.1.2 Clinical measures and pre-test assessment
The clinical measurement took place in the clinic at the beginning of each phase.
These measures were:

1. 10-meter walking test was used for initial calibration, in which patients
were instructed to wear the move Il (one on the right side hip and two
sensors on the right and left ankle) and to walk along a 10 meter flat
walkway. Since gait pattern of PwMS differ in various walking speed
patients were asked to walk back and forth once at their comfortable
walking speed and once again at fastest walking speed. Information about
stride length, time and number of steps were recorded by the physician
and as raw acceleration data from the move Il (Figure 6-1). This
information was used to develop gait asymmetry algorithm (chapter
5.4.3).

2. Expanded Disability Status Scale EDSS (Chapter 2.x.x) patients who
score at or less than 5.5 are considered to be able to walk at least 100 m
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without aid or rest. Patients with score between 6.0 and 8.0 are considered
to be ambulatory with limitations. Patients with EDSS score more than
8.0 considered to be totally dependent. Patients’ disease severity and
clinical symptoms were assessed using EDSS by an experienced
neurologist. EDSS score was evaluated quarterly and at the beginning of
each measurement.

Exceeding the line
was measured

10-meter walkway

Figure 6-1. 10-meter clinical walking test

6.1.1.3 Ambulatory measures

Based on the challenges of PwWMS previously described (section 2.3), the
scenario for applying activity and gait analysis in MS treatment can be drawn up
as follows. Typically, PwMS who lives at home on their own, live and work as
usual and consult their physician once every three months for their basic
physical examinations (EDSS). In the three months between the check-ups they
wear a device, which continuously monitors their movement during daily-life
activities. At the next regular physician’s visit, the sensor data will be
transferred and analysed using the Physician-Software described in section 5.3.
In contrast to the usual check-up, the analysis results not only provide
information about the momentary health status, but also about the development
over the last months.

The activity monitoring system (move Il and the pre-configured EeePC) was
given to the patient at the time of the clinical measurements. Participants were
asked to carry the move Il sensor on the right side hip (see Figure 6-2) up to ten
days while carrying out their usual daily activities. They were asked to start
carrying the sensor early morning as soon as they get up until they go to bed
again (except while swimming, showering and bathing). Furthermore, they were
asked to attach it to the notebook via USB before going to sleep. The raw sensor
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data were transferred automatically and stored on the SD card and the patients
got feedback about their activity pattern. This feedback should encourage them
to maintain their activity level. The developed software for sensor management
and physical activity report was presented previously (Patient-Software). After
ten days, the participants returned the system to the clinic, the data were
downloaded to the computer and the participants received a report of their

physical activity of the past ten days. Figure 6-3 illustrates the measurement’s
process.

Figure 6-2. Sensor position
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* Assessment of patient-related information

Systemmhand * Determination of EDSS
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Figure 6-3. Measurement process
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6.2 Activity and Gait parameters

To understand the changes in physical activity characteristics in PwWMS, the
following parameters were examined: a) number of steps calculated over the day
(number of awake hours), b) mean and maximum walking speed, c) physical
activity level in terms of MET level (light and moderate to vigorous MVPA
MET level) which is the ratio of the associated metabolic rate for the specific
activity divided by the resting metabolic rate (RMR). These values can be
obtained from published tables [17]. To assess the impact of the disability on
ambulatory activity behavior, the participants were separated according to their
disease severity into two subgroups; mild ambulatory limitation (PwMS-L:
EDSS = 1-2.5) and moderate ambulatory limitation (PwWMS-H: EDSS = 3-5).
Subgroups were determined based on the categorization published in [35] (Table
6-1).

Table 6-1. Patients' characteristics

PwWMS PwWMS-L PwMS-H

(EDSS 1-2.5) (EDSS 3-5)
Age 41 (£9.3) 36.14 (x£10.53) 46.64 (£ 1.68)
Height 170 (£8.1) 165.83 (£6.08) 176 (£6.96)
Weight 72 (£16.7) 65.33 (x£14.04) 79.72 (x£17.76)
EDSS 3.6 (x 1.66) 1,75 (x0,82) 4,40 (+£0,89)
Men 4 1 3
Women 7 5 2
Total 11 6 5

Note: mean = SD was calculated

6.3 Data Reduction and Data Analysis

As the devices were handed out to the patients at different hours of the first day,
this day was excluded from the analysis. All participants accepted to wear the
sensor for 9 days and at least 10 h per day. The number of steps per
measurement as well as the mean walking speed was calculated as an overall
average of all days in each measurement. For the activity depended MET level
estimation, the activity of the patients was classified and each activity was
categorized as light or MVPA according to [17]. Based on the detected activity
class, the energy expenditure was estimated, and the MET level value was
calculated with the following formula (MET = EE / BMR). Having both
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information (activity class and its corresponding calculated MET value) the
MET categories of our patients’ group were defined.

Mean value and standard deviation for MVPA and gait parameters were
calculated. Differences in all these parameters between two consecutive phases
were calculated for each patient. In addition, the differences between the first
phase and the follow-up fourth phase for each parameter were assessed non-
parametrically by using the Wilcoxon test. To analyze the differences between
both subgroups the nonparametric Mann—Whitney U test was used. Wilcoxon
test and Mann-Witney U tests were used due to the small sample size.

Differences with p < 0.05 were noted as significant. Moreover, bivariate
correlation between EDSS and gait parameters (number of steps, mean walking
speed, max walking speed and MET level) was analyzed. Values between 0.00
and 0.25 was considered as no correlation, values between 0.70 and 0.89 as high
correlation and values between 0.90 and 1.00 as very high correlation [150].
Spearman Rho was used for this analysis.

Repeated measurement of the variations in MVPA and gait parameters might
provide useful indicators of activity change that is unlikely due to error in
measurement. The standard error of measurement (SEM) which is closely
related to minimal detectable change (MDC), has been used to quantify the
within-subject variability. The MDC is a useful tool to operationally determine
whether a magnitude of change in the parameter of interest is greater than the
amount of change attributable to measurement error. This determination may
support the process of clinical treatment evaluation and decision making. In
order to calculate MDC the stability of the parameter should be calculated.
Therefore, the response reliability was investigated by calculating the intra-class
correlation coefficient (ICC; two-way mixed, single measures) for all patients
across all days (day1 to day9) within the first measurement of the whole sample
size. The ICC value represents the consistency and ranges from 0 to 1. An ICC
below 0.04 indicates poor stability, ICCs from 0.60 to 0.74 suggest good
stability and 1CCs from 0.75 to 1.00 suggest excellent stability [54].

Moreover, standard errors of measurement (SEM) were calculated as follows: in
a first step, ICCs for between-session reliability were computed between data
from the first measurement (M1, baseline) and each of the follow-up
measurements (M2, M3 and M4) separately (two way mixed, single measures).
Again, the model testing for consistency was used. The SEM, which estimates
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the measurement error across repeated measurement, was calculated by
multiplying the baseline standard deviation of the samples for each parameter by
the square root of one minus the ICC
(SEM = SDpgse1ime * V1 — ICC). This value indicated the amount of error that
must be considered when interpreting individual test results.

As it was discussed in (chapter 3.3.2.2) MDC provides the absolute amount of
change necessary to exceed the measurement error of repeated measures at a
certain confidence interval (Cl). This information may be used to distinguish
between true performance change and an observed change due to measurement
error. In this work the MDC was calculated at 95% CI
(MDC = SEM * 1.96 *+/2). Furthermore, to investigate MDC independently
from the unit of the parameter, the MDC% was calculated:

Eq.6-1

MDC
MDC%=( % )*100

where, X is the mean value of the parameter for all measurements.

6.4 Results

While EDSS score did not change throughout the study’s phases in all patients,
the physical activity parameters showed differences between each two
consecutive phase in both subgroups.

6.4.1 Decline of MVPA and gait parameters in PwMS-L and PwWMS-H

In this section the descriptive and statistical analysis of the changes in PWMS
will be presented. PwMS-L showed a slightly increases in steps/day between the
first phase and the follow-up second phase. Remarkably, these changes in
steps/day were combined with slightly increases in mean and maximum walking
speed (1.8% and 1.13%), respectively. Only one patient showed decline between
these two phases (~292) (Figure 6-4).
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Figure 6-4. Changes in steps /day in PwMS (exemplified for one patient)

In average, PWMS-L showed a decline in all parameters between the second the
third phase as well as between the third and the fourth phase. However, in
comparison to baseline, they showed decline in steps/day (~1683), mean
walking speed and maximum walking speed (-0.12 Km/h, -0.16 Km/h),
respectively (Figure 6-5 and Figure 6-6). MVPA did not show significant
change between the first and the follow-up measurement. Patients of the group
PwWMS-H showed a decline in all parameters between each two consecutive
phases. In comparison to the baseline, PwMS-H showed decline in steps/day
(~1673), a slightly decline in mean and maximum walking speed (8.7%, 2.6%),
respectively and in MVPA (-1.4%) between first and the follow-up fourth

measurement.
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Figure 6-6. Changes in maximum walking speed in PwWMS (exemplified for one
patient)

Furthermore, the differences in MVPA and gait parameters were investigated in
all patients combined. In comparison to baseline, 81% of the patient showed a
significant decline in the steps/day (p = 0.008) as well as in MVVPA (p = 0.03),
63% showed significant reduction in maximum walking speed (p = 0.02)
between first phase and the follow-up fourth phase. Mean walking speed did not
demonstrate a significant decline (p = 0.75) (Table 6-6).
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6.4.2 Between groups differences

To understand the impact of MS disease on mobility and walking ability the
differences between PWMS-L and PwMS-H were investigated. on average of
overall measurements, mild affected MS accumulated significantly more steps,
and had faster mean walking speed compared to moderated affected MS
(9287.33 £ 1976.25 vs. 5043 + 2849.75, p < 0.005; 1.49 £ 0.2 vs. 1.13 £ 0.44, p
= 0.03), respectively. Furthermore, a marginal difference between the subgroups
in maximum walking speed was noticed (5.09 £ 0.6 vs. 3.84 + 1.03, p = 0.08).
On contrary, MVPA demonstrated non-significant differences between both MS
groups (11.6 = 4.37 vs. 7.79 = 5.19; p = 0.1) (Table 6-2, Figure 6-7). As
discussed in section 5.4 significant differences was also noticed in energy
concentration (p < 0.05) whereas marginal differences was shown in peak
frequency (p = 0.08).

Table 6-2. Differences between disability subgroups

PwMS-L PwMS-H value
(EDSS: 1-2.5) (EDSS: 3-5) P

Steps 9287.33 = *
per day 1076.95 5043 + 2849.75 0.005
Maximum 5.00 + 0.6 3.84 + 1.03 0.088
walking speed
Mean walking 1.49 + 0.2 1.13 + 0.44 0.03"
speed
Energy 35.63 +20.19 31.67 £18.41 <0.05
concentration
(%)
Peak frequency 1.54 £ 0.61 1.39 £ 0.68 0.08
(Hz)
MET Level %
(MVPA) 11.6 +4.37 7.79+£5.19 0.1

Note: * Statistically significant (p < 0.05), § Statistically marginal significant
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Correlation between Relatively weak correlation was found between the total
number of steps and the EDSS score (r = -0.54, p = 0.08). High inverse
correlation was notices between Walking speed and EDSS score (r = -0.71, p =
0.01), whereas maximum walking speed did not show a maximum correlation
with EDSS score (r = -0.37, p = 0.2). Gait asymmetry also showed marginal
significant correlation with the EDSS score (r = -0.522, p < 0.05). Both energy
concentration and peak frequency showed significant correlation with EDSS
score (r = - 0.63, p < 0.05; r = - 0.751, p < 0.01), respectively Table 6-3
illustrates the correlation coefficient between gait parameters and EDSS.

Table 6-3. Bivariate relationships between ambulatory parameters and EDSS

Steps/day Walking Gait Peak Energy EDSS
speed asymmetry frequency concentration

Steps 1 0.758" 0.727" 0.636" 0.55" -0.541s8
per day
Walking 1 0.782" 0.327 0.376 -0.706™
speed
Gait 1 0.325 0.265 -0.5228
asymmetry
Peak 0.357 -0.63"
frequency
Energy -751"
concentration
EDSS 1

Note : * Statistically significant (p < 0.05), § Statistically marginal significant

It was also of interest to compare the physical activity and gait parameters
between PWMS and healthy individuals. Therefore, the data from a healthy
population study [151] was used. To investigate the differences regarding
activity and gait parameters between the healthy population and the MS
subgroups, Cohen’s d and effect sizes r was calculated for the parameters
MVPA and steps per day during baseline and the first follow-up measurement
(after three months). The effect sizes ranged from 0.4 to 0.9.At baseline, the
difference between PWMS-L and PwWMS-H in MVVPA showed medium to large
effect sizes (d = 5.5; r = 0.6), similar to the differences between PwWMS-L and
healthy group (d = 2.9; r = 0.8). The difference between PwMS-H and the
healthy group was small (d = 1; r = 0.4). For the second follow-up measurement,
the differences between PwWMS-L and PWMS-H in MVPA showed medium
effects sizes (d = 1.54; r = 0.61) as was the case for the difference between
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PwMS-Hand healthy group (d = 1.17; r = 0.5).The difference between PwWMS-L
and healthy group had a large effect size (d = 4.2; r = 0.9).

6.4.3 Precision and minimal detectable change

As it is aforementioned in the section of data analysis, the first step before
investigating SEM and MDC is to calculate the stability (ICC) of the measure.
The calculated ICC values for MVVPA and gait parameters revealed a fair
stability for mean walking speed (0.49 (0.27, 0.76)), steps/day (0.5 (0.35, 0.75)),
and MVPA (0.47 (0.25, 0.75)). The ICC value of maximum walking speed
indicated high intra-individual stability of this parameter (0.84 (0.69, 0.94)).

Patients with MS: Table 6-4 shows the values of ICC calculated between the
first (baseline) measurement and the second (M, ), third (My3) and fourth (M3 4)
follow-up measurements. The SEM and clinically important change index
(MDC) for the overall sample are also given. The range of ICC values for all
parameters across three months was 0.86 to 0.96, across six months 0.8 to 0.95
and across nine months 0.67 to 0.96. The ICC value across all measurements
was calculated. Based on this ICC value we determined the overall SEM.

The SEM provides an indicator of measurement precision and should be
considered together with overall mean values. The maximum walking speed
showed the best precision estimates. The overall SEM for maximum walking
speed was 0.23 m/s, where the mean value was 4.54 m/s, indicating that the
change of 0.23 m/s may be due to measurement error. Mean walking speed
showed a lower precision (SEM= 0.19 m/s, mean = 1.38 m/s). In comparison,
the SEM for steps per day was 1588 steps per day (where the mean value was
7358 steps per day) indicating that a change of up to 1588 steps per day may be
due to measurement error. The MVPA MET level showed the lowest precision
(SEM = 2.59, mean = 9.88). The maximum walking speed showed the lowest
MDC and MDC% values between baseline and follow-up measurements,
whereas mean walking speed showed a greater MDC. MVPA and steps per day
had the largest estimate of MDC and MDC% values.
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Table 6-4. ICC, SEM, MDC and MDC % for ambulatory parameters of overall
patients' group

ICC SEM MDC MDC%
Parameter
M2 Mz Mg Mz Miz Mg M1z Miz Mg M1z Mz Mag

max WS 096 095 096 006 00/ 006 018 0.2 017 39 47 39

(m/s)

mean WS 0.87 082 0.71 0.09 0.11 0.14 026 031 04 195 233 3031

(m/s)

Steps 09 081 0.87 824 1150 937 2285 3189 2597 28.3 42.55 36.03

(per day)

MVPA 086 0.81 0.67 13 15 21 3.73 443 882 3534 46.13 5951

(%)

Note: max WS = maximum walking speed; mean WS = mean walking speed; MVPA =
moderate to vigorous MET level

Disability subgroups: ICC, SEM and MDC% for PwMS disability subgroups
are given in
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Table 6-5. The ICC estimation indicated that maximum walking speed and steps
per day were stable across all measurements for both groups (ICC > 0.8).
Considering steps per day in the group of moderate disability, the stability
between baseline and third measurement (M 3) (ICC = 0.6) was lower than the
one noticed in the other two follow-up measurements (ICC > 0.8). Furthermore,
the ICC values were greater for mean walking speed and MVPA MET level in
the moderate disability group between baseline and the second and third follow-
up measurement (ICC range = 0.9— 0.98).However, the ICCs for these
parameters in the moderate disability groups were lower but still acceptable for
the fourth follow-up measurement. The ICC values for maximum walking speed
as well as for steps per day showed greater reliabilities between baseline (M)
and all follow-up measurements (M., M3, My) in the group of mild disability.
ICC value for mean walking speed indicated acceptable reliabilities for all
follow-up measurements (ICC range = 0.6— 0.7). MVPA MET level showed
high reliabilities between baseline M; and M, and Ms. However, the ICC value
was lower in M,. Maximum walking speed showed the best precision estimates
across time, whereas mean walking speed and steps per day showed a poorer,
but still acceptable precision. The MDC% values for maximum and mean
walking speed were lower in both groups than for steps per day and MVPA
MET level. However, the MDC% values for physical activity and gait
parameters were greater in PWMS-L than in PwMS-H. This result indicates that
the variability of the measurements might be sensitive to the level of disease
severity.

6.5 User Acceptance

For successful integration of new technologies in healthcare scenarios issues of
acceptability and acceptance should be taken into account. In the development
of an ambulatory assessment system, many critical factors regarding medical,
technical and user specific aspects should be considered. The present system
was developed for an ambulatory environment to collect information about
ADLs of PwWMS. Therefore, it had to be easy to use and wearable without
disturbing patients in their daily routine. Furthermore, it must be possible for the
patients to use the system easily by themselves at home. To assess the
acceptance of the system a questionnaire was designed with main focus on two
factors; usefulness and ease-of-use of the system. The questionnaire was based
on the Technology Acceptance Model (TAM). The TAM is a technology
adoption model that considers user acceptance of information system.
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In medical studies usefulness is the most important factor of user acceptance for
all involved parties. For chronic patients, such as PwMS, the crucial condition to
accept new technology is to have medical benefit, i.e., the developed methods
should be advantageous for diagnosis and therapy of MS. Furthermore, it is
important for the patient that the physician and healthcare staff will be able to
get better overview of the medical data about their disease course and health
condition. Thus, the usefulness factor mainly considers the question; whether the
patient believes that the technology could enhance the access and improve the
understanding of his/her health condition. Furthermore, the delivered daily
report and feedback about individual’s activity information could influence the
activity level of the patients and integrate them in the management of their
disease. Therefore, the designed questionnaire also considered the importance
and usefulness of the daily feedback provided to the patient was investigated.

Usability and ease-to-use factors certainly influence user acceptance. Usability
is the extent to which a product can be used by specified users to achieve
specified goals with effectiveness, efficiency and satisfaction in a specified
context of use (ISO 9241).Therefore, it should be hardly considered because a
problem with the usability could influence the medical usefulness and thus the
user acceptance and attitudes towards the system. During the development of the
system the adoption of patient’s abilities and life condition was considered.
Therefore, the difficulty for the patient to operate and interact with the system
and to handle the sensor presents an important factor of the usability and ease-
to-use.

In order to better predict, explain and increase the usage of IT, it is importance
to understand the antecedents of patients’ technology adoption and their IT-
background. This background can affect the acceptance of the system. Appendix
xX illustrates the questionnaires was used in this work.

To evaluate the acceptance of the system and whether it was sufficiently easy to
handle, patients who were monitored by the system (n = 11) completed a
separate acceptance questionnaire at the end of the first ambulatory
measurement phase. The aim was to investigate how acceptable is the developed
system in term of completion by the participants, does it represent a burden and
is it easy to administer and process. The questionnaires contain questions
regarding:
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a) The usage of technical equipment in general and especially the overall
acceptance of IT-technology as a treatment and therapy support tool, e.g. “I
always willing to test new intervention forms”

b) Patient’s health condition and to which level they are interested in having
detailed information about the disease and to use new technology to manage
their MS, e.g. “I always search for new information about MS”

c) Patients’ expectation from the developed system and its usefulness, e.g.
“The system gives my doctor objective information about my health status”

d) System operation and feedback, e.g. “The operation of the system is
complex”, “The daily feedback motivates me”.

6.5.1 Results:

The questionnaires were rated on five-point Likert scale, which is the commonly
used scale in survey research. It measures the individuals’ attitudes by asking
the extent to which they agree or disagree. The typical scale is (1 = strongly
agree, 2 = agree, 3 = neutral, 4 = disagree, 5 = strongly disagree).

In general, most of the patients are well informed about the disease (mean = 1.6;
SD = 0.5) and always looking forward get more detailed information. “I always
try to keep my knowledge to my illness up to date” (mean = 2.1; SD = 1.1). The
results showed that PwMS are interested in testing new treatment and
intervention methods. “I always looking for a new treatment methods” (mean =
1.9; SD =1.2), “I am ready to test new treatments” (mean = 1.9; SD = 0.8). Only
two patients reported fewer tendencies towered new interventions. Figure 6-8

illustrates the results regarding patients’ tendency towards new treatment’s form
(Set 1).
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Figure 6-8. Mean values of the questionnaires' results - Set 1

Moreover, patients in general showed an open-minded attitude towards the
integration of the technology (sensor and software) in the treatment and
monitoring process. The results reported (mean = 2.1; SD = 1.2) as a response to
the questions “I have positive attitude towards modern technology”. Regarding
the usage the systems, the results showed that the patients in general have
positive perceptions and do not have problems using new technology (sensor).
This has been confirmed by the responses to the question “I have no problem
with using the telemedicine technology” (mean = 1.35; SD = 0.6), and to the
question “I will not feel overstrained using the new technology” (mean = 1.2;
SD = 0.4). Moreover, PwMS did not expect to need extra effort in order to deal
with the system, as the results to the question “I won’t need to put out extra
effort and I will accept the system” showed (mean = 1.2; SD = 0.4). Figure 6-9
illustrates the results regarding patients’ attitudes towards telemedicine
technology (Set 2)
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Figure 6-9. Mean values of the questionnaires' results - Set 2

Long-term objective data of patient’s daily physical activity and gait parameters
are considered to be essential to objectify the assessment of their motor and
walking ability. Therefore, patients hoped that the developed technology will
provide more up to dated and detailed information about their conditions and
also hope that such a system will improve the documentations of their medical
history. The acceptance analysis showed that most PwWMS believe that the
employed system was a positive technical development that could be useful for
patients with chronic illness and improve medical care. Moreover, patients
showed positive expectation (mean = 1.2; SD = 0.4) as response to the question
“The system will provide my physician with objective overview”, as well as to
the question “The objective documentation will help to improve my health
status” (mean = 1.6; SD = 1.2). However, the acceptance of most patients is
linked to their satisfaction with information and support given by their
physicians. This was confirmed by the question “The acceptance of my
physician is important” (mean = 1.3; SD = 0.4), and the question “I would like
to be indicated to me from my physician” (mean = 1.3; SD = 0.5). Figure 6-10
illustrates the results regarding the usefulness system (Set 3).
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Figure 6-10. Mean values of the questionnaires' results - Set 3

The system was generally well accepted by the patients. “I got along with the
sensor well” (mean = 1.2; SD = 0.4). Furthermore, the sensor data were read out
automatically via the developed end-user software and IT skills were not
required and the patients reported high satisfaction with the easy-to-use and
efficiency of the system. This was confirmed by the responses to the questions:
“was the system easy to handle?”’(mean = 1.4; SD = 0.4), “There is no need for
me to get more interaction with the software” (mean = 2.9; SD = 1.3). Figure
6-11 illustrate the general user acceptance analysis of the system and ease-of-use
(Set 4).
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Figure 6-11. Mean values of the questionnaires' results - Set 4

An important aspect of perceived usefulness was the experience of individual
feedback and the patients express that, without getting any information about
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their daily situation is the usefulness and the personal benefit of the system
doubtful. Patients also reported positive results regarding to be informed about
their condition at home and not only at physician visit “I would prefer to receive
the analysis also at home and only at the physician’s office” (mean = 2.5; SD =
1.5). Furthermore, the daily feedback about their physical activity has motivated
the patients to patients to stay active: “The daily feedback motivates me” (mean
= 2.1; SD = 1.2). Additionally, they were interested in having more detailed and
comprehensive information about their activity analysis during the
measurement: “I want to get more information about the data during the
measurement” (mean = 2.1; SD = 1.5). Figure 6-12 illustrates the results
regarding the daily feedback (Set 5).
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Figure 6-12. Mean values of the questionnaires' results - Set 5

6.6 Summary

A simple triaxial accelerometer was applied to assessed slightly changes in
physical and gait behavioral in PWMS over a long period of time. Results
showed that the ambulatory captured parameters are more sensitive and
responsible to slight disability changes than the clinical measures. Acceptable to
excellent reliabilities were observed for all activity and gait parameters.
Differences were found for precision and minimal delectable change between
baseline and follow-up measurements. The MDCs values are clinically useful
because they might help to determine necessary amount a repeated measurement
would need to differ from the initial value in order to be considered as a true
change. Therefore, MDCs value reported in this study may also be incorporated
into clinical decision making. In general, all parameters showed lower MDCs in
first than in the follow-up measurements. This information could be useful for
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the interpretation of activity and gait measures in PwMS within three months,
six months to one year. Long-term activity and gait monitoring of activity and
gait parameters thus offers the opportunity to comprehensively assess the pattern
of behavioral change across prolonged periods of time. This information may
assist in the process of clinical decision making in the context of neurological
rehabilitation and intervention and thus help to eventually improve the patients’

quality of life.

The results of the acceptance analysis indicated that the acceptance of the
developed method and system was high and the compliance to use the system
was acceptable. Moreover, the results showed that most of the patients have an
open-minded attitude towards the sensor and the developed software. Almost all
the queried patients believe that technologies are positive technical development
and they appreciated the daily feedback pertaining to their activity pattern and
reported that this was a factor that encouraged them to maintain their activity
level.
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Table 6-5. ICC, SEM, MDC and MDC % for ambulatory parameters of patients’

subgroups. Comparison of changes from baseline (M1) to follow-up

measurements.
ICC SEM MDC MDC%

Parameter Group

Mi, Mz Mig Mio Mz Mig Mio Miz Mig Mio Mz Mig
max WS PWMS-L 084 086 09 0.15 0.15 011 041 043 032 8.09 851 6.3
(m/s) PWMS-H 094 092 094 0.06 0.07 0.06 0.18 022 017 46 51 46
mean WS PWMS-L 0.7 06 063 017 02 02 048 056 053 321 372 37.1
(m/s) PWMS-H 09 09 0.75 006 006 0.1 0.17 0.17 0.27 151 151 24
Steps PWMS-L 0.86 0.85 0.81 1224 1263 1445 3394 3501 4005 33.4 37.5 46.3
(/day) PWMS-H 095 06 0.8 413 1218 844 1145 3378 2340 204 63 43.7
MVPA PWMS-L 0.88 061 0.31 156 2.77 3.71 431 7.68 10.28 34.6 68.5 90.1
(%) PWMS-H 0.96 091 053 051 081 187 143 222 519 173 27.7 64.6

Note: PWMS-L = group of mild disability, PwMS-H = group of moderate disability
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Table 6-6. Gait parameters and MVVPA MET level in patients with MS and disability subgroups

PwMS-overall PwMS-L (mild disability) PwMS-H (moderate disability)
Parameter M1 M2 M3 M4 M1 M2 M3 M4 M1 M2 M3 M4

Steps(/day)  8059=4183 B8087£4583 6354£3510 6931+3784° 0628+3856 7872£3305  10647+4257 9002£3648 6177£3798 453322840 5014+2691  4448+2070
maxWs(m/s) 4.5+0.9 4.4+1.04  4.5+12 4.02£07° 51375061 4.96°:0.8  5.18°:0.63  5.1:0.56  3.92°:0.97 3.82°:097 3.80°+12  3.85°%1.13
meanWS(m/s) 1.36£0.5  1.3520.4  12%0.3 1.34% 0.5 1.528£0.33  1.5420.33  1.49£0.28  1.52+03  1.18%#0.55 1.08%04  1.13%0.5 1.13+0.53

MVPA (%) 10.18£5.5 9.03x4.5 10.1£5.5 9.3+4.7 11.5£49 10.4£3.8 13.5£4.7 11+4.1 8.65+£5.98  7.42+491  7.82+4.095 7.42+491

Notes: Means and SD are given. Max WS = maximum walking speed; mean WS = mean walking speed; MVPA = moderate to vigorous MET level;
*: significant p-value; 8: marginal p-value
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7 Ambulatory assessment system to evaluate the effect of

pharmacological intervention

Usually, the investigation of the motor and gait ability in response to physical or
medical treatment bases on stationary assessed parameters. However, this
method is time costly and unable to reflect patients’ activities in real conditions.
Therefore, the aim of this study was to objectively investigate the effectiveness
of the medication treatment (Fampridine) using the gait parameter assessment
system developed in this work and to compare the results with those assessed in
the clinic. Comprehensive analysis of gait features in frequency and time-
frequency domain can provide complementary information to understand gait
patterns. Therefore, in the following study, the parameters peak frequency and
energy concentration were integrated along with the previous discussed
parameters (time-domain parameters) (chapter 6).

7.1 Study Design, Data Fusion and Reduction

The following study was carried out in contribution with MS Center, Dresden
University of Technology, Germany. In this study the activity and gait
parameters were assessed using the accelerometer for evaluating the changes of
these parameters under fampridine-therapy. 26 patients (mean age: 49.6 years,
mean EDSS score: 5.6) were recruited in the study. Initial investigation (phasel)
was followed by fampridine therapy for 14 days (phase2). Quantitative and
qualitative gait parameters (T25FW, 2-MWT, MSWS-12) were assessed in both
phases to investigate fampridine response on walking impairment of PwMS.
Based on the clinical tests patients were classified as responder and non-
responder. Patients of responder group (R) (mean age = 48,1, mean EDSS =
5,8) showed an improvement in gait performance during phase 2 (after
Fampridine intake), whereas the patients of the non-responder group (NR)
(mean age = 56 year, mean EDSS = 4) did not show any improvement or had a
decline during phase 2.

The system used for the ambulatory assessment was the one described in chapter
5. Patients were asked to carry move Il during their normal daily activities. As
Detailed information about the system usage can be found in chapter 6. In phase
1 patient carried the sensor for 8 days on average and in phase 2 for 10.7 days on
average. The sensor was carried for 13.3h on average per day.
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The patient was excluded from the analysis if she/he did not wear the sensor for
at least 5 days a’ 8h or 10 days a’ 8h, before and after fampridine intake,
respectively. Furthermore, if the data from phase 1 or phase 2 are missing the
patient was excluded. The total number of patients included in the analysis was
22 patients.

7.2 Data Analysis and Classification

The first step before developing the classification method is to extract gait
parameters. The input signals were assessed during every day activities, thus in
contains different types of physical activity including sitting, standing and lying.
However, the parameters of interest are those that occur during move activities,
such as walking and jogging. Therefore, the physical activity algorithms
developed in [152] was firstly applied. The segments of signal correspond to the
move activities were then separated for the analysis. After that the segments
were transformed in a parameter vector. For walking speed estimation 3s signal
overlapping was used, whereas for all the other parameters the extraction was
done over 1s segment (Figure 7-1). Detailed information about parameter
extraction and developing were presented and discussed in chapter 5.
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Figure 7-1. Process of gait parameters extraction (a); Example of signal segment
with activity classification (b)

7.2.1 Parameter Selection

The hypothesis was that the developed system and parameters should be able to
determine whether the patients show an improvement in gait parameters in
phase2 in comparison to phasel or not. Therefore, before starting with the
classification the parameters were tested using box plot method. The
investigation based on the clinical determination of R and NR. Patients in R
group showed improvement in phase2 in comparison to phasel (Figure 7-2).
The paired sample t-test was used to investigate the improvement statistically.
Significant improvements were shown in steps/day: p = 0.001, asymmetry: p <
0.05, step length: p < 0.05, walking speed: p = 0.01, energy concentration: p <
0.05 and peak frequency < 0.05. However, they showed marginal significant
improvement in cadence p = 0.08. On contrary, patients in NR groups did not
show any positive response to the fampridine treatment (Figure 7-3).
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Figure 7-3. Gait parameters in response to the treatment (Non-Responder)

7.2.2 Classification

As it was mentioned above, the purpose of the analysis is to investigate the
possibility to discriminate between two output response of fampridine-treatment,
namely R or NR. The classification is based on the aforementioned gait
parameters, which were assessed objectivity under free-living condition.
Therefore, the main aim here was to use machine learning method for
developing models to predict patients’ response to treatment. After having the
parameters of phase 1 and phase 2 extracted the classifier is to be constructed.
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Using gait parameters as input data the classifier should give one output which
Is corresponding to the treatment response (i.e. responder or non-responder)

In this work, two different classification methods were used and investigated;
decision tree and Support Vector Machine (SVM). Decision tree requires
relatively little effort from users for data preparation especially when there are
few decisions and outcomes included in the tree. Furthermore, decision tree
need no assumptions of linearity in the data. SVM is considered to be stable
method. It showed better accuracy over neural network methods in classifying
individuals based on their gait pattern. Furthermore, SVM is able to model
complex nonlinear decision boundaries and are much less prone to over fitting
than other algorithms such as k-Nearest Neighbor and Naive Bayes [153].

The Classification and Regression Tree (CART) was used in this work to
generate the classification tree. Classification tree is built through the binary
recursive partitioning process. SVM classifier with Gaussian Radial Basis kernel
function (GRB) was used to build the classifier to identify responders and non-
responders for fampridine-treatment. The classifier was evaluated using repeated
random sub-sampling (RRS) with the ratio of 50%/50% of training/testing sub-
dataset. This procedure was repeated several times with different sub-sets, which
were randomly split based on RRS methods. (Figure 7-4) illustrates the whole
process of the classification approach. The evaluation of the classifier includes
the three performance measure:

o TP Eq.7-1
Sensitivity (SE) = TP+ FN
Sp@lelClty (SPC) = m

; B 2TP
Factor = 5Tp + FN + FP

Positive predictive value (PPV) =

TP
TP + FP

Sensitivity, also called true positive rate or recall rate, is a statistical measure of
how well a classification method correctly identifies a condition. Specificity,
also called true negative rate, is a statistical measure of how well a classification
method correctly identifies the negative cases. Accuracy is defined as a number
or correct classification to the number of all cases. Positive predictive value, also
called precision, is a statistical measure of the test performance. F_Factor is a
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statistical measure of performance on the test; it is a harmonic mean of precision
and recall.
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Figure 7-4. Process of the classification approach

Based on the results in section 7.2.1, whole parameters were included in the
classification. However, different parameters combinations were investigated to
determine the best combination that contains large amount of information
regarding changes in walking ability in response to the treatment. Table 7-1 and
Table 7-2 summarize the 5 best combinations of SVM and CART methods,
respectively. Based on RRS validation, the best classification performance was
achieved by applying SVM on a set of 2 parameters with sensitivity rate ranges
from 71.2% to 78.2% and specificity rate ranges from 62.7% to 77.3%. Figure
7-5 illustrates the accuracy of the SVM classifier with different parameter
combination.
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Figure 7-5. Classification of responder and non-responder patients using SVM
classifier
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CART classifier showed better sensitivity (82.7% - 85%) on set of 4 parameters.
However, the specificity of CART classifier varies from 29.2% to 32%. Figure
7-6 illustrates the accuracy of the SVM classifier with different parameter
combination.
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Figure 7-6. Classification of responder and non-responder patients using CART
classifier

However, both classifiers showed high positive predictive value (PPV). For
Decision tree the values of PPV range from 84.9% to 85.5% and for SVM the
PPVs range from 91.1% to 93.7%. Based on these results, SVM with GRB
kernel function can be used to objectively predict the responders to the
treatment.

The results indicate that an intelligent classifier built by SVM and with an
averaged sensitivity of 74% and average specificity of 72% can be applied to
provide objective suggestion for patient’s responses to therapy.

Table 7-1. Classification results using SVM with different parameters’
combinations

Parameters | Sensitivity | Specificity | PPV | F_Factor
combination | (%) (%) (%) (%)

[5 7] 75% 773% |93.7% | 77.8%
[3 7] 71.2% 76.8% |93.5% | 75.5%
[237] 73.8% 70.3% |91.6% | 72.7%
[2 7] 72.5% 72.9% |91.1% | 715%
[17] 78.2% 62.7% |91.1% | 71.2%

Note: 1 = steps, 2 = asymmetry, 3 = cadence, 4 = step length, 5 = velocity, 6 = energy concentration, 7
= peak frequency

163



Ambulatory assessment system to evaluate the effect of pharmacological intervention

Table 7-2. Classification results using CART with different parameters'
combinations

Parameters | Sensitivity | Specificity | PPV | F_Factor
combination | (%) (%) (%) (%)
[2457] 85% 32% 85.5% 50%
[4567] 84.2% 30.5% 85.1% 50%
[1247] 82.7% 29.7% 85.1% | 49.7%
[256 7] 84.2% 29.2% 85.3% | 48.7%
[1457] 83% 29.2% 84.9% | 48.3%

Note: 1 = steps, 2 = asymmetry, 3 = cadence, 4 = step length, 5 = velocity, 6 = energy concentration, 7
= peak frequency

7.3 Summary

In this chapter, the usage of machine learning algorithm to objectively assess the
response of the medication treatment was discussed. From the result it can be
concluded that the presented methods provide safe, unobtrusive, inexpensive
and objective possible to classify the patients according to their response to the
treatment with high sensitivity and specificity. Moreover, the WS-based
technique used in this work will help to overcome the disadvantages of the
single or multiple snapshot assessments in current clinical practice.
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8 Discussion and Outlook

8.1 General Discussion

As highlighted in chapter 2, impairments of physical activity and gait are
important neurobehavioral consequences of MS that may affect the patients’
quality of life. Several tools have been employed to assess activity and walking
ability in PwMS [36]. As discussed in chapter 4, contemporary methods to
assess activity and gait impairment are regular clinical observations and
laboratory assessment systems. These methods were found to be subject to a
range of limitations, potentially limiting the capacity of assessing these
impairments under free-living condition. Other researchers used wearable
sensors to capture motor and walking disability. However, the assessment was
either in clinical environment with short discrete motor tasks or over short
period of time (e.g. 7 days). As such, the primary objective of this thesis was to
design and develop a Home-based system capable to extract comprehensive gait
parameters to help doctors monitor the changes of activity and walking ability
objectively in customer environment. This system can be used in applications
involving the monitoring of degenerative or improved health conditions. The
common goal and consideration of the assessment system was to make the
system as simple to use as possible. For example, the pre-subject calibrations
were avoided in the development of the gait parameters’ algorithms.
Furthermore, especial software for data gathering and analyzing were designed
to be completely automatic in push-button style interface (chapter 5). Moreover,
the algorithms had to be developed using only one measurement device, i.e.
wearable sensor, which is suitable for free-living data assessment. There are
many types of sensors that can be used for the aim of this thesis. Due to
methodological problems of assessment devices, such as gyroscopes,
pedometers and pressure sensors, accelerometers have increasingly been
considered as the “new gold standard” to measure free-living activities. Triaxial
accelerometers have been proven to be more sensitive to detect differences of
physical activity in patients with mobility and walking impairments such as
PwWMS. Therefore, in this work triaxial accelerometer was applied. The
contribution of this work was the development of comprehensive gait
parameters using one triaxial accelerometer.

The most challenging part of the thesis was to develop several new methods and
algorithms to detect and quantify various motor and gait abnormalities while the
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patients were performing their daily activity. The methods developed in this
thesis were able to assess several gait parameters in time, frequency and time-
frequency domain using one triaxial accelerometer attached to the hip. Recent
studies on MS have increasingly assessed gait parameters, such as walking
speed and number of steps as it is believed to be an indicator of disability and
progression of neurological disease. Therefore, this work aimed to develop
algorithms for walking speed estimation and step detection. Walking speed
estimation algorithm was realized using SVR regression methods. Different
models were developed; model for jogging activity, model for walking slow and
fast and the third model was a general model for jogging and walking activities.
The accuracy of the algorithm was investigated using the data from healthy
control as well as data from PwMS. The average speed error using data from
healthy control was 0.16m/s when using the general model and 0.29m/s and
0.07m/s when using the jogging and slow/fast model, respectively. Using the
data collected from PwMS during 10-meter walking test, the accuracy of the
algorithm was reported to be 0.24m (0.02%). Step detection algorithm was
based on zero-crossing method was developed and the sensitivity (SE) and
positive predictive value (PPV) were calculated. On average, the algorithm has
high SE and PPV of 99.93% and 99.95%, respectively for slow/fast walking,
jogging and walking up-downhill.

Asymmetric gait is commonly observed in conjunction with a decline in walking
ability. Therefore, it is considered to be one of the important gait characteristic
that is increasingly reported by PwMS. The main research gap related to gait
asymmetry analysis in PwMS were investigated from two perspectives;
objectivity of the analysis system in general, the ability of applying the system
in every-day life for a long time (chapter 5). Therefore, one of the key aims of
this work was to develop an algorithm able to capture gait asymmetry in PWMS
in their free-living environment using one triaxial acceleration sensor. Two
different parameters were used to build SI, namely step length and swing time.
PwMS showed differences between both foot (p<0.05). Furthermore, in
comparison with healthy control PwMS showed less gait symmetry in both
indices (p<0.01).

Frequency and time-frequency domain gait parameters have been considered as
a powerful tool to identify and analyze gait changes. Several researches have
investigated gait parameters in frequency and time-frequency domain, however,
either with complex, costly demand laboratory-based system or with WS-based
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system with multiple sensors attached to the body. The contribution of this work
was the development of an algorithm to extract parameters such as, peak
frequency and energy concentration using an accelerometer attached to the hip.
Patients with moderate disability showed significantly low energy concentration
in compare to patient of mild disability group (p<0.05), whereas, peak frequency
showed significantly marginal differences between both groups (p=0.08).

Using the Home-based measurement system and the algorithms developed in
this work, many daily activity measurements of PwMS have been performed. As
a result, rich 902 days with daily-activities of PwMS were collected in two
different studies. First of all, the system was employed in a long-term study of
one year period of time. In this study, motor and gait parameters were collected
to objectively investigate the ability of the developed system in capturing the
minimal change in activity behavior of PWMS even in absence of clinical signs.
Therefore, the parameters were assessed in four follow-up measurements phases
with three months intervals. This frequency is important to be able to capture the
early slightly changes and hence help in just-in-time treatment adjustment and
optimization. The results showed that motor and gait parameters of PwMS
assessed during their daily-activities are more responsive to the slight disability
changes than the clinical measures. The PwWMS demonstrated significant decline
in ambulatory parameters at follow-up measurements. This was, for example,
revealed by lower number of steps and slower walking speed, -23.20%, -5.3%,
respectively. Furthermore, the results showed that there is correlation between
EDSS score and gait parameters (number of steps: r=-0.54; walking speed: r=-
0.71; asymmetry: r= -0.53; energy concentration: r=-0.71; Peak frequency: r=-
0.63). These correlations provide evidence that physical and gait parameters
measured by the Home-base system can be used to monitor the patient’s clinical
status.

After the usage of the developed parameters was investigated for its ability to
capture the changes of motor and gait behavioral under free-living condition, the
stability and precision of these parameters had to be studied. This leaded to
determine the amount of change necessary to infer a clinically meaningful
change in follow-up assessments. Reliability represents the stability of a
measure in the absence of changes. Intra-class correlations of the baseline data
with subsequent measurements were calculated across a period of nine days.
Number of steps, MVPA and walking speed showed high stability with ICC >
0.8. The SEMs showed slightly increased over time from baseline to the follow-
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up measurements in the total MS group as well as in each disability subgroups.
PwWMS-L showed larger SEM than the PwMS-H subgroup, which could be
associated with the greater variability of activity performance in patients with
mild disability compared to the patients with moderate disability. The SEM-
based precision estimates showed in general acceptable to great precision.
MCDs and MCD% of physical and gait parameters showed that maximum
walking speed required the smallest change in comparison to mean walking
speed, number of steps and MVPA. Between-phases MDCs for walking speed
was 0.2m/s for overall sample, and 0.5m/s, 0.3m/s for PwWMS-L and PwMS-H,
respectively. Moreover, MCD% showed that a change between 32% and 37%
represents a meaningful change in PwMS-L, whereas, the meaningful change in
PwWMS-H ranges from 15% to 24%. These results suggest the consideration of
walking speed to measure responsiveness to change over time because of useful
MDC scores in PwWMS. Greater changes were found in number of steps and
MVPA. Between-phases MDC% ranged from 28% to 42% (number of steps)
and from 35% to 46% (MVPA) when considering all patients. Similar to
walking speed, MDC% of number of steps were greater in PwMS-L compared
to PWMS-H. The MDCs values are clinically useful because they might help to
determine necessary amount of change a repeated measurement would need to
differ from initial value in order to be considered as a true change. Therefore,
the MDCs value reported in this work may also be incorporated into clinical
decision making. Long-term monitoring of motor and gait parameters offers the
opportunity to comprehensively assess the pattern of behavioral change across
prolongs periods of time. This information may assist in the process of clinical
decision making in the context of neurological rehabilitation and intervention
and thus help to eventually improve the patient’s quality of life.

Observations and findings from the first study shed a light on using the
accelerometer as a tool to determine the benefit of medical treatments and
interventions. While currently no other objective ambulatory system exists to
detect the response to treatment, the home-based system and algorithms
developed in this work were employed to classify PwWMS as responder (R) or
non-responder (NR) according to the changes in their gait pattern and physical
behavior in response to fampridine treatment. Parameters were collected in two
phases; pre-treatment and post-treatment. Pre-treatment phase lasted for one
week, whereas, post-treatment phase lased for 2 weeks. In total, data of 21 days
of free-living activities of 22 PwMS were gathered. First of all, the developed
algorithms were applied on the data of the pre- and post-treatment phase (phasel
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and phase2, respectively) and the resulted parameters were analyzed. Then, the
effect of the treatment on each parameter was investigated. In this work, two
different machine learning algorithms were applied to investigate the response to
the treatment. Differences in gait parameters between phasel and phase2 in both
R and NR groups were tested. Significant improvement in all gait parameters
was observed in R group; p<0.05 for asymmetry, step length, energy
concentration and peak frequency, whereas walking speed and number of steps
had significant value of p<0.01. In comparison to R group, gait parameters in
NR group did not report any significant differences between phasel and phase2.
Decision tree and SVM classifiers were then applied to classify the patients
based on the changes in their gait parameters. The results showed that it is
possible to reach a high sensitivity (80%) and specificity (75%) using
ambulatory assessment of changes in motor and gait parameters.

User acceptance analysis showed that there is a possibility to apply telemedicine
technologies in real world. Telemedicine technology can also have a positive
impact on the patient’s behavior (e.g. stay active) when it is feasible, reliable
and easy to use. Therefore, factors like usefulness and easy-to-use do influence
the acceptance of the new technology.

The general result of this dissertation can be concluded as: The design,
validation and clinical application of Home-based monitoring system and
algorithmic methods for objectively monitoring and quantifying changes in
motor and walking ability with wearable sensors. Walking ability was quantified
and analyzed by extracting relevant gait parameters in individuals who suffer
from activity and gait disorder while performing their daily activities. In this
work the focus was on patients with multiple sclerosis.

8.2 Outlook and Future Work

The measurement system developed in this work can be used as a tool capable to
record, assessed and analysed the main and important changes in walking ability
due to disease progress or even as response to a certain treatment. The next
logical step is to perform the analysis online, to collect high number of data in
order to improve the accurate of the detection of treatment effect.

8.2.1 Adherence

One main challenging problem in PwMS is the long-term adherence to therapy.
As emphasized by the World Health Organization (WHO), “Increasing the
effectiveness of adherence interventions may have a far greater impact on the
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health of population than any improvement in specific medical treatments”.
Multiple benefits are associated with treatment adherence that extend beyond a
lower risk of relapses and reduced disability progression. Adherence reduces the
hospitalization and absences from work. These factors can significantly affect
patient’s quality of life.

To promote adherence, healthcare provider should assess patients’ needs and
lifestyles in order to choose the appropriate therapy for each individual patient.
Moreover, an individualized treatment increased patient’s adherence as they will
be motivated by the positive effect of the treatment.

Basically, medication treatment improves patient’s mobility. Additionally, by
staying active patients will be able to strengthen the immune system so that their
body can better handle the disease. Therefore, the combination between
medication and physical therapy can increase patient’s quality of life. Based on
the proposed algorithms and methods developed in this work an adherence index
can be developed. The functionality of the system can be described as follow:
Based on the current situation and needs, and the aimed to-be situation of the
patient, physicians can determine an individual treatment program. Beside
medication treatment an activity program can be also determined and agreed
(e.g. certain number of steps per week). Based on the ambulatory and online
continuously monitoring of the daily motor and walking data the adherence of
the patient can be assessed and analysed, with the aim to keep the patient in the
green zone (Figure 8-1) and to offer him/her the best possible treatment and
hence improve his/her quality of life.
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Medication Adherence Activity Adherence

Yes No
No Yes
Yes Yes

Figure 8-1. Adherence monitoring system

8.2.2 Fall Detection

Fall is a common health concern in multiple sclerosis. While it is not a symptom
of MS per se, it has been found to be associated with disease progress and
quality of life. Because of its frequently in PwMS and the injury it may cause,
fall detection should be included in the ambulatory monitoring system. During
this work, an algorithm for fall detection using one accelerometer attached to the
hip was developed. Data from 16 healthy individuals were collected. Different
types of daily activity were performed, and fall was manipulated. Certain
thresholds for both acceleration and angel were determined. The signal event
was defined as fall when a high acceleration within 0.5 sec as well as changes in
body posture was detected. The developed algorithm showed a SE of 93.75%
and PPV of 83.33%.

Evaluation of the patient’s risk of falling is required to provide adapted
assistance and prevention methods. Normally, this risk is evaluated by using
questionnaires, which have drawbacks such as subjectivity and prone to recall.
Risk can be also evaluated by clinical tests. However, an objective method for
measuring the risk through the monitoring of motor and walking ability is of
great importance. Moreover, the number of fall occurrence has been considered
to be an important indicator for disease degeneration. Therefore, a development
of a reliable system that is capable to automatically report the fall events and to
send automatic alarm when help is needed is very important in clinical research.
Therefore, based on gait parameters and fall detection algorithms developed in
this work risk of fall can be investigated and applied in application for fall
prevention in PWMS.

171






List of Figures

9 List of Figures

Figure 1-1. Global prevalence of Multiple Sclerosis [6] ........ccccvvvevieiieiiiecrinenne. 6
Figure 1-2: Approaches to methods development and evaluation...................... 10
Figure 2-1. Planes of the human body movement ([18] modified)..................... 13
Figure 2-2. Human skeletal system ([19] modified) .........cccoocvviiniiiniiiiniinnnn, 14
Figure 2-3. Main skeletal muscles - front view (a) and back view (b)(
[20]SIMPIITIEA) ....eeeeeiecec e 16
Figure 2-4. Major divisions of the nervous system and their subdivisions ([21]

20 [ (=0 | ISP 18
Figure 2-5. Structure of a normal neuron [22] ........cccooveviieiieiiecie e, 19
Figure 2-6. Interaction of neural structures involved in the control of the
movement ([22] MOITIed) ........covveiie e 20
Figure2-7. Phases of the human gait [24] ... 21
Figure 2-8. Healthy nerve and Multiple Sclerosis affected nerve [5]................. 24
Figure 2-9. a) Different clinical types of the disease MS, b) Frequency of MS

10 O L= T 1A SRS 26
Figure 2-10. Rank of most important bodily functions in early and late MS [37]
............................................................................................................................. 30
Figure 3-1. Some of the many fundamental techniques required to develop
IMEMS [42] ..ottt ettt e e e re e enneanes 34
Figure 3-2. Various application domains of MEMS ([43] modified)................. 35
Figure 3-3. Transducer as a part of complex sensor ([44] modified) ................. 36
Figure 3-4. A simple acceleration [45] ......ccccovveiieiie i 37
Figure 3-5. Capacitive acceleration Sensor [46].......c.ccccevveviieiiiciieiievie e, 38
Figure 3-6. Piezoresistors accelerometer [46]........cccoevvevieiieiii i 39
Figure 3-7. A GYIOSCOPE [A7] ueeieeiieiie e see st sree e 40
Figure 3-8. Vibration Microgyroscopes (a) [48], Coriolis Effect (b) [49] ......... 41
Figure 3-9. Absolute (right) and differential (left) pressure sensor [44] ............ 42
Figure 3-10. Piezoresistors in the silicon diaphragm [44] ......cccoevvviviiviiiieinnn, 43
Figure 3-11. Capacitive pressure Sensor [48].......cccccvvveiieiiiesie i 44
Figure 3-12. General graphical representation of a decision tree ....................... 50
Figure 3-13. Binary decision tree (CART) .ooocvieiiiiniese e 51
Figure 3-14. Linear Support Vector Machine ...........cccocvvvevivnieinene e 53
Figure 4-1. Force Platform AMIT force plat [82].......cccooviiiiiniiiiiiice 60
Figure 4-2. Most frequently used gait analysis technologies and systems [82] .61
Figure 4-3. Spring-level pedOmMELEr ........ccooiviiiiiiie e 63

173



List of Figures

Figure 4-4. PiezoeleCtric PEAOMELEN .......c.covieiii e 63
Figure 4-5. Brainquiry Wireless EMG/EEG/ECG system (right [82]), Simplified
scheme of the surface electrodes (left [L103]) ....ccovvvviriiiiiieiiiecee e 66
Figure 4-6. Schematic of SEMG System [105] .......cccocveviiiieiiecie e, 67
Figure 4-7. Xsens-Motion tracking system [119] ........ccccooevieiiiiii i, 71
Figure 4-8. In-shoe plantar pressure analysis system [121]......c.ccccccecveviveiiiennnnn, 72
Figure 5-1: Main steps of an objective monitoring system of health condition of
PWIMS ettt et e te et e teene e reenes 77
Figure 5-2: Principle SyStem COMPONENL..........coiviriiiiiieriesee e 79
Figure 5-3. Block diagram of the triaxial acceleration sensor (move II)
(MOTITIEA) ... re e 85
Figure 5-4. Data collection and proCessing..........cccuvueevueereeieesieesieeseeseeseesnens 85
Figure 5-5. System activity diagram ..........cccocveiiiiii i 86
Figure 5-6. System architecture- Patient-Software...........c.cccceveeivevi e, 89
Figure 5-7. User Interface - Patient-Software ..o 90
Figure 5-8. System architecture- Physician-Software...........cccccccovvveviveviniinnnn, 92
Figure 5-9. User Interface- Physician-Software............ccccoviinniiniencsien 95
Figure 5-10. Approaches for gait features extraction and analysis.................... 97
Figure 5-11. SVR estimation model............cccoocveviiiiiiii i 100
Figure 5-12. Correlation between acceleration gap and walking speed ........... 100
Figure 5-13. Example of feature extraction (energy) for 3 seconds acceleration

] 0 = LSRRI 102
Figure 5-14. Entire process to select features and model parameters............... 103
Figure 5-15. Walking speed estimation in PwMS - Clinical test...................... 107
Figure 5-16. Step detection algorithm- Flowchart...........c.ccccoeveiiiicciecnnne, 109
Figure 5-17. a) Raw acceleration signal, b) Filtered signal, c¢) Detected steps.110
Figure 5-18. Step time for left (blue) and right (red) foot............cccccovveivvennnnee. 112
Figure 5-19. Gait phases in acceleration signal [149].........cccccooeviiiiiiieiineenne, 113
Figure 5-20. Swing and Stand time - right foot ...........cccooovviiiviivin e, 114
Figure 5-21. Calculation of the gait asymmetry iNdiCesS.........ccccevvvrivvrrvnrenann. 114
Figure 5-22. Identification of left and right Steps ........cccccovvvivevievieiie e 115
Figure 5-23. Determination of step time asymmetry indeX ..........cccccceevvevnnnee. 116
Figure 5-24.Determination of swing phase ratio asymmetry indeX.................. 117
Figure 5-25. Step time asymmetry index in PwMS and healthy control.......... 119
Figure 5-26. Swing time ratio asymmetry index in PwMS and healthy control
........................................................................................................................... 120
Figure 5-27. Peak frequency extraction algorithm............ccoccoviiinniiinncnnn, 123

174



List of Figures

Figure 5-28. Energy concentration extraction algorithm ............ccccoeevvivinnne. 124
Figure 5-29. One step wavelet decomposition - d is details and a is

18] 0] €000 LA o LTRSS 125
Figure 5-30. Ten level wavelet decomposition tree.........cccocceevveieeiiecce e, 126
Figure 5-31. Comparison of different decomposition level..........c...cccccvvenneee. 128
Figure 5-32. Peak frequency comparison between mild and moderate subgroups
........................................................................................................................... 129
Figure 6-1. 10-meter clinical walking test ..........cccovvvviiiiiiieece e 132
Figure 6-2. SENSOI POSITION ......ocveeiieiieiie e 133
Figure 6-3. MeasuremMeNnt PrOCESS .......cevverueerieeriieseeseeseesieeseeesessreessaeaneeenees 134
Figure 6-4. Changes in steps /day in PwMS (exemplified for one patient)...... 138
Figure 6-5. Changes in mean walking speed in PwMS (exemplified for one

O L T=] 1 ) RSP SRP 139
Figure 6-6. Changes in maximum walking speed in PwWMS (exemplified for one
0L LA T=] 1 ) PSR 139
Figure 6-7. Difference between PWMS-L and PWMS-H..........c.ccooovvvvivinnnee. 142
Figure 6-8. Mean values of the questionnaires' results - Set 1..........cccccceevrnnee. 149
Figure 6-9. Mean values of the questionnaires' results - Set 2............c.ccccveee. 150
Figure 6-10. Mean values of the questionnaires' results - Set 3............ccccu.ee. 151
Figure 6-11. Mean values of the questionnaires' results - Set 4............c.c........ 151
Figure 6-12. Mean values of the questionnaires' results - Set 5............ccccv..... 152
Figure 7-1. Process of gait parameters extraction (a); Example of signal segment
with activity classification (D) ..o 158
Figure 7-2. Gait parameters in response to the treatment (Responder) ............ 159
Figure 7-3. Gait parameters in response to the treatment (Non-Responder).... 160
Figure 7-4. Process of the classification approach...........cccccccevvevieeiiccicccinenee, 162
Figure 7-5. Classification of responder and non-responder patients using SVM
ClASSITIET ... et 162
Figure 7-6. Classification of responder and non-responder patients using CART
(08 1 1 USSR 163
Figure 8-1. Adherence monitoring SYSteM ......cccocveviieiiriie e 171

175






List of Tables

10 List of Tables

Table 2-1. Type of body MUSCIES........ccoeiiieiecec e 16
Table 2-2. Temporal parameters of Stride ..o 23
Table 2-3. Expanded Disability Status Scale EDSS ..........c..ccccooveviivcicecinene, 28
Table 4-1. Commonly used wearable sensor to assess physical activity and gait
OL2 L1 1= (=] PP 62
Table 4-2. Pedometers - Commercial types ([95], modified) .........cccocvvvvrnnnne. 64

Table 4-3. Summarizes of different accelerometer types ( [116], modified) ..... 70
Table 4-4. Summary of clinical studies that used wearable sensor to assess

physical activity and gQait...........cccceeieiiiiie e 73
Table 5-1. Comparison of main technologies for ambulatory gait analysis....... 81
Table 5-2. Individuals' CharaCteristiCs...........covevveiieiieiie e 99
Table 5-3. Estimation error of different datasets ..........ccccccoevviivieviciiciiee, 104
Table 5-4. Mean square error and svRatio of different feature combinations
(General model, Jogging Model and Walking model)..........cocooveiiiciinennnn, 104
Table 5-5. Mean square error and percentage mean square error of the
eStIMAtION MOEIS........eeiie et 106
Table 5-6. Sensitivity and positive predictive value of step detection - walking
and JOOQING ACHIVITIES .....cvveiieiieeiic ettt 111
Table 5-7. Characteristics of patient and healthy control groups ..................... 117

Table 5-8. Gait asymmetry differences between PwMS and healthy control .. 119
Table 5-9. Comparison between both patients' subgroups regarding energy

concentration and peak frequency (mean, SD and p-value) ..........cccccoevvenene. 129
Table 6-1. Patients' CharaCteriStiCS ........ccvviviiieiieieeee e 135
Table 6-2. Differences between disability subgroups.........c.ccccevvevieiiiiennn 140

Table 6-3. Bivariate relationships between ambulatory parameters and EDSS 143
Table 6-4. ICC, SEM, MDC and MDC % for ambulatory parameters of overall
PALIENTS' GIOUP...c.veiiiieeie ettt ettt st e e e te e s reesneeanaeeteesree e 145
Table 6-5. ICC, SEM, MDC and MDC % for ambulatory parameters of patients’
subgroups. Comparison of changes from baseline (M1) to follow-up

MNEASUIEIMEINTS. 1ttt e e e e s s s bbb e e e e e e e e e e s snanrneees 154
Table 6-6. Gait parameters and MVPA MET level in patients with MS and
diSabIItY SUDGIOUPS....cc.viiiieii e 155
Table 7-1. Classification results using SVM with different parameters’

(070] 0] o1 g =L [0 1RSSR 163

177



List of Tables

Table 7-2. Classification results using CART with different parameters'

combinations

178



References

11 References

1.

10.

11.

12,

179

Shammas L, Bachis S, Anastasopoulou P, Zentek T, Schlesinger S, Hey S
(Eds): Assessment der Mobilitat im Alltag zur Unterstiitzung von MS-
Patienten. Hamburg. Volume 15: Feldhaus, Ed. Czwalina; 2012.

Young AS, Chaney E, Shoai R, Bonner L, Cohen AN, Doebbeling B, Dorr
D, Goldstein MK, Kerr E, Nichol P, Perrin R: Information Technology to
Support Improved Care For Chronic IlIness. J Gen Intern Med 2007,
22:425-430.

Miller JR: The importance of early diagnosis of multiple sclerosis. J
Manag Care Pharm 2004, 10:54-11.

R. Kempcke, T. Schulthei,S. Sobek,K. Thomas,L. Shammas,Stefan Hey, T.
Zentek,A. Rashid, T. Ziemssen: Measurement of daily mobility under
fampridine-therapy with Movisens-system in patients with multiple
sclerosis 2012.

Hoffmann FA, Faiss J, Kéhler W, Schmidt RM: Multiple Sklerose. 5th
edition. Munich: Elsevier Urban & Fischer; 2012.

Atlas of MS | MS International Federation [http://www.msif.org/about-
us/advocacy/atlas/].

Bethoux F, Bennett S: Evaluating Walking in Patients with Multiple
Sclerosis: Which Assessment Tools Are Useful in Clinical Practice? Int J
MS Care 2011, 13:4-14.

Klaren RE, Motl RW, Dlugonski D, Sandroff BM, Pilutti LA: Objectively
quantified physical activity in persons with multiple sclerosis. Arch Phys
Med Rehabil 2013, 94:2342-2348.

Ellis T, Motl RW: Physical activity behavior change in persons with
neurologic disorders: overview and examples from Parkinson disease
and multiple sclerosis. J Neurol Phys Ther 2013, 37:85-90.

Meyer-Moock S, Feng Y, Maeurer M, Dippel F, Kohlmann T: Systematic
literature review and validity evaluation of the Expanded Disability
Status Scale (EDSS) and the Multiple Sclerosis Functional Composite
(MSFC) in patients with multiple sclerosis. BMC neurology 2014, 14:58.
Uitdehaag, Bernard M J: Clinical outcome measures in multiple sclerosis.
Handbook of clinical neurology 2014, 122:393-404.

Motl RW, McAuley E, Wynn D, Suh Y, Weikert M, Dlugonski D:
Symptoms and physical activity among adults with relapsing-remitting
multiple sclerosis. J Nerv Ment Dis 2010, 198:213-2109.



References

13.

14.

15.

16.

17.

18.

19.

20.

21,

22,
23.

24,

25.

26.

180

Sosnoff JJ, Socie MJ, Boes MK, Sandroff BM, Motl RW: Does a waist-
worn ActiGraph accelerometer quantify community ambulation in
persons with multiple sclerosis? J Rehabil Res Dev 2012, 49:1405-1410.
Shammas L, Zentek T, Haaren B von, Schlesinger S, Hey S, Rashid A:
Home-based system for physical activity monitoring in patients with
multiple sclerosis (Pilot study). Biomed Eng Online 2014, 13:10.
Caspersen CJ, Powell KE, Christenson GM: Physical activity, exercise,
and physical fitness: definitions and distinctions for health-related
research. Public Health Rep 1985, 100:126-131.

Medicine A, Swain DP, Brawner CA: ACSM's Resource Manual for
Guidelines for Exercise Testing and Prescription: Wolters Kluwer Health;
2012.

Ainsworth BE, Haskell WL, Herrmann SD, Meckes N, Bassett, David R Jr,
Tudor-Locke C, Greer JL, Vezina J, Whitt-Glover MC, Leon AS: 2011
Compendium of Physical Activities: a second update of codes and MET
values. Med Sci Sports Exerc 2011, 43:1575-1581.

Sherwood L: Human physiology: From cells to systems. 8th edition. Pacific
Grove: Brooks Cole; 2012.

Muscolino JE: Kinesiology: The skeletal system and muscle function. 2nd
edition. St. Louis, Mo.: Mosby/Elsevier; 2011.

Booth KA, Whicker L, Wyman TD: Medical assisting: Administrative and
clinical procedures including anatomy and physiology. 5th edition. New
York: McGraw-Hill; 2014.

Bear MF, Connors BW, Paradiso MA: Neuroscience: Exploring the brain.
3rd edition. Philadelphia, PA: Lippincott Williams & Wilkins; 2007.
Siegel A, Sapru HN, Siegel H: Essential neuroscience.

Kuo AD: The relative roles of feedforward and feedback in the control
of rhythmic movements. Motor Control 2002, 6:129-145.

Rose J, Gamble JG: Human walking. 3rd edition. Philadelphia: Lippincott
Williams & Wilkins; 2006.

Tintore M, Rovira A, Martinez MJ, Rio J, Diaz-Villoslada P, Brieva L,
Borras C, Grive E, Capellades J, Montalban X: Isolated demyelinating
syndromes: comparison of different MR imaging criteria to predict
conversion to clinically definite multiple sclerosis. AJNR Am J
Neuroradiol 2000, 21:702-706.

Polman CH, Reingold SC, Banwell B, Clanet M, Cohen JA, Filippi M,
Fujihara K, Havrdova E, Hutchinson M, Kappos L, Lublin FD, Montalban



References

217,

28.

29.

30.

31.
32,

33.

34,

35.

36.

37.

38.

39.

181

X, O'Connor P, Sandberg-Wollheim M, Thompson AJ, Waubant E,
Weinshenker B, Wolinsky JS: Diagnostic criteria for multiple sclerosis:
2010 revisions to the McDonald criteria. Ann Neurol 2011, 69:292-302.
Pietrangelo A: Multiple Sclerosis by the Numbers: Facts, Statistics, and
You [http://www.healthline.com/health/multiple-sclerosis/facts-statistics-
infographic].

Calabrese M, Rocca MA, Atzori M, Mattisi |, Bernardi V, Favaretto A,
Barachino L, Romualdi C, Rinaldi L, Perini P, Gallo P, Filippi M: Cortical
lesions in primary progressive multiple sclerosis: a 2-year longitudinal
MR study. Neurology 2009, 72:1330-1336.

Kurtzke JF: Rating neurologic impairment in multiple sclerosis: an
expanded disability status scale (EDSS). Neurology 1983, 33:1444-1452.
Goodin DS: Multiple Sclerosis and Related Disorders. Amsterdam: Elsevier
Science; 2014 [Handbook of Clinical Neurology, vol. 122].

Goodkin DE: EDSS reliability. Neurology 1991, 41:332.

Amato MP, Portaccio E: Clinical outcome measures in multiple sclerosis.
J Neurol Sci 2007, 259:118-122.

World Health Organization: Global Recommendations on Physical
Activity for Health.

Hemmett L, Holmes J, Barnes M, Russell N: What drives quality of life in
multiple sclerosis? QJM 2004, 97:671-676.

Goldman MD, Marrie RA, Cohen JA: Evaluation of the six-minute walk
in multiple sclerosis subjects and healthy controls. Mult Scler 2008,
14:383-390.

Motl RW, McAuley E, Sandroff BM: Longitudinal change in physical
activity and its correlates in relapsing-remitting multiple sclerosis. Phys
Ther 2013, 93:1037-1048.

Heesen C, Bohm J, Reich C, Kasper J, Goebel M, Gold SM: Patient
perception of bodily functions in multiple sclerosis: gait and visual
function are the most valuable. Mult Scler 2008, 14:988-991.

Motl RW, Snook EM, Schapiro RT: Neurological Impairment as
Confounder or Moderater of Association Between Symptoms and
Physical Activity in Multiple Sclerosis. International Journal of MS Care
2008, 10:99-105.

Gulick EE: Emotional distress and activities of daily living functioning
in persons with multiple sclerosis. Nurs Res 2001, 50:147-154.



References

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.
51,

52,

53.

54,

182

Snook EM, Motl RW: Physical activity behaviors in individuals with
multiple sclerosis: roles of overall and specific symptoms, and self-
efficacy. J Pain Symptom Manage 2008, 36:46-53.

Givon U, Zeilig G, Achiron A: Gait analysis in multiple sclerosis:
characterization of temporal-spatial parameters using GAITRite
functional ambulation system. Gait Posture 2009, 29:138-142.

Gardner JW, Varadan VK, Awadelkarim OO: Microsensors, MEMS, and
smart devices. Chichester, New York: J. Wiley; ©2001.

Choudhary V, Iniewski K: MEMS: Fundamental technology and
applications. Boca Raton: CRC Press; 2013 [Devices, circuits, and systems].
Fraden J: Handbook of modern sensors: Physics, designs, and applications.
4th edition. New York, N.Y.: Springer; 2010.

Titterton D, Weston JL, Institution of Electrical Engineers: Strapdown
Inertial Navigation Technology, 2nd Edition: Institution of Engineering and
Technology; 2004.

Elwenspoek M, Wiegerink R: Mechanical Microsensors. Berlin,
Heidelberg: Springer Berlin Heidelberg; Imprint; Springer; 2001
[Microtechnology and MEMS, 1615-8326].

MEMS Application Overview.

Hsu TR: MEMS & Microsystems: Design, Manufacture, and Nanoscale
Engineering: Wiley; 2008.

Yazdi N, Ayazi F, Najafi K: Micromachined inertial sensors. Proc. |IEEE
1998, 86:1640-1659.

Leon FP, Kiencke U, Jakel H: Signale und Systeme: De Gruyter; 2011.
Cohen L: Generalized Phase-Space Distribution Functions. J. Math.
Phys. 1966, 7:781.

Martin E: Novel method for stride length estimation with body area
network accelerometers. In 2011 IEEE Topical Conference on Biomedical
Wireless Technologies, Networks, and Sensing Systems (BioWireleSS):79-
82.

Safrit MJ, Wood TM: Measurement concepts in physical education and
exercise science: Human Kinetics Books; 1989.

Weir JP: Quantifying test-retest reliability using the intraclass
correlation coefficient and the SEM. Journal of strength and conditioning
research / National Strength & Conditioning Association 2005, 19:231-240.



References

55.

56.

57,

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

183

American Educational Research Association: Standards for educational and
psychological testing. Washington, DC: American Psychological
Association; ©1985.

Guyatt G, Walter S, Norman G: Measuring change over time: assessing
the usefulness of evaluative instruments. J Chronic Dis 1987, 40:171-178.
Rokach L: Data Mining with Decision Trees: Theory and Applications:
World Scientific Publishing Company Pte Limited; 2007.

Breiman L, Friedman J, Stone CJ, Olshen RA: Classification and
Regression Trees: Taylor & Francis; 1984.

Vapnik VN: The nature of statistical learning theory. 2nd edition. New
York: Springer; ©2000 [Statistics for engineering and information science].
Smola AJ, Schélkopf B: A tutorial on support vector regression. Statistics
and Computing 2004, 14:199-222.

Rietberg MB, van Wegen, Erwin E H, Kollen BJ, Kwakkel G: Do Patients
With Multiple Sclerosis Show Different Daily Physical Activity Patterns
From Healthy Individuals? Neurorehabilitation and neural repair 2014,
28:516-523.

Wu N, Minden SL, Hoaglin DC, Hadden L, Frankel D: Quality of life in
people with multiple sclerosis: data from the Sonya Slifka Longitudinal
Multiple Sclerosis Study. J Health Hum Serv Adm 2007, 30:233-267.
Sandroff BM, Dlugonski D, Weikert M, Suh Y, Balantrapu S, Motl RW:
Physical activity and multiple sclerosis: new insights regarding
inactivity. Acta Neurol Scand 2012, 126:256-262.

Kosma M, Ellis R, Bauer JJ: Longitudinal changes in psychosocial
constructs and physical activity among adults with physical disabilities.
Disabil Health J 2012, 5:1-8.

Abraham TL, Arizona State University: Comparison of Accelerometers and
a Self-report Record: Arizona State University; 2009.

Westerterp KR: Assessment of physical activity: a critical appraisal. Eur
J Appl Physiol 2009, 105:823-828.

Barnett C, Wilson G, Barth D, Katzberg HD, Bril V: Changes in quality of
life scores with intravenous immunoglobulin or plasmapheresis in
patients with myasthenia gravis. J Neurol Neurosurg Psychiatry 2013,
84:94-97.

Csizmadi I, Lo Siou G, Friedenreich CM, Owen N, Robson PJ: Hours spent
and energy expended in physical activity domains: results from the



References

69.

70.

71.

72,

73.

74.

75.

76.

77,

78.

79.

184

Tomorrow Project cohort in Alberta, Canada. Int J Behav Nutr Phys Act
2011, 8:110.

Rikli RE: Reliability, validity, and methodological issues in assessing
physical activity in older adults. Res Q Exerc Sport 2000, 71:S89-96.
Ainslie P, Reilly T, Westerterp K: Estimating human energy expenditure:
a review of techniques with particular reference to doubly labelled
water. Sports Med 2003, 33:683-698.

Tudor-Locke CE, Myers AM: Challenges and opportunities for
measuring physical activity in sedentary adults. Sports Med 2001, 31:91-
100.

Esliger DW, Tremblay MS: Physical activity and inactivity profiling: the
next generation. Can J Public Health 2007, 98 Suppl 2:5195-207.

Motl RW, McAuley E, DiStefano C: Is social desirability associated with
self-reported physical activity? Prev Med 2005, 40:735-739.

Phan-Ba R, Pace A, Calay P, Grodent P, Douchamps F, Hyde R, Hotermans
C, Delvaux V, Hansen I, Moonen G, Belachew S: Comparison of the
timed 25-foot and the 100-meter walk as performance measures in
multiple sclerosis. Neurorehabil Neural Repair 2011, 25:672-679.

Daly JJ, Roenigk K, Holcomb J, Rogers JM, Butler K, Gansen J, McCabe J,
Fredrickson E, Marsolais EB, Ruff RL: A randomized controlled trial of
functional neuromuscular stimulation in chronic stroke subjects. Stroke
2006, 37:172-178.

Garber CE, Friedman JH: Effects of fatigue on physical activity and
function in patients with Parkinson's disease. Neurology 2003, 60:1119-
1124,

Paltamaa J, Sarasoja T, Leskinen E, Wikstrom J, Malkia E: Measuring
deterioration in international classification of functioning domains of
people with multiple sclerosis who are ambulatory. Phys Ther 2008,
88:176-190.

Hobart JC, Riazi A, Lamping DL, Fitzpatrick R, Thompson AJ: Measuring
the impact of MS on walking ability: the 12-1tem MS Walking Scale
(MSWS-12). Neurology 2003, 60:31-36.

Hutchinson B, Forwell SJ, Bennett S, Brown T, Karpatkin H, Miller D:
Toward a Consensus on Rehabilitation Outcomes in MS: Gait and
Fatigue. International Journal of MS Care 2009, 11:67-78.



References

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

185

Potter K, Allen DD, Bennett SE, Brandfass K, Cohen E, Widener GL.:
Multiple Sclerosis Outcome Measures Taskforce. Compendium of
Instructions for Outcomes Measures.

Moeslund TB, Hilton A, Kriiger V: A survey of advances in vision-based
human motion capture and analysis. Computer Vision and Image
Understanding 2006, 104:90-126.

Muro-de-la-Herran A, Garcia-Zapirain B, Mendez-Zorrilla A: Gait analysis
methods: an overview of wearable and non-wearable systems,
highlighting clinical applications. Sensors (Basel, Switzerland) 2014,
14:3362-3394.

Sacco R, Bussman R, Oesch P, Kesselring J, Beer S: Assessment of gait
parameters and fatigue in MS patients during inpatient rehabilitation:
a pilot trial. J Neurol 2011, 258:889-894.

Socie MJ, Motl RW, Pula JH, Sandroff BM, Sosnoff JJ: Gait variability
and disability in multiple sclerosis. Gait Posture 2013, 38:51-55.

Faude O, Donath L, Roth R, Fricker L, Zahner L: Reliability of gait
parameters during treadmill walking in community-dwelling healthy
seniors. Gait Posture 2012, 36:444-448.

Zwecker M: Assessing Special Features of Impaired Gait After Acquired
Brain Injury With an Instrumented Treadmill - Full Text View -
ClinicalTrials.gov [https://clinicaltrials.gov/show/NCT01413321].
Parvataneni K, Ploeg L, Olney SJ, Brouwer B: Kinematic, kinetic and
metabolic parameters of treadmill versus overground walking in
healthy older adults. Clin Biomech (Bristol, Avon) 2009, 24:95-100.
Palleja T, Teixido M, Tresanchez M, Palacin J: Measuring gait using a
ground laser range sensor. Sensors (Basel, Switzerland) 2009, 9:9133-
9146.

Kiss RM, Kocsis L, Knoll Z: Joint kinematics and spatial-temporal
parameters of gait measured by an ultrasound-based system. Med Eng
Phys 2004, 26:611-620.

Bussmann JB, Martens WL, Tulen JH, Schasfoort FC, van den Berg-Emons,
H J, Stam HJ: Measuring daily behavior using ambulatory
accelerometry: the Activity Monitor. Behav Res Methods Instrum Comput
2001, 33:349-356.

Sirard JR, Pate RR: Physical activity assessment in children and
adolescents. Sports Med 2001, 31:439-454.



References

92. Schneider PL, Crouter SE, Bassett DR: Pedometer measures of free-living
physical activity: comparison of 13 models. Med Sci Sports Exerc 2004,
36:331-335.

93. Crouter SE, Schneider PL, Karabulut M, Bassett, David R Jr: Validity of 10
electronic pedometers for measuring steps, distance, and energy cost.
Med Sci Sports Exerc 2003, 35:1455-1460.

94. Chen C, Anton S, Helal A: A Brief Survey of physical activity monitoring
devices.

95. Motl RW, Zhu W, Park Y, McAuley E, Scott JA, Snook EM: Reliability of
scores from physical activity monitors in adults with multiple sclerosis.
Adapt Phys Activ Q 2007, 24:245-253.

96. Motl RW, McAuley E, Snook EM, Scott JA: Accuracy of two electronic
pedometers for measuring steps taken under controlled conditions
among ambulatory individuals with multiple sclerosis. Mult Scler 2005,
11:343-345.

97. Olney SJ, Richards C: Hemiparetic gait following stroke. Part I:
Characteristics. Gait & Posture 1996, 4:136-148.

98. Kinnunen TI, Tennant, Peter W G, McParlin C, Poston L, Robson SC, Bell
R: Agreement between pedometer and accelerometer in measuring
physical activity in overweight and obese pregnant women. BMC public
health 2011, 11:501.

99. Motl RW, Sandroff BM: Objective monitoring of physical activity
behavior in multiple sclerosis. Phys. Ther. Rev. 2010, 15:204-211.

100. Ayrulu-Erdem B, Barshan B: Leg motion classification with artificial
neural networks using wavelet-based features of gyroscope signals.
Sensors (Basel, Switzerland) 2011, 11:1721-1743.

101. Catalfamo P, Ghoussayni S, Ewins D: Gait Event Detection on Level
Ground and Incline Walking Using a Rate Gyroscope. Sensors (Basel)
2010, 10:5683-5702.

102. Luinge HJ, Veltink PH: Inclination measurement of human movement
using a 3-D accelerometer with autocalibration. IEEE transactions on
neural systems and rehabilitation engineering: a publication of the IEEE
Engineering in Medicine and Biology Society 2004, 12:112-121.

103. Garcia, Marco Antonio Cavalcanti, Magalh&es J, Imbiriba LA:
Comportamento temporal da velocidade de conducéo de potenciais de
acao de unidades motoras sob condicdes de fadiga muscular. Rev Bras
Med Esporte 2004, 10.

186



References

104. Neumann DA: Kinesiology of the Musculoskeletal System: Foundations
for Rehabilitation: Elsevier Health Sciences; 2013.

105. Frigo C, Crenna P: Multichannel SEMG in clinical gait analysis: A
review and state-of-the-art. Clinical Biomechanics 2009, 24:236-245.

106. Marras WS: Industrial electromyography (EMG). International Journal
of Industrial Ergonomics 1990, 6:89-93.

107. Grydeland M, Hansen BH, Ried-Larsen M, Kolle E, Anderssen SA:
Comparison of three generations of ActiGraph activity monitors under
free-living conditions: do they provide comparable assessments of
overall physical activity in 9-year old children? BMC sports science,
medicine and rehabilitation 2014, 6:26.

108. Chen KY, Bassett, David R Jr: The technology of accelerometry-based
activity monitors: current and future. Med Sci Sports Exerc 2005,
37:5490-500.

109. Ryan CG, Grant PM, Tighe WW, Granat MH: The validity and
reliability of a novel activity monitor as a measure of walking. Br J
Sports Med 2006, 40:779-784.

110. Mealey A, University of Pittsburgh: Validation of the Bodymedia
SenseWear Pro Armband(reg) to Estimate Energy Expenditure in Severely
Overweight Children During Various Modes of Activity: University of
Pittsburgh; 2008.

111. de Vries, Sanne |, Bakker I, Hopman-Rock M, Hirasing RA, van
Mechelen W: Clinimetric review of motion sensors in children and
adolescents. J Clin Epidemiol 2006, 59:670-680.

112. Welk GJ, McClain JJ, Eisenmann JC, Wickel EE: Field validation of the
MTI Actigraph and BodyMedia armband monitor using the IDEEA
monitor. Obesity (Silver Spring) 2007, 15:918-928.

113. Karabulut M, Crouter SE, Bassett, David R Jr: Comparison of two waist-
mounted and two ankle-mounted electronic pedometers. Eur J Appl
Physiol 2005, 95:335-343.

114. Schmidt AL, Pennypacker ML, Thrush AH, Leiper ClI, Craik RL:
Validity of the StepWatch Step Activity Monitor: preliminary findings
for use in persons with Parkinson disease and multiple sclerosis. J
Geriatr Phys Ther 2011, 34:41-45,

115. Yang C, Hsu Y: A Review of Accelerometry-Based Wearable Motion
Detectors for Physical Activity Monitoring. Sensors (Basel) 2010,
10:7772-7788.

187



References

116. Bello O, Sanchez JA, Lopez-Alonso V, Marquez G, Morenilla L, Castro
X, Giraldez M, Santos-Garcia D, Fernandez-del-Olmo M: The effects of
treadmill or overground walking training program on gait in
Parkinson’s disease. Gait Posture 2013, 38:590-595.

117. hottenroth: Templo Clinical gait analysis.

118. Zhang J, Novak AC, Brouwer B, Li Q: Concurrent validation of Xsens
MVN measurement of lower limb joint angular kinematics.
Physiological measurement 2013, 34:N63-9.

119. Xsens 3D motion tracking [https://www.xsens.com/].

120. Tec Gihan Co., Ltd: M3D Force Plate
[http://www.tecgihan.co.jp/english/p7.htm].

121. Tekscan | Pressure Mapping, Force Measurement, & Tactile Sensors
[http://www.tekscan.com/].

122. Juhani Ruutiainen, Anders Romberg: Physical Activity in Finnish
Persons with Multiple Sclerosis. J Nov Physiother 2013, 3.

123. Dlugonski D, Pilutti LA, Sandroff BM, Suh Y, Balantrapu S, Motl RW:
Steps per day among persons with multiple sclerosis: variation by
demographic, clinical, and device characteristics. Arch Phys Med Rehabil
2013, 94:1534-15309.

124. Weikert M, Suh Y, Lane A, Sandroff B, Dlugonski D, Fernhall B, Mot
RW: Accelerometry is associated with walking mobility, not physical
activity, in persons with multiple sclerosis. Med Eng Phys 2012, 34:590-
597.

125. Lopez-Meyer P, Fulk GD, Sazonov ES: Automatic detection of
temporal gait parameters in poststroke individuals. IEEE Trans Inf
Technol Biomed 2011, 15:594-601.

126. Yang C, Hsu Y, Shih K, Lu J: Real-time gait cycle parameter
recognition using a wearable accelerometry system. Sensors (Basel)
2011, 11:7314-7326.

127. Angunsri N, Ishikawa K, Yin M, Omi E, Shibata Y, Saito T, Itasaka Y
Gait instability caused by vestibular disorders - analysis by tactile
sensor. Auris Nasus Larynx 2011, 38:462-468.

128. Dobkin BH, Xu X, Batalin M, Thomas S, Kaiser W: Reliability and
validity of bilateral ankle accelerometer algorithms for activity
recognition and walking speed after stroke. Stroke 2011, 42:2246-2250.

129. Zampieri C, Salarian A, Carlson-Kuhta P, Nutt JG, Horak FB: Assessing
mobility at home in people with early Parkinson's disease using an

188



References

instrumented Timed Up and Go test. Parkinsonism Relat Disord 2011,
17:277-280.

130. Prajapati SK, Gage WH, Brooks D, Black SE, Mcllroy WE: A novel
approach to ambulatory monitoring: investigation into the quantity and
control of everyday walking in patients with subacute stroke.
Neurorehabil Neural Repair 2011, 25:6-14.

131. Motl RW, McAuley E: Association between change in physical activity
and short-term disability progression in multiple sclerosis. J Rehabil
Med 2011, 43:305-310.

132. Bachlin M, Roggen D, Troster G, Plotnik M, Inbar N, Meidan I, Herman
T, Brozgol M, Shaviv E, Giladi N, Hausdorff JM: Potentials of Enhanced
Context Awareness in Wearable Assistants for Parkinson's Disease
Patients with the Freezing of Gait Syndrome. In 2009 International
Symposium on Wearable Computers (ISWC):123-130.

133. Sant'anna A, Wickstrom N: A symbol-based approach to gait analysis
from acceleration signals: identification and detection of gait events and
a new measure of gait symmetry. IEEE transactions on information
technology in biomedicine: a publication of the IEEE Engineering in
Medicine and Biology Society 2010, 14:1180-1187.

134. Sosnoff JJ, Goldman MD, Motl RW: Real-life walking impairment in
multiple sclerosis: preliminary comparison of four methods for
processing accelerometry data. Mult Scler 2010, 16:868-877.

135. Klassen L, Schachter C, Scudds R: An exploratory study of two
measures of free-living physical activity for people with multiple
sclerosis. Clin Rehabil 2008, 22:260-271.

136. Wong WH, Ishikawa K: Gait Analysis using a Tactile Sensor in
Vertigo and Vestibulospinal Tract Disorders. Equilibrium Res 20009,
68:169-175.

137. HanJ, Jeon HS, Yi WJ, Jeon BS, Park KS: Adaptive windowing for gait
phase discrimination in Parkinsonian gait using 3-axis acceleration
signals. Med Biol Eng Comput 2009, 47:1155-1164.

138. Saremi K, Marehbian J, Yan X, Regnaux J, Elashoff R, Bussel B, Dobkin
BH: Reliability and validity of bilateral thigh and foot accelerometry
measures of walking in healthy and hemiparetic subjects. Neurorehabil
Neural Repair 2006, 20:297-305.

139. Salarian A, Russmann H, Vingerhoets, Francois J G, Dehollain C, Blanc
Y, Burkhard PR, Aminian K: Gait assessment in Parkinson's disease:

189



References

toward an ambulatory system for long-term monitoring. IEEE Trans
Biomed Eng 2004, 51:1434-1443.

140. Simeonsson RJ, Lollar D, Hollowell J, Adams M: Revision of the
International Classification of Impairments, Disabilities, and
Handicaps: developmental issues. J Clin Epidemiol 2000, 53:113-124.

141. Hodt-Billington C, Helbostad JL, Moe-Nilssen R: Should trunk
movement or footfall parameters quantify gait asymmetry in chronic
stroke patients? Gait Posture 2008, 27:552-558.

142. Ozemek C, Kirschner MM, Wilkerson BS, Byun W, Kaminsky LA:
Intermonitor reliability of the GT3X+ accelerometer at hip, wrist and
ankle sites during activities of daily living. Physiological measurement
2014, 35:129-138.

143. Khusainov R, Azzi D, Achumba IE, Bersch SD: Real-Time Human
Ambulation, Activity, and Physiological Monitoring: Taxonomy of
Issues, Techniques, Applications, Challenges and Limitations. Sensors
(Basel) 2013, 13:12852-12902.

144. Marrie R, Horwitz R, Cutter G, Tyry T, Campagnolo D, Vollmer T: High
frequency of adverse health behaviors in multiple sclerosis. Mult Scler
2009, 15:105-113.

145. Panagiota A, Layal S, Stefan H: Assessment of Human Gait Speed and
Energy Expenditure Using a Single Triaxial Accelerometer. In 2012
Ninth International Conference on Wearable and Implantable Body Sensor
Networks (BSN):184-188.

146. Ying H, Silex C, Schnitzer A, Leonhardt S, Schiek M: Automatic Step
Detection in the Accelerometer Signal. In 4th International Workshop on
Wearable and Implantable Body Sensor Networks (BSN 2007). Edited by
Leonhardt S, Falck T, M&honen P. Berlin, Heidelberg: Springer Berlin
Heidelberg; 2007:80-85 [IFMBE Proceedings].

147. Baltadjieva R, Giladi N, Gruendlinger L, Peretz C, Hausdorff JM:
Marked alterations in the gait timing and rhythmicity of patients with
de novo Parkinson's disease. Eur J Neurosci 2006, 24:1815-1820.

148. Patterson KK, Gage WH, Brooks D, Black SE, Mcllroy WE: Evaluation
of gait symmetry after stroke: a comparison of current methods and
recommendations for standardization. Gait Posture 2010, 31:241-246.

149. Hauke Brammer: Untersuchung der Gangasymmetrie bei Patienten
mit Multiple Sklerose anhand von 3D-Beschleunigungssensor.
Bacherlorarbeit. Institue for Information Processing Technology; 2013.

190



References

150. Bortz J, Schuster C: Statistik flir Human- und Sozialwissenschaftler. 7th
edition. Berlin, Heidelberg: Springer-Verlag Berlin Heidelberg; 2010
[SpringerLink: Biicher].

151. Haaren B von, Loeffler SN, Haertel S, Anastasopoulou P, Stumpp J, Hey
S, Boes K: Characteristics of the activity-affect association in inactive
people: an ambulatory assessment study in daily life. Front Psychol
2013, 4:163.

152. Anastasopoulou P, Tansella M, Stumpp J, Shammas L, Hey S:
Classification of human physical activity and energy expenditure
estimation by accelerometry and barometry. Conference proceedings. ...
Annual International Conference of the IEEE Engineering in Medicine and
Biology Society. IEEE Engineering in Medicine and Biology Society. Annual
Conference 2012, 2012:6451-6454.

153. Reza Entezari M, Arash R, Behrouz M: Comparison of Classification
Methods Based on the Type of Attributes and Sample Size. JCIT 2009,
4:94-102.

191






List of Publications

12 List of Publications

Weber, M.; Shammas, L.; Rashid, A. (2017) Technische L6sungsanséatze fir die
Unterstiitzung pflege- und hilfsbedirftiger Menschen im Krisen- und
Katastrophenfall. Notfallvorsorge 3/2017.

Soda, H.; Ziegler, V.; Shammas, L.; Griewing, B.; Kippnich, U.; Keidel, M.;
Rashid, A. (2017) Telemedizinische Voranmeldung in der akuten
Schlaganfallversorgung, Erfahrungen der Stroke-Angel-Initiative von 2004 bis
heute: Der Nervenarzt 88(2), pp. 120-129.

Rashid, A.; Shammas, L.; Marte, J.; Helm, K.; Bottler, N.; Griewing, B.; Soda,
H. (2017) Digitale Patientenaufklarung auf dem Tablet. Management und
Krankenhaus 07/2017.

Rashid, A.; Laufer, J.; Shammas, L.; Marquardt, K et al. (2017) Digitale
Transformation von Dienstleistungen im Gesundheitswesen |- Impulse fur die
Versorgung. Digitalisierte Gesundheitsnetzwerke mit Telemedizin: Produktive
Netzwerkmedizin am Beispiel Schlaganfall. Pfannstiel MA, Da-Cruz P, Mehlich
H (Hrsg.) Gabler Verlag, 2017, pp. 41-57.

Weber, M.; Shammas, L.; Rashid, A. (2017) Technische Lo6sungen fur den
Katastrophenfall: Die Unterstiitzung pflege- und hilfsbedirftiger Menschen. IM
EINSATZ 04/2017. pp. 47-49.

Rashid A.; Dresbach, S.; Helm, K.; Griewing, B.; Soda, N.; Shammas, L.;
Nevermann, S.; Soda, H. (2016): Tele-AID: Telemedizinische Versorgung von
Fluchtlingen durch Arzte mit Migrationshintergrund. Tagungsband der Telemed
2016, S. 163-172.

Rashid, A.; Soda, H.; Shammas, L. (2016) Im Notfall vernetzt. E-HEALTH-
COM 6/2016. Offenbach, pp. 48-50.

Soda, H.; Shammas, L.; Griewing, B.; Rashid, A. (2016). 4-ltem Stroke Scale
(4iss) - prehospital notification scale for stroke patients. European Stroke
Conference 2016.

Shammas L., von Haaren B., Kunzler K., Zentek T., Rashid A. Detection of
Parameters to Quantify Neurobehavioral Alteration in Multiple Sclerosis Based
on Daily Life Physical Activity and Gait Using Ambulatory Assessment.
Zeitschrift fir Neuropsychologie; 25(4):253-265, 2014

193



List of Publications

Shammas L., Zenteck T., von Haaren B., Schlesinger s., Hey S., Rashid A.
Home-based system for physical activity monitoring in patients with multiple
sclerosis (Pilot study). BioMedical Engineering OnLine; 13(1):10, 2014

Shammas L., von Haaren B., Zentek T., Rashid A. Erfassung von korperlicher
Aktivitat und Bewegungsféhigkeit mit mobiler Akzelerometrie bei Personen mit
Multipler Sklerose. In: WOAR 2014 - Proceedings of the Workshop on Sensor-
based Activity Recognition. 2014, S. 69-79, Fraunhofer Verlag. ISBN: 978-3-
8396-0792-3.

Rashid A., Shammas L., Zentek T., Dresbach, S.: Telemedizin und MS -
Mobilitat messen und mobil bleiben. In: Lidwina, S. 26-29. 2014. Online
verfligbar unter https://www.ms-gateway.de/themen/gesellschaft/telemedizin-
und-ms-348.htm.

Shammas, L., Schlesinger, S., Griewing, B., Rashid, A. MS Nurses:
Telemedizinisches Aktivitatsmonitoring zur Unterstiitzung von Patienten mit
Multiple Sklerose. In: SpektrumTelemedizin Bayern BTA, 2014

von Haaren, B., Stumpp, J., Shammas, L., Hey, S. & B0s, K. Einfluss leichter
Alltagsaktivitat auf die Stimmung von Inaktiven. Vortrag auf der 46.
Jahrestagung der asp. In R. Frank, I. Nixdorf, F. Ehrlenspiel, A. Geipel, A.
Morneli & J. Beckmann (Hrsg.) Performing under pressure Internationales und
Interdisziplindres Symposium: 46. Jahrestagung der Arbeitsgemeinschaft fir
Sportpsychologie (asp) & Art in Motion 2014 vom 29.-31.5.2014 in Minchen.
Hamburg: Feldhaus.

von Haaren, B., Stumpp, J., Shammas, L., Hey, S. & Ebner Priemer, U. (2014).
Effects of light physical activities on inactive students” mood in daily life: an
ambulatory assessment study. Presentation held at the 19th annual congress of
the European College of Sports Science, Amsterdam, Netherlands

Shammas L., Bachis S., Anastasopoulou P., Zentek T., Schlesinger S., Hey S.
Assessment der Mobilitdt im Alltag zur Unterstiitzung von MS-Patienten
In 15. Jahrestagung der dvs-Kommission Gesundheit 2012

Anastasopoulou P., Shammas L., Hey S. Assessment of Human Gait Speed and
Energy Expenditure using a Single Triaxial Accelerometer. Proceedings of the
IEEE 9th International Conference on Wearable and Implantable Body Sensor
Networks (BSN) London, UK, 2012.

194



List of Publications

Anastasopoulou P., Tansella M., Stumpp J., Shammas L., Hey S. Classification
of Human Physical Activity and Energy Expenditure Estimation by
Accelerometery and Barometry. Proceedings of the IEEE 34th Annual
International Conference of the Enginnering in Medicine and Biology Society
(EMBC). San Diego, USA, 2012.

Schlesinger S., Rashid A., Shammas L., Zentek T., Stieglitz S., Go6tz-Jackman
A., und Griewing B. Bewertung der Mobilitat bei Patienten mit Multiple
Sklerose mithilfe von mobiler Accelerometrie. DGN 2012

R. Kempcke, T. Schultheil, S. Sobek, K. Thomas, L. Shammas, S. Hey, T.
Zentek, A. Rashid, T. Ziemssen. Measurement of daily mobility under
fampridine-therapy with movisens-system in patients with multiple sclerosis. In
(2012) in: 28th European Committee for Treatment and Research in Multiple
Sclerosis (ECTRIMS)

Shammas L., Zentek T., Anastasopoulou P., Rashid A., Hey S. Multi-parameter
activity monitoring system to support patients with multiple sclerosis. In 45.
Jahrestagung der DGBMT 2011

Zentek T., Shammas L., Anastasopoulou P., Schwende A., Schlesinger S., Hey
S., Rashid A. Assessment der Mobilitat mithilfe von Beschleunigungssensoren
und Assistenzsoftware bei Multiple Sklerose Patienten. Deutsche Gesellschaft
fir Medizinische Informatik, Biometrie und Epidemiologie 2011

Anastasopoulou P., Shammas L., Stumpp J., von Haaren B., Hey S. A new
method to estimate energy expenditure using accelerometry and barometry-
based energy models. Proceedings of the 54th Jahrestagung der Deutschen
Gesellschaft fir Biomedizinische Technik im VDE (DGBMT), Freiburg,
Germany, 2011.

Shammas, L. Mobiles Aktivitdtsmonitoring von Multiple Sklerose Patienten;
Vortrag beim Medica Nachwuchpreis, Disseldorf 2010

Kunze C., Rodriguez D., Shammas L., Chandra-Sekaran A.K., Weber B.
Nutzung von Sensornetzwerken und mobilen Informationsgeraten fur die
Situationserfassung und die Prozessunterstitzung bei Massenanféllen von
Verletzten Proceedings der 39. Jahrestagung der Gesellschaft fur Informatik
(INFORMATIK 2009), Lecture Notes in Informatics, Vol P-154, GI, Bonn,
2009

195



List of Publications

Chandra-Sekaran A.K., Nwokafor A., Shammas L., Kunze C., Mueller-Glaser
K.D. A Disaster Aid Sensor Network using ZigBee for Patient Localization and
Air Temperature Monitoring International Journal On Advances in Internet
Technology, vol 2 no 1, 2009.

196



List of Supervised Student Theses

13 List of Supervised Student Theses

L. Heller, “3D-Druck in der Klinik“ Masterarbeit. Max-Schaldach-
Stiftungsprofessur fur Biomedizinische Technik, Studiengang Medizintechnik —
Friedrich-Alexander-Universitat Erlangen-Nurnberg, 2017

A. Partheymuller, “Handlungsempfehlung fir die Konzeption eines
Versorgungsmodells im Rahmen des Projekts ,MoVo“ — Eine
Primardatenanalyse auf Grundlage von Interviews mit Akteuren und Patienten
im neurologischen Bereich® Masterarbeit. Fakultdt Gesundheits- und
Pflegewissenschaften, Studiengang Gesundheitswissenschaften —
Westsachsische Hochschule Zwickau, 2017

M. Sazinger, ‘“Automatische Text-Kategorisierung fir ein Patienten-
Informationssystem* Masterarbeit. Fakultat fir Wirtschaftswissenschaften,
Studiengang Informatik - Karlsruher Institut fir Technologie (KIT), 2016

P. Kabus, “Konzeption und Evaluation von GPS Systemen im Kontext der
Pflege dementer Menschen”. Bachelorarbeit. Fakultdat fir Informatik,
Studiengang Informatik — Karlsruher Institut fir Technologie (KIT), 2016

S. Reiner, “Entwicklung und Evaluierung von Mobile Cross Plattform
Development Tools und deren Einsatzmdglichkeiten in telemedizinischen
Dienstleistungen® Bachelorarbeit. Fakultdt fur Wirtschaftswissenschaften,
Studiengang Informationswirtschaft - Karlsruher Institut fiir Technologie (KIT),
2015

M. Weber, ‘“Parameterentwicklung in Zeit und Frequenzbereich zur
Mobilitatsmessung bei Multipler Sklerose”. Bachelorarbeit NR. 1D-1915.
Institut fur Technik der Informationsverarbeitung — Karlsruher Institut fir
Technologie (KIT), 2015

M. Abu Haweela, “Entwicklung eines Webbasierten Softwareanwendung zur
telemedizinischen Aktivititsmessung von Patienten mit Multipler Sklerose”.
Fachpraktikum. Fakultét fir Technik — Hochschule Pforzheim, 2015

H. Brammer, “Untersuchung der Gangasymmetrie bei Patienten mit Multipler
Sklerose anhand von 3D-Beschleunigungssensoren”. Bachelorarbeit NR. ID-
1751. Institut fur Technik der Informationsverarbeitung — Karlsruher Institut fur
Technologie (KIT), 2013

197



List of Supervised Student Theses

J. Peukert, “Gehgeschwindigkeitsbestimmung aus Beschleunigungssignalen mit
Support Vector Regression”. Bachelorarbeit NR. ID-1704. Institut fir Technik
der Informationsverarbeitung — Karlsruher Institut fur Technologie (KIT), 2013

R. Ivancevic, “Erkennung von Stirzen mit Hilfe von 3D-
Beschleunigungssensoren”. Bachelorarbeit NR. ID-1572. Institut fiir Technik
der Informationsverarbeitung — Karlsruher Institut fur Technologie (KIT), 2012

F. Burghardt, “Entwicklung eines Algorithmus zur Schitzung der Herzfrequenz
anhand von 3D-Beschleunigungssignalen”. Bachelorarbeit NR. ID-1595. Institut
flur Technik der Informationsverarbeitung — Karlsruher Institut fir Technologie
(KIT), 2011

N. Younis, “Analyse der T-Welle unter Stress und Aktivitdt”. Fachpraktikum.
House of Comptence RG-hiper.campus — Karlsruher Institut fir Technologie
(KIT), 2012

D. Gerbeth, “Bestimmung der Gehgeschwindigkeit anhand tri-axialer
Beschleunigungssignale”. Bachelorarbeit NR. ID-1528. Institut fiir Technik der
Informationsverarbeitung — Karlsruher Institut fur Technologie (KIT), 2011

B. Florian Tchana, “Feasibility study of Zigbee technology in the sensor
network for assisting emergency response”. Diplomarbeit NR. ID-1283. Institut
fir Technik der Informationsverarbeitung — Karlsruher Institut fir Technologie
(KIT), 2008

198



