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Abstract

Every year, tens of thousands of amputations are performed in the United States, with a growing
number of individuals living without a lower limb. To identify the activity level of these indi-
viduals, a classification system called K-level system was created. The attribution of this level
of activity is made by the clinician and people assessed with a higher K-level are eligible for re-
imbursement of more technologically advanced prosthetic components, impacting their quality of
life. The attribution of K-levels is done taking into account self-reports, the experience of clini-
cians and tests carried out in a clinical environment, which is subjective and does not accurately
reflect the level of activity of individuals during their daily lives. Therefore, this work aims to
address these problems, using machine learning to identify K-levels based on data collected by
Adapttech’s Motio StepWatch System during the daily lives of amputees.

This project includes the analysis of dataset characteristics, preprocessing, and data augmen-
tation techniques, exploration of clustering and supervised classification methods and testing of
various feature reduction and selection methods. The results were obtained using two datasets:
only activity metrics or the combination of activity metrics with personal characteristics.

In unsupervised analysis, the results obtained for K-means and GMM were similar, with 3
being the best number of clusters obtained for all approaches. In none of the cases did the clusters
correspond exactly to the clinical K-levels. However, it is possible to verify a separation of the
data regarding the values of activity metrics that are associated with each level of activity.

In the supervised analysis, for multiclass classification the best result was obtained for RF
with PCA using the dataset with only activity metrics (test F1-score of 0.58, accuracy of 0.70, and
balanced accuracy of 0.67). For binary classification, the best results were obtained for SVM with
the combined dataset (test F1-scores, accuracy, and balanced accuracy all with value 1.0), with a
much higher performance than best performance obtained for multiclass task.

This project highlights the potential of machine learning techniques using activity metrics
collected during the daily lives of amputees to support and improve the effectiveness of K-levels
assessment, which has proven to be particularly useful in differentiating between K2 and higher
levels of activity. The explored approaches could, in the future, be incorporated into a decision
support system for clinicians and feedback systems for patients.

Keywords: Amputation, K-level, Prosthetic Components, Machine Learning
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Resumo

Anualmente, sdo feitas dezenas de milhares de amputacdes nos Estados Unidos, havendo cada
vez mais individuos que vivem sem um membro inferior. Para identificacido do nivel de atividade
desses individuos, foi criado um sistema de classifica¢cdo denominado K-level system. A atribui¢do
desse nivel de atividade ¢ feita pelo clinico, sendo que pessoas avaliadas com um K-level mais
elevado sdo elegiveis para um financiamento de componentes de préteses mais complexos tecno-
logicamente, tendo impacto na sua qualidade de vida. A atribuicdo de K-levels faz-se tendo em
conta self-reports, a experiéncia dos clinicos e testes feitos em ambiente clinico, o que € subjetivo
e ndo reflete de forma precisa o nivel de atividade dos individuos no seu dia-a-dia. Assim, este
trabalho surgiu com o intuito de resolver estes problemas, tendo como objetivo utilizar técnicas de
machine learning para identificacdo de K-levels usando dados recolhidos pelo Adapttech’s Motio
StepWatch System durante o dia-a-dia de pessoas amputadas.

Este projeto inclui a andlise das caracteristicas do dataset, técnicas de pré-processamento e
data augmentation, exploracdo de métodos de clustering e de classificagdo supervisionada e o
teste de varios métodos de reducdo e selecdo de features. Os resultados foram obtidos usando dois
datasets: sé métricas de atividade ou a combinacdo de métricas de atividade com caracteristicas
pessoais.

Relativamente a andlise nio supervisionada, os resultados obtidos para K-means e GMM
foram semelhantes, sendo que o melhor nimero de clusters obtido foi 3 para todas as abordagens
testadas. Para nenhum dos casos os clusters corresponderam exatamente aos K-levels clinicos. No
entanto, é possivel verificar uma separagdo dos dados tendo em conta os valores de métricas de
atividade que estdo associadas a cada nivel de atividade.

Na andlise supervisionada, para classificacdo multiclasse o melhor resultado foi obtido para
RF com PCA usando o dataset s6 com métricas de atividades (test F1-score de 0.58, accuracy de
0.70 e balanced accuracy de 0.67). J4 para classificacdo bindria, os melhores resultados foram
obtidos para SVM com o dataset combinado (test F1-scores, accuracy, e balanced accuracy todos
com valor 1.0), com uma performance muito superior a obtida para a tarefa multiclasse.

Este projeto evidencia o potencial de técnicas machine learning usando métricas de atividade
recolhidas durante o dia-a-dia de pessoas amputadas para apoio e melhoria da efic4cia da avaliacdo
do K-levels, tendo-se revelado particularmente ttil na diferenciacio entre K2 e niveis de atividade
mais elevados. As abordagens exploradas podem no futuro ser incorporadas num sistema de apoio
de decisdo para os clinicos e sistemas de feedback para os pacientes.

Keywords: Amputagdo, K-level, Componentes Protésicos, Machine Learning
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Chapter 1

Introduction

Lower-limb amputation is one of the oldest surgically performed procedures, with its origins trac-
ing back to prehistoric times [1]. Today it is mainly a clinical practice, but that was not always
the case. Archaeological findings and ancient drawings provide glimpses into the early practices
of limb amputation, where Neolithic humans survived not only traumatic amputations, but also
ritualistic and punitive limb-loss. Additionally, mummies from different cultures with cosmetic
replacements for amputated extremities have been unearthed, indicating that mobility was impor-
tant even in ancient cultures.

Amputation of limbs evolved during periods of war, where battlefield injuries required surgical
interventions. Prior to the development of gunpowder in the 14th century, the majority of injuries
were caused by weapons used for stabbing, clubbing, and cutting [2]. However, these early am-
putation procedures had significant risks, such as hemorrhage, shock, and sepsis. Since anesthesia
was yet to be discovered, patients had to undergo the procedure while being conscious and aware.
Often, patients were physically restrained by assistants and offered alcohol to relieve their pain.

Despite these challenges, the safety and effectiveness of amputation treatments were progres-
sively enhanced by advancements in surgical techniques, such as hemostasis and improved peri-
operative conditions. A crucial development was the discovery of antisepsis, which dramatically
reduced the mortality rate related to limb amputation. Further advancements in antibiotics, anes-
thesia, and pain control during the second half of the 20th century made amputation surgery a safer

and more controlled procedure [2].

In the current days, amputation continues to be a significant medical intervention, with an
estimation of 30000 to 40000 amputations being performed annually in the United States. The
prevalence of individuals that live with limb loss is on the rise, with approximately 1.6 million in
2005 and expecting that number to escalate to 3.6 million until 2050 [3].

Having delved into the historical evolution of lower-limb amputation, it is clear that this sur-
gical intervention has changed significantly over time. While in ancient times amputations were
often a result of battlefield injuries and other traumatic events, the contemporary landscape of
amputations reflects different causes. Nowadays, lower-extremity amputations are typically un-

dertaken for the following reasons [1]:
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* Peripheral Vascular Disease (PVD): The primary cause of limb amputation in the United
States is ischemic disease, predominantly peripheral vascular disease. This condition often
affects elderly individuals with diabetes mellitus, who are prone to developing peripheral
neuropathy leading to trophic ulcers, gangrene, and osteomyelitis. Individuals with diabetes
mellitus account for approximately 50% of PVD cases, with an estimated 65,000 lower-

extremity amputations performed annually for this group.

* Trauma: Despite advancements in safety equipment and limb-salvage surgery techniques,
traumatic limb loss still occurs due to industrial and motor vehicle accidents. These acci-
dents often result in high-grade open fractures along with soft-tissue loss, nerve damage,

among other complications that cannot be adequately reconstructed.

e Tumors: The primary goal in treating malignant bone tumors is to remove the lesion with
minimal risk of recurrence. Even though limb-salvage surgery has become the preferred ap-
proach, amputation remains necessary in cases where limb salvage is not feasible or presents

an increased risk of local recurrence compared to amputation.

¢ Infections: Under certain conditions, the treatment of sepsis with vasoconstrictor agents
may inadvertently lead to vessel occlusion and subsequent extremity necrosis. When this

happens, it may be necessary to amputate the limb.

* Congenital limb deficiency: Congenital limb deficiencies resulting from absence or mal-
formation of limbs account for a small percentage of amputations, even though they are
less common. These procedures are primarily performed in the pediatric population due to

failure of partial or complete formation of a limb segment.

Cancer Trauma

0.9% 16.4% Congenital

anomalies

Neuropathy & vascular conditions
81.9%

Figure 1.1: Causes of amputation by percentage. Extracted from Etiology of Amputation.

Diabetes in conjunction with dysvascular disease constitutes the predominant cause of limb

losses in the United States, representing approximately 81.9% of cases !, followed by trauma at

Thttps://musculoskeletalkey.com/etiology-of-amputation/. Accessed on 2024-04-01.
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16.4% (Figure 1.1). While the specific percentages of each cause may vary across different re-
gions, the overall order remains consistent worldwide. Exceptions exist in conflict-heavy regions,
where trauma predominates. However, globally, the primary causes of lower-limb amputations are
consistent.

Lower-limb amputations are categorized into various levels according to the location of the
amputation site and the extent of limb loss 2. It expresses the degree of amputation which influ-
ences the type of prosthetic device and guides treatment decisions. The most common levels of

lower-limb amputation are represented in Figure 1.2.

= /AL = - - Hemipelvectomy

------ :'-.;--'_—--- -Hip disarticulation

______________ Very short above knee

.............. Short above knee

,,,,,,,,,,,,,, Medium above knee
,,,,,,,,,,,,, Long above knee
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---------- Standard below knee
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Lisfranc---, hAd=r---- Symes
Transmetatarsal --< N A\~~~ Hindfoot, such as Boyd
1l .

Al

g R o, Toe disarticulation or
amputation

Figure 1.2: Levels of lower-limb amputation. Extracted from Lower-Extremity Amputations:
Background, Indications, Contraindications.

The level of lower-limb amputation represents a delicate balance between ambulatory capacity
and tissue healing ability. The higher the level of amputation, from below-knee (BK) to above-
knee (AK), the greater the energy expenditure required for walking. This progression leads to
a reduction in walking speed and a rise in oxygen consumption. Moreover, the location of the
amputation must ensure proper circulation to promote the healing process. Proper circulation is
vital for the formation of a skin envelope capable of withstanding the axial and shear stresses
imposed by the prosthetic device 2. This trade-off is important to take into account while deciding
on the best level of amputation, since it directly affects the individual’s mobility and functional
abilities.

After an amputation, the patient does not receive a permanent prosthesis immediately. There
is a period of time when the amputee is without a prosthesis or with a temporary prosthesis, to
allow the remaining limb to fully shrink. A few weeks or months after amputation, a permanent

prosthesis is built. The components of a lower limb prosthesis are:

Zhttps://emedicine.medscape.com/article/1232102-overview. Accessed on 2024-04-01.
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* Socket: is the part of the prosthesis that encases the residual limb. Initially, a temporary
socket (preparatory socket) may be used while the surgical incision heals and the swelling
decreases. The prosthetic socket protects the residual limb while enabling weight-bearing
and load distribution.

* Suspension mechanism: this component attaches the prosthesis to the residual limb. It can

be done by using belts, wedges, locks or suction to achieve secure attachment.

* Knee Joint (if needed): an articulating knee joint may be incorporated into the prosthesis
if necessary, offering options ranging from a simple single-axis hinge joint to more complex
polycentric axis designs. These mechanisms provide flexibility, allowing knee flexion while

maintaining stability during weight-bearing.

* Pylon: also known as the shell, the pylon connects the socket to the terminal device. Re-
cent advancements have introduced dynamic pylons capable of axial rotation and energy
absorption. They can be in endoskeletal or exoskeletal, based on functional and aesthetic
considerations.

* Terminal Device / Foot: this component is the final part of the prosthesis. Typically, it
resembles a traditional foot. However, there are some specialized devices available for
athletes and individuals with specific needs. Usually, ankle function is integrated into the
terminal device. Yet, separate ankle joints may be beneficial in some cases, even though

they may add weight and require increased energy expenditure and limb strength to control.

(a) Transtibial amputee (b) Transfemoral amputee

Figure 1.3: The two most common types of lower-limb prostheses. Extracted from Below knee
prostheses (a) and iFIT Transfemoral Prosthesis (b).

The type of prosthetic legs recommended for lower extremity patients depends on whether they
require devices for above or below knee amputations. The two predominant types of lower-limb

prostheses are transtibial (TT) and transfemoral (TF) prosthesis (Figure 1.3).


https://www.prostheticrehabclinic.co.za/understanding-prosthetics/leg-prostheses/
https://www.prostheticrehabclinic.co.za/understanding-prosthetics/leg-prostheses/
https://www.allardusa.com/products/prosthetics/transfemoral-prosthesis/ifit-transfemoral-prosthesis-p47518
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Every component within a prosthesis serves a distinct purpose, from offering support and
stability to facilitating movement and functionality. By carefully selecting the appropriate compo-
nents based on the individual’s needs and activity level, prosthetists can enhance the effectiveness
and comfort of the prosthesis. This also contributes to the improvement of the overall rehabilita-
tion process and long-term outcomes for amputees.

The United States’ Medicare Functional Classification Level (MFCL) or K-level system was
adopted by Medicare in 1995 to describe the mobility and functional abilities of individuals with
lower-limb amputations. It classifies patients into five activity levels, from KO to K4 [4]. Be-
yond analyzing the functional abilities of individuals, it also helps to determine the appropriate

prosthetic components for each person. The MFCL levels definitions are:

* KO0: Does not have the ability or potential to ambulate or transfer safely with or without

assistance and a prosthesis does not enhance quality of life or mobility.

» K1: Has the ability or potential to use a prosthesis for transfers or ambulation on level

surfaces at fixed cadence. Typical of the limited and unlimited household ambulator.

» K2: Has the ability or potential for ambulation with the ability to traverse low-level environ-
mental barriers such as curbs, stairs, or uneven surfaces. Typical of the limited community

ambulator.

* K3: Has the ability or potential for ambulation with variable cadence. Typical of the com-
munity ambulator who has the ability to traverse most environmental barriers and may have
vocational, therapeutic, or exercise activity that demands prosthetic utilization beyond sim-

ple locomotion.

» K4: Has the ability or potential for prosthetic ambulation that exceeds the basic ambulation
skills, exhibiting high impact, stress, or energy levels, typical of the prosthetic demands of
the child, active adult, or athlete.

This classification system was developed to assist clinics in selecting the most suitable pros-
thetic components based on the individual’s potential to be successful with the prosthesis. The
main purpose was to ensure that the recommended components align with the individual’s func-
tional abilities and rehabilitation goals. The lower limb prosthesis is pivotal to the fulfillment
of its user needs, may they be functional, psycho-cognitive, ergonomic or others like cost and
durability. Therefore, the prosthetist needs to ensure that the prosthetic device is comfortable,
lightweight design, durability, aesthetic appeal, low maintenance requirements, and appropriate

degree of mechanical function for the individual’s K-level [5].

1.1 Motivation

As will be detailed in Section 2, prosthetic components have characteristics which target specific

K-level (or K-level range). Typically, individuals rated with higher K-level by the clinical team will
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be eligible for reimbursement of more technologically advanced and more functional components
[4]. For example, a prosthetic foot with energy return usually target prosthetic user with moderate
activity levels, rather than a home ambulator. Such component allows for a more energy efficient
gait, however, does not improve patient outcomes while being more expensive than other options.

On the other hand, inappropriate prescription of prosthetic components can have negative ef-
fects on amputees. It may cause discomfort, limit mobility and raise the risk of getting hurt.
Continuing the above example, the keel of a prosthetic foot with energy return might be too stiff
for patients with low activity levels which can be counterproductive. Furthermore, inappropri-
ate prescriptions not only compromise the physical well-being of users but also have financial
implications for payers.

There is no standard methodology for assessing patients’ K-levels. Typically, prosthetists rou-
tinely evaluate amputees’ functional level based on a combination of factors gathered through
patient interview, such as patient history, comorbidities, residual limb condition, motivation to
ambulate, and the K-level guideline descriptors (i.e., variable cadence, capability to clear environ-
mental barriers) [6]. However, this assessment process is susceptible to variability and subjectivity,
since each prosthetist may have a slightly different interpretation of the functional level character-
istics.

One major limitation is the reliance on patients’ self-reports to determine activity levels. Stud-
ies have shown that patients are inaccurate at reporting their activity and self-reports have a poor
correlation with objective measures of activity, being less reliable than standardized outcome mea-
sures [7]. The paper by Godfrey et al. describes a study with 86 lower limb prosthetic users in
which they were looking into how walking metrics (like cadence and daily number of steps) cor-
related with self-perceived changes in walking ability throughout an extended period of time (6
months). They found that there was not a clear correlation between people’s self perception and
the actual impact on the measure walking ability, nor was there any particular bias towards over-
or under-reporting. Therefore, supporting that free-living walking can yield additional insights
into the person’s potential [8].

There is another relevant question about the difference between an individual’s ability to per-
form at a high functional level during clinical tests and their functional behavior in the community.
The functional activity capacity conducted in clinical settings may not accurately represent am-
putees’ actual performance in daily life. Some research indicated that more than half of older
people classified with a high clinical K-level exhibit low functional level behavior in the com-
munity [9]. The opposite might also be true, individuals who exhibit low functional capacity in
clinical tests may engage in higher levels of activity in community environments. This empha-
sizes the complexity of evaluating functional levels in individuals with limb loss and highlights
how crucial it is to consider daily-life functionality when assessing prosthesis users.

Due to the importance of measuring functional activity during daily life to complement tra-
ditional clinical assessments in prosthetic care, there is a growing number of studies measuring
functional walking performance during daily life [10] [11] [12] [13] [14]. Objective outcomes

measures obtained from wearable devices provide valuable information about individuals’ actual
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activity levels, which improves the accuracy of prosthetic prescription. The incorporation of out-
come measures into routine practice protocols aims to ensure that each patient is evaluated based
on standardized quantitative data, while decreasing reliance on patient self-report and individual
prosthetist judgments when assigning K-level. This would improve the overall health care cost-
effectiveness and enable patients to receive prosthetic interventions adapted to their unique needs.

The present work is developed at Adapttech (adtechnologies, s. a.) 3. Adapttech is a biomedi-
cal innovation company developing solutions to improve the quality of life of people with physical
limitations (lower-limb amputations). Motio StepWatch System, one of its products, aims to rev-
olutionize the evaluation of lower limb prosthetic users. By gathering real-world data reflecting
each individual’s daily activity, it enables the Rehabilitation Team to make more informed deci-

sions on each individual’s prosthetic rehabilitation. This system has two main components:

* Motio StepWatch device: remote monitoring device (Figure 1.4a) specifically designed for

lower-limb prosthetic users, that gathers patients’ real-world daily activities.

* Motio App: web-based application used to control the system (Figure 1.4b).

(a) Motio StepWatch device (b) Motio App

Figure 1.4: Motio StepWatch System. Extracted from www.adapttech.eu

This monitoring device tracks patients’ daily activities during a minimum of 7 days and pro-
vides clinicians with a report with step data such as cadence, distance, speed and other metrics
that allow the clinicians to accurately classify their patients’ K-level. The Motio’s hardware is
built upon the clinically approved and FDA-listed Modus Health StepWatch 4, a robust wearable
device that has undergone extensive validation across various research activities. Apart from ana-
lyzing the patient’s community ambulation data, it facilitates clinicians in acquiring standard out-

come measures and performing clinical tests. The Motio StepWatch System empowers clinicians,

3https://www.adapttech.eu/. Accessed on 2024-04-01.
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insurance companies and everyone involved in the patient’s rehabilitation to look at objective and
real-world data. This ensures that the k-level assessments are as accurate as possible and that the
patient is getting adequate care. Through the utilization of this system, stakeholders can make
informed decisions based on quantifiable data, ultimately enhancing the quality and effectiveness
of prosthetic interventions.

Despite the advancements in prosthetic care, the subjective nature of K-level assessment and
the differences between clinical tests and real-world functionality highlight the need for novel
approaches, to enhance prosthetic intervention accuracy and efficacy. One promising direction
is the implementation of machine learning techniques into prosthetic care. By analyzing vast
amounts of data, machine learning algorithms can provide insights into patterns that may not be
immediately identifiable using more conventional methods. It is already used in a variety of areas,
such as bioinformatics and image analysis and it has shown advancements by overcoming existing
limitations. Machine learning has drawn attention for its ability to efficiently interpret and predict
large amounts of data, since it can automatically learn from it.

This presents an opportunity to revolutionize prosthetic design and user experience by lever-

aging advanced data-driven strategies to identify unique activity profiles among prosthesis users.

1.2 Goal

The main goal of this work is to use machine learning techniques (both supervised and unsu-
pervised learning) for the identification of activity profiles in prosthetics users. By utilizing data
collected from individuals’ daily life, the aim is to classify the K-level for amputees using machine
learning approaches.

While bridging the gap between technology and patient needs, these approaches would support
and complement the decision-making process of healthcare professionals in assessing the activity
levels among prosthetic users. Through this integration of data analysis techniques, the goal is
to provide healthcare professionals with valuable tools to improve the individualized care and

rehabilitation of individuals with limb loss.

1.3 Document Structure

This document is structured as follows. In Chapter 2, it is done an explanation of prosthetic
components, the reimbursement process, the tools used to support K-level assessments and the
data stages associated with Motio StepWatch System. Chapter 3 presents state of the art and tech-
niques for machine learning in different areas of orthotics and prosthetics, sports and medical area.
Chapter 4 analyzes the dataset and explains the preprocessing and data augmentation. Chapter 5
approaches unsupervised learning and presents the results associated. In Chapter 6, supervised
learning and feature selection methods are explored, showing the results obtained. Lastly, Chapter

7 highlights the conclusions and reflects on possible paths to explore in the future.



Chapter 2
Background

As introduced in the previous chapter, the goal of this project is to investigate the utilization of
activity metrics collected in prosthetic users to classify prosthetic users K-levels. In this section,

our goal is to better understand the importance and impact of such assessment, by analysing:

* the categories in each segment of prosthetic component and how they target low or higher

activity levels of patients;
¢ the reimbursement process (particularly in the United States);
* the tools clinicians use to support their assessment with the payers;
* the data stages that the current Motio StepWatch system goes through.

The MFCL (or K-level system) is a widely scale used by clinicians to assess the mobility
for individuals with lower-limb loss, also evaluating the person’s rehabilitation potential. It is
composed of five activity levels (KO to K4), each with a very specific definition outlining the
individual’s functional activity requirements.

The K-level system significantly influences the selection of prosthetic components for each

individual. Higher k-levels are associated with more advanced and complex prosthetic components

[4].

2.1 Lower-limb Prosthetic Components

Lower-limb prosthetic components (including knees, feet and liners) have a wide variety of op-
tions. Each option has different features and functionalities to address specific needs of indi-
viduals with different levels of functional ability (Figure 2.1). Healthcare professionals explore
the multiple options to customize prescriptions according to each individual’s needs, preferences
and lifestyle. Some factors that are taken into consideration are activity level, terrain preference,

comfort and durability.
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Figure 2.1: Specifications of a mechanical foot. Extracted from Ottobock.

2.1.1 Prosthetic Knees

There is a wide variety of prosthetic knees in the market, but they can be divided into two main

categories: mechanical and microprocessor knees ! 2.

2.1.1.1 Mechanical Knees

The least expensive knees are the mechanical ones, which can be single-axis or multiaxis/poly-
centric. For all prosthetic knees, it is necessary to have some kind of stability mechanism, which
can either be manual or a weight-activated locking system. Additionally, they require a system
to control the flexion and extension movement 3. This can be accomplished with friction or a

hydraulic/pneumatic control.

Uhttps://www.amputee-coalition.org/resources/prosthetic-knee-systems/. Accessed on 2024-04-25.

https://www.waramps.ca/pdf/english-site/ways-we-help/artificial-limbs-and-devices/lower-limb/knees-for-
adults.pdf. Accessed on 2024-04-25.

3https://www.physio-pedia.com/Prosthetic_Knees. Accessed on 2024-04-25.
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Single-axis knees (Figure 2.2a), or simple hinge type knees, execute a simple rotation around
the knee axis during flexion or extension. They can feature either manual or automatic blocking
of the flexion, which is useful for users with poor muscle strength !. To increase stability while
standing, a manual lock can be incorporated. Additionally, constant friction control can also be
added to prevent the leg from swinging too quickly. For regular prosthetic fitting of amputees
with adequate muscle control and/or in situations with constrained financial resources, a suitable
option is the use of knees without blocking. Single-axis knees have the advantage of being very
simplistic, durable, light, and economical. However, there are some disadvantages, as users rely
on their own muscle power in the limb to keep the knee stable during heel contact and standing.

Polycentric knees (Figure 2.2c) have multiple axes of rotation, typically 4 or 7 axes. Its
Instantaneous Center of Rotation (ICR) is positioned considerably higher and posterior compared
to the mechanical axes when the knee is in extension (Figure 2.2b). This characteristic is an
advantage by significantly enhancing knee stability against involuntary flexion during heel strike
and transitioning into stance phase. It also allows an easy swing and sitting down. The ICR
also reduces the prosthesis length at the start of toe-off and enables foot clearance. This prosthetic
knee is suitable for patients with potential for independent mobility in their homes, community and
during extra activity [15]. Additionally, pneumatic or hydraulic elements can be incorporated for a
possible variation in walking speed. However, polycentric knees have some disadvantages. Firstly,
in comparison to single axis knees, these are heavier and have more parts that need servicing.
Furthermore, most polycentric knees lack stance flexion resistance, so cannot yield during sitting,
ramps, or stairs. Consequently, users need to actively generate a knee extension moment during

the stance phase to prevent potential knee buckling and consequent falls.

Manual locking knees (Figure 2.2d) allow automatic locking of the knee joint with weight
bearing, but users have the option to manually lock them !. Such prosthetic knees are indicated for
K1 patients or debilitated individuals with difficulties in controlling the prosthetic knee. However,
a disadvantage is that the hip joint must be raised to originate clearance between the foot and the
ground during walking.

Safety knees (Figure 2.2a), with weight-activated stance control, have incorporated a constant
friction system in the knee. This mechanism applies braking force upon weight-bearing, prevent-
ing knee buckling 2. The rest of the time, the knee freely swings until pressure is applied. This
kind of knee offers remarkable stability, which makes it suitable for first-time users, individuals
that are quickly fatigued, older or less active people '. Safety knees can compensate for users
who may inadvertently put weight on a partially bent knee, as the knee will brake if that happens.
During sitting, users must take the weight of the leg to allow it to bend, which means that they
will not be able to use the prosthetic side during sitting motion. Consequently, the natural knee
flexion during toe-off does not happen. Due to friction, the patient movement will be slower and
with smaller steps.

Pneumatic or hydraulic knees (Figure 2.2¢) have a pneumatic or hydraulic component inte-
grated into a single-axis or polycentric knee. These components control the swinging motion of

the knee and enable walking speed variation 2. As speed increases, the valve in the cylinder closes
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gradually, restricting the air or fluid flow to control knee flexion, enabling faster walking. Con-
versely, in slower walking, the fluid or air flow is less restricted, allowing for more knee flexion
and slower gait. Pneumatic control compresses air as the knee flexes, storing energy to release
it during knee extension. Spring coils can be added to enhance control during gait. Pneumat-
ics or hydraulics are also incorporated into computerized prosthetic knees, with hydraulics being
more suitable for highly active individuals. These systems enable weight to be maintained on
the prosthetic leg while sitting, with the knee assisting in this movement. The resistance in the
knee allows climbing down step-over-step maintaining weight on the leg before and during the
motion. In comparison to pneumatics, hydraulic knees are heavier, more expensive, and require

more maintenance .

2.1.1.2 Microprocessor-controlled Knees

More technologically advanced knees, known as microprocessor-controlled knees (MPKs) (Figure
2.2f), have computerized control systems and receive feedback from sensors in the knee joint
and/or foot. This feedback allows the knee to adjust the range and speed of flexion in real-time
to suit individual needs. These systems work similarly to an hydraulic system, where there is a
computer regulating the opening and closing of valves, changing the flow of hydraulic fluid 2.
Typically, MPK incorporates a hydraulic actuator, while a powered knee has a motor actuator. In
a motor-powered knee, knee extension is powered to help standing up from a seated position, with
controlled resistance being provided when sitting down. Some components also integrate stumble
recovery mechanisms to prevent falls.

These knees have adjustable settings that may be modified using a computer or mobile device,
to accommodate different walking/activity modes. These knees allow step-over-step descent on
stairs, enhancing user mobility and safety. Once users become used to the control dynamics of
these knees, they require less cognitive effort. However, they have some disadvantages. Learning
how to use it entails an initial steep learning curve and a commitment to gait re-education. Despite
their advanced features, MPKs are the most expensive option available. Their battery needs to
be charged periodically. Additionally, these knees are the heavier ones and are compatible only
with a specific foot selection. Lastly, environmental conditions, such as exposure to water, heat,

or cold, as well as kneeling, can potentially damage these prosthetic devices.

2.1.2 Prosthetic Feet

Regarding prosthetic feet, they are expected to provide passive plantar flexion in early stance,
maintain a neutral position in mid stance and enable toe hyperextension in late stance. How-
ever, this optimal function is not achieved in all cases, existing a wide variety of possible ankle-
foot combinations. To categorize this, we can distinguish between two main types of feet: non-

articulated and articulated feet *.

“https://www.physio-pedia.com/Prosthetic_Feet. Accessed on 2024-04-25.
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Figure 2.2: Examples of prosthetic knees in the market. Extracted from Ottobock and Prosthetic
Knees.

2.1.2.1 Non-articulated Feet

Solid Ankle Cushion Heel (SACH) (Figure 2.3a) is the less dynamic foot and it has no ankle
articulation. In this foot, the shock absorption primarily occurs in the heel, while the forefoot
stimulates foot dorsal flexion. There are SACH feet with different degrees of heel amortization.
Although no longer the standard of care, SACH foot is now used in initial fittings/preparatory
prostheses or for individuals with low activity levels °.

There can be dynamic SACH feet, that incorporate a flexible keel within the foot to allow
forefoot flexion when under load. When the load is released, the keel returns to its original shape

and gives the user a push >.

Shttps://www.pw.co.nz/products/categories/feet-and-ankles. Accessed on 2024-04-25.
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Their keel is shorter, measuring approximately three quarters of the length of many higher
activity carbon feet, which results in a poorer or faster transition from toe-off to sound foot. Addi-
tionally, the heel height is fixed. This foot is easily worn out by active users because of its simple

one bolt attachment failure.

2.1.2.2 Articulated Feet

Articulated feet have a specific range of motion in the sagittal plane to mimic both plantar and
dorsiflexion, while also combining movement in the sagittal and frontal planes to add inversion
and eversion. This attempt to replicate anatomical ankle movements serves both cosmetic and
functional purposes: after heel contact, immediate forefoot contact occurs and promotes ground
reaction forces that stabilize the prosthetic knee in extension.

The single-axis foot (Figure 2.3b) allows plantar and dorsiflexion >, by ensuring that the entire
sole of the foot makes ground contact quickly, which enhances prosthetic knee stability . This foot
is suitable mostly for prosthetic users that need stability around the prosthetic knee (transfemoral).
However, it adds weight to the prosthesis and demands more frequent maintenance compared to a
non-articulated foot.

The multi-axis foot (Figure 2.3c) enables plantar and dorsiflexion, as well as side-to-side
movements °. It absorbs a portion of the stress of walking, reducing pressure in the socket and
protecting the skin and prosthesis from wear. However, it is heavier and more expensive compared
to SACH or single-axis feet. Additionally, it exhibits poor shock absorption and energy return.
Small bearing surfaces and bumpers may result in wear and noise and, as they wear, they may
become looser, compromising user control.

Feet with energy return (Figure 2.3d), also known as dynamic response feet, are designed
with a keel designed to function like a spring, typically made from molded carbon fiber plates
>, This design enhances energy response during the toe-off phase, replicating the natural push-
off of a human foot. These feet store and release energy during gait. The resulting "push off"
promotes a more symmetrical gait pattern. Some models include a split-toe design for mimicking
inversion and eversion movements. Due to their dynamic response, these feet typically encourage
individuals to increase their activity levels from moderate to high. This type of prosthetic feet can
also reduce impact and stress on the sound leg during walking ®. Additional features such as a
shock absorber or torque adapter can be incorporated into the prosthetic foot, to decrease stress
on the residual limb by absorbing the impact and rotation. There are also versions with adjustable
ankles, allowing users to wear shoes with different heel heights. Feet with energy return are
generally more expensive than previous models and the keel may be stiff for individuals with low
activity levels.

Microprocessor feet (Figure 2.3e) are controlled by a computer and sensors. The computer
processes information coming from the sensors regarding the prosthesis, limb and environment,

adjusting the ankle’s speed and range of motion as needed . Actions such as ankle positioning,

Shttps://www.amputee-coalition.org/resources/prosthetic-feet/. Accessed on 2024-04-25.
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setting damping resistance and driving the ankle motor during the stance phase can be controlled.
Sensors may include goniometers, accelerometers, gyroscopes, and torque sensors. These feet
can adapt to different environments or situations by changing the speed or range of motion. An-
kle alignment can also adjust for different situations, such as wearing heeled shoes, carrying a
backpack, or walking uphill. They offer active push-off and dorsiflexion. To make adjustments
to specific foot actions in different situations, these feet can be connected to a mobile device or
a computer to customize settings. These prosthetic feet have some disadvantages: are battery-
powered, so they require charging; electronic components may fail or break; their additional fea-
tures add weight; these prosthetic feet are more expensive than the others; are not waterproof and
are sensitive to environmental conditions

There are also Motor Powered Ankles, which, in addition to the microprocessor, have a motor

for active push and dorsiflexion.

(a) SACH foot (b) Ottobock single axis foot (c) Ottobock 1M10 multiaxial
1H40 foot

=

(d) Ottobock Taleo without shell (e) Ottobock Meridium

Figure 2.3: Examples of prosthetic feet in the market. Extracted from Ottobock.

2.1.3 Prosthetic Liners

Prosthetic liners are a layer between the residual limb and the prosthetic socket, having a crucial

role in amputee safety and comfort 7. This component is crucial since the soft tissue of the residual

7https://mcopro.com/blog/an-overview-of-prosthetic-liner-types-benefits-more/. Accessed on 2024-04-25.
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limb is not used to bear loads. Additionally, liners also enhance the prosthesis’s functionality by
contributing to the suspension of the prosthesis.

Despite the wide variety of prosthetic liners available, there is no standard practice to deter-
mine the appropriate liner for each patient, so clinicians have to rely on their personal experience.

Even though the material properties have been extensively studied, their impact on function-
ality is not well understood. Liners help distribute pressures over the residual limb, but pain
tolerance varies with the type of soft tissue.

Typically, prosthetic liners need to be replaced every 6 months. To reduce the stress on the
product and extend its lifespan, it is common practice to provide the patients with two liners simul-

taneously. This practice also facilitates cleaning and maintenance, since liners are not breathable’.

2.1.3.1 Materials

Various types of liners can be differentiated based on their materials, offering patients a range of
options according to their specific needs.

The first attempts of liners were foam liners. Typically made from open and closed cell foams
formed around the residual limb. Even though they are still used in some practices, these liners
are now considered outdated due to their inferior suspension, durability, and cushioning compared
to modern alternatives. Pelite is a closed-cell foam used as a prosthetic liner. However, studies
showed weaknesses in its cell structure when vacuum-formed, indicating possible limitations in
its effectiveness.

Thermoplastic elastomer liners stand out for their softness and forgiveness. They are par-
ticularly well-suited for individuals who are sensitive or that were amputated recently, as well as
those with low to moderate activity levels that are looking for comfort /. However, their softness
also represents a negative point, since the gels that hold the liner together usually have a shorter
lifespan compared to other alternatives. One example of this type of liner is the Ossur Iceform
(Figure 2.4a), whose price is between €218.95 and €233.95.

Silicone liners are a reasonable option for prosthetic liners because they have a well-balanced
combination of softness and durability . This type of liner not only retains some of the softness
of thermoplastic elastomer liners, but also provides increased durability similar to urethane liners.
These characteristics make silicone liners a better option for users who are moderately active and
need supplies that last longer. Even though some developments have been made to introduce new
silicone formulas with enhanced cushioning properties, silicone does not offer as much cushioning
for individuals with sensitive limbs as other materials. However, this is not necessarily a drawback.
For some active amputees, the sensation of firmness is more valuable than softness during high-
impact sports. An example of a silicone liner is the Ossur Iceross Comfort liner (Figure 2.4b),
designed for low to moderate activity users, and it is marked with a price of €466.95.

Urethane liners are often used in prosthetics with vacuum sockets. They are the least soft
liners. However, they provide flow properties, allowing the gel within the liner to flow away from
high pressure regions. This process results in more balanced distribution of pressure and therefore

a more even fit /. The flow properties of urethane liners make them excellent for high-activity
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wearers who require a combination of durability and adaptability. An example of a urethane liner
is the Ottobock Anatomic 3D PUR liner (Figure 2.4c).

Mineral oil gel liners are highlighted for their remarkable softness and forgiving properties 3.
These liners provide skin-nourishing vitamins to the wearer and a close and contoured fit. They
are particularly useful for people with bony residual limb or hypersensitive areas. However, it is
important to keep in mind that this type of liners is the least durable and requires more frequency
replacement. An example of a mineral oil gel liner is the Silipos Duragel Pin liner (Figure 2.4d),
marked with a price of €185.95. Specifically designed for low to moderate activity levels, this

liner is especially suitable for people with sensitive skin or diabetes.

ROSS+ ORICH

sfa

\

(a) Ossur Iceform (b) Ossur Iceross

N

Gttoback.

A7
(c) Ottobock (d) Silipos Duragel Pin liner
Anatomic (coin for reference)
3D PUR

Figure 2.4: Examples of prosthetic liners in the market. Extracted from https://amputeestore.com/.

2.1.3.2 Shape

Prosthetic liners are available in two different shapes: cylindrical (uniform) and conical forms.
These shapes suit the majority of residual limb shapes and sizes. However, for individuals with
residual limbs that do not fit these two shapes, it is possible to obtain tailor-made or custom

8

prosthetic liners °. These custom liners are specifically made to fit the unique contours of the

user’s residual limb and to provide the best comfort and functioning possible.

8https://amputeestore.com/blogs/amputee-life/prosthetic-liners-silicone-gel-differences. Accessed on 2024-04-25.
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2.1.4 Suspensions

The prosthetic liner selection is influenced by the suspension used. The suspension is responsible
for keeping the socket secured to the residual limb during movement . An efficient suspension
improves energy transfer and control of the prosthesis, while decreasing discomfort and abrasions.

There are various suspension methods that suit the different needs and activity levels:

» Cuffs, straps and belts (Figure 2.5): are the traditional method of auxiliary suspension '°,

keeping the socket securely attached during movement. This method can vary from a single
soft strap to a rigid band and it is valued for being an inexpensive, reliable and durable

method.

Figure 2.5: Ottobock TF Suspension Belt. Extracted from Ottobock

+ Lanyard (Figure 2.6): involves attaching a cord or strap to the lower end of the liner '°.

When the individual inserts the residual limb with the liner, the cord or strap passes through
a small hole in the bottom of the socket. Then, the cord is tightened to draw the residual limb
into the socket and the lanyard is secured using a mechanism placed outside the prosthesis.

This suspension method is mostly used in K1 and K2 patients with above knee amputations.

Figure 2.6: Lanyard suspension mounted in socket. Extracted from Amputee Guide.

https://www.physio-pedia.com/Lower_Limb_Prosthetic_Sockets_and_Suspension_Systems. Accessed on 2024-
04-25.
Ohttps://www.pw.co.nz/products/categories/suspension-systems. Accessed on 2024-04-25.


https://shop.ottobock.ca/en/Prosthetics/Lower-Limb-Prosthetics/c/1000
https://issuu.com/befittingyou/docs/bfy_prosthetics_guide_for_the_new_amputee_draft_2_

2.1 Lower-limb Prosthetic Components 19

* Self-suspending socket: this suspension is created by the socket brim (top parte) on the
residual limb. This is obtained by extending and narrowing the brim over the joint '°. The

suspension in this method is not very strong.

* External sleeves (Figure 2.7): are snugly fitting covers that extend from the socket to the
thigh. They intend to seal the air in the socket to create suspension and can be made of
different materials such as neoprene, silicone or copolymer gel '°. External sleeves are a

reliable suspension and are not very expensive, being mostly used with transtibial sockets.

Figure 2.7: Sealing sleeve suspensions. Extracted from Ottobock.

* Pin lock: metal components that connect to a lock mechanism within the socket. To secure
the prosthesis upon the insertion of the limb, the pin must insert into the locking mechanism
at the bottom of the socket '°. The pin is unlocked by pressing a release mechanism. Pin

locks are indicated for K1 and K2 activity levels, for both above and below knee amputees.

* RevoLock Lanyard (Figure 2.8): developed by ClickMedical, it integrates the BOA sys-
tem or RevoFit tightening mechanism with a snap or threaded insert that locks into the
socket lock. It allows adjustment of tension within the socket to maintain proper suspen-
sion. Additionally, it automatically aligns the limb within the socket. This system has the

advantage of being waterproof.

Figure 2.8: RevoLock Lanyard. Extracted from Ottobock.


https://shop.ottobock.ca/en/Prosthetics/Lower-Limb-Prosthetics/c/1000
https://shop.ottobock.ca/en/Prosthetics/Lower-Limb-Prosthetics/c/1000
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* Magnetic lock: as an alternative to traditional pin locks, this system was designed to elim-
inate the need for pins when donning a prosthesis. Its purpose was to reduce the frustration

experienced by users with moderate to high activity levels.

* Suction without a liner: old method of suspension, where the socket has an expulsion
valve. This valve lets the air out, which creates a seal once the residual limb is inserted and
the valve is closed, creating suction between the bare skin and the interior of the socket '°.
To remove the prosthesis, users have to open or push the suction valve, so that the air returns
and the seal is broken. Since new interfaces have been developed, this approach has become

obsolete.

* Suction with a liner/ seal-in suspension (Figure 2.9): eliminates the need for skin suction
by wearing a liner on the residual limb to create suction within the socket. These liners
are typically made of silicone or gel and they can have a membrane or silicone rings or
ribs to create a seal. Air can escape through the valve as the socket is donned, maintaining
suction when the valve is closed. To remove the prosthesis, users have to open or push the
suction valve, allowing air to return and breaking the seal '°. This system offers powerful
suspension without the need for an external sleeve, except in cases of significant volume
fluctuations. Suction suspensions are particularly beneficial for high activity level patients
and they are used in both above-knee and below-knee patients. However, these systems tend

to be relatively expensive.

Figure 2.9: Seal-in liner. Extracted from Seal In Liner

* Vacuum-assisted suspension: also known as Negative Pressure, Elevated Vacuum or Dy-

namic Vacuum. This suction suspension involves creating suspension through direct contact
between the liner (or its membranes) and the socket wall. In this system, a pump mechanism
removes air between the liner and the socket, generating a negative pressure across the en-
tire surface '°. To seal the system, an external sleeve or seal is used at the top of the socket.

Vacuum-assisted suspension systems tend to be quite expensive.

+ Osseointegration: involves implanting a device within the remaining bone '°. Once healed,

it allows the direct attachment of a prosthetic component to the implant. With this system
there is no need for a socket or a liner. This surgical procedure can be done in patients

with short residual limb or with above knee amputation (Figure 2.10). With osseointegrated


https://www.youtube.com/watch?v=4qqitAQAUnY
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systems, there is better mobility. However, the surgery and the specific components are
expensive and there is a risk of infection and other complications. Extensive rehabilitation
is also required.

f

(a) Osseointegration in BK amputa- (b) Osseointegration in bilat-
tion eral, AK, amputation

Figure 2.10: Examples of osseointegration. Extracted from [16] (a) and HPC (b).

2.1.5 Reimbursement for a Prosthetic Device

When a patient receives a prosthetic device, the expenses with the prosthetic clinic and device
might be eligible to be covered by an insurance. In the United States, that health insurance pro-
gram could be Medicare, which provides insurance for Americans aged 65 or older and younger
people with some disability status as determined by the Social Security Administration. Medicare
provides health insurance for over 57 million individuals '!.

For a prosthetic component to be covered by Medicare, it has to meet specific criteria *:
* be eligible within a defined Medicare benefit category;

* be reasonable and necessary for diagnosis, treatment or functional improvement;

» meet all other relevant Medicare statutory and regulatory requirements.

Additionally, it has to be proven that the beneficiary '*:

* has the ability to maintain the defined functional state or as the potential to reach a higher
level within a reasonable period of time;

¢ has motivation to ambulate.

If a prosthesis is considered not reasonable and unnecessary, related additions will also be
denied due to the same reasons. Having in consideration the definitions of each K-level, prosthesis

will obviously be denied if the beneficiary’s activity level is KO 2.

https://www.statista.com/topics/1167/medicare/#topicOverview. Accessed on 2024-04-25.
Zhttps://www.cms.gov/medicare-coverage-database/view/lcd.aspx ?LCDId=33787. Accessed on 2024-04-25.
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In the following sections, we will be going through each prosthetic component and examining

which type of prosthetic components are covered for which functional levels.

2.1.5.1 Knee

The selection of the type of knee for a lower limb prosthesis is made by the clinician based on the
functional potential and needs.

The basis knee is the single axis, constant friction knee. However, other knee options may be
considered according to the beneficiary’s functional ability.

Fluid or pneumatic units, control additions, fluid, or electronic/microprocessor are covered for
beneficiaries with a functional level minimum of 3 '2.

Addition to lower extremity prostheses, endoskeletal knee-shin system with powered and pro-
grammable flexion/extension assist control including any type of motor(s) is only eligible for cov-

erage when the beneficiary mets the following conditions !%:

* has a MPK of swing and stance phase type;

MEFCL 3

* has a documented comorbidity affecting hip extension and/or quadriceps function that im-

pairs K3 level function when using a MPK alone
* is able to use a product that requires daily charging

* is able to understand and react to error alerts and alarms, that may be related to the function

of the unit

There are other knee systems that are covered for beneficiaries with a functional level of 1 or
above '2.
Coverage may be extended in the presence of adequate clinical documentation revealing the

functional necessity of specific features of a type of knee.

2.1.5.2 Feet

The determination of the appropriate type of foot for the prosthesis is based on the functional
requirements of the beneficiary.

SACH is the basic lower extremity prostheses, but other prosthetic feet must be considered
according to the beneficiary’s functional level.

For beneficiaries with a functional level of 1 or above, coverage is extended to include an

external keel SACH foot or a single axis foot !2.

Flexible-keel foot or multiaxial foot are coverage for individuals with K2 or above '2.
Beneficiaries with a functional level of 3 or above may be qualified for more advanced tech-

nologies, such as a microprocessor controlled ankle foot system, dynamic response foot with
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multi-axial ankle, energy storing foot, shank foot system with vertical loading pylon, flex foot
system, flex-walk system or equal '>.

It is important to keep in mind that microprocessor foot or ankle systems with power assist
are not covered due to insufficient evidence that it is reasonable and necessary. Additionally, an
user-adjustable heel height feature will also be denied for the same reasons '2.

Once again, coverage may be extended if there is sufficient clinical documentation indicating

the functional necessity of specific features.

2.1.5.3 Ankles

An axial rotation unit is eligible for coverage for beneficiaries with functional level of 2 or above'2.

2.1.5.4 Hips

A pneumatic or hydraulic polycentic hip joint is eligible for coverage for beneficiaries with func-

tional level of 3 or above 2.

2.1.5.5 Sockets

Regarding coverage of sockets, more than two diagnostic (test) sockets for a single prosthesis
are considered unreasonable and unnecessary unless there is a document in the medical record
justifying the need '?>. No more than two of the same socket inserts at the same time are permitted
per individual prosthesis.

When it comes to socket replacement, it may be considered reasonable and necessary with
adequate documentation of functional and physiological needs. Some reasons are: changes in the
residual limb, changes in functional needs, irreparable damage due to excessive beneficiary weight

or the prosthetic demands of highly active amputees '%.

2.1.5.6 Proposed Coverage Criteria Modifications

Recently, a modification in the coverage criteria for microprocessor-controlled prosthetic knees
was proposed. It argues that the extension of this component to MFCL 2 has a significant impact
on the quality of life of those beneficiaries 3.

Latest advancements in research indicate that MPKs are associated with improved stability
when standing and walking, which results in significant improvements in mobility [17]. It has also
shown to reduce the risk of fall due to improved technology that detects stumble and adapts knee
resistance to provide support [18] [19]. Consequently, a MPKs reduces the fear of falling [20]
[21], a feeling reported by 50% of individuals with lower limb amputation [22] and that results in
activity limitation and reduced quality of life.

This scientific evidence indicates that MPKs would have relevant outcomes if used as a thera-

peutic option for MFCL 2, having a significant impact on the quality of life of those beneficiaries

Bnttps://www.cms.gov/medicare-coverage-database/view/Icd.aspx ?lcdid=39777. Accessed on 2024-04-25.
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and preventing the incidence of falls, common in this population. On top of that, no studies sug-
gest that the benefits of MPKs are exclusive to individuals with MFCL 3 or above, but the current
research is not sufficient to extend MPKs coverage to MFCL 1 people.

With these alterations, the criteria for fluid, pneumatic, or electronic/microprocessor control
additions in prosthetic knees would be expanded to allow the coverage for beneficiaries with K2'3.
The first demand would be the performance of a clinical evaluation, in order to evaluate the benefi-
ciary’s functional level. It would also be required supporting documentation in the medical record
detailing, considering the beneficiary’s overall medical health and the reasons behind selecting
the correspondent knee. This document has to at least contain information on how the chosen
knee will improve the beneficiary’s functional health outcomes, such as reducing the risk of falls,
preventing injuries and reducing the energy expenditure and help the beneficiary to perform their
daily life activities. It is also mandatory to register that all lower-level knee systems have been
considered and discarded due to the beneficiary’s specific functional needs. So, these more com-
plex knees would be covered for beneficiaries with a functional level minimum of 3 or 2 if all the
previous requirements are met.

In addition, for beneficiaries with functional level K2, coverage of an electronic/microprocessor-
controlled knee requires the integration of technology to detect when the user trips or stumbles and
automatically stabilize the knee, potentially preventing a fall. The individual must also be capable
of using a product that requires daily charging and also be able to understand and respond to error
alerts and alarms (related to the function of the component) that may appear '3.

As a consequence, the criteria for higher-level foot systems would also be expanded to include
beneficiaries with functional level of 2. So the criteria for the coverage of a microprocessor-
controlled ankle foot system, energy storing foot, dynamic response foot with multi-axial ankle,
flex foot system, flex-walk system or equal, or shank foot system with vertical loading pylon would
be beneficiaries with MFCL 3 or above, or with MFCL 2 under the two following conditions '*:

* meets the functional level 2 coverage criteria for a fluid, pneumatic, or electronic/micropro-

cessor control addition for a prosthetic knee;

* a higher-level foot is needed to use the prescribed knee system in a safe and effective way.

2.2 Clinical K-level Assessment

To assign the patient’s potential K-level, the clinician gathers information such as patient’s medical
history, comorbidities, motivation to ambulate and K-level guideline descriptors [6]. Considering
only this kind of information, the K-level attribution is subjective, relying only on self-report
and the clinical experience. Therefore, it became important to develop standardized methods and
objective outcome measures to complement the K-level assessment. Nowadays, there are stan-
dardized methods available to provide a more objective K-level evaluation in clinical settings.
Those tools allow collecting Patient Reported Outcome Measures and Performance Based Out-

come Measure. We will introduce some of both types.
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2.2.1 Prosthesis Evaluation Questionnaire

The Prosthetic Evaluation Questionnaire (PEQ) is an instrument developed to assess aspects re-
lated to the quality of life and function of individuals using prostheses. It is used to examine the
perceived difficulty in performing prosthetic functions and mobility, providing information on the
user’s experiences and challenges.

PEQ contains 82 items organized into nine functional domain scales that are not dependent
on each other, allowing their individual use for evaluating specific domains of interest '#. Each
scale contains multiple questions and some additional individual questions. These scales have
been validated for internal consistency and temporal stability.

It is important to note that PEQ provides valuable insights into prosthetic-related quality of life
and function, but it does not include standard demographic questions, such as age, level of ampu-
tation or years since amputation. Therefore, clinicians may supplement the PEQ with additional
demographic questions if they want to obtain information about the individual’s background and

context.

2.2.2 Amputee Mobility Predictor

Amputee Mobility Predictor (AMP) is an assessment tool used to evaluate functional ambulatory
potential of lower-limb amputees, with (AMPPRO) or without (AMPnoPRO) a prosthesis [6]. This
is a quick and easily administered test, taking between 10 to 15 minutes to complete, and it requires
little equipment. The test consists of various items that analyze a variety of mobility-related tasks,

organized with a increasing level of difficulty, to assess the individual’s overall functional ability

[6]:

e Items 1 and 2: test the ability to maintain sitting balance. If the amputee is not able to
perform these tasks, it indicates limited potential for prosthetic use and the individual is

categorized as a level KO.

* Items 3 to 7: evaluate the ability to maintain balance while transferring from chair to chair
and standing. These skills are essential for individuals classified as K1, who need a prosthe-

sis for transfers and basic standing activities.

» Items 8 to 13: include challenging activities related to standing balance. Success in these
tests indicates that the individual has the potential to be a safe household ambulator, corre-

sponding to level K2.

* Items 14 to 20: assess the quality of gait and the ability to navigate overcome specific
obstacles. These skills indicate that the individual can perform most tasks more easily,

which corresponds to a level K3 or K4.

* Item 21: considers the use of specific assistive devices [6].

4https://orthocareinnovations.com/wp-content/uploads/2021/11/PEQ.pdf. Accessed on 2024-04-27.
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The scoring system of AMPRO goes from 0 to 42 points. For individuals without a prosthesis,
the AMPnoPRO has a maximum score of 38 points. This change is due to the elimination of item
8, single-limb standing, since standing on the prosthetic side is impossible [6]. The AMP scores

range for each MFCL level are presented in Table 2.1.
Table 2.1: AMP Scores Range [6].

KO0 K1 K2 K3 K4
AMPnoPRO | 0-8 | 9-20 | 21-28 | 29-36 | 37-43
AMPPRO | N/A | 15-26 | 27-36 | 37-42 | 43-27

The use of assistive devices during testing can increase the potential total score possibilities
by 5 points (to 43 and 45 for AMPnoPRO and AMPRO, respectively) depending on the type of
assistive device used.

The majority of the items have 3 possible scores: 0 when the individual is not able to perform
the task, 1 for a minimal level of achievement or when some help was needed, and 2 for a total
independence or task mastery [6].

The AMP is useful for assessing individuals with unilateral or bilateral lower-limb amputa-
tions. For bilateral amputees, adjustments to the scoring system have been made to accommodate
their specific needs (AMP-Bilat test), ensuring a fair evaluation of their mobility potential [23].

2.2.3 Two Minute Walk Test

The Two Minute Walk Test 2MWT) is a measure of self-paced walking ability and functional
capacity, particularly useful for people who are unable to complete the longer Six Minute Walk
Test. This test has been used as an outcome measure for multiple populations and for patients with
a variety of conditions, including those with lower-limb amputation [24].

During this test, the individual is instructed to walk as fast as possible for a duration of two
minutes, walking the maximum distance they can, safely, without any physical assistance. Rest
breaks are allowed if needed, but the clock continues to run. To measure accurately the distance
walked, a measuring wheel is recommended. The 2MWT reference values for each MFCL level
are presented in Table 2.2

If the result of 2MWT changes by at least 34.3 meters, it is indicative of a clinically significant

change of the patient’s condition (unilateral transtibial or transfemoral prosthetic user) [25].
Table 2.2: 2MWT Reference Values [26].

MCFL K-Level | 2MWT Distance (m) | 2MWT Gait Speed (m/min)

K0-K1 - -
K2 (n=7) 81.7£26.9 414+134
K3 (n=70) 138.4+£28.5 69.4+14.3

K4 (n=24) 177.9+£31.1 89.0£15.7
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2.2.4 Six Minute Walk Test

The Six Minute Walking Test (6MWT) is a similar test, but in this case it considers the distance
walked during a period of six minutes. It is used to evaluate aerobic capacity and endurance '°.

This test was originally developed to assess patients with cardiopulmonary problems, but
nowadays it is used for other conditions such as lower-limb amputation. In the context of lower-
limb amputation rehabilitation, the 6MWT is a widely used clinical tool to evaluate progress and
rehabilitation needs. It can also assist in the process of assessing the functional level to a patient.
It works similarly to 2MW'T. During this test, patients are instructed to walk as fast as they can
during 6 minutes without any physical help '°. They can rest if necessary but the clock continues
to run. The 6MWT reference values for each MFCL level are presented in Table 2.3

For 6MWT, an increase in the distance walked during the six minutes indicates improvement
in basic mobility. So, in order to consider a significant change in user’s condition, a difference
of at least 45 meters has to be identified in unilateral transtibial and transfemoral prosthetic users

[25].
Table 2.3: 6MWT Reference Values '°.

MFCL K-Level | K0-K1 (n=18) | K2 (n=43) | K3 (n=67) | K4 (n=39)
Reference Values (m) | 50£30 | 190111 | 2994102 | 419+£86

2.2.5 Ten Meters Walk Test

The 10 Meter Walk Test (10MWT) is a measure used to evaluate walking speed in meters per
second over a short distance '°. This test allows the assessment of functional mobility, gait and
vestibular function.

10MWT requires a clear pathway with at least 10 meters, with lines indicating the start, finish
and 2-meter intervals from either end. During this test, individuals are instructed to walk at two
different speeds: self-selected speed and fast speed. In the first case, participants walk at their
normal comfortable pace until the finish line. For the fast speed, they are instructed to walk as fast
and safely as possible to the finish line. Clinicians should start the time when the patient crosses
the 2-meter mark (to allow some distance of acceleration at the beginning) and stop timing when
the patient passes the 8-meter mark (to allow some distance of deceleration at the end) . It is
recommended to record three trials for each speed condition and then obtain the average to have
a more accurate assessment. The IOMWT reference values for each MFCL level are presented in
Table 2.4.

Dhttps://cpb-us-w2.wpmucdn.com/sites.udel.edu/dist/2/3447/files/2019/01/6-Minute-Walk-Test_Updated-January-
2019-1rb8aq5.pdf. Accessed on 2024-04-27.

16https://europt.org/practice-resources/anpt-clinical-practice-guidelines/core-outcome-measures-cpg. ~ Accessed
on 2024-04-27.
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Table 2.4: 10MWT Reference Values [27].

MFCLK-Level | K1 | K2 | K3 | K4
Self-selected speed (m/s) | 0.17 | 0.38 | 0.63 | 1.06

2.2.6 Timed Up and Go Test

The Time Up and Go (TUG) is a widely used test used to evaluate the fall risk and the progress of
balance, sit-to-stand and walking. This test was initially designed for elderly people, but is now
used in other populations such as amputees.

In the TUG test, patients wear their regular footwear and may use a walking aid if needed. The
patient starts in a seated position. Upon the clinician’s command, the patient stands up, walks a
distance of 3 meters, turns around, returns to the initial point, and sits down [28]. The time stops
once the patient is seated again.

The cut off scores indicate the risk of falls depend on the population. Amputees have a cut
off score of 19 seconds [28], which means that an amputee who takes longer than 19 seconds to

perform this test, may be at a higher risk of falls.

2.2.7 Prosthetic Limb Users Survey of Mobility

The Prosthetic Limb Users Survey of Mobility (PLUS-M) is a self-report tool developed with
rigorous psychometric methods, used to evaluate the mobility of adults with lower limb amputation
who have experience using a prosthesis. PLUS-M was designed to be used in clinical practice and
research 7.

PLUS-M focuses on measuring the mobility of prosthetic users, evaluating respondents’ per-
ceived ability to perform actions involving the use of both lower limbs (from ambulating around
the house to outdoor recreational activities) !”. These activities are related to locomotion (contin-
uous and repeatable movement patterns) and/or postural transitions (movement between different
positions or activities), which are the two primary forms of movement. Responses are evaluated
in terms of the difficulty experienced by the respondent in performing each activity, with options
including “without any difficulty”, “with much difficulty”, “with some difficulty”, “with a little
difficulty”, and “unable to do”. It is important to note that PLUS-M™ focuses on reported ability
rather than actual performance, excluding unintentional movements or activities performed with
the assistance of devices or another person.

PLUS-M T-scores range from 17.5 to 76.6, with a mean of 50 and a standard deviation of
10. A T-score of 50 represents the average mobility reported by the development sample, with
higher T-scores indicating greater mobility. For example, a respondent who receives a T-score of
60 has reported a level of mobility approximately 1 standard deviation above the mean reported

by prosthetic users in the development sample (Figure 2.11). Therefore, compared to the people

Thttps://plus-m.org/about.html. Accessed on 2024-04-27.
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in the PLUS-M development sample, this respondent reported higher mobility than almost 84% of
the people.

84% of total sample

Standard Deviations

20 30 A0 50 (1] 70 B0

T-5Scores

Figure 2.11: PLUS-M T-score of 60. Extracted from PLUS-M Users Guide.

2.2.8 Shortcomings of In-clinic Performance Tests

Even though these in-clinic performance tests are convenient to use, there is evidence that they
may not accurately reflect what happens in the community during patients’ daily lives.

In a study conducted by Kim et al., the practical applicability of a wearable system incorpo-
rating IMU and GPS technology in assessing the functional ability of individuals with LLA was
evaluated [29]. The study assessed various parameters, including cadence, walking speed, their
distributions, and geographical variations. The research explored the potential advantages of us-
ing performance measures from daily life compared to conventional in clinical assessments. For
this research, seventeen participants with LLA were recruited (including two K2, twelve K3, and
two K4 classifications). A control group of fourteen non-disabled individuals was also included
for comparison purposes. Group differences and disparities between home and community en-
vironments were only evident when considering walking speed. Measurements of cadence and
walking speed taken in clinical settings indicated higher values compared to those recorded dur-
ing participants’ daily activities. These findings indicate that there might be a difference between
the functional activity capacity when tests are made in clinical settings and the amputees’ actual

performance in walking activities in the community.

2.3 Motio StepWatch Data

To develop this project, it is crucial to analyze and understand the data stages through which the

data passes in the current Motio StepWatch system '8:

1. Series of Timestamps: a list of timestamps in which strides are taken or an aliveness indi-

cator is recorded.

8https://www.adapttech.eu. Accessed on 2024-04-27.
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2. Time Series of Step Count: the magnitude of the signal represents the number of steps

taken within the chosen resolution, with a minimum resolution of 1 second.

3. Time Series of Daily Activity Metrics: a time series where the magnitude of the signal

represents each of the activity metrics per day.

4. Tabular Data: encompasses global activity metrics derived from the above time series. The

global activity metrics are presented in Table 2.5.

Table 2.5: Global Activity Metrics Descriptions.

Global Activity Metric Description
Daily Average Steps Average of daily number of steps taken
Daily best steps Maximum number of steps taken in a day

Daily average top cadence

Average of daily maximum cadence. The top cadence in
a day is the single fastest minute

Daily best top cadence

Maximum of daily maximum cadence

Daily average top speed

Average of daily maximum speed. The top speed is the
fastest single minute in the day

Daily best top speed

Maximum of daily maximum speed across all days

Daily average energy expenditure

Average of daily energy expended during ambulation

Daily best energy expenditure

Maximum of daily energy expended during ambulation

Daily average maximum continuous walking

Average of daily maximum continuous walking. A pe-
riod of continuous walking starts whenever strides are de-
tected in a 15 second window and ends when no strides
are detected in a 10 second window

Daily best maximum continuous walking

Maximum of daily maximum continuous walking

Ambulation energy score

By considering weight and walking intensity, it provides
insights into the patient’s overall energy usage during
walking activities

Peak performance score

Incorporates the person’s average 30 fastest 1-min walk-
ing spurts each day and captures the best metrics recorded

Cadence variability score

Incorporates the proportion of time at high, moderate, and
low walking cadences

Active time

Average of daily time active (minutes with at least 1 step)

Active time at low cadence

Average of daily time active at low cadence (minutes at
cadence 1-30 steps/min)

Active time at medium cadence

Average of daily time active at medium cadence (minutes
at cadence 31-80 steps/min)

Active time at high cadence

Average of daily time active at high cadence (minutes at
cadence more than 80 steps/min)

Two minutes walking test

Meters walked during two minutes, showing the average
and standard deviation

Six minutes walking test

Meters walked during six minutes, showing the average
and standard deviation

Ten meters walking test

Gait speed in meters per second during ten meters, show-
ing the average and standard deviation
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2.4 Summary

In this chapter, it became clear the subjectivity of assessing an individual’s K-level and the in-
sufficient efficiency of the currently available standardized methods. This K-level attribution is
crucial for the selection of prosthetic components, among the huge variety of types available for
each component. Medicare coverage plays a crucial role in ensuring access to essential prosthetic
components for an enhanced quality of life for the beneficiary. Medicare coverage criteria are con-
tingent upon an individual’s K-level. So, it is extremely important to make a precise classification

of the functional activity level, not only in the clinical environment, but also during daily life.
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Chapter 3

Literature Review

This chapter explores the application of unsupervised and supervised strategies for the identifica-
tion of activity profiles in prosthesis users, drawing insights from recent research in the prosthetic
field and in other fields that have a similar purpose to this project. Additionally, due to the di-
verse data formats that we have access to (explained in Chapter 2), this chapter also describes

approaches of data augmentation, including both time series and tabular data augmentation.

3.1 Machine Learning

3.1.1 Unsupervised Learning

Unsupervised learning techniques have garnered significant attention across various fields, due
to their ability to extract hidden patterns, structures, and correlations within data. Unsupervised
learning can be divided into association (when we want to discover rules that describe large por-

tions of the data) or clustering (when we want to discover the inherent grouping in the data).

K-means clustering is a technique that belongs to the clustering category. It is used to find
the optimal number of centers (K) for a dataset. It assigns data points to one of the K clusters
according to the distance between the data points and the centers of the clusters, in a way that the
distance between the centers and the data points is minimized [30]. This leads to objects being

similar within a group and distinct between groups.

Finite mixture models are a principled statistical approach for clustering, in which each com-
ponent probability corresponds to a cluster [31]. Gaussian mixture model (GMM) is a clustering
technique that is used to obtain the probability of a particular point belonging to a cluster. This
method is made by several Gaussians, donated by k € {1,...,K}, where K is the number of clus-
ters in a dataset. Mixture model clustering has the advantage of allowing the observations to have
partial participation in each group, not fully belonging to one exclusive group. Therefore, each

observation has indexed membership to all clusters.

33
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3.1.2 Supervised Learning

Unlike unsupervised learning, the data used in supervised learning is labeled and known. The
input data is divided into training and testing sets [32]. In supervised learning, there are two
main categories of approaches: classification and regression. In classification, the model must
classify samples according into two or more classes. If there is only two classes, it is a binary
classification, while if we have three or more classes, it is a multiclass classification. On the other
hand, in regression the model predicts a continuous variable.

Linear methods are the most simple supervised learning approaches. They consider a linear
relationship between the features and the label.

Another group of very simple supervised learning algorithms is the Neighbourhood-based
methods. They learn how to label new points based on how close they are to the previously
labeled points.

In Tree-based methods, the model builds a decision tree in which each instance is stratified
into multiple regions based on the existing labels. After this division is complete, each region is
associated with a certain class of label or a range of expected values. Random Forest (RF) is
one example of a model that belongs to this category. RF uses a number of decision trees during
its training phase. A random subset of features is used to build each tree, introducing variability
among individual trees and reducing the risk of overfitting.

It is also possible to use algorithms to design hyperplanes in space that split the data based on
their labels. This methodology is known as Support Vector Machines (SVMs). This method has
some tolerance since not every point in a hyperspace region need to have the same label. However,
the distance between a label’s boundary-defining points and the points that define the boundary of
another label should be maximized.

A Neural Network is another machine learning method that makes decisions in a similar
way to the human brain, mimicking the way biological neurons work together. Their structure is
composed of an input layer, several hidden layers, and an output layer. The input layer incorporates
the features and the output layer attempts to match the response label. This method is based on
a hierarchical concept since, in the hidden layers, each layer tries to understand how the previous
layer is related to the output layer. With this, the neural network may learn complex concepts by

associating them with the combination of simple ones.

3.2 Data Augmentation

To evaluate machine learning algorithms’ performance, researchers usually resort on predictive
accuracy. However, this method is not suitable for imbalanced datasets, where one class has sig-
nificantly more instances than the other. Two primary approaches have been taken by the machine
learning community to address this problem: assigning different costs to training examples or
re-sampling the original dataset, either by oversampling the minority class or under-sampling the

majority class.
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3.2.1 Data Augmentation for Tabular Data

Data augmentation is a technique commonly associated with image and text data, but it is also

highly relevant for tabular data.

One approach used for data augmentation of tabular data is the Generative Adversarial Net-
work (GAN) [33]. It has two components: a discriminator model and a generator model, that
compete with each other. The generator creates samples by attempting to reproduce the distribu-
tion without replicating it, while the discriminator tries to identify the fake samples from the real

ones.

Variational Autoencoders are neural generative models buit upon the Autoenconders ar-
chiteture [33]. Traditional Autoenconders transform typical artificial intelligence problems into
domain-shifting tasks by modifying inputs to produce slightly altered outputs. Variational Autoen-
coders enhance this process through probabilistic modeling. The Autoenconder structure consists
of two primary components: an encoder (reduces the input data into a lower-dimensional latent
space) and a decoder (reconstructs the input data from this latent representation). Synthetic data is
created by interpolating within the latent space and decoding the interpolated values. By regular-
izing its training, Variational Autoencoder reduces the risk of overfitting commonly observed in
Autoenconders, producing more diversed samples. While Autoenconders encodes the input into a
singles point, Variational Autoencoders encode it into a probability distribution. To generate new

data, Variational Autoencoders samples a point from this distribution and decodes it.

Chawla et al. proposed a method that uses the Synthetic Minority Oversampling Technique
(SMOTE) algorithm combined with classifiers to improve the classification of imbalanced datasets
[34]. The SMOTE algorithm oversamples the minority class (Figure 3.1), balancing the dataset
and enhancing the classifier’s performance. It does this by randomly selecting some center samples
from the minority class and using the k-nearest neighbors (KNN) algorithm based on Euclidean
distance to find K neighbors for each “central” sample. Then, it applies linear interpolation to
blend each central sample with its corresponding neighbors to create new synthetic samples.
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Figure 3.1: The visual representation of SMOTE oversampling for an imbalanced dataset. Ex-
tracted from [35].

To assess the SMOTE’s effectiveness, nine datasets were used in this study, including numer-
ical and categorical data. The results revealed that the SMOTE algorithm significantly improved
the classification of minority class samples in imbalanced datasets [34].
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SMOTE is beneficial for the following types of data: categorical data, numerical data, and
mixed data types. However, it is noted that the classical SMOTE method does not effectively
account for the characteristics of time series data, limiting its application in time series datasets
[36].

3.2.2 Data Augmentation for Time Series

Data augmentation involves the creation of new data samples by transforming the existing ones.
There is a major challenge associated with the generation of new data that maintains the correct
label. To do so, deep domain knowledge is required. However, it is not always clear how to
perform label-preserving augmentation in certain domains, such as wearable sensor data.

All techniques that take data input samples and synthesize new samples by directly transform-

ing the data are considered traditional algorithms [37]. These algorithms include:

* Rotation: simulates different sensor placements by applying arbitrary rotations, introducing

label-invariant variability.

* Permutation: perturbs the data location within a window by slicing and randomly permut-

ing segments, since the fixed size window segmentation is arbitrary.

* Time-warping: changes temporal locations of samples by smoothly distorting time inter-

vals.
* Scaling: changes data magnitude by multiplying by a random value.

* Magnitude-warping: changes sample magnitudes by convolving the data window with a

smooth curve varying around one.

 Jittering: simulates additive sensor noise to increase robustness against noise and improve

performance.

* Cropping: similar to image cropping, reduces dependency on event locations.

VAE and GAN can also be used to synthesise new time series [37]. The main difference
between GAN and the traditional methods is that the first one creates new samples of synthetic
data, while the second transformers the information from the real data to create new data.

To overcome the limitations of SMOTE associated with time series, more recently a new
approach was proposed: Synthetic Minority Oversampling Data Augmentation Method Based
on Dynamic Time Warping (DTW-SMOTE) [36]. Unlike traditional SMOTE that uses Euclidean
distance to measure similarity between instances, DTW-SMOTE uses Dynamic Time Warping
(DTW) distance. DTW uses an algorithm of dynamic programming to enhance the conventional
one-to-one Euclidean distance method to one-to-many. To compare sample time series A and B,
it creates a mxn matrix. The warp path from element (1,1) to (m,n) is defined by this matrix. The

warp path with the minimal cost is the DTW path, representing the DTW distance between A and



3.3 Feature Reduction and Selection 37

B. Therefore, the goal of DTW-SMOTE is to select the k nearest neighbor of the central samples
by applying KNN based on DTW. Extrapolation from the center is done for every neighbor, k
times in total. Extrapolation is used in place of interpolation to overcome the lack of unusual and
underrepresented sample availability.

The study conducted by Um et al. addresses the challenge of data augmentation for wearable
sensor data to improve the classification of Parkinson’s disease motor states using convolutional
neural networks (CNNs) [38]. The original dataset included 30 patients’ motor states. They
took into consideration two frequent motor states associated with Parkinson’s disease: dyskinesia,
which is defined by involuntary movements of the extremities, and bradykinesia, which is charac-
terized by decreased movement speed and may be accompanied by tremor. Firstly, they applied
CNN:s to the original dataset, then developed the data augmentation approaches to be tested, and
finally made an experimental comparison of the proposed data augmentation methods. Those data

augmentation methods included tradicional algorithms (Figure 3.2).
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Figure 3.2: Data augmentation methods used in the experiments: jittering, scaling, rotating, per-
mutating, magnitude- warping, time-warping methods. They also tested combinations of various
data augmentation methods. Extracted from [38].

The proposed rotation, permutation, and time-warping methods effectively improved accuracy
by 3.6-5.1%. Among the single data augmentation techniques, rotation was the one with the best
results. Combining multiple data augmentation methods further enhanced performance, with the

highest accuracy of 86.88% achieved by integrating rotation, permutation, and time-warping [38].

3.3 Feature Reduction and Selection

In machine learning, there is a common belief that having more features will result in better model
performance. However, this is not always true. If we continue to increase the number of features
beyond a certain point, the algorithm’s performance tends to decline [39]. One way of reducing
the model’s complexity is to apply dimensionality reduction. It includes two main approaches:
Feature Extraction (creation of a new feature subspace by extracting information from the original
feature set) and Feature Selection (choosing a subset of the original feature set).

Principal Component Analysis (PCA) belongs to the first category. It is a linear dimension-
ality reduction method that transforms a set of correlated features in a high dimensional space into
uncorrelated features in a low dimensional space. The purpose of PCA is to perform data reduc-

tion by replacing a large number of possible correlated variables with a smaller set of uncorrelated
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variables, while keeping as much information as possible '. These new variables are known as
principal components and are linear combinations of the initial variables. These principal compo-
nents are ordered in decreasing order of variance. The number of principal components created
is equal to the number of original features and the total variance captured by all of the principal
components is equal to the total variance in the original dataset. By selecting a subset of these
components based on a threshold of explainability, the dimensionality of the original dataset is re-
duced. This threshold determines the number of principal components needed to retain as much of
the original data’s variance, thereby reducing the data’s dimensionality while preserving essential
information.

Linear Discriminant Analysis is another method of dimensionality reduction. Unlike PCA,
Linear Discriminant Analysis is a supervised learning method that takes class labels into consider-
ation. It aims to maximize the distance between the mean of each class and minimize the spreading
within the class itself !. This is done by finding a new feature space that best discriminates be-
tween the different classes. The result is a set of new features, known as linear discriminants. In
this method, it is assumed that the input data follows a Gaussian distribution, so if the apply it to
not Gaussian data it may result in poor classification results.

Another dimensionality reduction technique is t-Distributed Stochastic Neighbor Embed-
ding (t-SNE). It is primarily used for data visualization and captures complex, non-linear rela-
tionships in the data. It tries to find a two or three dimensional representation of the data that
preserves the distances between data points as best as possible. It measures the similarity between
data points in a high-dimensional space and represents this similarity as probabilities. Then, it
builds a probability distribution that is similar in the lower-dimensional space and it uses a method
known as gradient descent to minimize the difference between the two distributions !. This pro-
cess enables t-SNE to capture the structure of the data, which makes it very helpful in identifying
meaningful patterns and visualizing complex datasets.

There are several types of Feature Selection methods. Filter methods are approaches that do
not use learning models, but use only features characteristics [40]. This type of feature selec-
tion involves two steps: choosing a criteria to rank and identifying the highest ranked features.
Correlation-based Feature Selection [41] is a filter method that analysis the correlation between
each pair of features and may also have in consideration the correlation between each feature and
the target. It selects subsets of features that do not have a high correlation with each other, but are
highly correlated with the target variable. Another filter-based aproach is Select K Best (KBest)
[42]. It uses the statistical tests like chi-squared test, ANOVA F-test, or mutual information score
to rank features based on their correlation. It has the limitation of only looking for linear correla-
tions between features and the target.

Wrapper method is another category of selection techniques that identifies the feature subset

that improves the model’s performance. Therefore, these methods use a specific learning model to

Thttps://medium.com/analytics-vidhya/pca-vs-lda-vs-t-sne-lets-understand-the-difference-between-them-
22fa6b9be9d0. Accessed on 2024-05-03.
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select the subset of features [43] and are composed of three main stages: feature set selection, fea-
ture set evaluation and induction algorithm. Recursive Feature Elimination (RFE) is a wrapper
method with the purpose of finding the best feature subset, by generating a new model recursively.

Embedded methods are a group of feature selection approaches that combine the best aspects
of wrapper and filter-based techniques. They incorporate the feature selection procedure within
the learning model [44].

The study made by Paszynski et al. is an example of the application of feature selection tech-
niques in medical tabular data [45]. Their goal was to provide an analysis of different feature
selection methods used in machine learning for multiclass classification tasks, focusing on med-
ical tabular data. The evaluation was made based on three main steps: accuracy, stability and
interpretability. According to the experimental pipeline, the authors compared the performance of
classifiers using various feature selection methods: Variance threshold, Bayesian selection, KBest,
RFE. The highest F1-score was obtained when using RFE, for all classifiers. The second-best per-
formance was obtained for Bayesian Selection for Logistic Regression and KBest for Random
Forest and XGBoost. According to the mean validation F1-score, the most stable classification
was achieved with RFE for gradient boosting, Bayesian Selection for logistic regression, and K-

Best selection for Random Forest.

3.4 Machine Learning in O&P

Machine learning is an important analytical tool that can be applied to healthcare, allowing the
improvement of patient care [46].

Machine learning techniques have revealed promising results in different areas of orthotics
and prosthetics (O&P). Choo et al. made a narrative review on the integration of machine learning

with prosthetics and orthotics, referring to existing studies in the field [47].

3.4.1 Prosthesis Alignment

Proper alignment of prosthetics is crucial. If the prosthetics are not correctly aligned, the body’s
center of gravity can be incorrectly distributed over the prosthesis during standing or walking.
It may lead to improper pressure and weight application, which can result in various complica-
tions. Currently, alignment adjustments are made based on clinician observation, which is highly
subjective.

Zhang et al. investigated whether a SVM could detect transtibial prosthesis misalignment dur-
ing walking using data from the ground reaction force [48]. They measure differente features from
gait cicle, including peak vertical forces, timing of these peaks, braking and propulsion forces, and
lateral and medial forces. The data was recorded from nine unilateral transtibial amputees who
walked 50 meters with both normally aligned and misaligned prostheses. SVM acheived a detec-
tion accuracy of 96,67%, which reveals the potential of SVM in accurately identifying prosthetic
misalignment based on gait data.
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3.4.2 Prosthesis Selection

Selecting the appropriate prosthesis can maximize a patient’s physical ability while minimizing
excessive costs. The quality of a prosthesis is often associated with the pressure it exerts on the
body surface. However, prosthesis attribution is traditionally determined by clinician observation,
which is subjective.

Sewell et al. developed a method for improving tibial socket fitting by analyzing pressure data
at the residual limb/socket interface during the different stages of gait cycle [49]. As input, they
used strain data collected from a socket surface of one subject, (namely thirty pressure strain read-
ings). An artificial neural network algorithm analyzed the data and generated as output interfacial
pressures at the residual limb/socket interface. The artificial neural network predicted interfacial
pressure with a high accuracy, with 8.7% difference from actual pressure values.

LeMoyne et al, develop a machine learning algorithm for classifying types of prostheses based
on gait analysis data [50]. The gait of one transtibial amputee was analyzed while using both
passive and powered prostheses. Gait characteristics were measured using a force plate, focusing
on temporal (rise time to the first maximum symbolizing brake, time for a decrease from a push-
off to the terminal aspect of the stance phase) and kinematic parameters (maximum force after
breaking, the maximum force after a push-off and the average force profile of the stance). They
used SVM to classify between passive and electric-powered prosthesis using gait characteristics
of the patient as input. This algorithm revealed an accuracy of 100% when using temporal gait

parameters and 80% with kinematic gait parameters.

3.4.3 Post-prosthesis Training and Education

After amputation, patients require proper training to use their prosthesis effectively. Some studies
have focused on developing adaptive training systems to support this task, including systems that
enable autonomous training.

Huang et al. develop a prosthesis training system for amputees to independently train with
real-time feedback [51]. There is not a clear explanation of the number of participants with lower-
extremity amputation. Radio frequency identification readers on prostheses track limb movements,
providing immediate feedback for gait correction. They used Decision Tree, fast-learning neural
networks, and SVM to classify gait patterns with high accuracy. As input they used initial angle,
the length of perpendicular, time consumption per step. The model classify in normal gait pattern

or abnormal gait pattern. SVM was the model with the highest accuracy, with 89,25%.

3.4.4 Fall Detection Systems

Amputees have a higher risk of falling compared to nonamputees, due to muscle weakness and
reduced sensitivity. It is important for an individual with lower limb loss to perform their daily
activities safely, since falls can have severe consequences. It may result in not only physical

injuries but also psychological issues such as anxiety, depression, and loss of confidence.
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Shawen et al. developed models to detect falls in amputees using data from nonamputees
[52]. The study involved six amputees and ten nonamputees who simulated falls while carrying a
cellphone equipped with sensors. To have data from the common daily activities, they were asked
to perform actions such as sitting, standing, and walking after falling. The recorded data (speed
when changing postures) was used to train four models: SVM, RF, gradient boosting, and extreme
gradient boosting, with the purpose of distinguish between falling motions and nonfalling motions.

The developed models had a accuracy of 90% or higher in classifying these two conditions.

3.4.5 Temperature Control in Prosthetics

Excessive heat and humidity inside a prosthesis can accelerate skin erosion and increase the risk
of bacterial infections. So, automatic temperature detection systems within prosthetics would be
highly beneficial.

Mathur et al. developed a model to predict skin temperature of residual limbs by measuring
the socket liner internal temperature [53]. It was done by using Gaussian processes for machine
learning. While two patients with traumatic transtibial amputation walked on a treadmill, the tem-
peratures of their stumps and liners were recorded. The goal was to analyse how the type of liner
material affects changes in skin temperature. The inputs were the liner temperatures and the out-
puts the skin temperatures. They tested a variety of materials, such as Iceross Comfort (silicone),
OttoBock Technogel (polyurethane), and carbon fiber lay-up for sockets. This model was able to
predict skin temperature with an error margin of 0.5 degrees Celsius, closely matching the actual

skin temperature.

3.4.6 Motion Control During Orthotics Use

Motion recognition systems can be effectively used to monitor processes and outcomes, providing
feedback. These systems automatically detect human movement through sensor signals.

The studies by Lonini et al. [54] and Farah et al. [55] both demonstrate the application
of machine learning algorithms in the context of gait analysis and training for individuals using
orthotic devices.

Lonini et al. created a algorithm for classification of gait patterns that can be applied when
patients are training their gait while wearing their orthotic devices [54]. In this study participated
eleven healthy individuals and ten patients using knee-ankle-foot orthoses due to unilateral leg
weakness. While their gait data was collected, they have to perform five different motions: sitting,
standing, walking, going up stairs and going down stairs. The input data included a variety of
parameters such as mean, moments, histograms, Pearson’s correlation coefficient, power spectra
and mean power in 0.5 Hz bins within 0—10 Hz. They explored three model types: personal
model (trained on data from all patients and testes individually), global-patients model (trained on
data from 9 patients and testes on the excluded one) and global-healthy model (trained on healthy
subjects and tested on patient data). The supervised learning model used was RF with 100 trees for

individual models and 50 trees for global models. All model types had the best accuracy regarding
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the sitting position (personal model, 92.0%; global-patients model, 86.7%; and global-healthy
model, 88.1%). All the models had good performances in classifying the different motions.
Farah et al focuses on developing a machine learning algorithm for real-time gait phase recog-
nition, specifically for controlling the gait of orthotic device users in real time [55]. In this study
participated thirty healthy subjects included in the training set and twelve healthy subjects for
validation set. While data on thigh and knee joint trajectories and body segments was collected,
subjects had to walk on five types of ground: level ground, 7° declining slope, 7° inclining slope,
5° right crossing slope, and 5° left crossing slope. The algorithm developed included two main
steps: first Logistic Model Tree was used to train the model using the collected gait data, then Tran-
sition Sequence Verification and Correction was implemented to improve gait phase recognition
by solving the complexity of discontinuous classes. The results show that the models accurately

identified different gait phases across various ground types and gait velocities.

3.4.7 Predicting Orthotics Use in the Future

Prognostic technology can be effectively used to prevent unnecessary prescriptions of orthotics for
medical treatment. In 2021, a deep learning algorithm was developed by Choo et al. to predict the
need for orthotics following a stroke [56]. They recorded data from 474 patients with stroke and
the input variables included age, sex, stroke type, and muscular strength scores for various muscles
measured within 30 days post-stroke. They used deep neural networks, logistic regression and RF.
The output was the score for the ankle dorsiflexor muscle strength measured 6 months after the
stroke. This score was used as the criterion for assessing the necessity of ankle—foot orthosis.
It was devided that the ankle—foot orthosis was not necessary if the score was three or higher
and ankle—foot orthosis was necessary if the score was less than three. The study utilized deep
neural networks, logistic regression and RF. All models demonstrated excellent performance. This
research indicated that machine learning could prevent unnecessary orthotic prescriptions for post-
stroke patients.

This review made by Choo et al. [47] revealed that SVM was the most frequently used model
in this field and emphasized the need for large datasets with diverse participants’ characteristics to

improve the generalizability and applicability of machine learning algorithms in prosthetics.

3.4.8 Identification of Functional Level Using Real-world Sensor Data

Performed a literature research to look for papers which used supervised learning to estimate or
predict the functional level of a patient given data obtained from the usage of wearable sensors
in the prosthetic users and patient information. Even though machine learning is already used in
prosthesis for diverse purposes, there is not much work done related to identifying K-levels using
real-world sensor data. To take a step further in this topic, Orendurff et al. incorporate wearable
sensor data into the assessment of functional levels by evaluating the relationship between the
clinical K-level and a K-level determined by a custom algorithm [4]. This custom algorithm was

based on real-world functional activity levels from wearable sensor data during daily life. Twelve
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individuals with limb loss participated in this study. Each participant’s K-level was assessed by a
single treating prosthetist using gait observation and patient questionnaires in a clinical environ-
ment. Then, each participant was fitted with a StepWatch Activity Monitor on their prosthesis to
record ambulatory activity over seven days. StepWatch has been found to be effective in counting
steps for a wide variety of gait pathologies, such as poststroke, multiple sclerosis, and Parkinson’s
disease. The StepWatch data was processed using a custom algorithm that used four components,
incorporating both community activity data (contribution of 75%) and clinical K-level assessments
(contribution of 25%) to estimate the functional level. The three parameters related to community
activity data included in the algorithm were: the average step rate from the most active minutes,
the ratio of different step rates, and total daily steps to estimate energy expenditure. To evaluate the
correlation between the prosthetist’s clinical judgment of K-level and the K-level determined by
the algorithm, they used a simple linear regression. It found a significant correlation between the
prosthetist’s K-level and the calculated K-level (R2 = 0.775, p < 0.001). The results also indicate
that real-world data could offer greater resolution in functional level assessment, potentially iden-
tifying high K2 ambulators who might benefit from more advanced prosthetic components. This
study suggests that integrating real-world ambulatory data with clinical assessments can enhance

the objectivity and accuracy of functional level determination in prosthesis users.

3.5 Machine learning: Sports and Medical Application

3.5.1 Unsupervised Learning

Within the domains of sports science and healthcare, researchers have increasingly turned to un-
supervised learning methods to unlock novel insights and drive advancements in areas such as
performance optimization, injury rehabilitation, and clinical diagnosis.

For instance, Shelly et al. proposes an approach to use data collected from wearable tech-
nology to better inform training decisions [30]. It involves the application of K-means clustering
technique to group athletes from two seasons worth of data from an National Collegiate Athletic
Association Division 1 American football team. In this study, different data was used, such as
maximum velocity, IMA (count of intense movements that occur throughout each activity), vari-
ous distance intervals ran (examples: distance ran 5 to 8 mph, distance ran 8 to 12 mph), and total
distance ran for every game and practice. This data was used to obtain average game demands
of each athlete, then used to create training groups based on each individual game demands. The
resultant clustering groups showed similar results to traditional groupings used for training in
American football. One major limitation was the inability to associate specific roles and physical
attributes to individual athletes, which limited the analysis of the clusters created. In practice,
coaches using this data could evaluate student-athletes and make informed decisions on appro-
priate training protocols. For example, if the reason for different groupings is the linebacker’s
defensive role, then the linebacker must practice in a group that closely matches the demands of

their position in games.
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The study developed by Soto-Valero et al. proposes a model-based cluster approach (Figure
3.3) to explore and categorize football players based on their performance data from FIFA video
games [57]. The performance data was constituted by forty attributes belonging to eight main
groups. Some examples of performance groups and features are: Physical (age, height, weight,
body mass index), Movement (acceleration, sprint speed, agility, reactions, balance), and Defen-

sive (marking, standing tackle, sliding tackle).

They use PCA to reduce data dimension and a GMM to cluster players into roles such as
defenders, midfielders, forwards, and goalkeepers [57]. To determine the best clustering model,
they used Bayesian Information Criterion (BIC) with different parameterizations and numbers of
clusters. Then, players were labeled according to their attributed roles. With this cluster-labeled
dataset, a gradient tree boosting model was trained to perform feature selection and rank attributes
regarding their importance. The results of the cluster process showed clear differentiation between
the different performance indicators that represent the four main groups of players. These groups
represent association football main positions, indicating that physical and technical demands vary
based on the player’s specific role on the field. They also found that, among the profiles of the

clustered players, the dribbling skill was the most discriminant feature.

Attributes
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Figure 3.3: Graphical representation of the methodology followed. Extracted from [57].
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In the field of stroke rehabilitation, unsupervised approaches also have a relevant contribu-
tion. Dolatabadiet al. intends to automatically categorize the gait pattern of mobility impaired
individuals, to help to numerically analyze and study trends in the recovery of gait and track
gait improvement or deterioration [58]. To do so, they apply mixture model clustering to analyze
spatiotemporal gait parameters in individuals with pathological conditions and obtain groups of in-
dividuals with common attributes. The spatiotemporal gait features included were: gait symmetry
ratio of swing time, stance time and step length, gait speed, and variability in step length and step
time. This study uses data from sixty-eight stroke patients and twenty healthy adults to identify
distinct gait patterns and generate a composite measure indicative of overall gait performance. A
model-based Gaussian mixture clustering approach, along with the Bayesian Information Criterion
(BIC), is applied to determine the optimal number of clusters. The selected clustering model effec-
tively categorized participants’ spatiotemporal gait data into three clinically meaningful groups:
group 1 consisted of healthy participants, group 2 included individuals with intermediate-level gait

parameters, and group 3 comprised the worst condition.
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3.5.2 Supervised Learning

In sports, there is a Rating of Perceived Exertion (RPE) scale that evaluates how exhausting an
exercise was for a specific person. RPE can be measure in two scales: the Borg RPE scale and a
modified Borg category-ratio 10 RPE scale 2. The first one goes from 6 (no exertion) to 20 (highest
effort). The second one ranges from O (no exertion or resting) to 10 (pushing yourself to the limit).
The quantification of subjective exertion during practice is important to adapt the exercises and
avoid injuries resulting from overtraining. Since sometimes subjects do not accurately indicate
their exertion during training, there is a necessity for complex external instrumentation to provide
accurate workload quantification.

Carey et al. investigated the ability of machine learning methods to predict Borg category-ratio
10 RPE scores in professional Australian football players [59]. Forty-five professional Australian
football players participated in this study. During a full season, data was recorded: global position-
ing system data, heart rate data, accelerometer data, and wellness questionnaires. The study used
various machine learning algorithms (classification and regression), including neural networks,
SVM, RF, and linear regression, to predict RPE values. In the regression approach, RPE re-
sponse was considered a continuous real-valued number, while in classification RPE response was
a discrete categorical variable. Three data preparation protocols were considered, and seven com-
binations of predictor variables were tested for each modeling approach. The predictor variables
were chosen based on previous studies that found heart rate, running distances and speeds, ac-
celerations, and wellness ratings impact athlete RPE. To evaluate the performance of each model,
they used cross-validation and Root Mean Squared Error (RMSE). A RF model trained with only
the three best variables achieved similar results to one trained with access to all variables, with a
RMSE of 0.96 £ 0.08 and 1.09 % 0.05, respectively.

Albert et al. presented a method to predict Borg RPE quantification of exertion during resis-
tance training [60]. This study involved sixteen male participants that were equipped with six IMU
sensors and electrocardiography sensors and data was recorded while they were performing squats
on a flywheel training machine. From electrocardiography data, Heart Rate Variability parameters
were calculated for windows of 30 seconds from the raw electrocardiography signals. From IMU
data, eight statistical features were extracted for each window, including minimum, maximum,
mean, median, root mean square, kurtosis, skewness, and standard deviation. To remove features
that provide little information, feature selection algorithms were applied: Variance Inflation Factor
thresholds, Univariate Selection, PCA and RFE. Four regression models were used to predict the
subjective rating of perceived exertion based on the calculated features: Support Vector Regression
with Radial Basis Function and linear kernels, RF Regression, and Gradient Boosted Regression
Tree models. They used Root Mean Squared Percentage Error, Mean Absolute Percentage Error
scores, Coefficient of determination (R2), and the Pearson correlation coefficient to evaluate the
performance of the models. The authors found that the Gradient Boosted Regression Tree models

model performed best, with the lowest Mean Absolute Percentage Error scores and Root Mean

Zhttps://my.clevelandclinic.org/health/articles/17450-rated-perceived-exertion-rpe-scale. Accessed on 2024-05-03.
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Squared Percentage Error values. In this study they considered that players were not restricted to
integer responses when reporting their RPE. As a result, the RPE response is used as a continuous

real-valued number, so it makes sense that in this case they only tested regression models.

In healthcare, supervised learning methods also have an important role. The biomedical area
has been greatly impacted by machine learning, since it allows improved disease detection and
prediction of biomedical interest [61].

An example is the study conducted by Alauthman et al., which assesses the performance of
various machine learning algorithms at predicting the diagnosis of chronic liver disease while re-
ducing its cost [33]. The liver is the largest organ in the body and is essential for food digestion and
for processing the body’s toxic substances. Liver diseases are a significant global health problem,
with high incidence and mortality rates. However, the diagnosis of liver disease is complex and
expensive. The dataset used in this study contains information regarding 583 Indian liver patients,
such as quantity of total bilirubin, protein content, and amount of albumin in the patient. In this
study, five machine learning algorithms were explored: Logistic Regression, KNN, Decision Tree,
SVM, and Artificial Neural Network. The models’ performance was assessed using accuracy, pre-
cision, recall, and f-1 score. To address the problem of unbalanced target classes, they applied
GAN and SMOTE to guarantee that all data is distributed fairly and examined their effects on
performance. In Figure 3.4, it is possible to see a flowchart with the main steps of the process of
creating a model. The experimental results show that, with the used classifiers, SMOTE surpasses
Generative Adversarial Networks in terms of accuracy and that KNN outperforms others with an

average accuracy of 99%.
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Figure 3.4: The architecture of the proposed approach. Extracted from [33].

3.6 Summary

In this chapter, a diverse range of potential advancements in patient rehabilitation and care asso-
ciated with prosthetics are presented. From aligning prostheses to detecting falls, machine learn-
ing techniques provide adaptable solutions to various challenges within the field, with SVM as a
prominent model. Due to the importance of measuring functional activity during daily life to com-

plement traditional clinical assessments in prosthetic care, recent studies highlight the integration
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of real-world sensor data for assessing functional levels. From the exploration of machine learning

techniques applied in sports and healthcare, it’s possible to conclude that:

* Data Augmentation: When applied to time series, techniques like rotation, permutation, and
time-warping have shown improvements in classification accuracy. On the other hand, for

tabular data in unbalanced datasets, SMOTE proved to be a strong choice.

 Feature Reduction and Selection: Techniques such as PCA for feature extraction and meth-
ods like KBest and RFE for feature selection show potential in reducing model complexity
and improving performance. These techniques have been particularly effective when ap-

plied to medical tabular data, enhancing model accuracy and stability.

* Unsupervised Learning: Methods such as K-means clustering and GMM have provided

valuable insights into athlete performance and rehabilitation strategies.

* Supervised Learning: Algorithms such as SVM and Random Forests have been effective in

predicting outcomes like RPE and diagnosing conditions such as chronic liver disease.

Having explored the application of machine learning in sports and healthcare, it is now impor-
tant to reflect on how the principles and methods used in these fields can be adapted and applied to
the field of prosthetics, particularly in identifying activity profiles for the assessment of K-levels.
As referred in Chapter 1 and Chapter 2, the current assessment of K-levels is susceptible to vari-
ability and subjectivity, since it depends on the interpretation of the clinician. Since unsupervised
learning techniques such as clustering do not depend on pre-attributed labels, they can be partic-
ularly useful in identifying activity profiles. By applying clustering methods such as K-means
and GMM to metrics obtained from data collected from wearable sensors, it would be possible to
group prosthetic users with similar activity patterns without the need to provide clinical K-levels.
By doing so, it would allow a more objective analysis of amputees functional abilities. On the
other hand, supervised learning techniques offer another view and could be utilized for the task of
identifying K-levels based on labeled data (clinical K-levels).

To sum up, machine learning offers powerful tools for understanding human performance and

health outcomes, opening the door for more personalized treatments and improved outcomes.
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Chapter 4

Dataset

Before applying any machine learning approach, it is crucial to understand and analyze the avail-
able dataset. In this chapter, the dataset is presented, by detailing the patient population, exploring

the activity metrics and explaining the preprocessing steps and the data augmentation process.

4.1 Data Acquisition Workflow

The data acquisition process using the Motio StepWatch includes eight steps to ensure correct
usage. Initially, the Motio StepWatch has to be installed on the patient’s prosthetic device. Then,
the patient is subjected to some functional tests supported by the app, such as TUG, PLUS-M and
AMPPRO. After this, it is necessary to set up the device to record activity with the Motio App. At
this point, everything is ready and the patient carries out their life for a minimum of 7 days. After
this period, the patient returns for a follow-up appointment, where the recorded data is downloaded
from the device into the Motio App. Clinicians analyze the collected activity data, and a detailed
report is generated with information from both the acquisition period data and the results from the

functional tests.

4.2 Patient Populations and Acquisition Characteristics

Before sending the patient out for their acquision period, the clinician manually records several
data on the Motio App. This information is used as reference to accurately measure steps and

cadence during acquisition period. The collected information include:

* Personal information: Patient ID, Age, Gender

* Prosthetic details: Years since amputation, years of prosthetic use, type of amputation, pros-

thetic components

* Physical measurements: weight, height, stride length

To differentiate patients, an unique alphanumeric identifier was created in order to maintain

anonymity. Additionally, multiple acquisitions could be collected in the same patient at different

49
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timepoints therefore the start date was recorded as well. In the dataset, we have data from 35
distinct patients.
Additionally, it is also available a clinical K-level for each patient, assessed by a clinician
based on the analysis of the data provided by Motio App and their professional recommendation.
Until June 2024, a total of 40 samples have been collected. The distribution of these acquisi-

tions with respect to clinical K-level, age, and sex is shown in Figure 4.1.

Clinical K-levels Age Groups

N

0

=Kl mK2 =K3 =K4 = 30-39 ®=40-49 =50-59 =60-69 ®70-79 = Unknown

(a) Acquisitions: clinical K-level (b) Acquisitions: age

Sex

= Female = Male = Unknown

(c) Acquisitions: sex

Figure 4.1: Dataset distribution of K-level, age, and sex.

Figure 4.1 shows that the dataset is not balanced regarding the number of samples for each
K-level, with K3 having the highest amount of data. It also shows that there is no balance in the
number of samples regarding sex, revealing that most of the patients are male. In the United States
of America between 2016 and 2021, a total of 5 687 420 cases of limb loss or limb difference were
registered. Of these cases, approximately 59% were men (3 342 746) and 41% were women (2
344 674). In the literature, there is evidence that sex influences the outcome of rehabilitation after
amputation, with women having a poorer outcome than men [62]. Regarding the age groups, it is
possible to see that the dataset covers a wide range of ages, but the majority of the patients are 40

or older, with few representations of younger people.
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Figure 4.2: Amputation type distribution and age group distribution, both for each clinical K-level.

In Figure 4.2, we have the distribution of type of amputation and age group. It is important to
keep in mind that transtibial amputations are considered below knee amputations and transfemoral
and knee disarticulation are considered above knee amputations. In Figure 4.2a, it is possible to

observe that there are representations of both types of amputation in all clinical K-level.
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Figure 4.3: Time since amputation distribution for each clinical K-level.

In Figure 4.3, we have the distribution of time since amputation for each clinical K-level. Re-
garding time since amputation, the dataset covers a wide range of values, guaranteeing diversity
of population. In literature, studies suggest that mobility can improve with time since amputation,
but may begin to decline after some time [63]. Several factors have high importance in the qual-
ity of life of amputees, such as use of prostheses, comorbidities and phantom/residual limb pain
[64]. Phantom pain decreases with time since amputation. Although there is no evidence of a
direct association between phantom pain and mobility level, it is argued that factors such as phan-
tom/residual limb pain and prosthesis use can indirectly influence both mobility and functional

classification level, since pain leads to activity restrictions. Thus, mobility may improve with time
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since amputation, up to a certain limit.
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Figure 4.4: Stride length distribution for each clinical K-level.

Figure 4.4 shows the distribution of stride lengths for each clinical K-level. There is evidence
that the stride length may be associated with functional mobility. According to the literature, the
ability to adapt stride length to facilitate an appropriate speed for normal community activities is
an indicator of functional mobility [29]. Thus, if the patient can increase their stride length when
necessary, they demonstrate higher functional mobility. Additionally, participants with lower limb
amputation walk faster and with longer stride lengths outside the home than inside.

In Figure 4.5, there is the distribution of duration of data acquisition. The number of days was
obtained by selecting the first and last day of recorded activity for each patient and counting the
number of days within this period.

It is important to highlight that no samples with 1 to 6 days were recorded, showing that all
patients followed the indication of recording a minimum of 7 days. Additionally, 14 samples had
an acquisition period of 14 to 20 days or more than 20 days, indicating that a significant number
of patients collected data for more than twice the minimum required duration. The metrics below

were calculated based on the average of 7 to 23 acquisition days.

4.3 Activity Metrics

The recorded data from 40 patients is downloaded into the Motio App, to generate the Motio
Report with the calculated activity metrics. In this section, we present the analysis of those activity

metrics (described in Section 2.3).

4.3.1 Mean and Standard Deviation

Table 4.1 shows the mean and standard deviation of each metric, splitting the dataset by clinical
K-level (K2, K3, K4).
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Table 4.1: Mean and standard deviation of activity metrics for each K-level.

Activity Metric K2 (Mean = STD) | K3 (Mean = STD) | K4 (Mean = STD)
StepsDaily Average 4634.36 + 2489.01 | 4264.10 £2560.19 | 5645.00 + 3597.58
StepsMax 7427.82 +3464.16 | 8176.57 £3661.99 | 10508.25 + 6073.24
TopCadenceDailyAverage 84.46 + 14.72 84.54 £ 25.48 86.57 +21.70
TopCadenceMax 100.36 £ 11.40 110.29 £ 16.23 112.25 £ 17.10
TopSpeedDaily Average 0.66 +0.20 0.78 £0.21 0.92 £0.29
TopSpeedMax 0.78 £0.19 1.03 £0.15 1.20 £ 0.32
EnergyExpenditureDaily Average 7445 +37.77 69.17 + 38.95 89.16 £ 55.36
EnergyExpenditureMax 117.28 £52.75 129.16 + 55.87 163.73 £ 93.44

MaxContinuousWalkingDaily Average

177.85 + 108.05

180.38 + 81.96

203.31 +£126.48

MaxContinuousWalkingMax 356.15 + 155.79 485.53 +258.93 533.84 +394.62
AmbulationEnergyScore 381 +1.13 3.98 +£0.92 4.12+0.81
PeakPerformanceScore 3.20+0.80 3.02+0.76 3.08 £0.76
CadenceVariabilityScore 3.05+0.88 2.88 +£0.70 2.99 +0.92
ActiveTimeAverage 1.46 £ 0.67 1.32+£0.78 1.72 £ 0.93
ActiveTimeLowCadenceAverage 0.53 +0.27 0.49 £0.32 0.63 +0.30
ActiveTimeMediumCadenceAverage 0.59 +0.28 0.51 +0.28 0.65 +0.34
ActiveTimeHighCadenceAverage 0.34 +0.32 0.31+0.23 0.44 +0.38
TwoMinuteWalkTestsAverage 67.73 £17.62 85.96 + 16.87 96.34 + 24.85
TwoMinuteWalkTestsAverage_std 13.00 £ 4.69 18.60 + 3.71 22.98 £7.99
SixMinuteWalk TestsAverage 231.24 £50.35 281.01 £52.10 368.62 + 84.17
SixMinuteWalk TestsAverage_std 13.55 +5.96 22.93 +18.93 28.68 +13.80
TenMeterWalk TestsAverage 0.52 +£0.13 0.65+0.10 0.69 £0.12
TenMeterWalk TestsAverage_std 0.14 +£0.05 0.19+0.03 0.21 £0.04

For StepsMax, the mean number of steps increases with higher clinical K-levels, which sug-

gests that patients with higher K-levels are capable of giving more steps.

For TopCadenceDailyAverage and TopCadenceMax, the mean values show relatively small
changes across different clinical K-levels, with slight increases observed from K2 to K4. This
suggests that there may be some variations in daily average cadence and higher maximum cadence

values among patients with different K-levels, but the differences are not substantial.
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Both TopSpeedDailyAverage and TopSpeedMax exhibit significant increases from K2 to K4,
which indicate that patients with higher K-levels tend to walk faster.

EnergyExpenditureMax shows noticeable increases in mean values as the clinical K-level in-
creases from K2 to K4. This suggests that patients with higher K-levels tend to expend more
energy during physical activities, possibly due to increased mobility and more demanding activi-
ties.

Means from both MaxContinuousWalkingDailyAverage and MaxContinuousWalkingMax in-
crease with higher clinical K-levels, which suggests that patients with higher K-levels can sustain
continuous walking for longer periods.

AmbulationEnergyScore also demonstrates a slight increase in mean values from K2 to K4.
This suggests a trend towards improved ambulatory energy among patients with higher K-levels,
which may indicate better physical function and endurance during ambulation tasks.

TwoMinuteWalkTestsAverage and SixMinuteWalk TestsAverage show a significant increase in
performance from K2 to K4, which suggests that patients with higher K-levels are able to walk
longer periods with improved efficiency. Mean values of TenMeterWalkTestsAverage showed an
increase from K2 to K4, indicating faster short-distance walking speeds at higher K-levels. It
is also interesting to look at the mean values of the standard deviations of TwoMinute Walk Test-
sAverage, SixMinuteWalkTestsAverage and TenMeterWalkTestsAverage, that increase with the
higher clinical K-level. They represent the variability in cadence, indicating that higher K-levels
correspond to people who are more able to change cadence.

The remaining metrics do not show a clear trend of increase or decrease as the clinical K-level
rises.

To confirm these observations, we perform some methods to quantify them.

4.3.2 Spearman’s Correlation Between Activity Metrics and K-levels

The strength and direction of a monotonic connection between two variables are measured using
Spearman’s correlation. The Spearman’s correlation analysis between activity metrics and clinical
K-level is important to reveal some significant relationships. The correlation between two vari-
ables is quantified by a number from -1 to +1. The 0 value means that there is no correlation and
1 means a perfect correlation, while the sign indicates the direction of the correlation (negative
indicates an inverse correlation) [65]. In general, our expectation regarding these activity metrics
is that when there is a correlation, it will be in a positive direction. We can classify correlation

magnitudes into the following levels [66]:

* <0.20 - very weak
¢ 0.20 to 0.39 - weak
¢ 0.40 to 0.59 - moderate

* 0.60 to 0.79 - strong
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* >0.80 - very strong

Table 4.2: Spearman’s correlation coefficients and p-values, between each activity metric and
clinical K-level.

Activity metric Spearman’s correlation with K-level | p-value
StepsDailyAverage 0.05 0.75
StepsMax 0.14 0.40
TopCadenceDailyAverage 0.09 0.58
TopCadenceMax 0.30 0.06
TopSpeedDaily Average 0.26 0.10
TopSpeedMax 0.54 <0.005
EnergyExpenditureDaily Average 0.03 0.86
EnergyExpenditureMax 0.11 0.50
MaxContinuousWalkingDaily Average 0.05 0.75
MaxContinuousWalkingMax 0.17 0.30
AmbulationEnergyScore -0.01 0.96
PeakPerformanceScore -0.07 0.66
CadenceVariabilityScore -0.03 0.86
ActiveTimeAverage 0.03 0.87
ActiveTimeLowCadenceAverage 0.05 0.75
ActiveTimeMediumCadenceAverage -0.02 0.92
ActiveTimeHighCadenceAverage 0.14 0.40
TwoMinuteWalkTestsAverage 0.42 0.01
TwoMinuteWalkTestsAverage_std 0.47 <0.005
SixMinuteWalkTests Average 0.58 <0.005
SixMinuteWalkTestsAverage_std 0.35 0.11
TenMeterWalk TestsAverage 0.46 <0.005
TenMeterWalkTestsAverage_std 0.52 <0.005

Table 4.2 summarizes the Spearman’s correlation coefficients and p-values for each activity
metrics. It is possible to observe that the clinical K-levels have a significant positive correla-
tion with some activity metrics, such as TopSpeedMax, TwoMinuteWalkTestsAverage, SixMin-
uteWalkTestsAverage and TenMeterWalkTestsAverage. In all these cases, the coefficients are in
range 0.4-0.59 and p-values are less than 0.05. The remaining metrics show weak correlations
with clinical K-levels, suggesting that these metrics do not seem to have a meaningful relationship

with clinical K-levels.

4.3.3 Spearman Correlation Matrix

The Spearman correlation matrix is used to assess the relationship between two variables in the
dataset. Figure 4.6 shows that various activity metrics have very strong relationships between each

other.
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A strong positive correlation is observed between StepsDailyAverage and EnergyExpendi-
tureDaily Average (1.00), PeakPerformanceScore (0.916), and ActiveTimeAverage (0.96). Simi-
larly, StepsMax shows a very high correlation with EnergyExpenditureMax (1.00).

Metrics related to cadence also show strong correlations. TopCadenceDaily Average has a high
correlation with PeakPerformanceScore (0.92).

EnergyExpenditureDailyAverage and PeakPerformanceScore have a strong positive correla-
tion (0.92), which indicates that higher daily energy expenditure is closely associated with a higher
peak performance score.

Several metrics related to activity duration, such as ActiveTimeAverage, are also highly cor-
related with other activity metrics. For instance, ActiveTimeAverage has strong correlations with
EnergyExpenditureDaily Average (0.96).

Performance metrics from walk tests also display significant correlations. Specifically, TwoMin-
uteWalkTestsAverage and SixMinuteWalkTestsAverage have a very high correlation (0.97), sim-
ilarly to TwoMinuteWalkTestsAverage and SixMinuteWalkTestsAverage (0.93). Additionally,
TwoMinuteWalkTestsAverage and TenMeterWalkTestsAverage also show a strong positive cor-
relation (0.92).

These results indicate that a lot of information is being repeated, which reveals the need to

apply feature reduction and selection methodologies.

4.3.4 Statistical Comparison using T-test

The t-test is one of the most commonly used statistical tests. Its purpose is to determine if there
is a significant difference between the means of two groups, so we applied a two tailed t-test for
independent samples. For the t-test to be valid, the data must follow a normal distribution. The
t-test calculates a t-statistic and a p-value. If the p-value is less than 0.05, the difference between
groups is considered statistically significant [67].

Table 4.3 summarizes the results of the t-test comparisons across different K-levels for various
activity metrics. If the metric data did not follow a normal distribution, we recorded the result as
"NND" (non-normal distribution). If the t-test did not yield a p-value less than 0.05, the result was
considered "NC" (not conclusive). For cases where the p-value was less than 0.05, the t-statistic
and p-value are provided.

Interestingly, most of the statistically significant differences between groups are found when
comparing K2 and K3 or K2 and K4, with only one significant difference observed between K3
and K4. This indicates that, in the metrics that followed a normal distribution, the largest changes
in activity metrics occur when moving from the lower to higher K-levels, with less pronounced

differences between the higher K-levels.

4.4 Preprocessing of Time Series

To make a significant increase in the number of samples, while ensuring we are using the same

standardized time window for metrics computations, we apply the sliding window method. Since
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Table 4.3: T-test statistical comparison of activity metrics across K-levels. NND: non-normal
distribution; NC: not conclusive.

Activity metric K2 vs K3 K2 vs K4 K3 vs K4
StepsDailyAverage NND NND NND
StepsMax NND NC NND
TopCadenceDailyAverage NC NC NC
TopCadenceMax NC NC NC
TopSpeedDaily Average NC t-statistic: -2.12, | NC
p-value: 0.05
TopSpeedMax t-statistic: -3.93, | t-statistic: -3.41, | NC
p-value: <0.005 | p-value: <0.005
EnergyExpenditureDaily Average NND NND NND
EnergyExpenditureMax NND NC NND
MaxContinuousWalkingDailyAverage | NC NC NC
MaxContinuousWalkingMax NC NC NC
AmbulationEnergyScore NND NND NND
PeakPerformanceScore NND NND NC
CadenceVariabilityScore NC NC NC
ActiveTimeAverage NND NND NND
ActiveTimeLowCadenceAverage NND NC NND
ActiveTimeMediumCadenceAverage | NND NND NND
ActiveTimeHighCadenceAverage NND NND NND
TwoMinuteWalkTests AverageStd t-statistic: -2.77, | t-statistic: -2.78, | NC
p-value: 0.01 p-value: 0.01
TwoMinuteWalkTestsAverage_std t-statistic: -3.58, | t-statistic: -3.23, | NC
p-value: <0.005 | p-value: <0.005
SixMinuteWalk Tests AverageStd t-statistic: -2.14, | t-statistic: -3.39, | t-statistic: -2.65,
p-value: 0.04 p-value: 0.01 p-value: 0.02
SixMinuteWalkTestsAverage_std NND t-statistic: -2.28, | NND
p-value: 0.05
TenMeterWalkTests AverageStd t-statistic: -3.05, | t-statistic: -2.83, | NC
p-value: <0.005 | p-value: 0.01
TenMeterWalkTestsAverage_std t-statistic: -3.85, | t-statistic: -3.36, | NC
p-value: <0.005 | p-value: <0.005

we have samples with more than the minimum duration indicated (7 days), the sliding window
method is used to extract 7-days samples from each original sample. To apply this technique,
we used a window with a length of 7 days to extract samples from the original samples (since in
literature 7 is the number of days recorded [4]). Then, the window moves forward the time step
defined, in this case 1 day, to extract the next sample. This process is illustrated in Figure 4.7, with

an example of an original sample of 9 days.

Table 4.4 summarizes the number of samples for each clinical K-level and in total before and
after applying the sliding window. It is evident that the number of samples increases significantly
by applying the sliding window technique. It is important to highlight that we kept track of which

acquisition each new sample is originated from.



4.5 Preprocessing of Tabular Data 59

Original sample

Sample 3

Figure 4.7: Sliding window technique exemplified with a sample of 9 days.

Table 4.4: Number of samples before and after applying the sliding window.

Raw data | Sliding window
K2 11 87
K3 21 179
K4 8 50
Total 40 316

4.5 Preprocessing of Tabular Data

4.5.1 Patient Information

Considering the information explored in Section 4.2, we found that the following patient informa-
tion might be interesting: age group, time since amputation, type of amputation, and stride length.

However, as we can see in Table 4.5, there are some missing values.

Table 4.5: Number of missing data in appointment data.

Appointment data Number of missing data

Age 33

Years since amputation 55
Type of amputation 33
Stride length 0

To address this problem, for the type of amputation, missing values were filled by considering
the most frequent category (mode). For age, after converting the age from groups to integers
(considering the minimum integer of each group), we handle missing age values by replacing
them with the median age of the dataset. For time since amputation , we also filled missing values

with the median value of the available data.
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4.5.2 Activity Metrics

Table 4.6: Number of missing data in activity metrics.

Activity metric Number of missing data
AmbulationEnergyScore 5
PeakPerformanceScore 5
Cadence VariabilityScore 5
TwoMinuteWalkTestsAverage_std 1
SixMinute Walk TestsAverage 129
SixMinuteWalkTestsAverage_std 167

In Table 4.6, it is possible to observe the activity metrics with missing values and the respective
quantities of missing data. For the activity metrics, missing values were filled using the minimum

observed value for each metric.

4.6 Data Augmentation

As we have seen in this Chapter, the dataset is quite small and includes samples highly inter-
dependent (same patient, in consecutive time windows). Apart from that, the amount of data for
each K-level is not balanced. Therefore, to address these problems, data augmentation techniques
are needed. This section focuses on explaining the data augmentation process used in this project
(Figure 4.8), including two data augmentation methods: noise addition and SMOTE. The noise
addition is applied to the series of timestamps, while SMOTE is designed to work on tabular data
(not being suitable for time series) and specifically targets class imbalance by generating synthetic

samples for the minority class (as explained in Chapter 3).

Report
Generation
No!sre MNew series of Hep‘.:r.t SMOTE
Addition timestamps Generation

Figure 4.8: Representation of the data augmentation process used in this work.

Series of
timestamps
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4.6.1 Noise Addition

The StepWatch device has approximately 90% accuracy in recording daily steps [68]. The noise
addition method is based on this accuracy to create new raw data by incorporating the inherent
uncertainty present in the device used for data recording.

This process takes as input the StepsDaily Average and the series of timestamps during 7 days.
Knowing that the device has an uncertainty of 10% in the number of steps per day, it is possible to
determine the potential range of the number of steps. The minimum adjustment value is calculated
by subtracting 10% from the steps daily average, and the maximum adjustment value is determined
by adding 10% to the steps daily average. These values are then multiplied by the number of days
to obtain the total number of steps for both cases. Next, a random value within the adjustment
range is generated. If the total steps are greater than this random adjustment, excess data points
are removed until the desired adjustment is achieved. Conversely, if the total steps are less than the
random adjustment, additional data points are added to the time series. The output of this process
is one new data for each original data, along with a file containing appointment information.

This process was applied to all samples with the aim of increasing the dataset size, doubling
the number of data samples (Table 4.7). The generated samples were subjected to the same pre-

processing of tabular data, referred in Section 4.5.

Table 4.7: Number of samples before and after applying the noise addition method.

Sliding window | Noise addition
K2 87 174
K3 179 358
K4 50 100
Total 316 632

4.6.2 SMOTE

The purpose of the SMOTE method is to address class imbalance by generating synthetic data for
the minority class. This method is applied to the tabular data (activity metrics). The raw data is
first prepared for SMOTE augmentation by normalizing metrics using the standard normalization,
which transforms the distribution of each metric to have a mean of zero and a standard deviation
of one. It can be expressed mathematically as z = (x — u)/o, where u is the mean and o is the
standard deviation. Then, missing values are filled as explained in Section 4.5.

SMOTE’s first steps are the definition of the minority class and the number of neighbors (k)
to consider. Usually, k is set to 5, which is the value that we used. This way, it is possible to
calculate the number of samples required to expand the minority class by subtracting the number
of samples from the minority class to the number of samples from the majority class. A subset
of samples from the minority class is randomly selected for interpolation, referred to as central

samples. A KNN model is fitter on the minority class data to find the nearest neighbors for those
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central samples. For each central sample and its nearest neighbors, new synthetic data is generated
by interpolating between the central sample and its neighbors.

The output of the SMOTE method is a set of new synthetic metrics and the appointment data
for each new sample generated, which corresponds to the appointment data of the central sample

used to generate the new data.

4.7 Summary

With the analysis made in this chapter, it became clear that the dataset does not have many samples,
with some belonging to the same patients, and it is not balanced. This motivates the application of
data augmentation techniques, including noise addition and SMOTE.

Regarding activity metrics, it was possible to conclude two things. Firstly, it was found that a
great amount of information is being repeated, which indicates that feature reduction and selection
would be beneficial. Secondly, the majority of the statistically significant differences were between
K2 and K3 or K2 and K4, not having much evidence on K3 and K4.

Taking into account the knowledge acquired about the dataset, the next chapters explore the
application of this data in unsupervised and supervised techniques for the identification of activity

levels in prosthetic users.



Chapter 5

Unsupervised Learning

After exploring the work done in P&O and other fields (Chapter 3) and analyzing the dataset
(Chapter 4), it is time to explore clustering methods to group prosthetic users with similar activity
patterns. Thus, two data approaches are explored: using activity metrics or appointment data with
activity metrics (combined). Before applying the models, we augment data using noise addition
and SMOTE. For clustering, two algorithm are tested: K-means and GMM. In this chapter, the

methodology used is explained and the results are discussed.

5.1 Methods

The methodology used in this project for clustering activity patterns involves several steps, shown

in Figure 5.1 and explained below.

5.1.1 Dataset

After applying the sliding window (presented in Section 4.4), the dataset (Dataset 1) contains 316
samples. However, this dataset still does not have many samples and is not balanced. Due to
this, we apply the data augmentation process explained in Section 4.6. After noise addition, we
obtain 632 samples. Then, since K3 is the majority class, we apply SMOTE to classes K2 and
K4 to balance the dataset (Table 5.1). The dataset obtained after SMOTE is referred as Dataset 2.
With SMOTE, new activity metrics are generated and, for each new sample, the appointment data

corresponds to the appointment data of the central sample used to generate it.

Table 5.1: Number of samples in the dataset before and after applying SMOTE.

Noise addition | SMOTE
K2 174 354
K3 358 358
K4 100 355
Total 632 1067
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Figure 5.1: Methodology used for clustering prosthetic users.
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Two data approaches are considered for clustering: only using activity metrics (total of 23
features) or using appointment data, including age, stride length, amputation type, and time since
amputation, combined with activity metrics (total of 27 features). In both cases, it is necessary to
fill the missing values as explained in Section 4.5. Then, numerical values need to be normalized.
It is done by applying standard normalization so that data has a mean of zero and a standard

deviation of one.

5.1.2 Feature Reduction

To reduce the number of features, we use PCA. Firstly, it is necessary to define how many com-
ponents we want to keep. For that, we decided that a variance of 80% should be preserved. Then,
PCA is performed with the number of principal components that meet that condition. The obtained

PCA scores are incorporated into the clustering algorithms.

5.1.3 Clustering Approaches
5.1.3.1 K-means Clustering Algorithm

One of the most challenging issues in clustering is choosing the ideal number of clusters. For
K-means model, the most commonly used method to determine the best number of clusters is
the Elbow method. Using this process, we tested different numbers of clusters (k) from 2 to 20.
The Elbow method is done by performing K-means clustering for each number of clusters and
computing the Within-Cluster-Sum of Squared Errors (WSS), which is the sum of the squared
difference between each data point and the centroid of each cluster, using the following equation:

K

wess =Y Y -
k=1x,€C

where x; is the i-th data point, L is the centroid of the k-th cluster, and C; is the k-th cluster.

Then, we plot these values to identify the point where the variation slows down, forming an
elbow in the curve. The elbow point is considered the optimal number of clusters for K-means.
However, the elbow point may not always be easy to identify, making it necessary to complement
this assessment with other methods.

The silhouette method is an alternative way to assess the optimal number of clusters. It mea-
sures how similar a data point is to its own cluster, compared to other clusters.

The equation for calculating the silhouette coefficient for a particular data point i is:

b(i) — ali

s b0 —ali)
max{a(i), b(i)}

where a(i) is the average Euclidean distance between point i and all the other data points in

the same cluster, and b(i) is the average distance from point i to all clusters to which point i does

not belong.
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The silhouette coefficient ranges from -1 to 1. A coefficient of 1 means that the data point fits
very well within the cluster and is far away from the neighboring clusters, a value of -1 means that
the data may have been assigned to the wrong cluster and 0 indicates overlapping clusters.

We computed the silhouette coefficient for all data points for each k, having tested a range of
clusters from 2 to 5.

To choose the correct k using the Silhouette plot, it is important to consider the following

conditions:

1. Maximization of Silhouette Scores: High silhouette scores indicate strong separation be-

tween clusters, suggesting a better fit of data points to their respective clusters.

2. Cluster Homogeneity: All clusters must have higher silhouette scores than the average
score of the entire dataset, represented by the red-dotted line in the plots.

3. Balanced Cluster Sizes: In datasets with balanced distributions, the silhouette method
considers the width of clusters, representing the number of data points assigned to each

cluster. It is recommended maintaining relatively consistent cluster sizes.

Once the optimal number of clusters is determined, K-means clustering can be applied. The

K-means model is fitted with the PCA transformed data and the cluster labels are defined.

5.1.3.2 GMM Clustering Algorithm

Gaussian mixture model (GMM) clustering is a probabilistic model. It assumes the data is obtained
from a mixture of many Gaussian distributions with unknown characteristics and tries to illustrate
those normally distributed subpopulations in a large population.

To apply this model, it is necessary to first determine the best number of components. In this
case, it was done using the Bayesian Information Criterion (BIC). The BIC is a good choice to be
used with GMM, since it establishes an appropriate balance between model complexity (number
of components) and model fit (likelihood), being designed to work with probabilistic models.

In this process, GMM models with different numbers of components (from 1 to 10) and co-
variance types (full, diagonal and spherical) are fitted with the data. Then, for each model, the

BIC score is computed using the following equation:

BIC = —2In(L) + pIn(N)

where L is the likelihood of the model, p is the number of parameters in the model and N is
the number of data points.

Then, the BIC scores are plotted to help with the visualization. The model’s ability to cluster
the available data is higher when the BIC is smaller. This method also penalizes models with a
large number of clusters to prevent overfitting. So, lower BIC values indicate a better model fit.

To help determine the best number of clusters, the gradient of the BIC scores is also obtained
to analyze the point at which the BIC score varies the most and when that variation decreases and

becomes almost constant.
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After this analysis, the GMM model with the best number of clusters is selected.

5.1.4 Cluster Analysis

To visually evaluate the separation and overlap of the clusters, the data is projected into a 2D plot
using the first and second principal components, since they are the ones that represent the most
variance.

We also obtain plots with the distribution of clinical K-levels (K2, K3 and K4) within each
cluster, to assess the composition of clusters in terms of patient activity levels attributed in clinical
environment.

To compare the mean values of each feature across clusters, we use a radar chart. This plot

allows the visualization of the main differences in activity between individuals within each cluster.

5.2 Results and Discussion

5.2.1 Approach 1: Activity Metrics Dataset 2
5.2.1.1 PCA

Figure 5.2a shows the individual explained variance for each principal component, for Dataset 2.
The first principal component accounts for more than 40% of the variance, indicating that this
component is the most important component. With an explained variance ratio of approximately
20% of the variance in the original dataset, the second component is less significant than the first
one.

Figure 5.2b shows the cumulative explained variance, for Dataset 2. As the number of principal
components increases, the cumulative explained variance approaches a saturation point, which
indicates that additional components contribute progressively less to the overall variance. Since

we wanted to preserve a minimum of 80% of the variance, four principal components were kept.
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Figure 5.2: PCA using activity metrics Dataset 2.
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5.2.1.2 K-means

K-means Elbow Method
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Figure 5.3: Elbow method applied to K-means using activity metrics Dataset 2.

The Elbow Method plot (Figure 5.3) shows the relationship between the number of clusters
and the within-cluster sum of squares. From this plot, it is not easy to find the first elbow point,
leaving some doubts between k=3 and k=4. This suggests that three or four clusters may be an
appropriate choice for clustering the data.

As a complement to this assessment, it is important to analyze the plots obtained for the Sil-
houette method (Figure 5.4). Evaluating the condition 1 indicated in Section 5.1.3.1, it is possible
to see in the plots that the maximum score is obtained for k=3. Although k=3 has the highest
individual silhouette score, it is important to analyze the other factors referred in Section 5.1.3.1.
All the clusters exhibit silhouette scores higher than the average score, so meet the criteria for con-
dition 2. Regarding the width of the clusters, none of the k values have balanced cluster widths,
so in this case we only consider the other criterions.

While the Elbow Method suggests k=3 or k=4, the Silhouette method indicates k=3. Therefore,
considering both methods, k=3 seems to be the best choice for clustering this data using K-means.

Figure 5.5a represents the projection of the clusters obtained by the model, with different col-
ors to allow the observation of the separate clusters. Since it is a 2D visualization, it was mandatory
to select only 2 dimensions. So the first and second components were selected (representing the
most variance).

It is possible to observe that the clusters are well-defined, with minimal overlap between them,
which indicates that the K-means algorithm successfully identified distinct groups within the data.
Only by looking at this plot it is visible that, even though the dataset is balanced, the density of
points varies between clusters.

In Figure 5.5b, we have the distribution of clinical K-levels across each cluster. This analysis

helps to explore the composition of each cluster concerning the clinical K-levels.

* Cluster O: contains predominantly samples with a clinical K-level of 4, with fewer samples

of K3 and no instances of K2.
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* Cluster 1: contains the majority of the samples of K2 and some K3, having fewer instances
of K4.

* Cluster 2: has a distribution with fewer instances at K2 and an equivalent number of K3 and
K4.

The variation in the distribution of K-levels across the clusters suggests that the clusters rep-
resent different segments within the data. In short, Cluster O is highly concentrated with higher
clinical K-levels, whereas Cluster 1 shows a distribution with medium to low clinical K-levels and

Cluster 2 has a balanced distribution across medium to high clinical K-levels.
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Figure 5.6: K-means: radar chart of mean values for each activity metric from Dataset 2, by
cluster.

The radar chart in Figure 5.6 shows the mean values of each activity metrics in their stan-
dardized form for the clusters identified by the K-means on Dataset 2. Cluster 0 shows high
values across most attributes, especially in TopSpeedMax, TopSpeedDaily Average, TwoMinute-
WalkTestsAverage, SixMinuteWalkTestsAverage and TenMeterWalkTestsAverage. There is evi-
dence in literature that individuals classified as K3 are able to walk shorter distances when doing

the 6MWT, compared to K4 [69]. There are also studies that show that lower activity levels are
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associated with slower gait speed and vice-versa [69][27]. Having in consideration the informa-
tion in the literature and analysing the values of each activity metric, it is possible to infer that
individuals that belong to Cluster 0 have high activity levels, which matches the distribution seen
in Figure 5.5b.

In contrast, Cluster 1 consistently shows lower activity values across almost all metrics. Has
we saw in Figure 5.5b, even though this cluster has some samples from high activity level, this
cluster contains mainly samples with clinical K-level of 2 and 3, selecting almost all existing K2
samples. So, it makes sense that this cluster represents a group with lower overall activity level
since it is made mainly by samples with medium to low clinical K-levels.

Cluster 2 shows particularly high values in some activity metrics, such as StepsMax, StepsDai-
lyAverage, EnergyExpenditureMax, EnergyExpenditureDaily Average, MaxContinuousWalking-
DailyAverage and ActiveTimeHighCadenceAverage. Cluster O seems to identify samples in which
the patient has a high amount of daily walking (MaxContinuousWalkingDaily Average, StepsDai-
lyAverage) but moves with a low cadence/speed, in contrast to Cluster 2, which despite the lower
relative amount of activity, exhibits higher cadence, speed, and variation (TopSpeedMax, TopCa-
denceMax, TwoMinuteWalkTestsAverage, SixMinuteWalkTestsAverage and TenMeterWalkTest-
sAverage_std). In Figure 5.5b, we saw that this cluster has few K2 samples and a balance between
K3 and K4. The radar chart suggests that Cluster 2 represents a group with relatively high activity

levels, which matches the K-level distribution.

5.2.1.3 GMM

The BIC values (Figure 5.7a) exhibit a clear trend where the variation slows down as the num-
ber of clusters increases. The point where this variation becomes minimal corresponds to k=3.
Additionally, the covariance type that has the lowest scores is the full covariance. Analyzing the
gradient of the BIC curve (Figure 5.7b), it is possible to observe that from a cluster size of four
beyond, the gradient becomes almost constant, which indicates that from this point the additional
clusters would not benefit the model’s performance. Concluding, this technique revealed that k=3
is the best choice for the GMM.

Figure 5.8a shows the 2D representation of the clusters obtained by the GMM model with k=3.
The clusters are well-defined, but the density of points varies between clusters. They also have
more overlap than in the previous model. This overlap is expected, due to the fact that GMM is a

probabilistic model.

The distribution of clinical K-levels for each cluster is displayed in Figure 5.8b.

* Cluster 0: the majority of the samples have a clinical K-level of 4, with fewer samples of
K3 and no K2.

* Cluster 1: contains the majority of samples with a clinical K-level of K2 and K3, with fewer

instances of K4.
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Figure 5.7: BIC applied to GMM using activity metrics Dataset 2.

* Cluster 2: has instances of all three clinical K-levels, with slightly more K3 than the other
two K-levels.

Once again, it is possible to conclude that Cluster 0 contains mostly higher clinical K-levels,
whereas Cluster 1 shows a distribution with medium to lower clinical K-levels and Cluster 2 has a
more balanced distribution across the three clinical K-levels.

From the radar chart in Figure 5.9, it is possible to see that Cluster O has the highest mean val-
ues for most activity metrics (including TopSpeedMax, TopSpeedDaily Average, TopCadenceMax,
TopCadenceDailyAverage, TwoMinuteWalkTestsAverage, SixMinuteWalkTestsAverage and Ten-
MeterWalkTestsAverage), which suggests that individuals in Cluster 0 have higher levels of func-

tional ability. As referred before, higher values for some activity metrics such as 6MWT and speed
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Figure 5.8: GMM: cluster analysis (k=3) using activity metrics Dataset 2.
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Figure 5.9: GMM: radar chart of mean values for each activity metric from Dataset 2, by cluster.

gait are associated with higher activity levels [69][27]. In fact, in the analysis of K-level distri-
bution plot (Figure 5.8b), we saw that this cluster was mainly composed of K4 samples, which

corresponds to the results obtain for activity metrics’ values and the literature.
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Almost all activity measures in Cluster 1 have negative mean values, indicating lower perfor-
mance and activity levels than in the other clusters [69][27]. Has seen in K-level distribution plot
(Figure 5.8b), this cluster has few samples of K4 and its mainly composed by individuals assessed
as K2 and K3, which matches the activity metrics’ values obtained.

Cluster 2 demonstrates moderate values for most metrics, with some metrics having relatively
high values (MaxContinuousWalkingMax and MaxContinuousWalkingDaily Average). The activ-
ity level in this cluster is balanced, being neither as high as in Cluster 0 nor as low as in Cluster
1. In Figure 5.8b, we saw that the Cluster 2 has samples from the three clinical K-levels, with
slightly more K3 but still having a balanced distribution. This is related with the values seen for

the activity metrics, that have medium values, not as high as Cluster 1 for most metrics.

5.2.2 Approach 2: Combined Dataset 2

5.2.2.1 PCA

In this approach, PCA was performed using both appointment data and activity metrics from
Dataset 2. Similar to Approach 1, a significant amount of the variation is captured by the first
principal component generated by PCA, representing more than 40% of the total variance (Figure

5.10a). However, five components must remain in order to meet the established threshold of 80%
explained variance, as shown in Figure 5.10b.
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Figure 5.10: PCA using combined Dataset 2.

5.2.2.2 K-means

Figure 5.11 shows that the first elbow appears at k=3, which indicates that three clusters might be
an appropriate choice. To validate this choice, we analyze the Silhouette Method (Figure 5.12).
The maximum silhouette score is obtained for k=3 (Figure 5.12a). Furthermore, every cluster with
k=3 satisfies requirement 2 since its silhouette scores exceed the dataset’s average value (Figure

5.12b). Regarding the width of the clusters, it is not possible to use this criterion to help determine
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the best number of clusters, since none of the k values exhibit balanced cluster widths. Considering

all this analysis, k=3 is seems to be the best option to use in K-means for this approach.

K-means Elbow Method
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Figure 5.11: Elbow method applied to K-means using combined Dataset 2.

Based on the analysis of Figure 5.13, the results for the cluster representation and K-level
distribution using K-means in this approach (using both appointment data and activity metrics) are

similar to those obtained in Approach 1 (only using activity metrics).

The radar chart in Figure 5.14 shows the mean values (or the mode for categorical data) of
appointment data and activity metrics for each of the three clusters identified by the K-means
algorithm. The behavior of the activity metrics is similar to the obtained in Approach 1 for K-

means.

Regarding the appointment data, the average age of Cluster 0 is negative, while Clusters 1 and
2 have positive ages. This means that people from Cluster 0 are generally younger than those in

the other two clusters.

Concerning time since amputation, Cluster 0 has a positive average for years since amputation,
indicating that individuals in this cluster have more time since amputation on average than the
individuals from the other two clusters. This aligns with the idea discussed in the Section 4.2 that
mobility may improve with time since amputation, up to a certain limit [63]. The longer time
since amputation in Cluster 0 may indicate that these individuals have had more time to adapt to
the condition and improve mobility, which is related with the distribution seen in Figure 5.13b that

shows that Cluster O contains mainly individuals with higher clinical K-levels.

When considering stride length, Cluster 0 shows the highest average, meaning that in general
individuals in this cluster have longer strides compared to individuals in Clusters 1 and 2. This
observation matches with the literature [29], also mentioned in Section 4.2, which suggests that
the ability to adapt stride length is an indicator of functional mobility. The longer stride length
in Cluster 0 may indicate better functional mobility, reflecting their ability to adapt to different

walking conditions. Again, this is in agreement with the distribution seen in Figure 5.13b.
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Figure 5.12: Silhouette method applied to K-means using combined Dataset 2.

5.2.23 GMM

For this approach, the BIC values (Figure 5.15a) decrease as the number of clusters increase. The
first minimal variation point is observed at k=3 and the covariance type that has the lowest scores
is the full covariance . Moreover, examining the BIC gradient (Figure 5.15b), when reaching a
cluster size of four the gradient levels stagnate. Thus, this analysis supports that k=3 is the optimal
number of clusters for the GMM in this approach.

The cluster representation (Figure 5.16a) shows the distribution of samples among the three
clusters identified by the GMM. Similar to the results obtained in Approach 1, the clusters are

well-separated. However, for this approach there is less overlap.
The distribution of clinical K-levels across each cluster is illustrated in Figure 5.16b. Cluster

0 consists of samples with clinical K-level 4 and Cluster 1 contains mainly samples from levels

K2 and K3. This suggest that Cluster 0 has a higher functional ability and Cluster 1 a medium to
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Figure 5.13: K-means: cluster analysis (k=3) using combined Dataset 2.
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Figure 5.14: K-means: radar chart of mean values for each appointment data and activity metric

from combined Dataset 2, by cluster.

low functional ability. Cluster 2 shows a balanced distribution across K3 and K4 levels with few

K2 samples, including medium to high functional mobility levels.
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Figure 5.15: BIC applied to GMM using appointment data and activity metrics Dataset 2.

The appointment data and activity metrics mean values (or the mode for categorical data) for
each of the three clusters are displayed in Figure 5.17.

As seen in K-means, the average age for Cluster O is negative and for Clusters 1 and 2 is

positive, suggesting that individuals from Cluster O are typically younger than those in the other

two clusters. Cluster 0 has a positive average time since amputation, which means that individuals

that belong to this cluster have, on average, more time since amputation than people in the other

two clusters. Cluster 0 also has the highest stride length average when compared with Cluster

1 and Cluster 2. As explained before, these observations for Cluster O are associated with more

functional ability and higher activity levels, which corresponds to the distribution of clinical K-

level seen in Figure 5.16b.
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Figure 5.16: GMM: cluster analysis (k=3) using appointment data and activity metrics Dataset 2.
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Figure 5.17: GMM: radar chart of mean values for each appointment data and activity metric from
combined Dataset 2, by cluster.

5.2.3 Comparison: Results for Dataset 1

The results obtained for unsupervised learning using Dataset 1 are presented in Appendix A.
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It is possible to see that the results are not very different from the ones obtained for Dataset
2. However, there seems to be a better separation between activity levels when using the balanced
dataset (Dataset 2), with a cluster having higher functional ability, another low functional ability

and the last with a balanced activity level.

5.3 Summary

The application of unsupervised algorithms revealed interesting results in grouping amputees with
similar activity patterns.

The best number of clusters was k=3, in all models and approaches. In general, clusters were
well-separated with minimal overlap and the distribution analysis showed that one cluster had
higher functional ability, another low functional ability and the last had a balanced activity level.

The results for cluster distribution and constitution using both appointment data and activity
metrics are similar to those obtained in using only activity metrics. However, they provide in-
teresting information that Approach 1 do not. Results from Approach 2 suggest that individuals
from Cluster O (higher functional ability) are typically younger than those in the other two clusters
and have longer stride lengths compared to individuals in Cluster 1 and Cluster 2. Additionally,
individuals from Cluster 0 appear to have, on average, more time since amputation than people in
the other two clusters.

The results for K-means and GMM were similar, clustering data in a similar way, particularly
when adding patient information to the activity metrics. One tiebreaker factor could be compu-
tational efficiency, since K-means is computationally faster than GMM [70]. Speed of clustering
is a relevant factor for clinical application of models, so K-means model is more advantageous in
this topic.

For none of the models and approaches the clusters corresponded perfectly to the clinical K-
levels. However, in all cases, the data seemed to be clustered by activity metrics’ values that are
associated with activity levels. These results suggests that the assessment carried out in a clinical
environment to assign K-level may, in fact, not be completely faithful to the individual’s day-to-
day ambulatory ability.

This type of analysis may be useful in the following applications:

* When the user is in the low activity cluster, it sends alerts to the patient to motivate and

advise them.

* Helping the clinician in understanding the patient’s profile and frame activity metrics to

support their decisions regarding rehabilitation and prosthetic components.



Chapter 6

Supervised Learning

In parallel to the unsupervised analysis of activity profiles, explored in Chapter 5, it is also in-
teresting to investigate the use of supervised learning to classify prosthetic users K-levels. Thus,
using data augmentation, two datasets are obtained (activity metrics dataset and combined dataset)
and various methods of feature reduction and selection are explored. The models used for classi-
fication are SVM and RF, performing binary and multiclass tasks. In this chapter, we explain the

methodology used and discuss the results.

6.1 Methods

The methodology used in this project to classify activity levels of amputees consists in several

steps and approaches (Figure 6.1) explained in this Section.

6.1.1 Dataset

As referred to in Chapter 3, in supervised learning it is used data with labels. In this project,
the labels are the clinical K-levels. To train models and evaluate their performance on new data,
it is necessary to split the dataset into training and test sets. Usually, the test set is made of
approximately 20% of the total dataset. In this project, we select 6 patients from the original
data to be used as a test set, corresponding to 7 raw samples and 27 after applying the sliding
window (Table 6.1). This selection has in consideration two aspects: ensuring that all classes have

representation and that samples from the same patient are in the same set.

Table 6.1: Number of samples in the test set before and after applying the sliding window.

Raw data | Sliding window
K2 2 8
K3 3 11
K4 2 8
Total 7 27
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Thus, in the training set, we have 29 patients and 33 samples, corresponding to 289 samples
after the sliding window. Then, we apply data augmentation to the training set. With the noise
addition (explained in Section 4.6) we obtain 578 samples.

Since in this dataset the clinical K-levels include K2, K3 and K4, it would be interesting to
explore a multiclass classification for the prediction of these three clinical K-levels. To obtain a
balanced training set for the multiclass approach, SMOTE is applied to the two minority classes:
K2 and K4 (Table 6.2).

Table 6.2: Multiclass classification: number of samples in Training Set 2 before and after applying
SMOTE.

Noise addition | SMOTE
K2 158 336
K3 336 333
K4 84 334
Total 578 1003

As it was possible to see in Section 2.1, the main differences in reimbursement for a prosthetic
device are between K2 and higher K-levels (K3 and K4). Therefore, considering the commercial
point of view, it makes sense to also explore a binary classification, grouping K3 and K4 into a
single class. In this case, we apply SMOTE only to K2 (Table 6.3).

To sum up, we have the following datasets:

» Dataset A: dataset obtained after sliding window, with three classes (includes Training Set
and Test Set).

» Dataset B: dataset obtained after sliding window, with two classes (includes Training Set
and Test Set).

» Dataset C: dataset obtained after applying data augmentation to the training set, with three

classes (includes Training Set and Test Set).

» Dataset D: dataset obtained after applying data augmentation to the training set, with two

classes (includes Training Set and Test Set).

Table 6.3: Binary classification: number of samples in Training Set 3 before and after applying
SMOTE.

Noise addition | SMOTE
K2 158 418
K3 + K4 420 420
Total 578 838

Similarly to unsupervised learning, two data approaches are taken into consideration for clas-

sification: using only activity metrics, representing 23 features, or using activity metrics combined
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with appointment data (including age, stride length, amputation type, and time since amputation),
with a total of 27 features. Once again, the missing values in both situations must be filled in,
as explained in Section 4.5. Numerical values are normalized using standard normalization to

transform data so that it has a mean of zero and a standard deviation of one.

6.1.2 Feature Reduction and Selection

To reduce the number of features, we tested different methods of feature reduction and selection.

Each method has parameters that need to be set, presented in Table 6.4.

Table 6.4: Feature reduction and selection methods and their parameters.

Technique Parameters
PCA Variance
RFE Minimal number of features to select
KBest Number of features to select
Correlation Correlation threshold

For PCA, the process is the same as explained in Chapter 5. A variance of 80% should be
preserved, so PCA keeps a number of principal components that satisfies that condition. Those
components are used in the machine learning models.

For the application of Recursive Feature Elimination (RFE), we use the RFECYV function avail-
able in the SKlearn library !. This method does not need a predefined number of features to select;
it only needs a minimum number of features that we defined as 2. It is a dynamic process that it-
eratively removes features and evaluates model performance, selecting the best subset of features.
This process includes cross-validation (CV) to improve the robustness. Since we have more than
one sample for each patient, we have to make sure that samples from the same patient belong to
the same set. To do so, we use Leave One Group Out (LOGO) CV (explained below). The optimal
number of features is obtained based on the highest CV score. Since this process requires the use
of a model, the model parameters are tuned before and after applying feature selection.

We also tested the application of Select KBest with F-test. It computes the F value between
the features and the target (the higher the value, the stronger the relationship) and selects the K
features with higher scores. To know the best number of features to select, we test the performance
of the machine learning models with 10, 14, 16 and 20 features and select the number of features
that correspond to the best model performance.

As we saw in Section 4.3, the activity metrics have repeated information. So, another method
that is interesting to use is the Correlation Feature Selection, which removes this redundant infor-
mation. This is done by removing features that are highly correlated with each other. To apply
this process, it is necessary to define a correlation threshold above which features are consid-
ered redundant. We tested correlation thresholds of 0.7, 0.8 and 0.95 and selected the correlation

threshold that was associated with the best model performance.

Uhttps://scikit-learn.org/stable/modules/generated/sklearn.feature_selection.RFECV.html. Accessed on 2024-05-
12.
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To explore the influence of these methods, we need a reference. So, we also use the models

without any feature reduction or selection method (baseline).

6.1.3 Models

For the classification task, the machine learning models used are SVM and RF (explained in Chap-
ter 3). Before training these models, it is important to tune their hyperparameters, which are set-
tings that control the learning process of the model. Hyperparameter tuning consists in selecting
the best value or process for each model’s hyperparameter, leading to the best performance.

For SVM, we should take into consideration the following hyperparameters:

* C:regularization parameter which controls the trade-off between the margin and the number
of training errors. A high C aims at classifying all training examples correctly, heavily
penalizing the error, being better to avoid overfitting. A smaller C allows more training

€ITors.

* Gamma: is a Kernel coefficient and it is only valid for kernel ’rbf’, ’poly’ and ‘sigmoid’. It
controls how much impact a training sample has on the decision boundary. A higher value

of gamma implies that nearby support vectors have more influence.
» Kernel: pattern analysis algorithms used to capture the similarity between data points.

For RF, we should adjust the following hyperparameters:

* n_estimator: number of trees to be trained.
* max_depth: longest path between the root node and the leaf node.
e min_samples_split: minimum number of observations in any given node required to split it.

* min_samples_leaf: minimum number of samples that should be present in a leaf node after

splitting a node.

» max_features: number of maximum features provided to each tree.

Grid Search is a good option to optimize hyperparameters. It consists in creating a grid with
potential values for each hyperparameter and fitting the model using all possible combinations.
The best combination of values is the one that is associated with the best model performance. We
use GridSearchCV, which applies Grid Search combined with CV.

The most commonly used method of CV is the K-fold CV, that consists in splitting the dataset
into k parts of equal size (folds). One of these folds is used for validation and the rest of the folds
are used as a training set. This is repeated k times, so each fold is used as a validation set once.

To choose the type of CV to use, it is important to highlight that in the dataset we have more
than one sample for each patient. Thus, when splitting the training set into training and validation

set during CV, samples from the same patient should belong to the same set. This is done by using
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LOGO CV. It is a variant of K-fold CV, but instead of splitting data into K-folds, it splits based on
groups. So, it consists of leaving out one entire group as the validation set and training the model
on the remaining data. This is repeated until all groups are used as a validation set once. For our
dataset, the groups are divided based on alphanumeric identifiers that differentiate patients.

The GridSearchCV using LOGO CV is applied to SVM and RF using the potential values in
Table 6.5 and 6.6, respectively.

Table 6.5: Potential values for SVM hyperparameters.

Hyperparameter Potential values
C 0.1, 1.0, 10.0, 100.0
Gamma ’scale, ’auto’
Kernel rbf, ’linear’, *poly’, ’sigmoid’

Table 6.6: Potential values for RF hyperparameters.

Hyperparameter | Potential values
n_estimator 100, 200, 300
max_depth None, 10, 20

min_samples_split 2,5,10
min_samples_leaf 1,2, 4
max_features None, ’sqrt’

Having the best hyperparameters, the models are trained and the clinical K-levels are predicted.

6.1.4 Performance Evaluation

Before exploring the metrics available for performance analysis, it is important to know the fol-

lowing 4 concepts:
* True positive (TP): when the prediction is correct and it is a positive data point.
* True negative (TN): when the prediction is correct and it is a negative data point.
* False positive (FP): when the prediction is incorrect and it is a positive data point.
* False negative (FP): when the prediction is incorrect and it is a negative data point.

Precision focuses on the correctness of positive predictions and it is obtained using the equa-

tion:
TP

TP +FP

On the other hand, recall emphasizes capturing all relevant instances, being calculated as:

Precision =

TP

Recall = ——
A= TP EN
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The F1-score is a metric that has in consideration both precision and recall. It is obtained as:

Precision - Recall 2-TP

F1-score =2 — =
Precision +Recall 2TP+ FP+FN

In this project, one of the metrics used to evaluate the performance of supervised models was
the macro Fl-score. It consists in taking the arithmetic mean of F1-scores of all classes. This
method gives the same weight to all classes, being calculated as:

1

Macro F1-score = Z F1-score,

’ ‘CEC

Another metric used is accuracy. It evaluates the performance of a classification model and

consists in the number of correctly predicted samples of all data points:

TP+TN
TP +FN+FP+ TN

Accuracy =

When we have imbalance data, it is important to use balanced accuracy. It can be used for
binary and multiclass classification and is obtained as the arithmetic mean of sensitivity and speci-

ficity:

( TP n TN )
2'TP+FN TN+FP

1
Balanced Accuracy = 3 (sensitivity + specificity) =
A confusion matrix allows the analysis of classifier performance per class, by visualization of

TP, TN, FP and FN (Figure 6.2). It is a NxN matrix, where N is the number of classes.

Actual Values

Positive (1) Negative (0)

v
% Positive (1) TP FP
=
=
Y]
S
g Negative (0) FN TN
o
Figure 6.2: Basic Structure of a confusion matrix. Extracted from https://

towardsdatascience.com/understanding-confusion-matrix-a9ad42dcfd62
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6.2 Results and Discussion

6.2.1 Multiclass Classification
6.2.1.1 Approach 1: Activity Metrics Dataset C

In Table 6.7 we have results of multiclass classification using SVM with activity metrics from

Dataset C, for the baseline and for each feature reduction and selection method.

Table 6.7: Performance metrics of multiclass classification using SVM with activity metrics
Dataset C.

Feature Reduction | F1-Score Validation | F1-Score Test | Accuracy Test | Balanced Accuracy
and Selection

Baseline 0.53 0.48 0.56 0.55

PCA 0.53 0.19 0.41 0.33

KBest 0.52 0.45 0.56 0.52

RFE 0.66 0.06 0.07 0.06
Correlation 0.52 0.48 0.56 0.54

The performance of SVM differs significantly for each feature selection methods, with similar
values when no feature selection method is used and when the Correlation method is applied. PCA
significantly reduced the model’s performance, which suggests that in this case the principal com-
ponents obtained by PCA do not capture the information needed for a correct prediction. Overall,
the values of the performance metrics are quite low, around 0.50 or lower. This indicates that the
model is having difficulties distinguishing between the different K-levels and feature reduction
and selection methods are not improving it.

In Figure 6.3 we have the confusion matrices for SVM. For baseline and Correlation, the first
class (K2) is always correctly predicted, but the prediction of third class (K4) is always incorrect
(classified as K2), revealing that these models have difficulties related with this class. For PCA,
all classes are predicted as K3, which is consistent with the bad performance of this model.

In Table 6.8, we have the values for the performance metrics when using RF. The baseline per-
formance is very low, which indicates that RF model struggles with Dataset C (activity metrics).
However, the performance improves with PCA and KBest, when compared to baseline. The best
performance is obtained with PCA (test F1-score of 0.58, accuracy of 0.70 and balanced accu-
racy of 0.67), which reveals that, in this case, the principal components capture more important
information for RE. When applying RFE and Correlation, the performance is also very low.

Figure 6.4 shows the confusion matrices of RF for multiclass classification with activity met-
rics Dataset C. As seen when analyzing the performance metrics, the best performance is obtained
when using PCA and the same is observed for the confusion matrices. K2 and K3 are always
predicted correctly and K4 is misclassified as K3, which is not as serious as being classified as
K2 since the differences in reimbursement for a prosthetic device are mainly between K2 and
higher K-levels. Baseline, RFE, and Correlation methods have a bad performance, misclassifying

a significant number of samples.
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Figure 6.3: Confusion matrices for multiclass classification using SVM with activity metrics
Dataset C.

To sum up, when using activity metrics Dataset C for multiclass classification, the best per-
formance is obtained for RF combined with PCA, showing some difficulties only in distinguish
between K4 and K3.
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Table 6.8: Performance metrics of multiclass classification using RF with activity metrics Dataset
C.

Feature Reduction | F1-Score Validation | F1-Score Test | Accuracy Test | Balanced Accuracy
and Selection

Baseline 0.60 0.17 0.26 0.21

PCA 0.44 0.58 0.70 0.67

KBest 0.60 0.51 0.56 0.54

RFE 0.60 0.14 0.26 0.21
Correlation 0.62 0.14 0.26 0.21

6.2.1.2 Approach 2: Combined Dataset C

In Table 6.9 we have the SVM performance across different feature reduction and selection meth-

ods, when using appointment data combined with activity metrics for a multiclass classification.

Table 6.9: Performance metrics of multiclass classification using SVM with combined Dataset C.

Feature Reduction | F1-Score Validation | F1-Score Test | Accuracy Test | Balanced Accuracy
and Selection

Baseline 0.56 0.19 0.41 0.33

PCA 0.57 0.19 0.40 0.33

KBest 0.63 0.19 0.40 0.33

RFE 0.70 0.07 0.07 0.08
Correlation 0.59 0.19 0.40 0.33

The baseline performance was quite low, with a test F1-score of 0.19, an accuracy of 0.41, and
a balanced accuracy of 0.33. Applying PCA, KBest, and Correlation did not significantly change
the performance, but the RFE method drastically reduced the model’s performance, with a test
F1-score dropping to 0.07 and a balanced accuracy of 0.08, indicating that RFE was ineffective in
this context.

In Figure 6.5, we have the confusion matrices for SVM when using the combined Dataset
C for multiclass classification. The baseline, PCA, KBest, and Correlation methods all have the
same confusion matrix, where it is possible to see that all samples are predicted as K3. On the
other hand, the RFE method shows a different matrix, but it reveals even more misclassification

issues.

Table 6.10 presents the RF performance for different feature reduction and selection methods,

when using combined Dataset C for a multiclass classification.

From Table 6.10 it is possible to see that the RF behaviors are slightly different than SVM.
Once again, the baseline performance was low, even lower than for SVM, with an F1-score of
0.14, an accuracy of 0.26, and a balanced accuracy of 0.21. KBest, RFE, and Correlation methods
maintained similar performance to the baseline. PCA improved the model’s performance a little,
achieving a test Fl-score of 0.19 and an accuracy of 0.41, with a balanced accuracy of 0.33.

However, these values are still very low and do not reflect a good performance.
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Figure 6.4: Confusion matrices for multiclass classification using RF with activity metrics Dataset
C.

The confusion matrices presented in Figure 6.6 for the RF model highlight consistent mis-
classification, which was expected due to the metrics’ values obtained. All methods classify most
test samples as K3, which shows a poor performance and difficulties distinguishing the different

classes.

Regardless of the feature selection method, SVM and RF performed poorly, predicting nearly
all samples as K3.
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Figure 6.5: Confusion matrices for multiclass classification using SVM with combined Dataset C.

6.2.2 Binary Classification

6.2.2.1 Approach 1: Activity Metrics Dataset D

Table 6.11 shows the results of binary classification using SVM with activity metrics Dataset D,

for the baseline and for each feature reduction and selection method.

SVM presents consistently good performance for the baseline, KBest, and Correlation meth-

ods (test F1-score of 0.70, an accuracy of 0.70, and a balanced accuracy of 0.79). However, the
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Table 6.10: Performance metrics of multiclass classification using RF with combined Dataset C.

Feature Reduction
and Selection

F1-Score Validation

F1-Score Test

Accuracy Test

Balanced Accuracy

Baseline
PCA
KBest
RFE
Correlation

0.57
0.48
0.57
0.57
0.56

0.14
0.19
0.14
0.14
0.14

0.26
0.41
0.26
0.26
0.26

0.21
0.33
0.21
0.21
0.21

values for PCA and RFE significantly drop, showing that they reduce the model’s performance.

This suggests that PCA and RFE do not retain enough essential features for SVM for the binary

classification task.

Table 6.11: Performance metrics of binary classification using SVM with activity metrics Dataset

D.

Feature Reduction
and Selection

F1-Score Validation

F1-Score Test

Accuracy Test

Balanced Accuracy

Baseline
PCA
KBest
RFE
Correlation

0.75
0.61
0.76
0.65
0.76

0.70
0.39
0.70
0.29
0.70

0.70
0.63
0.70
0.41
0.70

0.79
0.45
0.79
0.29
0.79

Figure 6.7 shows the confusion matrices of SVM for binary classification. For baseline, KBest,

and Correlation, the model correctly classifies the positive class but misclassifies a portion of the

negative class. For PCA and RFE, apart from some samples of K3+K4 being misclassified, the

models do not correctly predict any sample from K2.

As seen in Table 6.12, the performance of RF is similar for baseline, KBest, RFE, and Correla-

tion. As observed in the multiclass classification, the model’s performance significantly improves

when combined with PCA, with the test F1-score of 0.92, accuracy of 0.93 and balanced accuracy

of 0.95. This indicates that, once again, PCA effectively captures the most relevant information

for RF, enhancing its classification ability.

Table 6.12: Performance metrics of binary classification using RF with activity metrics Dataset D.

Feature Reduction
and Selection

F1-Score Validation

F1-Score Test

Accuracy Test

Balanced Accuracy

Baseline
PCA
KBest
RFE
Correlation

0.76
0.64
0.76
0.80
0.79

0.7
0.92
0.70
0.66
0.70

0.70
0.93
0.70
0.67
0.70

0.79
0.95
0.79
0.76
0.79

In Figure 6.8, we have the confusion matrices for RF. The confusion matrices for baseline,

KBest, and Correlation show a correct classification of K2 but some samples of K3+K4 are

misclassified. The RFE method has a similar confusion matrix. In contrast, the PCA method’s
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Figure 6.6: Confusion matrices for multiclass classification using RF with combined Dataset C.

confusion matrix reveals a correct predicting for almost all samples, demonstrating a significant
improvement and being the best performance among the methods.

For both models and all feature selection methods, the performances are better when using a

binary classification than when doing a multiclass classification, as expected.

Similarly to the results obtained for multiclass classification, for this task the best performance
is obtained for RF combined with PCA.
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Figure 6.7: Confusion matrices for binary classification using SVM with activity metrics Dataset

D.

6.2.2.2 Approach 2: Combined Dataset D

In Table 6.13, we have the results for SVM using combined Dataset D for a binary classification.

The SVM model showed excellent performance across most feature reduction and selection meth-
ods. The baseline, KBest, RFE, and Correlation methods all achieved perfect performance with

F1-scores, accuracy, and balanced accuracy all at 1.0. This shows that these algorithms were able
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Figure 6.8: Confusion matrices for binary classification using RF with activity metrics Dataset D.

to perfectly classify the samples in the test set. However, applying PCA slightly decreases the per-
formance (test F1-score of 0.77, accuracy of 0.78, and balanced accuracy of 0.84). This suggests
that PCA was less effective for this case compared to the other methods.

The confusion matrices of SVM using combined Dataset D for binary classification are shown
in Figure 6.9. For baseline, KBest, RFE, and Correlation show correct predictions for all classes,
with no misclassifications as expected from the metrics’ results. For PCA, the confusion matrix

indicates that there were a few misclassifications in the K3+K4 class.
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Table 6.13: Performance metrics of binary classification using SVM with combined Dataset D.

Feature Reduction | F1-Score Validation | F1-Score Test | Accuracy Test | Balanced Accuracy
and Selection

Baseline 0.78 1.0 1.0 1.0

PCA 0.74 0.77 0.78 0.84

KBest 0.72 1.0 1.0 1.0

RFE 0.78 1.0 1.0 1.0
Correlation 0.80 1.0 1.0 1.0

Table 6.14 presents the results for RF using combined Dataset D for a binary classification.
The RF model exhibited similar performance across all feature reduction and selection methods.
All algorithms achieved a test F1-score of 0.70, accuracy of 0.70, and balanced accuracy of 0.79.
This consistency suggests that the RF model was robust across these methods and that removing

some features does not lower the ability of the RF in performing this task.

Table 6.14: Performance metrics of binary classification using RF with combined Dataset D.

Feature Reduction | F1-Score Validation | F1-Score Test | Accuracy Test | Balanced Accuracy
and Selection

Baseline 0.80 0.70 0.70 0.79

PCA 0.73 0.70 0.70 0.79

KBest 0.80 0.70 0.70 0.79

RFE 0.82 0.70 0.70 0.79
Correlation 0.80 0.70 0.70 0.79

In Figure 6.10 we have confusion matrices for RF using combined Dataset D for binary clas-
sification. All feature reduction and selection methods have equal matrices. They reveal some
misclassification of K3+K4 samples that are incorrectly classified as K2, being a consistent issue.

To sum up, the best performance for the combined Dataset D was obtained using the SVM

model across most feature reduction and selection methods tested (excluding PCA).

6.2.3 Comparison: Results for Datasets A and B

For supervised learning, the results obtained using Datasets A and B, without data augmentation,
are presented in Appendix B.

In some cases, especially for multiclass task, the results are better when using datasets without
data augmentation. However, for most cases, performance is better when using the datasets with

data augmentation.

6.3 Selected Features

6.3.1 Approach 1: Activity Metrics Dataset

It is interesting to analyze which features are eliminated for each task and approach. Figure 6.11

shows the percentage of times each feature was eliminated by a feature selection method when
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Figure 6.9: Confusion matrices for binary classification using SVM with combined Dataset D.

using the activity metrics Dataset C for multiclass classification, for both SVM and RF models.

From these results, we can conclude that the most frequently eliminated feature is PeakPer-
formanceScore, being eliminated 75% of the time. Following, the most frequently eliminated
features are EnergyExpenditureDaily Average, EnergyExpenditureMax, AmbulationEnergyScore,

CadenceVariabilityScore, ActiveTimeMediumCadenceAverage, which are eliminated 50% of the
time.
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Figure 6.10: Confusion matrices for binary classification using RF with combined Dataset D.

For the binary classification approach, when using the activity metrics Dataset D, the elimina-
tion percentage of each feature is presented in Figure 6.12.

Using activity metrics for binary classification, the most frequently eliminated feature was En-
ergyExpenditureDailyAverage (75%), followed by EnergyExpenditureMax, PeakPerformanceScore,
ActiveTimeAverage, and ActiveTimeMediumCadenceAverage, which were eliminated by the fea-

ture selection methods 62.5% of the time.

It is important to highlight that EnergyExpenditureDailyAverage, EnergyExpenditureMax,
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ActiveTimeMediumCadenceAverage, and PeakPerformanceScore were eliminated in 50% or more
of cases for both classification tasks. This suggests that these metrics are considered less relevant
or redundant for the models.

In contrast, some features were never eliminated in both classification tasks, such as TopSpeed-
DailyAverage, TopSpeedMax, SixMinuteWalkTests Average, TwoMinuteWalk TestsAverage, TwoMin-
uteWalkTestsAverage_std, SixMinuteWalkTestsAverage, TenMeterWalkTestsAverage, and Ten-
MeterWalkTestsAverage_std. This suggests that they have important information for the predic-
tion of K-levels.

Multiclass approach 1: eliminated features
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PeakPerformanceScore
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Percentage of times removed (%)

Figure 6.11: Percentage of times each feature was eliminated for multiclass classification using
the activity metrics Dataset C.

6.3.2 Approach 2: Combined Dataset

For the second approach, the percentage that each feature was eliminated for multiclass classifica-

tion is summarized in Figure 6.13.
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Binary approach 1: eliminated features
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Figure 6.12: Percentage of times each feature was eliminated for binary classification using the
activity metrics Dataset D.

Multiclass approach 2: eliminated features

Type of amputation

Stride length
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Figure 6.13: Percentage of times each feature was eliminated for multiclass classification using
the combined Dataset C.
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From these results, we can conclude that EnergyExpenditureMax and PeakPerformanceScore
were the most frequently eliminated features (75%). Other frequently eliminated features include
ActiveTimeMediumCadenceAverage and EnergyExpenditureDaily Average (both with 62.5%) and
TopCadenceDailyAverage, MaxContinuousWalkingDailyAverage, MaxContinuousWalkingMax,
AmbulationEnergyScore, Cadence VariabilityScore, ActiveTimeLowCadenceAverage, ActiveTimeAv-
erage, and SixMinuteWalkTestsAverage_std, all with 50% of elimination. From appointment data,
the features eliminated were Years since amputation, eliminated twice, and Age, only eliminated

once.

In Figure 6.14 is shown the percentage of times each feature was eliminated by a feature selec-
tion method for binary classification, for both SVM and RF models. The results obtained for the
binary classification approach using the combined Dataset D show that EnergyExpenditureDai-
lyAverage was the most frequently eliminated feature, with 87.5%. Other frequently eliminated
features include EnergyExpenditureMax, PeakPerformanceScore, ActiveTimeAverage, and Ac-
tiveTimeMediumCadenceAverage (all with 75%). Additionally, TopCadenceDailyAverage, Am-
bulationEnergyScore, CadenceVariabilityScore, and ActiveTimeLowCadenceAverage were also
eliminated half of the time (50%)

Binary approach 2: eliminated features
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TenMeterWalkTestsAverage_std
TenMeterWalkTestsAverage
TwoMinuteWalkTestsAverage_std
TwoMinuteWalkTestsAverage
MaxContinuousWalkingMax
TopSpeedMax
TopSpeedDailyAverage
SixMinuteWalkTestsAverage
TopCadenceMax

Years since amputation
SixMinuteWalkTestsAverage_std
ActiveTimeHighCadenceAverage
MaxContinuousWalkingDailyAverage
Age

StepsMax

StepsDailyAverage
ActiveTimeLowCadenceAverage
CadenceVariabilityScore
AmbulationEnergyScore
TopCadenceDailyAverage
ActiveTimeMediumCadenceAverage
ActiveTimeAverage
PeakPerformanceScore
EnergyExpenditureMax
EnergyExpenditureDailyAverage

0 10 20 30 40 50 60 70 80 90 100
Percentage of times removed (%)

Figure 6.14: Percentage of times each feature was eliminated for binary classification using the
combined Dataset D.

To sum up, some features were eliminated 50% or more of the cases for both classifica-

tion tasks. These features include: EnergyExpenditureDailyAverage, EnergyExpenditureMax,
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PeakPerformanceScore, ActiveTimeMediumCadenceAverage, TopCadenceDaily Average, Ambu-
lationEnergyScore, CadenceVariabilityScore, ActiveTimeAverage, and ActiveTimeLowCadenceAv-
erage. It is interesting to see that the features that were eliminated more often in approach 1 (Ener-
gyExpenditureDaily Average, EnergyExpenditureMax, ActiveTimeMediumCadenceAverage, and
PeakPerformanceScore) are included in this group, reinforcing the idea that these features are less
relevant or redundant.

Type of amputation, Stride length, TenMeterWalkTestsAverage_std, TenMeterWalkTests Aver-
age, TwoMinuteWalkTestsAverage, TwoMinuteWalkTestsAverage_std, TopSpeedDailyAverage,
and TopSpeedMax are the features that were never eliminated by the feature selection methods, for
both classification tasks. Apart from Type of amputation and Stride length, these activity metrics
belong to the group of features that were not eliminated in approach 1, reinforcing their relevance
for the prediction of K-levels. The fact that the features related to the patient (Type of amputation,
Stride length, Age, and Years since amputation) were not usually eliminated indicates that they

contain important information for the models in the prediction of activity levels.

6.4 Summary

This chapter evaluated the use of supervised learning to classify prosthetic users K-levels, with
multiclass (K2, K3 and K4) and binary (k2 and K3+K4) tasks using SVM and RF. Different
methods of feature reduction and selection were tested.

For multiclass classification using the activity metrics Dataset C, the best performance was ob-
tained when using RF with PCA. It correctly classified all samples from K2 and K3, but misclas-
sified K4 as K3. A K4 sample being categorized as K2 is more severe than K3 because the major
differences in prosthetic device reimbursement occur between K2 and higher K-levels. However,
this emphasizes the idea of approaching a binary classification, combining K3 and K4 in an unique
class. For the combined Dataset C, both SVM and RF had bad performances, independently of
the feature selection method, predicting almost all samples as K3.

For binary classification using the activity metrics Dataset D, the performances were consis-
tently better than for the multiclass task and once again the best performance was obtained for RF
using PCA, with a test Fl-score of 0.92, accuracy of 0.93, and balance accuracy of 0.95. When
using the combined Dataset D, the SVM model showed the best performance across most feature
reduction and selection methods tested (excluding PCA). With F1-scores, accuracy, and balanced
accuracy at 1.0, these algorithms were able to correctly classify all test samples.

It is also possible to conclude that PCA works better when combined with RF than with
SVM and that binary classification generates better results than multiclass (that show poor per-
formances).

For this supervised task, we are trying to introduce objectivity into an subjective evaluation,
so there may be nuances in clinical evaluations that are not fully captured. Thus, the ideal task
would involve having multiple evaluations from different clinics, though this was not feasible in
this study.
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In the future, an interesting approach could involve model stacking, using the class probabili-
ties from base models as features for subsequent models. Since the binary classification problem
was resolved quite effectively, using the results of this model for the multiclass problem might
help address some of the ambiguity observed in the multiclass classification results.

Analyzing the percentage that each feature was eliminated for each classification task and each
approach, it was possible to conclude that some features were often eliminated in both classifica-
tions tasks and approaches, such as EnergyExpenditureDaily Average, EnergyExpenditureMax,
ActiveTimeMediumCadenceAverage, and PeakPerformanceScore. This may suggest that these
features are less relevant or redundant. Additionally, we also saw that some features were never
eliminated by the feature selection methods, such as Type of amputation, Stride length, TenMeter-
WalkTestsAverage_std, TenMeterWalkTestsAverage, TwoMinuteWalkTestsAverage, TwoMinute-
WalkTestsAverage_std, TopSpeedDailyAverage, and TopSpeedMax. This suggests that these fea-

tures are relevant for the prediction of clinical K-levels.



Chapter 7

Conclusions and Future Work

To classify the functional ability of individuals with lower-limb amputations, the K-level system
was created. People who are assessed by the clinical team as having a higher K-level are eligible
for reimbursement of more advanced technology components. So, the clinical K-level is used to
determine the type of prosthetic components each person is eligible for, which impacts their quality
of life. A correct prescription of prosthetic components avoids issues such as discomfort, limited
mobility and risk of injury, usually associated with falls. Current K-level assignment is based
on patients’ self-report, in-clinic performance tests and clinical experience. However, challenges
associated with the K-level evaluation are associated with the subjectivity of clinical evaluations
and the fact that self-reports and in-clinic performance tests do not accurately reflect daily-life

activity levels.

This project aims to address these issues by using machine learning techniques to identify K-
levels based on activity data collected through Adapttech’s Motio StepWatch System during am-
putees daily-lives. It includes an analysis of the available dataset, an explanation of preprocessing
and data augmentation processes used, an exploration of clustering methods to group prosthetic
users with similar activity patterns and the use of supervised learning to classify prosthetic users

K-levels.

Analyzing the dataset revealed that it does not have many samples and is not balanced. In the
future, using a larger dataset with equal samples from K2, K3, and K4 categories would be bene-
ficial. Additionally, it reveals that the quantity of samples related to sex is unbalanced, indicating
that the majority of patients are men. Thus, it would also be interesting to obtain a similar amount
of samples from male and female individuals, to make a more balanced study of the influence of
sex in clinical K-level prediction using machine learning. Furthermore, incorporating evaluations
from multiple clinics would also be valuable. Since clinical evaluations are subjective and differ-
ent clinicians might have varying standards and biases when assessing K-levels, evaluations from
various clinics can lead to a more objective assessment process, resulting in more accurate K-level
classifications.

When exploring unsupervised learning, both K-means and GMM yielded similar clustering

results, but given K-means’ computational efficiency, it is preferable for clinical applications.
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Even though none of the models are aligned with the clinical K-levels, which indicates that clinical
assessments may not fully capture an individual’s daily ambulatory capabilities, this analysis can
be beneficial in several ways. The results showed that one cluster had higher functional ability,
another low functional ability and the third had a balanced activity level. This suggests that data
is clustered by activity metrics’ values that are related to activity levels. So, in the future, these
models can be used to create a mobile application that sends alerts to patients in the low activity
cluster to encourage and guide them and can even aid clinicians in understanding and framing the
patient’s profile, thereby supporting decisions regarding rehabilitation and prosthetic components.

In the exploration of supervised learning for classifying prosthetic users’ K-levels, the best
results for multiclass classification (three classes: K2, K3 and K4) were achieved using RF with
PCA with the activity metrics dataset (test F1-score of 0.58, accuracy of 0.70 and balanced ac-
curacy of 0.67). This model successfully classified all K2 and K3 samples, but misclassified K4
as K3, which indicates difficulties in differentiating between higher K-levels. As it was expected,
binary classification (combining K3 and K4 in one class) revealed to be an easier task, with more
promising results. RF combined with PCA yielding high performance metrics (F1-score of 0.92,
accuracy of 0.93, and balanced accuracy of 0.95) using activity metrics dataset. However, the best
results were obtained for SVM using the combined dataset, achieving perfect classification scores
across various feature reduction and selection methods. If the dataset was expanded and if it in-
cluded a more balanced number of samples across different K-levels, it could be used to improve
the robustness and generalizability of the models. These supervised learning techniques could be
used to potentially enhance the accuracy of K-level assessments, especially when it comes to dif-
ferentiate between K2 and higher K-levels. This would be particularly useful since reimbursement
for a prosthetic device differs mainly between K2 and higher K-levels.

Since the binary classification task was resolved with high accuracy, in the future it would be
interesting to explore model stacking, which would consist in using the results (class probabilities)
of binary model as input for the multiclass task. This could help resolve some of the uncertainties
observed in multiclass classification results.

It is possible that the extracted activity metrics, despite being logical and intuitively relevant
to solving the k-level problem in which factors such as cadence variation and number of steps
are relevant, may not extract the necessary characteristics of the temporal signal. To address this
question, a direct analysis of activity time series and the usage of deep learning methods to extract
relevant features (then used for classification problems) may be a promising approach to explore
in the future.

Additionally, certain features, like EnergyExpenditureDaily Average, EnergyExpenditureMax,
ActiveTimeMediumCadenceAverage and PeakPerformanceScore, were frequently eliminated, in-
dicating potential redundancy, while others, such as TwoMinuteWalkTestsAverage, TenMeter-
WalkTestsAverage_std, TopSpeedMax, Type of amputation and Stride length, proved consistently
relevant.

Throughout the development of this project, several challenges were encountered. The first

main difficulty was the fact that we had much less data than expected and a discrepancy in the
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number of samples for each K-level. This led to the necessity of applying data augmentation
techniques. Initially, the Dynamic Time Warping-Synthetic Minority Over-sampling Technique
was considered, applied to time series data. However, this approach revealed significant issues
related to efficiency and memory consumption. Consequently, the original SMOTE applied to
tabular data was chosen instead, since it allowed dataset augmentation without compromising
available computational resources.

This project allowed me to have a deeper knowledge on types of amputation and prosthetic
components available for each functionality level. Additionally, It also led to the understanding
of the methods used to identify activity profiles among prosthesis users and how these profiles
influence the assignment of prosthetic components. This project also allowed greater familiarity

with data augmentation techniques and feature reduction and selection methods.
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Appendix A

Unsupervised Learning Results:
Dataset 1

A.1 Approach 1: Activity Metrics Dataset
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Figure A.1: PCA using activity metrics Dataset 1.
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Figure A.2: K-means: Elbow method applied to K-means using activity metrics Dataset 1.
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Figure A.3: K-means: Silhouette method applied to K-means using activity metrics Dataset 1.



A.1 Approach 1: Activity Metrics Dataset
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Figure A.4: K-means: cluster analysis (k=3) using activity metrics Dataset 1.

Table A.1: K-means: table with mean values for each activity metric from dataset after sliding

window, by cluster.

Activity Metric Cluster O | Cluster 1 | Cluster 2
StepsDaily Average 1877.1 8558.9 4074.1
StepsMax 5248.4 12894.0 6135.5
TopCadenceDailyAverage 56.8 105.9 88.1
TopCadenceMax 94.4 119.9 105.6
TopSpeedDaily Average 0.5 0.9 0.8
TopSpeedMax 0.9 1.0 0.9
EnergyExpenditureDaily Average 32.8 134.4 66.0
EnergyExpenditureMax 84.5 200.9 97.6
MaxContinuousWalkingDaily Average 135.6 318.3 130.7
MaxContinuousWalkingMax 402.4 739.5 264.8
AmbulationEnergyScore 2.6 4.5 4.4
PeakPerformanceScore 2.1 3.9 3.2
Cadence VariabilityScore 2.7 3.8 2.7
ActiveTimeAverage 0.6 2.4 1.4
ActiveTimeLowCadenceAverage 0.2 0.8 0.6
ActiveTimeMediumCadenceAverage 0.3 0.9 0.5
ActiveTimeHighCadenceAverage 0.1 0.7 0.3
TwoMinuteWalkTests Average 83.0 82.9 81.0
TwoMinuteWalkTestsAverage_std 14.2 21.2 17.3
SixMinuteWalkTestsAverage 319.4 290.9 259.5
SixMinuteWalkTestsAverage_std 18.2 38.9 13.5
TenMeterWalkTestsAverage 0.6 0.6 0.6
TenMeterWalkTestsAverage_std 0.2 0.2 0.2
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Radar Chart of Mean Values by Cluster
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A.1 Approach 1: Activity Metrics Dataset

BIC Scores for Different Number of Components and Covariance Types
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Figure A.6: GMM: BIC applied to GMM using activity metrics Dataset 1.
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Unsupervised Learning Results: Dataset 1
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Figure A.7: GMM: cluster analysis (k=3) using activity metrics Dataset 1.

Table A.2: GMM: table with mean values for each activity metric from Dataset 1, by cluster.

Activity Metric Cluster O | Cluster 1 | Cluster 2
StepsDaily Average 1897.2 8230.5 3973.3
StepsMax 5370.4 12411.3 5978.6
TopCadenceDaily Average 57.8 104.7 86.7
TopCadenceMax 96.5 118.3 104.5
TopSpeedDaily Average 0.6 0.9 0.8
TopSpeedMax 0.9 0.9 0.9
EnergyExpenditureDaily Average 33.1 129.4 64.4
EnergyExpenditureMax 86.3 193.6 95.2
MaxContinuousWalkingDaily Average 147.5 315.2 116.9
MaxContinuousWalkingMax 447.6 712.9 235.4
AmbulationEnergyScore 2.7 4.6 4.3
PeakPerformanceScore 2.1 3.9 3.1
Cadence VariabilityScore 2.8 3.8 2.6
ActiveTimeAverage 0.6 2.3 1.4
ActiveTimeLowCadenceAverage 0.2 0.7 0.6
ActiveTimeMediumCadenceAverage 0.3 0.9 0.5
ActiveTimeHighCadenceAverage 0.1 0.7 0.2
TwoMinuteWalkTests Average 88.4 79.9 80.1
TwoMinuteWalkTestsAverage_std 14.9 19.9 17.4
SixMinuteWalkTestsAverage 312.8 278.1 274.4
SixMinuteWalkTestsAverage_std 17.2 34.9 16.5
TenMeterWalkTestsAverage 0.7 0.6 0.6
TenMeterWalk TestsAverage_std 0.2 0.2 0.2
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Radar Chart of Mean Values by Cluster
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Figure A.8: GMM: radar chart of mean values for each activity metric from Dataset 1, by cluster.
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A.2 Approach 2: Combined Dataset
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Figure A.9: PCA using combined with Dataset 1.
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Figure A.10: K-means: Elbow method applied to K-means using combined Dataset 1.
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Figure A.11: K-means: Silhouette method applied to K-means using combined Dataset 1.
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Figure A.12: K-means: cluster analysis (k=3) using combined Dataset 1.
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Table A.3: K-means: table with mean values for each appointment data and activity metric from

Dataset 1, by cluster.

Feature Cluster 0 Cluster 1 Cluster 2
Age 40-49 50-59 60-69
Amputation Type Above Knee | Above Knee | Below Knee
Years Since Amputation 17.3 8.2 19.0
Stride Length 130.4 99.3 104.3
StepsDailyAverage 3341.5 3361.0 8459.8
StepsMax 6791.6 5202.4 12818.8
TopCadenceDaily Average 75.3 78.9 105.9
TopCadenceMax 104.0 100.26 120.1
TopSpeedDaily Average 0.8 0.7 0.9
TopSpeedMax 1.1 0.8 1.0
EnergyExpenditureDaily Average 54.6 55.4 132.9
EnergyExpenditureMax 107.5 83.6 199.7
MaxContinuousWalkingDaily Average 176.0 103.5 315.9
MaxContinuousWalkingMax 473.4 202.6 734.9
AmbulationEnergyScore 3.6 39 4.5
PeakPerformanceScore 2.7 29 3.9
Cadence VariabilityScore 2.9 2.6 3.8
ActiveTimeAverage 1.0 1.1 24
ActiveTimeLowCadenceAverage 0.4 0.5 0.8
ActiveTimeMediumCadence Average 0.4 0.5 0.9
ActiveTimeHighCadenceAverage 0.2 0.2 0.7
TwoMinuteWalkTests Average 102.3 69.4 80.7
TwoMinuteWalkTestsAverage_std 20.3 14.0 20.4
SixMinuteWalkTestsAverage 336.4 2144 284.7
SixMinuteWalkTests Average_std 17.8 13.1 36.9
TenMeterWalkTestsAverage 0.8 0.5 0.6
TenMeterWalkTestsAverage_std 0.2An 0.1 0.2
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Figure A.13: K-means: radar chart of mean values for each appointment data and activity metric

from Dataset 1, by cluster.
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BIC Scores for Different Number of Components and Covariance Types
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Figure A.14: GMM: BIC applied to GMM using combined Dataset 1.
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Figure A.15: GMM: cluster analysis (k=3) using combined Dataset 1.
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Table A.4: GMM: table with mean values for each appointment data and activity metric from

Dataset 1, by cluster.

Feature Cluster 0 Cluster 1 Cluster 2 Cluster 3
Age 40-49 50-59 40-50 60-69
Amputation Type Unknown | Above Knee | Below Knee | Below Knee
Years Since Amputation 26.5 9.3 32 19.4
Stride Length 137.0 104.9 94.4 100.5
StepsDailyAverage 3325.0 3438.0 13123.2 7606.2
StepsMax 7534.6 5378.1 21428.8 11251.2
TopCadenceDailyAverage 64.5 82.7 106.2 104.4
TopCadenceMax 98.9 103.5 112.6 119.3
TopSpeedDailyAverage 0.8 0.7 0.8 0.8
TopSpeedMax 1.2 0.9 0.9 0.9
EnergyExpenditureDaily Average 54.2 56.5 204.4 119.9
EnergyExpenditureMax 118.8 86.3 331.7 175.8
MaxContinuousWalkingDaily Average 210.2 103.6 395.9 308.6
MaxContinuous WalkingMax 571.6 220.1 970.1 699.6
AmbulationEnergyScore 32 39 4.6 4.6
PeakPerformanceScore 2.5 29 4.1 39
Cadence VariabilityScore 29 2.6 4.5 3.8
ActiveTimeAverage 1.1 1.1 35 2.1
ActiveTimeLowCadenceAverage 0.4 0.5 1.0 0.7
ActiveTimeMediumCadenceAverage 0.5 0.4 1.2 0.8
ActiveTimeHighCadenceAverage 0.2 0.2 1.3 0.7
TwoMinuteWalk TestsAverage 106.0 76.0 78.1 76.5
TwoMinuteWalkTestsAverage_std 19.6 16.1 16.9 19.3
SixMinuteWalkTestsAverage 344.9 249.2 264.1 270.4
SixMinuteWalkTestsAverage_std 18.5 14.6 22.4 37.1
TenMeterWalkTestsAverage 0.8 0.6 0.6 0.6
TenMeterWalkTestsAverage_std 0.2 0.2 0.2 0.2
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Appendix B

Supervised Learning Results: Dataset A
and B

B.1 Multiclass Classification

B.1.1 Approach 1: Activity Metrics Dataset A

Table B.1: Performance metrics of multiclass classification using SVM with activity metrics
Dataset A.

Feature Reduction | F1-Score Validation | F1-Score Test | Accuracy Test | Balanced Accuracy
and Selection

Baseline 0.58 0.56 0.70 0.67

PCA 0.59 0.14 0.26 0.21

KBest 0.59 0.58 0.70 0.67

RFE 0.69 0.19 0.41 0.33
Correlation 0.61 0.56 0.70 0.67

Table B.2: Performance metrics of multiclass classification using RF with activity metrics Dataset

A.

Feature Reduction | F1-Score Validation | F1-Score Test | Accuracy Test | Balanced Accuracy
and Selection

Baseline 0.61 0.15 0.26 0.21

PCA 0.42 0.09 0.15 0.12

KB 0.61 0.18 0.26 0.21

RFE 0.63 0.15 0.26 0.21

Corr 0.58 0.27 0.33 0.30
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Figure B.1: Confusion matrices for multiclass classification using SVM with activity metrics
Dataset A.
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B.1.2 Approach 2: Combined Dataset A

Table B.3: Performance metrics of multiclass classification using SVM with combined Dataset A.

Feature Reduction | F1-Score Validation | F1-Score Test | Accuracy Test | Balanced Accuracy
and Selection

Baseline 0.59 0.19 0.41 0.33

PCA 0.60 0.44 0.56 0.50

KB 0.66 0.19 0.41 0.33

RFE 0.75 0.44 0.56 0.50

Corr 0.68 0.19 0.41 0.33

Table B.4: Performance metrics of multiclass classification using RF with combined Dataset A.

Feature Reduction | F1-Score Validation | F1-Score Test | Accuracy Test | Balanced Accuracy
and Selection

Baseline 0.65 0.51 0.56 0.55

PCA 0.47 0.44 0.56 0.50

KB 0.63 0.49 0.56 0.55

RFE 0.70 0.79 0.78 0.80

Corr 0.63 0.49 0.56 0.55

B.2 Binary Classification

B.2.1 Approach 1: Activity Metrics Dataset B

Table B.5: Performance metrics of binary classification using SVM with activity metrics Dataset
B.

Feature Reduction | F1-Score Validation | F1-Score Test | Accuracy Test | Balanced Accuracy
and Selection

Baseline 0.82 0.70 0.70 0.79
PCA 0.78 0.36 0.56 0.39
KB 0.80 0.70 0.70 0.79
RFE 0.82 0.79 0.85 0.75

Corr 0.79 0.84 0.85 0.90
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Figure B.3: Confusion matrices for multiclass classification using SVM with combined Dataset
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Figure B.5: Confusion matrices for binary classification using SVM with activity metrics Dataset
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Table B.6: Performance metrics of binary classification using RF with activity metrics Dataset B.

Feature Reduction | F1-Score Validation | F1-Score Test | Accuracy Test | Balanced Accuracy
and Selection

Baseline 0.82 0.33 0.48 0.34

PCA 0.72 0.39 0.63 0.45

KB 0.80 0.39 0.63 0.45

RFE 0.82 0.39 0.63 0.45

Corr 0.78 0.41 0.70 0.50

B.2.2 Approach 2: Combined Dataset B

Table B.7: Performance metrics of binary classification using SVM with combined Dataset B.

Feature Reduction | F1-Score Validation | F1-Score Test | Accuracy Test | Balanced Accuracy
and Selection

Baseline 0.79 1.0 1.0 1.0

PCA 0.80 1.0 1.0 1.0

KB 0.80 0.41 0.70 0.50

RFE 0.80 0.84 0.85 0.89

Corr 0.81 0.41 0.70 0.50

Table B.8: Performance metrics of binary classification using RF with combined Dataset B.

Feature Reduction | F1-Score Validation | F1-Score Test | Accuracy Test | Balanced Accuracy
and Selection

Baseline 0.80 0.41 0.70 0.50

PCA 0.72 0.79 0.85 0.75

KB 0.81 0.41 0.70 0.50

RFE 0.81 0.41 0.70 0.50

Corr 0.80 0.41 0.70 0.50
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Figure B.6: Confusion matrices for binary classification using RF with activity metrics Dataset B.
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Figure B.7: Confusion matrices for binary classification using SVM with combined Dataset B.
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Figure B.8: Confusion matrices for binary classification using RF with combined Dataset B.
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