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Resumo

Há uma elevada incidência de alterações motoras nos membros superiores na sequência de lesões ce-
rebrais adquiridas (LCA). Uma lesão cerebral pode acontecer devido à aplicação de uma força mecânica
e/ou perturbação no fornecimento de sangue ao cérebro. Assim, estas lesões resultam de várias causas,
sendo as duas causas mais comuns os traumatismos cranioencefálicos (TCE) e os acidentes vascula-
res cerebrais (AVC). As LCA afetam negativamente a capacidade do paciente em realizar atividades da
vida diária (AVD), especialmente a manipulação de objetos, uma ação motora motivada pelo alcance
da conclusão de uma tarefa. Esta investigação visa quantificar e monitorizar essas alterações motoras
(i.e., resultados da reabilitação) em resposta a uma intervenção clı́nica com a duração de pelo menos
seis semanas. Tradicionalmente, os resultados da reabilitação são relatados por um clı́nico, tornando a
avaliação demorada e dependente do observador. Além disso, a avaliação não é feita regularmente, ou
seja, na maior parte das vezes, as avaliações são feitas apenas em dois momentos: pré e pós-intervenção;
é desejável fazerem-se avaliações ao longo de todo o plano de cuidados do paciente por forma a adaptar
o plano de reabilitação de acordo com esses mesmos resultados. Assim, abordarei esta questão automati-
zando este processo através da derivação de estimativas de escalas clı́nicas que quantificam os resultados
da reabilitação e são de elevado interesse clı́nico, utilizando dados de sensores inerciais e desenvolvendo
algoritmos de Aprendizagem Automática.

O estudo foi conduzido numa amostra heterogénea de trinta e sete pacientes que sofreram lesões
cerebrais e ficaram com sequelas motoras devido a essas mesmas lesões, nomeadamente hemiparesia de
um dos membros superiores. Dezasseis destes pacientes eram sobreviventes de AVC, enquanto vinte e
um eram sobreviventes de lesões cerebrais traumáticas. A literatura indicia que existe potencial para uti-
lizar sensores em aquisições de dados como forma de obter uma avaliação da reabilitação mais precisa.
Desse modo, será possı́vel efetuar uma recolha de dados com estes sensores posicionados em diferentes
configurações, o que, em conjunto, permitirá que os pacientes efetuem movimentos de forma menos
constrangida aquando da performance das AVD. Além disso, os acelerómetros são os dispositivos mais
utilizados para este fim, satisfazendo os requisitos do utilizador (por exemplo, precisão, conforto, baixo
custo e facilidade de utilização), e tendo fatores relevantes (por exemplo, colocação, material, peso e di-
mensionamento) dado que é uma forma de tecnologia vestı́vel. De salientar que estes dispositivos permi-
tem aos investigadores e clı́nicos recolher dados no sentido de avaliar a recuperação motora em múltiplos
pontos de tempo ao longo do programa de reabilitação, e, assim, o progresso da recuperação pode ser
acompanhado mais de perto, sendo que decisões poderão ser efetuadas tendo em conta os resultados.
Consequentemente, para permitir a avaliação dos efeitos das intervenções de reabilitação dos membros
superiores, os pacientes foram instrumentados com um total de sete unidades de medição inercial (UMI)
sem fios. Os pacientes foram guiados de forma a realizar uma série de oito tarefas padronizadas que
foram especificamente escolhidas para reproduzir padrões motores encontrados em diversas atividades
da vida quotidiana. As tarefas incluem a manipulação bimanual ou unimanual de objetos, ou ambos, e,
o controlo motor fino ou grosso, ou ambos. Além do mencionado, foram desenvolvidos algoritmos de
Aprendizagem Automática dedicados em derivar, em primeiro lugar, a Escala de Capacidade Funcional
(FAS) relativa à qualidade de movimento do paciente durante o desempenho de atividades da vida diária
e, em segundo lugar, a Avaliação Fugl-Meyer (FMA) especificamente para o membro superior de forma a
medir a gravidade dos défices motores relativamente às lesões cerebrais adquiridas pelos pacientes. Para
derivar a Avaliação Fugl-Meyer foram utilizados os conhecimentos aprendidos anteriormente com as
estimativas da Escala de Capacidade Funcional, sendo que foi identificado que as duas escalas possuem
uma correlação positiva.
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Em termos gerais, as nossas conclusões revelam que para a Escala de Capacidade Funcional um
modelo Hierárquico de Aprendizagem Automática com um Classificador Binário e Regressão no se-
gundo nı́vel é a melhor solução para estimar pontuações das escalas clı́nicas, com particular enfoque
nos pacientes com maior capacidade motora. O nosso racional para este foco reside no facto de que
clinicamente é de elevada importância efetuar este tipo de avaliação motora em pacientes que estão num
nı́vel relativamente elevado de função motora: estes pacientes têm a capacidade de gerar bons padrões
fisiológicos de movimento e podem beneficiar mais amplamente do tratamento de reabilitação. O coefi-
ciente de determinação, R2, foi utilizado como métrica padrão para avaliar o modelo final devido à sua
relevância no fornecimento de informações relativas ao ajuste do modelo em termo das observações das
escalas clı́nicas estimadas em comparação com as observações rotuladas pelo clı́nico no laboratório. O
modelo final da Escala de Capacidade Funcional alcançou um excelente desempenho com um coefici-
ente de determinação, R2, de 0,91. As principais contribuições desta investigação relativa à Avaliação
Fugl-Meyer sublinham que um subconjunto de tarefas emerge como ótimo para derivar a Avaliação
Fugl-Meyer. Este subconjunto inclui tarefas que foram de particular dificuldade para a performance dos
pacientes, tarefas de dificuldade média e também tarefas de fácil execução. Assim, em geral, este sub-
conjunto compreende todos os nı́veis de aplicabilidade da qualidade motora, incluindo a manipulação
bimanual e unimanual de objetos. Além disso, foi identificado que adicionar as pontuações da Escala
de Capacidade Funcional (i.e., fornecendo conhecimentos relativos aos padrões de qualidade de movi-
mento) ao modelo final da Avaliação Fugl-Meyer, tanto para tarefas individuais como para previsões
combinadas, foi fundamental para melhorar o desempenho geral do modelo. Como resultado, o modelo
final Avaliação Fugl-Meyer alcançou um bom desempenho com um R2 de 0,79. Até à data, não existem
estudos efetuados com este tipo de tarefas e esta metodologia hierárquica de forma a estimar a Escala de
Capacidade Funcional proveniente de dados de sensores inerciais. Relativamente aos métodos utilizados
para a automatização da Avaliação Fugl-Meyer, o nosso estudo é pioneiro. Portanto, a nossa análise é
encorajadora, tendo demonstrado a viabilidade de incorporar dados de sensores adquiridos em tarefas
explicitamente selecionadas e adaptadas para reproduzir padrões motores de atividades da vida diária e
tirar partido do conhecimento derivado da estimativa da Escala de Capacidade Funcional para melhorar
as previsões finais do modelo Avaliação Fugl-Meyer.

No seu conjunto, este estudo pode empoderar os profissionais de saúde na realização de reabilitação
de precisão - uma intervenção ajustada de acordo com resultados de resposta especı́ficos do paciente -
maximizando assim os ganhos motores dos pacientes com lesões cerebrais adquiridas. Adicionalmente,
como perspetiva futura, seria desejável avaliar não só a capacidade motora dos pacientes (avaliada na
clı́nica), mas também o desempenho do paciente, isto é, o que os pacientes conseguem realmente fa-
zer em ambiente doméstico e quando inseridos na comunidade. Isto é particularmente relevante uma
vez que os pacientes com lesões cerebrais utilizam geralmente estratégias compensatórias no ambiente
doméstico, ou seja, têm capacidade motora mas não a utilizam particularmente o membro hemiparético,
o que faz com que seja de grande relevância fornecer um feedback constante, durante o plano de cui-
dados, de forma a que não aconteça uma perda de função do membro hemiparético. Assim, do mesmo
modo, os resultados desta investigação abrem o caminho para a transição de resultados de reabilitação
relatados pelos clı́nicos para estimativas automatizadas de resultados baseadas em sensores que, entre
outros, permitem que os clı́nicos e cuidadores tenham instrumentos para que possam prestar serviços de
cuidados à distância, nomeadamente em casa e na comunidade.

Palavras-chave: Lesão Cerebral Adquirida; Aprendizagem Automática; Reabilitação de Precisão;
Tecnologia Vestı́vel; Tecnologias Portáteis e Móveis para Reabilitação.
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Abstract

There is a high incidence of upper-limb motor changes following an acquired brain injury (ABI).
Those impairments negatively impact the patient’s ability to perform activities of daily living (ADL),
especially reach-to-grasp of objects, a goal-directed action. This research aims to assess and monitor
those changes (i.e., rehabilitation outcomes) in response to clinical intervention. Traditionally the out-
comes are clinician-reported, making the assessment time-consuming and observer-dependent. Also, the
assessment is not done on a regular basis (i.e., most of the time, assessments happen only at two time
points: pre and post-intervention), and it is desirable to assess over the cycle of care. Thus, this will
be addressed by deriving estimates of clinical-based outcome measures using wearable sensor data and
Machine Learning algorithms (ML).

The study was conducted on a heterogeneous sample of thirty-seven ABI individuals with upper-
limb hemiparesis. Sixteen of these patients were stroke survivors, while twenty-one were traumatic
brain injury survivors. Literature review shows that there is potential to use wearable technology to
have a more precise assessment and collect data with different setups that will enable the performance
of less constrained movements. Additionally, accelerometers are the most used devices for this purpose,
meeting the user requirements (e.g., accuracy, comfort, low cost, and ease of use), and having relevant
wearability factors (e.g., placement, material, weight, and sizing). Furthermore, these devices enable
researchers and clinicians to collect data towards evaluating motor recovery at multiple time points,
and thus, the recovery progress can be followed more closely. Consequently, to enable the assessment
of the effects of the upper-limb rehabilitation interventions, subjects were instrumented with a total of
seven wireless inertial measurement units (IMU). The subjects were guided to perform a series of eight
standardized tasks specifically chosen to reproduce motor patterns of ADL. Dedicated ML algorithms
were developed to derive firstly the Functional Ability Scale (FAS) concerning the patient’s quality of
movement during the performance of activities of daily living and secondly the Fugl-Meyer Assessment
(FMA) for upper extremity (UE) assessment regarding the severity of motor impairments, where the
knowledge learned from the preceding FAS estimations was employed.

Broadly translated, our findings reveal that for the FAS, a dedicated Hierarchical Random Forest-
based model with a Binary Classifier and Regression on the second level is the best solution to derive
scores with a particular focus on high motor functioning patients. The final FAS model achieved excel-
lent performance with a coefficient of determination, R2, of 0.91. The main contributions of this research
pertaining to the FMA highlight that a subset of tasks emerges as the optimal to derive the FMA. More-
over, adding the FAS scores into the final FMA model for both single tasks and combined predictions
was key to improving the performance by providing quality movement knowledge. As a result, the fi-
nal FMA model achieved good performance with a R2 of 0.79. Therefore, our analysis is encouraging,
having demonstrated the feasibility of incorporating wearable sensor data acquired in tasks explicitly
selected and adapted to reproduce ADL motor patterns and taking advantage of the knowledge derived
from estimating the FAS to improve the final FMA model predictions.

Altogether, the methods herein presented have the potential to empower healthcare professionals to
perform precision rehabilitation, an intervention adjusted according to patient-specific responsiveness,
maximizing ABI patients’ motor gains. Likewise, the findings of this analysis pave the way to transi-
tioning from clinician-reported outcomes to sensor-based outcome estimates that, among others, can be
assessed in home and community settings.

Keywords: Acquired Brain Injury; Machine Learning; Precision Rehabilitation; Wearable Tech-
nology; Portable and Mobile Technologies for Rehabilitation.
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Chapter 1

Introduction

This chapter aims to introduce the reader to the theoretical context of the work and its main objective.
The background and motivation of the research are also emphasized. The complete structure of the
dissertation is summarized and outlined in the final subsection.

1.1 Motivation and Background

1.1.1 Acquired Brain Injuries and Consequences

Acquired brain injury (ABI) is a term applied to describe a damage to the brain that is not hereditary,
congenital, degenerative, or induced by birth trauma [18]. A brain injury can happen due to applying a
mechanical force or/and disruption in blood supply to the brain. Thus, ABI results from various causes;
the two most common causes are traumatic brain injuries (TBI) and stroke [19].

Globally, stroke is a leading cause of mortality and disability with an incidence of approximately
13.6 million persons in 2016 [20]. TBI is considered a global “silent epidemic” due to representing the
greatest contributor to death and disability amongst any other traumatic events. The estimated global
incidence of TBI, including all causes that led to TBI, is 69 million persons per year [21].

Furthermore, ABI is also one of the principal causes of death and long-term disability in the United
States [13]. The American Heart Association estimates that there are 795 million new or recurrent cases
of stroke each year (i.e., incidence) [14]. Studies on the epidemiology of stroke indicate that the chance
of having a stroke increases with age, with the most significant risk factor being hypertension [18]. Due
to the increase in life-expectancy that leads to an aging population, it is estimated that stroke prevalence
will continue to increase [22]. Regarding TBI, the risk factors associated with a TBI injury vary between
ages. Falls and sports accidents are the primary causal factor for persons under 20 years. Then, transport-
associated accidents prevail amongst adults, and a high level of falls is noted for older adults [18]. Thus,
the highest risk injury peaks are achieved at two different time stages; the first one is between 16 and 25,
which will slowly decrease until late middle age and rise again to the second peak at around age 65 [18].
In the U.S. each year, approximately 1.4 million individuals sustain a TBI (i.e., incidence) [15]. Between
1970 and early 1980s, researchers estimated that more than 500 thousand persons were hospitalized or
died due to TBI each year [23]. Concerning TBI, there is difficulty noted in acquiring accurate measures
of prevalence and incidence due to disparities in definitions and assessments of collecting data [15]. A
summary of these statistics and further information on the burden costs associated with ABI can be seen
in Table 1.1.
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Table 1.1: Incidence, prevalence, costs, and impact on disability of ABI in the US. Adapted from [13], [14], [15]

Condition Prevalence Incidence Annual
Total Cost

Activity Limitation

Stroke 6.8 million
adults aged
≥20y; 2.8%
of adult
population

795 thou-
sand per-
sons/year

$36.6 billion
(in 2013 dol-
lars)

Among stroke survivors aged
≥65y, 26% were dependent in
activities of daily living, 50%
had hemiparesis, 30% unable to
walk without assistance, 19%
had aphasia, 26% were in a nurs-
ing home 6 months post-stroke

TBI 3.32 mil-
lion with
long- term
disability;
1.1% of total
population
in 2005

1.4 million
persons/year

$78.1 billion
(in 2013 dol-
lars)

43% of persons discharged after
acute TBI hospitalizations de-
velop long-term disability

Many unknowns revolve around the nervous system function. Following a brain injury, clinicians
cannot readily predict outcomes for each patient [24]. ABIs can bring permanent disabilities or functional
deficits resulting in long-term care needs for patients. Amongst the many sequelae of ABIs are cognitive,
behavioral, psychological, and motor impairments. In this project, the focus will be on the upper-limb
(UL) motor impairments associated with ABI.

The use of the upper-limb is needed to perform most of the activities of daily living (ADL). Particu-
larly, reach-to-grasp of objects, a goal-directed action, is often mentioned as a key function of a healthy
upper-limb [25]. In the long-term, it is suggested that persistent motor impairments (i.e., permanent or
temporary problems in the function or structure) of the upper-limb amongst stroke and TBI survivors
have a prevalence between 29% to 88%, following neurological injury [26], [27]. Concerning TBI, there
is a range of combined or separate motor impairments of the upper-limb that depend on the site and
damage extension following the trauma [18]. Upper-limb hemiparesis (i.e., weakness or paralysis of
muscles on one side of the body) and functional effects on the paretic (i.e., compromised) arm and hand
are frequent stroke sequelae; nevertheless, hemiparesis can also be present in TBI patients.

As depicted in Figure 1.1, hemiparesis constitutes daily coordination limitations to object reach (arm
and hand moving towards an object) and manipulation (hand opens and closes on the object) [25], [28],
[29]. Consequently, upper-limb impairments can contribute to a loss of independence in daily living
activities, reducing these patients’ quality of life. Even though motor nonuse may initially occur due to
weakness, paralysis, or sensory loss, in the long term, the person can become acquainted with not incor-
porating the paretic limb in functional activities, even though the individual can move it, a phenomenon
known as learned nonuse [1]. Ultimately, this results in a motor form of negative compensatory rein-
forcement strategy. Hence, there is a necessity to tackle the high prevalence of long-term upper-limb
disabilities resulting from ABI. The identification of rehabilitation processes that aim to restore the
upper-limb function is crucial to prevent learned nonuse, accelerate the recovery of these upper-limb
impairments, and compensate for the disabilities. With rehabilitation, the ultimate goal is for the patient
to be able to perform key activities in their daily life with their affected arm.
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Figure 1.1: Hemiparesis definition and respective side effects [1]. The hemiparetic side of the body is represented in the shaded
blue area of the human anatomical representation.

Patient Assessment According to the International Classification of Functioning, Disability and
Health

A comprehensive assessment of brain injury survivors is crucial to delivering a suitable rehabilitation
plan that promotes motor gains.

Rehabilitation is organized around the International Classification of Functioning, Disability and
Health, a clinical tool commonly known as ICF, that was developed by the World Health Organization
(WHO) [2]. This framework enables clinicians to consider the patient as a whole across the different
interconnected domains. Thus, the utilization of ICF is increasingly promoted amongst researchers and
clinicians. Overall, this enables an international standardized acquisition of levels of functioning and
disability, variables whose data are vital and is currently lacking in everyday rehabilitation practice [30].
This classification system is mentioned as having the potential to drive a paradigm shift in health and
disability [30].

The main dimensions of the ICF model (Figure 1.2) are body functions and structures, activity, and
participation. Additionally, external and internal factors are considered (i.e., respectively, environmental
and personal factors). Figure 1.2 depicts the classification system applied to ABI.

ICF system can be utilized to guide the development, use, and interpretation of patient-reported out-
comes (PROs) and performance-based outcome measures (i.e., clinician-rated outcome measures) [31].
PROs are outcomes reported by the patient and usually aim to know more about the overall functioning
and sense of wellbeing. Performance-based outcome measures are reported by healthcare professionals
based on the observation and grading of a patient’s health condition. These outcomes are highly de-
pendent on clinical judgment and interpretation of a patient’s detectable behaviors, signs, and physical
manifestations. The two approaches can be used to acquire data from the ICF system’s main dimensions.
As depicted in Figure 1.2, these dimensions are interconnected; therefore, to evaluate treatment effects
and manage clinical interventions, everything must work collectively.

The dimension of body functions and structure (e.g., upper-limbs) aims to identify the patient’s
physiology and psychology following the ABI. To delineate ABI patients’ motor rehabilitation plan,
physical assessments, and PROs allow clinicians to have an idea of the patient’s impairments, difficulties
(e.g., at home), as well as their abilities and aspirations. The definition of the patient’s main physical
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problems is based on assessing movement dysfunctions’. Hence, this field takes into consideration that
deviations from a natural function and structure should be classified as impairments. This approach is
challenging to replicate amongst therapists because identifying these problems depends on the therapist’s
background, clinical judgment, and time available [4]. This method can potentially result in inaccuracy
when measuring the improvement or decline in motor gains.

Activities (i.e., execution or performance of an action or task) include representational assessments
that aim to indicate the patient’s function level [16]. Thus, regarding ABI, it is vital to perform motor
functioning assessments. This type of assessment can be performed in different approaches. Regularly,
activities such as motor task performance are used as outcome measures. Nevertheless, it is important to
note that task completion does not always reflect recovery (e.g., patients can adopt motor patterns that
compensate for lost limb function) [4]. Therefore, it isn’t easy to differentiate between motor restitution
and compensation strategies with these outcome measures.

Participation is regarded as how the patient deals with and is involved in daily life situations after the
ABI. Personal and environmental factors can influence this participation. Thus, it is important to incorpo-
rate disability as the term that includes persons with impairments, activity limitations, and participation
restrictions [18].

Figure 1.2: International Classification of Functioning, Disability and Health adapted to highlight the principal components for
ABI health condition [2].

Rehabilitation Process

Following an event such as a TBI or stroke, assessments are necessary tools to plan and then adjust the
rehabilitation intervention (Figure 1.3). Nevertheless, assessments and interventions are interconnected
and practiced over the care cycle, usually beginning in the intensive care unit (i.e., before rehabilitation)
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and continuing with outpatient visits. To do the assessment of the patient on a regular basis is essential
to evaluate the rehabilitation intervention [32]. However, traditionally these outcome measures are es-
sentially collected at two time points: baseline and discharge. This is limitative because compromises
the maximization of motor gains, making clinical intervention adjustment challenging to perform. Thus,
as depicted in Figure 1.3, these assessments should ideally be done longitudinally (i.e., over the cycle of
care) so that it is possible to monitor the clinical outcomes consistently in an unobtrusive way.

There is potential for precision-rehabilitation that can facilitate the estimation of clinical outcome
measures that might indicate a progression or deterioration of the motor capabilities. In this way, clin-
icians can identify and target patient-specific motor deficits during rehabilitation planning. Hence, the
rehabilitation plan and the techniques to achieve better clinical outcomes could be chosen accordingly.
Therefore, these measures need to be easy to gather and easy to interpret.

Figure 1.3: ABI motor rehabilitation phases from a patient point of view.

The use of outcomes to track motor capabilities has the potential to include a systematic recording
and review of ABI patient’s recovery status. Also, there is a need to assess the patient’s function at home
and find solutions to assess outside the clinic. Therefore, it is desirable to develop novel technologies of
motor outcome measure systems with these features, guaranteeing reliability, sensitivity, and validation.

Evaluating Motor Recovery at Multiple Time Points

Wearable sensors and powerful Machine Learning algorithms are technologies that have the potential
to enable researchers and clinicians to collect data towards evaluating motor recovery at multiple time
points (i.e., also during the course of therapy) [33], [34]. Thus, the recovery progress can be followed
more closely as opposed to solely before/after an intervention. Nevertheless, there are other long-term
benefits that result from the use of these tools, such as allowing clinicians to spend less time doing
assessments and offering technology that will enable data to be recorded in home and community settings
during the performance of ADL. The benefits of tracking patients’ recovery at home settings are that
often, what patients are capable of doing in the clinic does not reflect how patients perform while at
home.

Among wearables devices, one of the most commonly used categories is the one focusing on sensors
that quantify patient movements. These sensors provide the capability to characterize motor biomarkers
(e.g., movement time), which can be used to identify how well the body responds to an intervention,

Master Program in Biomedical and Biophysics Engineering Page 5 of 87



Chapter 1. Introduction

distinguish mechanisms of restitution and compensation recovery, perform telerehabilitation and remote
monitoring [35].

There are distinct ways of collecting data at different time points using wearable devices that will
be in distinct ways relevant to assessing appropriate motor outcomes [24]. Therefore, to have more data
points, monitoring patients over extended periods of time during the performance of ADL or home-based
exercises with the use of wearable devices can be implemented. Furthermore, a broad spectrum of sensor
placements can be chosen depending on the information desirable to gather. The patient’s impairments,
functional limitations, and quality of use are sections of interest regarding motor outcome analysis.

Nowadays, Machine Learning algorithms are widely used in medical applications and research
projects such as medical diagnosis and treatment [36], [34]. Particularly, algorithms that automate
decision-making processes by generalizing from known examples can be used as a base to extract clin-
ically relevant motor outcomes from data collected using wearable sensors [37], [7]. These algorithms
are known as supervised learning algorithms because they have the capability to learn from input/output
pairs [38]. Hence, these algorithms have the potential to combine information from multiple movement
parameters and estimate clinically relevant information .

1.2 Aim of the Dissertation

There is a high incidence of upper-limb motor changes following ABI (Figure 1.4). Those impair-
ments have a negative impact on the patient’s ability to perform activities of daily living.

The aim of this research is to automate the assessment and monitoring of ABI patients’ upper-limb
motor changes (via rehabilitation outcomes) in response to a clinical intervention. This can be addressed
in a relatively unobtrusive way by deriving estimates of clinical outcome measures with the use of wear-
able sensor data and the development of Machine Learning algorithms. Particularly, for this purpose,
clinical scales (i.e., outcome measures) pertaining to the patient’s quality of movement (FAS) and sever-
ity of motor impairments (FMA) were assessed.

The approach conducted in this Dissertation is innovative since it focuses on incorporating wearable
sensor data acquired in tasks explicitly selected and adapted to reproduce ADL motor patterns with novel
ML methodologies applied in a heterogeneous ABI cohort. Furthermore, the knowledge derived from
estimating the FAS is leveraged to further improve the final FMA model predictions.

This approach can lead to several advantages, including providing healthcare professionals with the
tools to perform precision rehabilitation (i.e., intervention adjusted according to each individual’s out-
comes) and hence potentially maximizing patient motor gains.

Figure 1.4: Summary of the main components of the research.
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1.3 Dissertation Outline

This dissertation is organized into six chapters that convey the work conducted at the Motion Anal-
ysis Laboratory, Department of Physical Medicine and Rehabilitation of Harvard Medical School at
Spaulding Rehabilitation Hospital in Boston. A brief overview of the contents included in each chapter
is described as follows:

- Chapter 1: Introduction in which the underlying theoretical context of the work is presented. The
motivation and background which drive the research are emphasized. The dissertation objectives and
final aim are described. The complete structure of the dissertation is summarized and outlined.

- Chapter 2: State of the Art leverages the literature review in order to address the theoretical foundation
and relevance of the topic. In this chapter, three main topics are explored and revisited: clinical scales
for upper-limb assessment and their limitations, upper-limb movement kinematics, and automation of
clinical score estimates. Eventually, in the final section, the relevant considerations of the review are
scrutinized.

- Chapter 3: Materials and Methods introduces firstly the procedures involved in the laboratory data
collection; here, the clinical information concerning the participant’s demographics and inclusion cri-
teria are described to provide a comprehensive view of the patient’s health. Furthermore, are explained
the study design and the technical specifications of the IMU sensor and its operation. Finally, the
FAS and FMA clinical scales used to assess the patient’s motor capabilities are presented. The second
part of this chapter is dedicated to leveraging the rationale behind the Machine Learning algorithm
development, where are explained the specific techniques and models used to analyze and derive the
clinical scores, ranging from the signal processing techniques to the feature extraction and selection
and, ultimately, the ensembled ML algorithm.

- Chapter 4: Results presents the results accomplished in the analysis of a dataset consisting of a total
of thirty-seven acquired brain injury patients. The study investigated the two timepoints, Baseline,
and Post-Treatment data assessments. The main findings regarding the participant’s clinical data are
described. Furthermore, the pre-processing methodology outcomes are underlined. Ultimately, the
FAS and FMA resultant analysis of the estimated clinical scores focused on the upper-limb assessment
are presented in individual sections. Finally, the models evaluated to predict the single and final clinical
scores are examined.

- Chapter 5: Discussion highlights a thorough critical analysis concerning the main findings of the new
automation techniques developed to assess ABI clinically relevant motor outcomes, namely FAS and
FMA scores. Ultimately, this section emphasizes the feasibility of this analysis in providing the health-
care professional with novel tools to assess upper-limb rehabilitation outcomes more consistently over
the care program and tailor the patient-specific plans accordingly. The final chapter section provides
an overview of the main identified study limitations.

- Chapter 6: Conclusions and Future Work aims to summarize the main conclusions of the Master’s
Dissertation and provide a personal reflection on the objectives that were achieved during the course
of the study. It also explores the various opportunities that future research can contribute to in the field
of upper-limb-focused motor rehabilitation of Acquired Brain Injury patients.
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State of the Art

This chapter explores the various aspects of the previous work performed in this research field and
develops a comprehensive understanding of its theoretical foundations and relevance. Three main top-
ics are revisited: clinical scales for upper-limb assessment and their limitations, upper-limb movement
kinematics, and automation of clinical score estimates. In addition, in the final section, the relevant
considerations of the presented review are scrutinized.

2.1 Clinical Scales For Upper-Limb Assessment and Their Limitations

Several clinical scales have been proposed with the aim of assessing a patient’s responsiveness to
a rehabilitation intervention. The ICF framework enables the classification of these scales into three
categories (i.e., body structure and functioning, activity, and participation). The most currently used
scales to assess the upper-limb in rehabilitation are presented in Table 2.1.

Table 2.1: Summary of the most common clinical scales used in clinical settings to classify upper-limb outcome measures based
on the ICF components. The categories: Body structure and Functioning, Activity, Participation represent the classification of
the upper-limb outcome measure based on the component of the ICF.

Clinical Scales Body structure and
Functioning

Activity Participation

Fugl-Meyer Assessment (FMA) ✓

Arm Motor Ability Test (AMAT) ✓

Visual Analogue Scale (VAS) ✓

Modified Ashworth Scale (MAS) ✓

Wolf Motor Function Test (WMFT) ✓

Motor Activity Log (MAL) ✓

Action Research Arm Test (ARAT) ✓

Rivermead Motor Assessment (RMA) ✓

Functional Ability Scale (FAS) ✓ ✓

Box and Block Test (BBT) ✓

Barthel Index (BI) ✓

Chedoke Arm and Hand Activity Inventory
(CAHAI)

✓

Stroke Impact Scale (SIS) ✓

Jebson-Taylor Hand Function Test (JTHFT) ✓ ✓
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Additionally, the scales mentioned comprise differences, namely in the number of items, tasks in-
cluded (unimanual/bimanual), activities of daily living included (basic = necessary to daily self-care,
including personal hygiene, dressing, feeding, toileting, functional transfers; mobility/extended = home
maintenance and required for independent living.), upper-limb use (AOU = amount of use; QOU = qual-
ity of use). Besides this, it is often valuable to consider the scale’s validity, reliability, and responsiveness
for the benchmark analysis of the clinical scales relevant to assess [7].

The Fugl-Meyer assessment (FMA) scale [39] is one of the most widely used to evaluate the severity
of motor impairments. Specifically, the FMA-UE consists of assessing Upper-Extremity (UE) motor
function. This scale includes a score between 0 and 2 that is assigned to each exercise (See Appendix
C). However, it is mentioned in the literature that some scales as the FMA, are not able to completely
capture the spectrum of the patient’s motor function due to low sensitivity and ceiling effects [4].

The WMFT is an extensively used score that enables the quantification of upper-limb motor ability
during functional tasks (generally includes 17 items) [40]. The WMFT is timed and also evaluated
according to the Functional Ability Scale (FAS) pertaining to the performance of the UE [40]. The FAS
consists of a clinician-reported score between 0 and 5 given to each exercise (visually rated) for a total
score of 75 points, aiming to assess activity, and body structure and functioning (See Appendix B).

Another clinical scale often used is the Motor Activity Log (MAL). The MAL is an assessment
that provides a patient-reported outcome concerning the quality and amount of movement of the more-
impaired arm (scored in a 6-point ordinal scale) during 30 daily life functional tasks [41].

Nevertheless, the practical use of these scales is very time-consuming for the healthcare professional,
and there are limitations noted in the objectivity and test responsiveness to subtle changes. Additionally,
there is an increased yearning to have a rehabilitation precision medicine approach that enables the
clinician to analyze the patient’s particular impairments, functional limitations, and the quality of the
rehabilitation measured with instrumental devices.

2.2 Upper-limb Movement Kinematics

To accurately assess clinical rehabilitation treatments is necessary to quantify the rehabilitation
progress. Kinematics, in this context, is the study of the motion of the upper-limb. With kinematics,
there can be provided precise measures of the upper-limb three-dimensional movements [35]. There are
different ways of collecting upper-extremity movement data in three-dimensions that will be in different
ways relevant to assessing appropriate motor outcomes from ABI patients [24]. Two fundamental ap-
proaches that can be used to this aim: reconstructing movement trajectories and extracting the movement
patterns (i.e., features) characteristics directly from the sensor data. There is potential to identify motor
biomarkers and differentiate between restitution of motor function and compensation motor recovery
mechanisms with the use of these measurements [35].

2.2.1 Optometric Systems

The reconstruction of movement trajectories can be done using varied techniques; one of the most
used are the optical motion capture systems [5].

A study by Hingtgen et al. used an upper-extremity kinematic model for the evaluation of the hemi-
paretic limb of stroke patients with spasticity during the performance of reaching tasks. The data was
collected using passive optical motion capture technology [42]. This system used retroreflective markers
placed in the segments of the affected and unaffected upper-limb. These markers could be tracked by in-
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frared cameras, whose, with the proposed kinematic model of motion analysis, will enable the derivation
of kinematic variables outcome measures such as movement time, range of motion, and peak angu-
lar velocity. Overall, the results of this study were indicative that the model could accurately quantify
upper-limb arm motion.

Numerous studies have examined stroke patients during the performance of reaching tasks in two-
dimensions and tried to correlate that with clinical outcomes; however, few studies have leveraged the
correlation between three-dimensional reach-to-target kinematics and clinical outcomes [43],[44],[45].

A recent study by Adans-Dester et al. investigated the relationship between kinematic parameters of
3D reach-to-target movements and upper-limb clinical outcome measures in response to robot-assisted
therapy [3]. The study included ten chronic stroke survivors. A clinician assessed the patient at base-
line and the end of the intervention using the following clinical scales: Fugl-Meyer Upper-Extremity
Assessment, Wolf Motor Function Test, and Functional Ability Scale. To assess patients based on the
kinematic parameters derived from a biomechanical model was necessary to place markers on the pa-
tient’s upper-limb, and a 10-camera motion capture system was used to track the movement. The patients
were instructed to perform thirty-six reach-to-target movements with the paretic limb at a self-selected
speed. The target was a panel with specific numbers (Figure 2.1 a.). Finally, a biomechanical model was
then constructed (Figure 2.1 b.) in order to derive kinematic parameters of interest, namely, for example,
the movement time (indicative of efficiency), trajectory directness (indicative of accuracy), peak velocity
(indicative of speed), and time to peak velocity (indicative of planning of the movement).

Figure 2.1: Experimental Set-up. a. Subject set-up: Twenty reflective markers were placed on body landmarks. b. Biomechan-
ical model of subject in 1a and the target panel: Biomechanical model (Plug-in-gait) applied to reconstruct UE segments and
derive kinematic parameters. Reproduced from [3].

The results of the study indicated a moderate-to-strong correlation between clinician-reported out-
come measures and specific kinematic parameters in response to the intervention. Furthermore, the
correlation between changes in clinical outcomes and kinematic parameters in response to the interven-
tion differed widely across participants and was not strong across kinematic parameters. This suggests
no consistent alteration in upper-limb motor strategies across participants, revealing a need to investi-
gate further, at an individual level, about the response to interventions. Thus, the next step would be
to identify similar motor patterns from different individuals and create clusters accordingly, enabling an
opportunity to have cluster-specific kinematic parameters representative of clinical outcomes. Still, it
was noted that it would be interesting to use clinical scales that include standard sets of tasks and, in this
way, enable kinematic data to be aggregated accordingly. Furthermore, it was remarked that wearable
sensors could enable upper-limb measurements during daily living activities in other settings providing
a better understanding of the clinical outcome measures.
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Marker-based optical measurement systems have limitations, such as using a rigid-body model for
approximation of the UE, the marker-set movement with respect to the bones, and modifications of
the marker-set placement positions when performing follow-up assessments, the high costs associated
with these systems. Also, this technique is very time-consuming, and is necessary training to use these
systems.

2.2.2 Wearable Sensors

Extraction of movement pattern characteristics directly from the sensor data is a technique that has
been increasingly used in physical medicine and rehabilitation due to its practicality. Over the past years,
studies that assess ABI upper-limb movement impairments have gained researchers’ and clinicians’ in-
terest and have been progressively developed [5]. There is a wide range of wearable-sensing devices
that can be used to acquire upper-limb movement data from ABI patients, namely: inertial measurement
unit (IMU), accelerometer (Acc), flexible sensors, surface electromyography (EMG), magnetometer,
encoders, e-textiles (e.g., knitted piezoresistive fabric sensor (KPF), stretch sensing fabric) are some
wearable sensors frequently used to this purpose (Figure 2.2) [5].

Figure 2.2: Examples of wearable-sensing devices that can be used to acquire upper-limb movement data from ABI patients.
IMU sensors (orange) are the most used to track UL movements in ABI patients. The sensor set comprises: hands, forearms,
and upper-arms; Flexible sensors (red) placed along the fingers. Piezo-resistive changes are detected in response to flexion;
EMG sensors (green) sensors capture electrical potential difference as the depolarization wave travels along the muscle cells’
membranes. The resulting signal is filtered and amplified for further processing. The sensor set is: over biceps and flexor
digitorum superficialis muscles, involved in the elbow and wrist flexion, respectively; Encoder (blue) to track angular displace-
ment of fingers supported by the orthosis where the encoder is placed (aligned with the rotation axis of the index finger). Icons
available at [4].

A review by Wang et al. [5] leveraged studies that used interactive wearable systems for upper-limb
rehabilitation. The primary aim of the research was to make an inventory of interactive wearable systems
for movement and posture monitoring during upper-limb rehabilitation, as well as to classify the studies
by the sensing technology, system measurements, and feedback conditions. Another goal was to leverage
the currently available wearable systems and identify supporting information on their effectiveness and
their wearability. The authors concluded that amongst the forty-five papers evaluated, accelerometers
and inertial measurement units were the most frequently used technologies in the studies (84% of the
papers). Note that some authors of the research papers analyzed consider accelerometers in the category
of the IMUs, so they don’t specify the category of the IMUs (Figure 2.3). Furthermore, as depicted,
it is possible to interpret that IMUs technology generally fits all the boxes regarding measurement and
feedback categories. Among all sensing technologies, the studies’ feedback differed with a demand for
visual and multi-modal feedback. The visual display is the most common form of feedback, enabling
users to learn a motor task with an intervention that includes an instruction to be achieved or allowing
the patient to compare to the correct/desired movement.
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Figure 2.3: Taxonomy of interactive wearable systems regarding sensing technology, system measurement and feedback modal-
ities. Reproduced from [5].

The focus of these studies was predominantly on stroke rehabilitation with the aim to monitor and
provision of feedback on posture and upper-limb movement. This was possible by measuring upper-limb
segment joint kinematics and/or trunk posture with different sensor configurations. Thus, the measure-
ment classification used was the range of motion, meaning the movement distance around joint or body
part, amount of use, which refers to the activity amount of body segment, and body segment posture
to target spatial location. The final goals included overcoming learned non-use, improving the patient’s
limb range of motion, and performing ADL skills. Overall, for these particular goals, even though there
are other options available, IMUs are considered the best sensing technology option due to having char-
acteristics that are of interest to our analysis of these patients.

IMUs are essentially force sensors that consist of tri-axis gyroscopes and accelerometers. The gy-
roscopes enable the detection of the angular motion around one or several axes (turning rate), and the
accelerometers provide acceleration readings along one or several axes [46].

The principle of operation of an accelerometer relies on measuring electrically physical changes
in mass displacement, which can be explained by Newton’s Second Law. Thus, a mass attached to a
suspension structure with a reference frame will be subject to an inertial force due to the acceleration
of gravity that will cause the mass to deflect. Different types of accelerometers have been developed
to measure these changes, with piezoresistive, piezoelectric, and differential capacitive accelerometers
being the commonly used [46]. Depending on the application of these sensors, different sample rates can
be chosen such that aliasing (i.e., Nyquist rate, two times the frequency of the studied phenomenon) is
prevented.

A gyroscope enables the measurement of the angular velocity rate using the Coriolis effect. There
is a mass that moves in a particular direction with a particular velocity; when an external angular rate
is applied, a force will occur, which will cause perpendicular displacement of the mass. Therefore,
the displacement will cause a change in capacitance, which will correspond to a particular angular rate
[46]. Thus, the orientation of the device could be obtained by integrating the angular velocity from the
gyroscope. However, this leads to integration drift of the estimated orientation over time (e.g., due to
gyroscope bias). In order to achieve a better estimation of the device orientation, a magnetometer (i.e.,
magnetic sensor) can sometimes be found in addition to an IMU unit [4]. The benefit of including a
magnetometer, which is not an inertial sensor, is to have a reference on the orientation of the attached
mass relative to the Earth’s magnetic field.
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A reliable estimation of the device orientation can be obtained by fusing the data recorded by the
gyroscope, the accelerometer, and the magnetometer, as shown in Figure 2.4. Once the orientation of
the device (and the associated body segment) is computed, this information can be used to remove the
gravity component from the signal and obtain linear acceleration. Finally, by using double integration
and specific filtering techniques, the position of the device in the 3D space could be derived [6].

Figure 2.4: Representation of the IMUs components (Accelerometer and Gyroscope) and a additional component (Magnetome-
ter) used to extract upper-limb kinematics data. Adapted from [6].

In most studies that track UL movement from ABI patients, it is often only necessary to use ac-
celerometers because the goal is usually not to reconstruct exactly the limbs’ tridimensional position to
understand how the person is moving. Thus, in some studies, only accelerometers are used to capture
the subjects’ overall motor behavior (no orientation). This enables the ability to record data for a longer
period of time and reduce data processing complexity. Therefore, accelerometers provide acceleration
readings, but they usually include gravity, so it is not linear acceleration. However, accelerometers en-
able the possibility to have an approximation of the linear acceleration by using filters (for example, a
high pass filter) to remove gravity, rather than using orientation estimation techniques to do so.

A study by Moreira et al. used eleven IMUs attached to a glove to perform hand and finger tracking
with the aim to rehabilitate hand function of patients that had neurological disorders (such as ABI)
related impairments [47]. This approach captures the hand movement with high sensor accuracy and
stability over time. However, the conclusions on finger flexion trajectories evaluation in four different
tasks were still within satisfying limits, indicating that additional IMU units might be needed to improve
motion capture. Overall, this research provided a reliable alternative to traditional clinical hand function
assessment.

IMU or accelerometer wearable-sensing systems enable the measurement of kinematic parameters
of interest regarding ABI, such as orientation, position, velocity, and complex body posture and joint
range of motion [5]. Advances in micro-electromechanical systems (MEMS) have facilitated the de-
velopment of miniaturized accelerometer, magnetometer, and gyroscope designs. When utilizing IMU
sensors for finger movement monitoring, the number of sensors needed to be used varies amongst stud-
ies, as well as different sensor placement approaches can be employed. Figure 2.5 illustrates different
sensor placements that were used in the studies analyzed by Wang et al..
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Figure 2.5: Sensor placements infographic. Each dot represents a study, the symbols depict different sensors used. Adapted
from [5].

Additionally to the different approaches used in terms of sensor placements, several studies also use
distinct task-based assessments such as standardized tasks vs. ADLs or unimanual vs. bimanual tasks.
Table 2.2 describes an overview of the most common clinical scales that are used together with IMU
technology to study ABI patients’ rehabilitation progress.

Table 2.2: Summary of measurement instruments and studies involving the use of IMU technologies to study ABI patients. The
studies were classified depending on the tasks being performed (unimanual and/or bimanual), the activities of daily living being
assessed (basic ADL - activities of daily living necessary to daily self-care, including personal hygiene, dressing, feeding,
toileting, functional transfers, and mobility; extended ADL - activities of daily living, beyond basic ADL, related to home
maintenance and required for independent living). The validity, reliability, and responsiveness of the clinical scales used were
evaluated based on the literature review. Adpated from [16], [17].

Measurement
Instrument

Unimanual
Tasks

Bimanual
Tasks

Basic
ADL

Extended
ADL

Validity Reliab. Responsiven. IMU

FAS ✓ ✓ ✓ ✓ [48] [48] [48] ✓

FMA ✓ ✓ ✓ ✓ [49] [49] [49] ✓

WMFT ✓ ✓ [50] [50] [50] ✓

MAL ✓ ✓ ✓ ✓ [51] [51] [51] ✓

2.3 Automation of Clinical Score Estimates

In the next subsections are presented several studies, by category of the ICF, that evaluated ABI pa-
tients using wearable devices with the aim of estimating different clinical scores during the performance
of activities of daily living.

2.3.1 Assessment of Activity

Research by Uswatte et al. involved one hundred sixty-nine stroke survivors using accelerometers
in the upper-limb outside the laboratory for three days before and after therapy. The study also in-
cluded completing the Actual Amount of Use Test (AAUT), an observational measure of the use of the
more-impaired arm, and the Motor Activity Log (MAL), a patient-reported assessment of the use of the
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more-impaired arm in daily life. Overall, it was shown that it was possible to extract clinically useful
information about the upper-limb motor state using accelerometer data [52]. For the baseline, the corre-
lation between the ratio of more-impaired to less-impaired arm regarding accelerometer recordings vs.
AAUT score was 0.60, and vs. MAL scores were 0.52, respectively. Additionally, it was possible to point
out that the duration of impaired-arm movement divided by the duration of unimpaired-arm movement
showed to be a reliable and valid motor outcome.

Moreover, Barth et al. in 2020 analyzed the relationships between accelerometry and general com-
pensatory movements of the upper-limb after stroke, and the translation of this measurement tool into
clinical practice [36]. The data sources used included a compensatory movement score derived from
video analysis of the Action Research Arm Test (ARAT) and accelerometer variables calculated from
the same time point during study participation. The accelerometer provided measurement of activity
counts that were used as an index of upper-limb use. The results indicated that the paretic upper-limb
demonstrated compensatory movements. This was assessed with the ARAT scale and thus observing
the compensatory movement score and comparing it with each accelerometer variable. This research
presented that accelerometry is a powerful tool to measure movement quantity and identify general com-
pensatory movement patterns of the upper-limb in ABI survivors. Essentially, higher movement while
performing ADL, concerning time and variability, is indicative that the patient is expected to have fewer
movement compensations and closer to healthy movement patterns. Thus, patients who don’t usually in-
corporate their paretic limb in ADL tend to have the compensation of movement at the joints in the paretic
limb. Therefore, the movement patterns are distant from the standard reference. This study reveals that
there is also potential to derive new outcomes about the quality of movements from accelerometer data.

Patel et al., focused on deriving FAS from tasks selected from the WMFT [53]. Twenty-four sub-
jects participated in the study, clinicians reported outcome measures for fifteen tasks of WMFT, and six
accelerometers data were collected for eight tasks of the WMFT. The data analysis included task segmen-
tation, feature extraction, and feature selection (using WEKA implementation of the ReliefF algorithm),
where features were ranked based on their importance. It was noted that features from distal segments
were extracted more frequently than those deriving from proximal segments. Then, a Random Forest
algorithm was used to estimate the total FAS score (i.e., the sum of individual scores for each of the
fifteen motor tasks of the FAS). The results exhibited a relative RMS error for estimating the total FAS
score of 5.76% when the eight tasks were considered. The best result was achieved when using only four
tasks enabling a relative RMS error of 9.12%.

A recent study by Adans-Dester et al. assessed ABI patients while performing eight reach-manipulation
functional tasks (Figure 2.6) from the WMFT, in a clinic setting [7]. The patients recruited included 16
stroke survivors and 21 TBI survivors, and all presented with residual upper-limb hemiparesis. The sen-
sors used were seven accelerometers placed on the chest, arm and wrist, and on the index and thumb
of the affected upper-limb. The approach consisted of generating clinical scores of: quality of move-
ment, using the Functional Ability Scale (FAS); the severity of motor impairments, using the upper-limb
Fugl-Meyer Assessment (FMA) (as will be seen in the next subsection).
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Figure 2.6: a) WMFT, functional tasks performed during the data collections b) position of the wearable sensors. Reproduced
from [7].

The data analysis consisted of using the accelerometer data and applying an algorithm that existed
to estimate the Functional Ability Score. The process of data analysis was similar to the previous study
mentioned: first perform task segmentation, pre-processing of the sensor data (data was low-pass filtered
to remove high-frequency noise and high-pass filtered to isolate the acceleration components due to pos-
tural adjustments), then feature extraction and selection (achieved using a correlation-based algorithm).
Finally, it was possible to derive estimates of the quality of movement with FAS using Random Forest
algorithms (Figure 2.7). The coefficient of determination for upper-limb score estimates was 0.79 for
movement quality with the FAS.

Figure 2.7: Proposed technique to estimate movement quality (FAS) clinical score. Reproduced from [7].

2.3.2 Assessment of Body Structure and Functioning

In order to do an automatic estimation of Fugl-Meyer scores, Del Din et al. assessed twenty-four
stroke patients using six accelerometers connected to the hemiparetic side of the upper-limb: hand, arm,
and trunk (Figure 2.8) [8]. The data used was collected in a previous-mentioned study by Patel et al.,
which aimed to derive FAS from tasks selected from the WMFT [53]. The dataset also included clinician
outcome measures for fifteen tasks of WMFT; however, sensor data was collected for only eight tasks of
the WMFT. Thus, with the same dataset, the researchers now estimated FMA scores. To this end, it was
performed feature extraction and selection (to optimize the feature set for each task) done in the WEKA
environment using a ReliefF algorithm, and finally, it was proposed a Random Forest based algorithm
[8]. The results were indicative that it was possible to estimate Fugl-Meyer Assessment scores by feeding
a Random Forest with features derived from accelerometers during the performance of as few as a single
item of the WMFT. Overall, the model proposed enabled the achievement of a root mean squared error as
low as 4.7 points of the FMA. Nevertheless, a larger cohort of patients should be considered, and further
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study of this technology is necessary—for example, estimation of sections of the FMA scores to better
understand each section’s movement biomarkers.

Figure 2.8: Scheme of sensors positioning and axes orientation to gather accelerometer data from stroke survivors during
performance of tasks. Reproduced from [8].

Wang et al. developed research that proposed a Support Vector Regression (SVR) model to estimate
FMA scores [54]. The study included twenty-four stroke patients performing four tasks while using two
accelerometers (upper-arm and forearm). Clinicians assessed the patient, and data was recorded during
the performance of the tasks. Once again, there was the need to pre-process data and extract features.
Then, the ReliefF-SVR system was used to select the features. Ultimately, the ReliefF algorithm was
implemented on WEKA for ranking features according to importance, and later SVR was used with the
first N features. Finally, to determine the optimal number of features, which ended up being fourteen,
numerous SVR models with a different number of features were built. The proposed model achieved a
cross-validation prediction error value of 2.1273. Nonetheless, in future studies, it is desirable to also
asses wrist-hand motor function and estimate the FMA score accordingly to have a complete assessment
of the upper-limb motor function, which was not included in this paper.

A study by Yu et al., aimed to remotely assess the motor function of twenty-four stroke patients in
home settings (i.e., non-clinical) [9]. The study involved using two accelerometers and seven flex sensors
to acquire data on the movements of the upper-limb, wrist, and fingers (Figure 2.9). Data were acquired
from patients performing seven training exercises that represent the upper-limb. The study was designed
in two phases. Firstly a clinical phase, where twenty-four patients were evaluated by two clinicians and
also using the sensor setup. Then, a home setting phase, where solely five out of the twenty-four patients
participated.

Figure 2.9: Sensor placements on the human body: (left) placement of two accelerometer sensors; (right) placement of seven
flex sensors. Reproduced from [9].
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Moreover, regarding the study by Yu et al., the data analysis included the processing of sensor data,
and they used an extreme learning machine (ELM) algorithm to derive the FMA estimates (Figure 2.10).
As depicted in Figure 2.10, the algorithm had the goal of mapping the sensor data to clinical FMA
scores, thus to this aim, first is necessary to pre-process the accelerometer and flex sensor data and then
perform feature selection and extraction. The proposed FMA model is mentioned as being able to reach
a coefficient of determination for upper-limb score estimates that are as high as 0.917.

Figure 2.10: Flowchart of quantitative Fugl-Meyer assessment (FMA) model. Reproduced from [9].

However, this study only included impairment scores with FMA; it would be interesting to have
other clinical scales involved that could provide information on the quality of movement. Another thing
to consider is that flex sensors have shown to have major disadvantages such as the cost to build a control
system for both hands, being fragile, and errors happening when the sensor is used for a long time due
to changes in the sensor’s flexibility [55]. Furthermore, the use of a glove may be a limitation for ABI
patients while performing ADL. Therefore, the sole use of accelerometers to acquire data on the upper-
limb’s movements, wrist, and fingers would be advantageous.

A previously mentioned study by Adans-Dester et al. assessed ABI patients while performing eight
reach-manipulation functional tasks (Figure 2.6) from the WMFT, in a clinic setting [7]. The approach
consisted not only in deriving clinical scores of quality of movement with FAS but also the severity of
motor impairments, using the upper-limb Fugl-Meyer Assessment (FMA).

The researchers tried different implementations of algorithms to estimate FMA scores. The best
results were obtained when the estimated FAS was used in another module as input to derive the FMA
score (Figure 2.11).

Figure 2.11: Proposed technique to estimate motor impairment (FMA) clinical score. Reproduced from [7].
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The process of data analysis was the same as previously mentioned. Overall, it was possible to
derive estimates of the quality of movement with FAS and impairment scores with FMA using Random
Forest algorithms. Therefore, the proposed novel technique includes FAS score estimates (derived from
the wearable sensor data) as supplementary input to the Random Forest method. The coefficient of
determination for upper-limb score estimates was 0.86 for impairment severity.

2.4 Final Considerations

Overall, the development of ML algorithms depends on what is desirable to estimate. All studies
mentioned used supervised ML techniques because most of these studies have clinical evaluations that
are done while collecting data. Therefore, it is relevant to use supervised algorithms because labels are
useful from the clinician’s point of view. Unsupervised ML techniques are more used when it is desirable
to find structures in unlabeled data.

Usually, the standard kinematic measures that researchers use to analyze participants’ bimanual ob-
ject manipulation tasks and reaching performance are the movement time (i.e., time period from move-
ment onset to movement offset), spectral arc length (i.e., dimensionless measure of the arc length of the
Fourier magnitude spectrum of the velocity signal), peak velocity (i.e., highest point on the resultant
velocity curve), peak acceleration (i.e., highest point on the resulting acceleration curve), mean velocity
(i.e., average of the resultant velocity signal), and mean acceleration (i.e., average of the resulting ac-
celeration signal) [37]. Generally, there is a noted higher correlation with movement time, spectral arc
length, and peak velocity related to the Fugl-Meyer assessment for upper-extremity score [37].

By analyzing different articles, it was possible to enumerate some advantages of the use of ac-
celerometers over classical assessment techniques for ABI rehabilitation management, namely: the non-
invasiveness, flexible application promoting an easy assessment of the paretic upper-limb in the clinic,
and comfort. However, sensor costs and further miniaturization would be necessary to enable a more
unconstrained environment when wearing multiple sensors over hours. Additionally, these instruments
are tools to assess motor function more objectively, having the potential to predict clinical assessments
scores estimation.

To sum up, these active monitoring systems have user requirements such as accuracy, comfort, setting
(home and clinic), scalability, low-cost [5], ease-of-use, and automation improvements. These systems
also encompass wearability factors, such as weight, placement, attachment, material, and sizing (e.g.,
MEMS have facilitated the development of miniaturized accelerometers that are important for finger
movement monitoring.).

Currently, accelerometers have the potential to provide high kinematic accuracy measurements of
ABI patients performing ADL. The ML algorithms can be developed based on the different scales to be
assessed, sensor placements, and other clinical parameters that would be of interest. Thus, these devices
enable a transition from clinician-reported outcomes to sensor-based outcome estimates. Hence, by
tracking motor recovery, it is possible to evaluate the patient’s response to an intervention. Consequently,
allowing clinicians to change the treatment plan that will hopefully lead to maximizing acquired brain
injury patients’ motor gains.
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Materials and Methods

This chapter addresses a detailed description of the materials and methodology followed in this dis-
sertation. Two main subsections are presented:

a) Laboratory Data Collection: Clinical information on the participant’s demographics and in-
clusion criteria as well as the study design are described. Following, experimental procedures
and technical specifications regarding the IMU operation and the motor task performance are ex-
plained. Finally, the clinical scales used to assess the patient’s motor capabilities are enumerated.

b) Machine Learning Algorithm: The specific techniques and models used to analyze and derive
the clinical scores are expressed, ranging from the signal processing techniques to the feature
extraction and selection and, ultimately, the ensembled ML algorithm.

3.1 Laboratory Data Collection

3.1.1 Preliminary Procedures

The experiment was carried out in the Motion Analysis Laboratory (MAL), Department of Physical
Medicine and Rehabilitation of Harvard Medical School at Spaulding Rehabilitation Hospital in Boston.
The study was funded by the National Institutes of Health (NIH) Award #R24HD065688: “Improving
Outcome Measurement for Medical Rehabilitation Clinical Trials” and had a data collection duration
of 25 months. This Dissertation is part of this study, and all the analyses have been accomplished on
previously collected data. The Institutional Review Board (IRB) at Spaulding Rehabilitation Hospital
approved this study. All study participants or their legally authorized delegates were required to sign
an informed consent form, which described the study’s objectives and the associated health risks and
benefits.

3.1.2 Participants

The study was conducted on a heterogeneous sample of thirty-seven ABI individuals with upper-
limb hemiparesis. Of these patients, sixteen were stroke survivors, while twenty-one were traumatic
brain injury survivors. Participants’ characteristics are summarized in Table 3.1.

Subjects were assigned a study number, which was used for documentation and analysis throughout
this dissertation. Due to this study’s nature, tracking changes in the level of motor impairment is key.
Thus, to be eligible for the study, the subjects had to meet the following criteria:
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Table 3.1: Demographic information related to the participants’ (N=37) clinical characteristics.

Clinical Demographics
Number of participants (n) 37
Stroke 16
TBI 21
Age (years) 42.6± 19.0

Gender, n (%)
Male 26 (70.3)
Female 11 (29.7)
Handedness, n (%)
Left 3 (8.1)
Right 34 (91.9)
Affected Side, n (%)
Left 17 (45.9)
Right 20 (54.1)
Chronicity (months) 8.3± 14.9

Inpatient/Outpatient, n (%)
Inpatient 30 (81.1)
Outpatient 7 (18.9)
Days Between Assessments (days) 36.2± 23.6

Total Hours of Therapy (h) 16.0± 9.8

Mini-Mental State Examination (score) 25.5± 5.0

Inclusion criteria

• Sustained a unilateral stroke, both ischaemic and hemorrhagic or a focal traumatic brain injury
(including scalp injury, skull fracture, and surface contusions, generally caused by contact)

• Male and female, age range 18-70 years old

• Must have chosen to participate in a rehabilitation program (inpatient or outpatient) or research
study involving upper extremity therapy lasting at least 6 weeks

• Reached a score of 15-55 (moderate-severe) out of 66 points, evaluated through the Fugl-Meyer
Assessment for Upper Extremity (FMA-UE)

Exclusion criteria

• Participants were assessed on their ability to follow instructions using the Mini-Mental State Ex-
amination (MMSE). Participants were excluded if there were severe cognitive impairment (MMSE
< 10) that could affect the ability to understand instructions for motor tasks and assessment tools.

3.1.3 Study Design

The experimental data collection consisted of two separate laboratory visits, namely, the first visit
being a Baseline assessment and the second, a Post-Treatment assessment. At Baseline, data was ac-
quired before the patient initiated a rehabilitation program; at Post-Treatment, data was recorded at the
end of the rehabilitation program (Figure 3.1). The rehabilitation program consisted of an inpatient or
outpatient upper-extremity motor rehabilitation intervention at Spaulding Rehabilitation Hospital, lasting
at least six weeks.
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Figure 3.1: Study Design Timeline. The laboratory assessment visits included two data recording sessions during the perfor-
mance of ADL tasks: Session 1, Baseline; Session 2, Post-Treatment follow-up. The assessments are highlighted in red in the
timeline. The rehabilitation treatment, either inpatient or outpatient, is stressed in blue in the timeline.

3.1.4 Experimental Procedures

Moving on now to consider experimental procedures, which were repeated during Baseline and Post-
Treatment assessment visits.

Sensor Setup

To enable the assessment of the effects of the upper-limb rehabilitation interventions, subjects were in-
strumented with a total of seven wireless IMUs (Shimmer2r by Shimmer Sensing, Dublin), respectively,
five 3-axis main unit accelerometers (Figure 3.2) and two 2-axis accelerometers.

Figure 3.2: Shimmer2r IMU module.

The specifications of the Shimmer2r sensors are shown in Table 3.2. As was pointed out, the data ac-
quisition was performed using the IMU option of integrated accelerometers, capturing data at a sampling
frequency of 51.2Hz. These sensors are known to be small, compact, ultra-low power, and lightweight
wearable devices that enable the patient’s full mobility during a motor performance, having the advantage
of providing us researchers with highly accurate and reliable raw data with low noise.
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Table 3.2: Specifications employed with the Shimmer2r accelerometers.

Shimmer2r Unit Specifications
Weight 27 g

Dimensions 53mm x 32mm x 19mm

Processing MSP 430 microcontroller (8mHz,16 bit)
Storage Integrated 2GB microSD card slot
Battery 450 rechargeable Li-ion
Integrated Axis Acc Freescale MMA7361
Acc Range ±1.5g

Sampling frequency 51.2Hz

The accelerometers were positioned in the upper-limbs as depicted in Figure 3.3, respectively the 3-
axis accelerometers were placed on the chest (sternum height), upper-arms (mid-biceps, frontal), wrists
(above radius and cubitus styloid, dorsal), and the 2-axis accelerometers were set on the index and thumb
fingers (dorsal part of the distal phalange) of the affected, hemiparetic, side. The two additional sensors
on the fingers of the hemiparetic side of the patient aim to track patient motor-specific patterns, primarily
in fine specialized motor control performance of tasks.

Figure 3.3: Shimmer2r IMU modules connected to the Shimmer baseboard and placed on the affected and contralateral side
of the patient. The reference Shimmer2r coordinate system is as follows: X-axis, vertically up in the sagittal plane; Y-axis,
leftward in the coronal plane; Z-axis, pointing outward on the horizontal plane. The yellow-colored arrows on the patient’s
affected side mean that an axis inversion algorithm was developed in order to match the axis orientation of the contralateral
side. Zoomed are the 2-axis accelerometers connected to the main wrist unit of the patient’s affected hemiparetic side.
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Motor Tasks Performance (ADL)

After the sensor setup was complete, participants were guided to perform a series of eight standard-
ized tasks specifically chosen to reproduce motor patterns of activities of daily living. Eight of the 15
tasks of the WMFT were selected and adapted, as previous studies indicated that similar subsets could
enable researchers to accurately estimate the total FAS score [53].

The tasks include bimanual or unimanual manipulation of objects or both and fine or gross motor
control or both. Figure 3.4 depicts the eight tasks; participants were video recorded while performing
different repetitions of each task, and a capacitive sensor was used to mark the beginning and end of each
task repetition.

Figure 3.4: Activities of Daily Living tasks performance in the MAL laboratory setting. The eight tasks are enumerated and
exemplified by a deidentified subject. The number of trials repeated per task is described. The IMU sensors were placed on the
upper-limb using a self-adherent wrap.
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Clinical Assessments

A study therapist or a clinician conducted clinical tests to assess the functionality of the upper ex-
tremity before and after the rehabilitation intervention program. The clinical evaluations included:

• Fugl-Meyer Assessment for Upper Extremity: providing a measure (a score from 0 to 66) of upper
extremity motor impairment, including coordination and speed, assessed per subject at Baseline
and Post-Treatment.

• Functional Ability Scale: measuring the quality of the movement (a score from 0 to 5), assessed
per trial of the task being performed at Baseline and Post-Treatment.

3.2 Machine Learning Algorithm

The ML algorithm’s development had the ultimate goal of deriving FAS (see Appendix B) and FMA
(see Appendix C) clinical scores from data obtained in the clinical assessments. The workflow of the
summarized steps followed in the ML algorithm to estimate the FAS and FMA are depicted in Figure
3.5. The routines to develop the algorithm were implemented using MATLAB R2021a software (The
Mathworks Inc., Natick, MA, USA) [56].

A detailed explanation concerning the steps involved in the algorithm is described in the following
subsections. I will start by explaining the pre-processing methods, followed by the feature extraction,
feature selection, and the model used to train the features, validate the model and estimate the FAS and
FMA. Note that it was taken into account the patient’s motor ability knowledge learned from the FAS
estimation model and used the FAS model as further input to derive the severity of motor impairments
with FMA.

Figure 3.5: Workflow of the ML pipeline followed to estimate the clinical scores, FAS and FMA. Gray arrows indicate the
model inputs, and blue arrows the outputs. Single task FAS predictions provided by the first model were used as additional
features input of the second model in order to estimate the FMA.
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3.2.1 Signal Pre-Processing

The available data was the raw output of the Shimmer2r. In this subsection, each axis (i.e., unit
channel) signal was individually pre-processed with different methodologies to improve the signal quality
and model performance of further stages (Figure 3.6).

Figure 3.6: Pre-Processing Pipeline.

Data Cleaning

The first step of the data pre-processing was to identify the relevant Shimmer2r axis. The data for the
hemiparetic wrist unit index and thumb sensors were acquired for 5 extra channels in total. Therefore, a
method was employed to identify the 4 channels of the index and thumb accelerometers. To this effect,
the correlations between the axis of the affected-side main wrist unit, consisting of a 3-axis from the
wrist and a 5-axis (i.e., five extra channels) from the fingers sensors, were computed.

The final step of the data cleaning was to fill in missing values and correct inconsistencies in the data.
Such as invalid scores and missing data, including: missing raw data of sensor’s .csv files; trials that had
the wrong structures due to invalid markers (start/stop time to trim the trials); trials with an invalid FAS
score; trials with invalid channels data.

Data Calibration

As mentioned, the Shimmer2r units provide raw data as output, in this case uncalibrated. Hence, as
the next step, an algorithm was developed to calibrate the raw data to the SI units of acceleration. Since
there was missing information regarding the IDs and data acquisition calibration matrices of the sensors,
a specific method to calibrate the data had to be developed. Calibration is relevant since, during the data
collection, the sensor’s position changed across subject assessments. Hence, the calibration removes a
confounding factor, being desirable to compensate for the offset.

The algorithm was developed to primarily detect a resting period in the full task time series; our
hypothesis is that by identifying this window of interest, will be possible to derive the missing offset
vector for a specific task needed to calibrate the data.

The calibration of the tri-axial inertial sensor signal to SI gravity units is achieved through the imple-
mentation of the formula:

c = R−1K−1(u− b) (3.1)

where c = 3x1 calibrated signal vector; R = 3x3 alignment matrix; K = 3x3 sensitivity matrix; u = 3x1
uncalibrated signal vector; b = 3x1 offset vector.

The methodology to find b, the offset vector, is described next.
The sensor’s signal for a given task was segmented into small windows of 1 second. Then, the

individual windows are compared, where specific criteria were defined to select the more stable (i.e.,
resting) window. In this case, the criteria that met our requirements was to find the window with the
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lowest root-mean-square (RMS) value of the magnitude of the signal (magnitude time-series defined as
the square root of the components’ squares for each data sample).

Once the window of interest (flattest magnitude signal) is found, the algorithm to search for the
best-offset vector in the window of interest is applied. A search method was used for this purpose.

The default offset vector, b original, for the sensor is known and provided by the manufacturer
specifications; regardless, this vector doesn’t correspond to the actual offset of the sensor at data acqui-
sition. Still, this vector is used as a framework to search for the optimal solution. A temporary offset
vector, b temp, is iteratively computed by the sum of the b original to the search range. Thus, within
the window of interest of the uncalibrated acceleration, it was computed the new temporary calibrated
vectors, c temp, given by (Equation 3.1), then with c temp the temporary magnitude, mag temp, was
calculated.

The expected magnitude acceleration, mag rest at rest is 9.81 m/s2. Accordingly, a cost-driven loop
iterates the search range until the offset matrix, b temp, that minimizes the cost is found. The cost was
defined as the absolute difference between mag rest and mag temp.

Finally, after discovering five optimal offset vectors for each of the main unit sensors, Equation 3.1 is
applied to all data across tasks in those sensor positions. An assumption is made that the sensor positions
were unchanged during the performance of the different tasks.

Filtering

The calibrated time series for each axis of the accelerometer units, sampled at 51.2 Hz, have been
filtered with a Butterworth passband filter with the following specifics: a filter order set to 6 for compu-
tation cost reduction purposes and a frequency passband between 0.5 and 10 Hz.

Figure 3.7 represents the Bode diagram which describes the frequency response of the linear time-
invariant system. The filter has the advantages of presenting a linear phase response in the passband and
a flat band response (i.e., less ripple); nevertheless, it encompasses a slow cutoff.

Figure 3.7: Bode diagram of the 6th order Butterworth filter with a passband of [0.5-10] Hz. Semi-log superior plot represents
the gain (magnitude) in dB and the inferior plot shows the phase in degrees.
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These criteria were specified since upper-limb movements are highly variable and specific to each
patient. Notably, the literature indicates that the motion frequency of the upper-limbs of humans is
usually lower than 10 Hz [57], [58], [59]. Likewise, a 0.5 Hz cutoff is usually relevant to minimize the
impact of the orientation of the sensors that may differ among the subjects, limit the impact of postural
adjustments, and attenuate the low-frequency integration drift characteristic of inertial systems that can
encompass acceleration measurement errors which when integrated will conduct to progressively more
significant errors [59], [60].

Segmentation and Integration

The last step in the pre-processing was to segment the task data into trials and integrate the data
where each task trial is stored individually, considering the affected and contralateral sides sensors.

Using the time-stamp information provided by a long press of the capacitive sensor during the record-
ings, the beginning and end markers of the trials have been tracked. Thus, it was possible to automatically
segment the accelerometer signals into the desirable trials.

Additionally, as depicted previously, in Figure 3.3, at this stage of the pre-processing, it was neces-
sary to invert the X-axis signal of the affected side upper-arm and wrist sensor units in order to match
the axis orientation of the contralateral side. Furthermore, in unimanual tasks 2, 5, 7, and 8, it was only
considered the data from the trials performed with the affected side, which provide the motor patterns
that are of interest for capturing in the clinical scores.

The integration of the data is essential to further analysis. Therefore, the organization was conducted
in terms of task trials. Each trial data is stored separately from the others with the respective FAS score,
grouping all the patients but maintaining the stroke or TBI difference. In the following subsection, each
trial was analyzed to extract features.

3.2.2 Feature Extraction

The primary goal was to compute features that could recognize the leading characteristics of patient-
specific upper-limb gestures, which are challenging to identify in general, particularly in atypical popu-
lations such as stroke and TBI.

As it is known, many of these tasks don’t have a unique standard way to be performed and accom-
plished, and this should be something that is possible to capture with standard features of acceleration
like speed, smoothness, and coordination.

There have been several studies that showed the relevance of certain features to identifying functional
capability of patients [53], [7], [61], [62]. As a result, and after analyzing our patients’ video recordings,
it was possible to further engineer new feature categories directly associated with the movement of the
patients, as presented in Table 3.3. For instance, it was noticed that patients with lower scores who tend to
have lower performance had a pattern of a jerky movement, and so this is just something that was checked
and considered. For patients with higher scores, it was remarked that, for example, the movement was
smoother, and so there were fewer peaks in the signal. On the other side, features concerning sensor
correlation are important, especially in tasks involving bilateral contributions for both arms, where it is
desirable to check if the time series readings exhibit similarity [63].
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Table 3.3: Engineered data feature macrogroup and descriptions. The features were extracted from the wearable sensors units
calibrated and filtered time series data.

Data Feature Macrogroup Description
Mean Arithmetic; Harmonic; Interquartile
Spread RMS; Interquartile range; Absolute deviation
Smoothness Distance to filtered signal
Jerk Normalized by velocity; RMS; Maximum frequency

magnitude
Power Spectrum Dominant frequency; Ratio between total energy and en-

ergy in secondary peaks; Energy of secondary peak; En-
ergy in dominant frequency; Energy around dominant
frequency

Entropy Signal entropy
Speed Maximum; RMS; Mean
Autocovariance Range of autocovariance
Skewness Signal skewness
Kurtosis Signal kurtosis
Magnitude Magnitude per sensor; Range magnitude acceleration;

Range magnitude speed; Range magnitude displacement;
Maximum; RMS mean and standard deviation; Entropy
of acceleration; Maximum frequency of magnitude

Correlations Between pairs of sensors time series; Between pairs of
sensors magnitude

3.2.3 Feature Selection

After extracting the features, the next step was to perform feature selection, which is crucial to iden-
tify the optimal subset of engineered features that better capture the upper-limb movement characteristics
observed. However, the dataset is imbalanced, meaning that the clinical scores are unevenly distributed
and highly dependable on the task being performed; thus, for some clinical scores ranges, there are few
data points.

Dataset Rebalancing

Accordingly, after analyzing the robust methods available to rebalance the dataset, and due to the
success of recent synthetic methods, such as SMOTE, it was opted to use a synthetic point generation
method that resampled the data to balance it and is known to reduce the bias and use adaptively learning.
The technique is ADASYN, an Adaptive Synthetic sampling approach [64] and can be briefly described
as follows:

The input is the training dataset Dtr with m samples xi, yi, i = 1, ..., m where xi is an instance in
n dimensional feature space X and ys ∈ Y = {1, 2, 3, 4, 5} is the class label with the largest number
of points. Define ms and ml as respectively, the number of minority and majority class examples.
Therefore, ms ≤ ml and ms +ml = m. Then, the procedure is:

(1) Compute the degree of class imbalance with:

dc = ms/ml where d ∈ [0, 1] (3.2)

(2) If dc < dth then (dth is a preset threshold for the maximum tolerated degree of class imbalance
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ratio):
(2.1) Then, the next step would be to calculate the number of synthetic data points that need to be

generated for the minority class c:
Gc = (ml −ms)× β (3.3)

Where β ∈ [0, 1] is a parameter used to specify the desired balance level after the generation of the
synthetic data. β = 1 means a fully balanced dataset is created after the generalization process.

(2.2) Following, per each example xi ∈ c, find K nearest neighbors based on the Euclidean distance
in n dimensional space, and calculate the ratio ri defined as:

ri = ∆i/K, i = 1, ...,ms (3.4)

where ∆i is the number of examples in the K nearest neighbors of xi that belong to the majority class,
therefore ri ∈ [0, 1].

(2.3) The next step would be to normalize ri according to r̂i = ri/
∑ms

i=1 ri, so that r̂i is a density
distribution (

∑
i r̂i = 1)

(2.4) Calculate the number of synthetic data points that need to be generated for each minority ex-
ample xi:

gi = r̂i ×Gc (3.5)

where Gc is the total number of synthetic data examples that need to be generated for the minority class
c as defined in Equation (3.2).

(2.5) For each minority class data point xi, generate gi synthetic data examples.

This method was applied at two points: first, before carrying out the feature selection procedure, and
then, for training, where a Leave-One-Subject-Out cross-validation (LOSOCV) approach was used to
validate each model’s performance. The LOSOCV works by iteratively leaving out one subject’s data as
the validation dataset and using the remaining subjects as training data for our model.

The characteristics of the ADASYN model that were found advantageous are the fact that it provides
a good generalization, and at each LOSOCV iteration, data is synthesized without information about the
patient the prediction is completed on, thus avoiding overfitting.

After rebalancing the dataset, all features have been normalized to have zero mean and unity variance.
For this purpose, the function zscore [65] was employed to normalize the dataset. Afterward, the data
cloud point distribution of synthetic and real points was observed; here, the goal was to check if the
synthesized points represented a good generalization of the real data points.

Feature Selection Methods

Feature selection is essential to improve the training performance by excluding those features that
are not suitable for the prediction. This is especially relevant for relatively small datasets where the
algorithm does not have a lot of observation points to detect exactly the boundaries of the data clusters.
Thus, this technique dimensionality reduces the number of features to the ones which provide the best
predictive power to model a set of data.

The basic framework for implementing feature selection is composed of two families: the wrappers
and the filters. Usually, filters have the advantage of their simplicity and their ability to be implemented
without requiring a lot of computational resources. On the other hand, a wrapper method uses a learning
algorithm to improve its performance and takes into account the accuracy of a candidate feature subset.
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For the scope of our analysis, four different supervised methods were selected, which use different
metrics to compute the relevance of the features.

Filter Type:

• Minimum Redundancy Maximum Relevance (MRMR)

• ReliefF

• Neighborhood Component Analysis (NCA)

Wrapper Type:

• Random Forest built-in feature importance

This choice was based on the need for feature selection methods that were computationally efficient
yet sensitive to complex association patterns, e.g., feature interactions.

The entire balanced, normalized dataset was used as input for feature selection. Following, the
performance of the different methods was compared. The Random Forest [66] built-in feature importance
was preferred in this dissertation, as will be explained further in the results section. Specific details on
how Random Forest built-in feature importance operates will be completed in the subsequent methods
subsection due to first being crucial to comprehending how the RF ensemble algorithm works.

3.2.4 Random Forest Ensemble Algorithm

To estimate the FAS and FMA clinical scores were utilized a Classification and Regression Tree-
bagger, a flexible tool based on the Random Forest (RF) technique [66]. Our initial choice was based
on two primary reasons. First, bagging has been shown to enhance the accuracy of random features by
combining decisions from multiple decision trees. Secondly, it can provide ongoing estimates of the
generalization error of the combined ensemble of trees. Furthermore, presented below are the main RF
techniques advantages that meet our cohort and analysis requirements [67],[66],[68]:

1. Handles small datasets

2. Suitable for both Regression and Classification problems

3. Doesn’t require a statistical distribution of the data

4. Accounts for interactions and nonlinearities between variables

5. Prediction with OOB data avoids overfitting

6. Allows for exploring a considerable number of distinct explanatory variables and only emphasizes
those of high explanatory power at each node split

In MATLAB [56], the mentioned algorithm is executed by command TreeBagger [69]. For this
implementation, was analyzed the model performance with different hyperparameters. The final setup
consisted of: a number of 100 trees, mtrees, grown on the most important features, nf eats, given by
the feature selection; the minimum number of observations per tree leaf used was the default (1 for
classification and 5 for regression). The inputs are the predictor variables (nf eats) and the class labels
(FAS or FMA scores).
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The basics of the process performed in the Bagging training RF algorithm are depicted in Figure 3.8
and can be described as follows [70], [71]:

(1) From the original training set, mtrees bootstrap (i.e, dataset sub-sampling) samples were taken.
(2) Each bootstrap sample will then grow an unpruned tree for regression or classification, using a

random sample of the feature predictors nf eats.
(3) Then, a greedy algorithm is used to find the best-split points among the sampled nf eats, which

can represent similarity in trees structure and high correlation in their results.
(4) Based on the ensemble of bagged decision trees, the mtrees predictions were aggregated (by

majority votes for classification, and, average for regression problems) by using the function predict

[72]. The predictions are done on the validation data using the above-mentioned LOSOCV approach.

Figure 3.8: Schema of the Random Forest Emsemble algorithm.

Details on the Random Forest built-in feature importance

Understanding the methodology of a Random Forest Ensemble Algorithm was crucial to now de-
scribing and comprehending the details concerning the RF built-in feature importance method.

As the name indicates, this is a built-in method of feature importance selection of the RF. To check
the optimal feature number, a RF algorithm is pre-trained on all features with Treebagger [69].

The final optimal feature importance number is selected with the Out-of-bag (OOB) error. For each
bagged tree, some instances may be sampled multiple times for any given predictor, while others may not
be sampled at all (i.e., OOB instances, validation points) and are not seen by the predictor over training.
Consequently, the evaluation of the ensemble is made on those instances by averaging (for regression) or
considering the majority vote (for classification) of each predictor.

In the Treebagger this error is given by the OOBPermutedPredictorDeltaError parameter.
Thus, the total errors of all the configurations are compared, and the configuration with the lowest
OOBPermutedPredictorDeltaError is selected. Accordingly, solely the most predictive features
were used in our models as further inputs.
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3.2.5 FAS and FMA Estimation

The algorithms developed to estimate the FAS and FMA can be broken down into two main points.

a) Model to Predict Single Tasks Scores: firstly, the goal was to estimate FAS and FMA clinical
scores for the individual ADL tasks.

b) Model to Predict the Final Estimate of the Total Clinical scores: secondly, an aggregation of the
FAS and FMA predictions was performed to derive the final estimate of the total clinical scores.

An overview of the algorithm developed for the FAS and FMA clinical scores is shown in Figure
3.9. For the task-specific RF models (100 trees), the inputs constitute the labels of the assessed clinical
scores and the respective features concerning the wearable sensors data. The model outputs several single
clinical scores predictions provided by tasks.

Figure 3.9: Algorithm overview for deriving the FAS and FMA. Gray arrows indicate the model inputs, and blue arrows the
outputs. On the left, the algorithm to derive the FAS is shown. For this panel, the inputs are the FAS scores assessed per subject
at the Baseline and Post-Treatment time points for each task trial with k ∈ [1, 8]. The features include wearable accelerometer
data and are also given as input for the task-specific RF model. Ultimately, per subject and time point, a single FAS score
prediction is the model’s output. A model was used to combine the FAS predictions. On the right, is presented the algorithm
to estimate the FMA with inputs the labels are the FMA scores assessed per subject at the Baseline and Post-Treatment time
points. The features include the single tasks FAS predictions with k ∈ [1, 8], and the wearable accelerometer data and are also
given as input for the task-specific RF model. Ultimately, per subject and time point, a single FMA score prediction is the
model’s output. Another RF model was used to combine the single FMA predictions.
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A total of four models were developed to predict the single FAS tasks trials scores:

a.1) FAS Model 1: The FAS scores from 1 to 5 were used as labels in a RF algorithm.

a.2) FAS Model 2: The FAS scores 1 and 2 were merged into one score, leading to labels ranging
from 2 to 5, which were into a RF algorithm.

a.3) FAS Model 3: A hierarchical model consisting of two independent algorithms was developed.
A first RF binary classifier to distinguish between lower (scores 1-2) and higher (scores 3-5) FAS
scores, followed by a RF regression module to estimate a continuous value for the FAS scores
between 3 and 5. Finally, the two hierarchical model parts were merged to assess the performance.

b.1) FAS Final Model: The individual task predictions of the best-performing model were aggre-
gated using a linear model to obtain a total score as a percentage of the maximum achievable score
across all tasks.

For the FAS Final Model, it was necessary to compute the maximum achievable scores for the Clin-
ician True and Predicted Model 3 scores per task with Equation 3.6. The calculation takes into consid-
eration that the maximum score that can be assessed per task trial is 5. Consequently, it was possible to
compute the percentage of maximum achievable score for a patient at Baseline and Post-Treatment.

%FASmaxachievable score Task k =

∑n
i=1 FASi

5n
∗ 100 (3.6)

where k is the Task, k ∈ [0, 8]; n is the total number of trials of the Baseline or Post-Treatment for a
Subject in Task k; FASi is the i-th trial FAS score of the Baseline or Post-Treatment of Task k.

Afterward, all maximum achievable scores (in percentage) were aggregated considering the different
tasks combinations as will be described in Table 4.10.

Regarding the FMA models, two models were evaluated to predict the single tasks trials scores.
Furthermore, one model was employed to determine the final clinical scores prediction:

a.1) FMA Model 1: The FMA scores were grouped into classes for distance-based resampling
purposes. The extracted features were utilized as inputs into a RF algorithm.

a.2) FMA Model 2: The FMA scores were grouped into classes for distance-based resampling
purposes. The extracted features and the FAS predictions of the best-performing model were used
as inputs into a RF algorithm.

b.1) FMA Final Model: The predicted FMA scores of the best-performing model were employed
in a RF Regression algorithm which features inputs consisting of the eight tasks scores per subject
Baseline and Post-Treatment assessments. The feature importance performed with the eight tasks
enables the interpretation of the tasks combination that is clinically more suitable to estimate the
FMA scores. Finally, a regression fit model was explored with the results from the previously
mentioned algorithm.

For the FMA Final Model, since a subset of tasks translated to be more clinically suitable to estimate
the Final FMA scores, that subset was used in the regression model fit. In the aforementioned, since there
was solely one Clinician’s True FMA score per patient Baseline and Post-Treatment visits, the patient
trials average estimates for the Baseline and Post-Treatment visits were taken as input for the fit.
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Results

The following chapter presents the results accomplished in the analysis of an ABI dataset consisting
of a total of thirty-seven patients (sixteen strokes and twenty-one traumatic brain injuries). The study
investigated the two time points, Baseline, and Post-Treatment data assessments. The main findings
regarding the participant’s clinical data are described in Section 4.1. Furthermore, Section 4.2 stresses
the pre-processing methodology outcomes. Finally, the FAS and FMA analysis of the estimated clinical
scores focused on the upper-limb assessment are presented in respectively Sections 4.3 and 4.4. Notably,
the models evaluated to predict the single and final clinical scores are examined.

4.1 ABI Participant’s Clinical Data

The study encompasses a thirty-seven heterogeneous ABI participant’s clinical dataset. Previously,
were presented the clinical demographics of the sample (Table 3.1). Overall, the stroke and TBI group
populations have the main difference in the age distribution. Figure 4.1 shows that TBI has a generally
higher incidence in younger patients when compared to the stroke group, which frequently occurs in
quinquagenarian to elderly patients.

Figure 4.1: Stroke and TBI participant’s age groups distribution profiles.
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The mean FAS and FMA scores of the two ABI group populations are shown in Figure 4.2. What
is interesting to note is that, for both clinical scores, on average, the Post-Treatment has higher scores.
Namely, for the FAS scores, the stroke and TBI group at Post-Treatment revealed an increase of respec-
tively 15% and 21% when compared to the Baseline, whereas for the FMA, the scores rose to 26% and
39%.

Figure 4.2: Mean (SD) clinical scores; on the left depicted the Baseline, and on the right, the Post-Treatment scores for both
stroke lesion (SL) and traumatic brain lesion (TBL). The mean scores are presented in the bartop. (a) Mean FAS scores of the
overall patient’s task trials. (b) Mean FMA scores of the patients.

Consequently, when scrutinizing how the patients are recovering, there is not a noticeable difference
between the stroke and TBI groups. The only contrast noted was the statistically significant age (i.e.,
the null hypothesis that the two groups are from populations with equal means is rejected) with a p-
value<0.001 for a significance level of 0.05 in the statistical t-test.

Accordingly, for the purposes of analyzing this dataset, it was considered a patient-based analysis
grouping stroke and TBI patients.

4.2 Signal Pre-Processing

To identify the axis of interest regarding the main wrist unit sensor located at the hemiparetic side
and to whose index and thumb channels were connected, the channels’ coefficients of correlation were
computed. By analyzing data from different subjects and correlating the main wrist unit channels -
Figure 4.3 illustrates this point clearly - it was possible to highlight that, generally, channel 6 was highly
correlated to the wrist unit Z-axis. Accordingly, it was opted to consider only channels 7, 8, 9, and 10 as
the fingers sensors’ 4-axis containing the movements of interest.

Considering the calibration process, Figure 4.4 depicts the identification of the resting period win-
dow, given by the criteria mentioned in the methodology; in this case, the minimum RMS of the magni-
tude. Overall, this parameter enables detecting the window with the lowest signal variability, allowing
the definition of the axis offsets in that window of interest.
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Figure 4.3: Matrix of correlation coefficients of the main wrist unit channels, including the finger’s channels. The color scale
represented on the left includes a soft fade from blue to yellow; where warm colors indicate higher correlation indices. The
example depicted corresponds to Stroke patient 10, hemiparetic side wrist unit, in the Post-Treatment assessment at Task 1.

Figure 4.4: Minimum RMS window definition based on signal segmentation in windows. The example illustrated corresponds
to Stroke patient 4, hemiparetic side upper-arm unit, in the Post-Treatment assessment at Task 1. The uncalibrated acceleration
3-axis is represented individually. The * corresponds to the windows (RMS of the magnitude). The red circle around window
18 indicates the minimum RMS window.

The calibrated data plots are represented in Figure 4.5, where it is clear that the magnitude of the
acceleration is comparable to the expected magnitude acceleration at rest. The analysis was performed
for all subjects where the mean value for each sensor resulted in (9.81 ± 0.11) m/s2 in the rest window.
Altogether, this method can be considered a good calibration approximation.
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Figure 4.5: Calibrated acceleration data. The example illustrated corresponds to Stroke patient 4, upper-arm and wrist units,
in the Post-Treatment assessment at Task 1. The calibrated acceleration 3-axis is represented individually. The purple line
indicates the magnitude of the acceleration.

After calibration, a 6th-order Butterworth passband filter with 0.5 and 10 Hz cutoffs was applied to
the dataset. These filtering applications aimed to narrow the frequencies of the signal to the ones that are
clinically relevant while reducing the noise, distortion, and complexity of the signals, as can be clearly
seen by Figure 4.6.

Figure 4.6: Filtered acceleration data with a 6th order Butterworth filter with passband between 0.5 and 10 Hz. The example
illustrated corresponds to Stroke patient 4, hemiparetic wrist unit, in the Post-Treatment assessment at Task 1. The acceleration
3-axis is represented individually.

Moreover, by analyzing Figure 4.6, it is possible to identify the tree trials contained in each axis of
the wrist sensor at Task 1. The full task time series went through trial segmentation using the markers.
Accordingly, further analysis will be performed on a trial-by-trial basis.
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4.3 FAS Estimation

The fundamental goal of this section is to present the results on estimating the FAS clinical scale aim-
ing to assess the quality of movement more objectively using sensor technology. The clinician evaluated
the FAS with six scores (0 to 5 points) per each trial of the task performance by the ABI patient.

4.3.1 Single Tasks Scores Prediction

The clinical distribution of the scores is imbalanced, as observed in Figure 4.7. The number of trials
per task falls more around the higher scores, meaning that overall, patients are characterized by a higher
motor functioning level. This result is in accordance with the previous results shown in Figure 4.2 where
mean values for the FAS at the Baseline were observed at approximately 3 points and around 4 points for
the Post-Treatment assessment. This aspect is crucial to understand; in general, it is clinically relevant
to care for this type of motor evaluation in individuals who are relatively on the high motor function
level; these individuals have the capability of generating good physiological patterns of motion and can
broadly benefit more from the rehabilitation treatment.

Figure 4.7: Clinician labeled FAS scores distribution per Task. The dataset includes the Baseline and Post-Treatment assessment
of the individual trials. Note that each task comprised a different number of repetitions (see Figure 3.4).

Furthermore, in Figure 4.7, it is possible to note that across all tasks, no trials were assessed with
0 scores. Therefore, the analysis is reduced to a 5-point score problem. Likewise, the Figure reveals
that some scores have few trials, particularly those labeled as 1 point have few occurrences for all tasks,
excluding Task 7, where there was solely one repetition per subject assessment.

Accordingly, this imbalanced problem was faced using the ADASYN method; this method prevents
the model from having a poor generalization and overfitting, which would be focused on the scores that
have more observations.

Figure 4.8 exhibits the resampling results after ADASYN for Task 1, which are observed in the dis-
tribution of the various FAS clinical scores. This task represents an imbalanced dataset (see the superior
panel of Figure 4.8); the mean distribution of observations for the real data is 42 (± 15) occurrences.
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In this case, scores 1, 3, and 5 represent the minority class examples. Consequently, for these classes,
synthetic data points were generated. The resultant dataset is rebalanced (see the inferior panel of Figure
4.8); the observations distribution of each class is marked around an average of 57 (± 2) observations.
The consequential rebalanced dataset reduced the standard deviation by 13 points. Moreover, additional
statistical analysis results indicate that for all features, the new dataset with resampled points samples
population mean distribution is not statistically different from the original dataset samples population.

Figure 4.8: ADASYN synthetic point generation method applied for FAS rebalancing. The depicted example pertains to Task
1. The superior plot represents the imbalanced dataset consisting of the true clinician trial observations assessment of the FAS
class. The inferior panel shows the rebalanced dataset with the ADASYN additionally synthesized points for classes 1, 3, and
5.

In order to understand how the newly resampled features are distributed in the dataset, it is helpful
to visualize the feature maps using multidimensional data representations. The t-SNE method [73] was
applied to the extracted features (≈ 600), allowing the expression of this high-dimensional dataset, in
this case, on a three-dimensional cloud (Figure 4.9).

Figure 4.9: Data cloud representation using a t-Distributed Stochastic Neighbor Embedding, after ADASYN rebalancing. Real
and synthesized data points are represented in a three-dimensional space and colored by the FAS score. The example pertains
to Task 1.
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As far as the data cloud is concerned, on the X axis, it is possible to observe that the points flow from
lower scores to higher scores, trending from left to right. This is a fair indication that the features provide
a hierarchical clustering of the FAS scores.

Figure 4.10 portrays a particular representation of the resampled points pertaining to the newly ex-
tracted features shown in Figure 4.9. What stands out is that the individual data clouds per class with the
real and synthesized points represent a suitable generalization of the real data points cluster, in the sense
that for all classes, the synthesized points blend agreeably with the real points distribution.

Figure 4.10: Individual FAS scores data clouds representation using a t-Distributed Stochastic Neighbor Embedding, after
ADASYN rebalancing. Each cloud is colored by the FAS score and presents the real and synthesized points. The example
pertains to Task 1.
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What follows are the results of the analyses performed on the filter type and wrapper type supervised
feature selection methods. The summary of the main findings is described in Table 4.1. To compare the
models, the optimal number of training features, RMSE, accuracy, and F1 score metrics were calculated.

Broadly, for all motor Tasks, the wrapper type RF built-in feature importance method achieves more
suitable performance with lower RMSE, higher accuracy, and F1 scores in comparison to the MRMR
ReliefF and NCA filter type methods. Furthermore, the number of training features across tasks emerged
to reduce the feature dimensionality and decrease computation time.

Table 4.1: Comparison of the various Feature Selection methods per Task on model performance. The model used a Regression
approach to train the extracted features on FAS scores. The highlighted values represent the best model performance for each
task.

Task #
Feature

Selection
Method

# of Training
Features

RMSE Accuracy F1 Score

MRMR 66 0.76 0.51 0.46
ReliefF 84 0.86 0.49 0.44
NCA 93 0.89 0.46 0.41

1

RF 54 0.72 0.58 0.57
MRMR 80 0.79 0.54 0.53
ReliefF 69 0.85 0.53 0.46
NCA 38 0.83 0.55 0.45

2

RF 66 0.77 0.60 0.55
MRMR 77 0.92 0.55 0.42
ReliefF 70 1.09 0.52 0.40
NCA 66 0.91 0.46 0.36

3

RF 60 0.68 0.60 0.49
MRMR 83 1.13 0.40 0.27
ReliefF 78 1.17 0.41 0.31
NCA 88 0.93 0.48 0.36

4

RF 82 0.88 0.51 0.42
MRMR 83 0.64 0.59 0.40
ReliefF 95 0.71 0.57 0.40
NCA 79 0.68 0.61 0.44

5

RF 81 0.54 0.69 0.58
MRMR 90 0.88 0.48 0.36
ReliefF 84 0.85 0.51 0.37
NCA 90 0.81 0.51 0.37

6

RF 88 0.66 0.57 0.42
MRMR 37 1.03 0.32 0.26
ReliefF 86 0.93 0.40 0.30
NCA 67 0.96 0.38 0.28

7

RF 67 0.89 0.41 0.32
MRMR 91 0.79 0.58 0.46
ReliefF 74 0.92 0.51 0.40
NCA 63 0.75 0.59 0.43

8

RF 90 0.70 0.64 0.49
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The feature selection performance for Model 3 step 2, focusing on higher-level patient scores esti-
mates, is highlighted in Figure 4.11 denoting the Task 1 feature importance estimates. The RF built-in
feature importance method was used to derive the results. It is interesting to note that typically, the top
features for all tasks were most importantly related to the signal peaks number, energy around the domi-
nant frequency, the correlations between the chest and the wrist sensors, smoothness, and the magnitude
of the sensors. Regardless, wrist unit and upper-arm unit measures related appear to show the greatest
predictive pertinence for single task predictions.

Figure 4.11: Feature importance for the top ten features for FAS Model 3 step 2 to predict FAS Task 1 Scores. The RF built-in
feature importance and ADASYN rebalancing methods were employed to derive the resultant dataset.

The following represents the results for the single Tasks clinical scores estimates regarding the three
models described in Subsection 3.2.5. The summary of the main findings regarding the models com-
parison can be analyzed and is highlighted in Tables 4.2 to 4.9. Whereas the particular case for the RF
Regression and Classification pertaining to Model 1 is depicted in Figures 4.12, 4.14, 4.16, 4.18, 4.20,
4.22, 4.24, and 4.26.

Moreover, Model 3 emerged as optimal as a consequence of the metrics comparison with Model
1 and Model 2. The particular results for the Hierarchical model consisting of a primary RF Binary
Classification followed by a RF Regression, are depicted in Figures 4.13, 4.15, 4.17, 4.19, 4.21, 4.23,
4.25, 4.27. Complementary results are presented in Appendix D.
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Table 4.2: Task 1 Models 1-3 to predict FAS Single Tasks Scores. Model performance is compared using a RF approach with
RF built-in feature importance and ADASYN rebalancing. The highlighted values represent the optimal performance model’s
parameters.

Model FAS Classes Approach RMSE Accuracy F1 Score

1 1,2,3,4,5
Regression 0.72 0.58 0.57

Classification 0.63 0.56 0.55

2 2,3,4,5
(merged 1 and 2)

Regression 0.61 0.63 0.63
Classification 0.65 0.63 0.61

3

Hierarchical, Step 1
1,2: labeled 0

3,4,5: labeled 1

Binary
Classification 0.39 0.86 0.85

Hierarchical, Step 2
3,4,5

Regression 0.39 0.86 0.85
Classification 0.53 0.70 0.67

Merged
Hierarchical

Step 2
0.31 0.68 0.64

3

Regression

Figure 4.12: Model 1 to predict Task 1 Single Task Scores concerning FAS classes 1 to 5. (a) RF Regression approach
boxplots. Each Clinician True FAS class contains jitter points depicting the class trials. (b) Confusion Matrix concerning the
RF Classification approach of the Clinician and Predicted FAS classes.

Figure 4.13: Model 3 to predict Task 1 Single Task Scores concerning a Hierarchical group of FAS classes 1 to 5. (a) Step 1,
Confusion Matrix concerning the RF Binary Classification approach of the Clinician and Predicted FAS classes (scores 1 and
2: labeled 0; scores 3 to 5: labeled 1). (b) Step 2, RF Regression approach boxplots. Each Clinician True FAS class contains
jitter points depicting the trials of higher classes.
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Table 4.3: Task 2 Models 1-3 to predict FAS Single Tasks Scores. Model performance is compared using a RF approach with
RF built-in feature importance and ADASYN rebalancing. The highlighted values represent the optimal performance model’s
parameters.

Model FAS Classes Approach RMSE Accuracy F1 Score

1 1,2,3,4,5
Regression 0.63 0.61 0.59

Classification 0.51 0.60 0.60

2 2,3,4,5
(merged 1 and 2)

Regression 0.76 0.62 0.62
Classification 0.74 0.67 0.64

3

Hierarchical, Step 1
1,2: labeled 0

3,4,5: labeled 1

Binary
Classification 0.21 0.92 0.83

Hierarchical, Step 2
3,4,5

Regression 0.28 0.89 0.86
Classification 0.47 0.70 0.71

Merged
Hierarchical

Step 2
0.32 0.68 0.69

3

Regression

Figure 4.14: Model 1 to predict Task 2 Single Task Scores concerning FAS classes 1 to 5. (a) RF Regression approach
boxplots. Each Clinician True FAS class contains jitter points depicting the class trials. (b) Confusion Matrix concerning the
RF Classification approach of the Clinician and Predicted FAS classes.

Figure 4.15: Model 3 to predict Task 2 Single Task Scores concerning a Hierarchical group of FAS classes 1 to 5. (a) Step 1,
Confusion Matrix concerning the RF Binary Classification approach of the Clinician and Predicted FAS classes (scores 1 and
2: labeled 0; scores 3 to 5: labeled 1). (b) Step 2, RF Regression approach boxplots. Each Clinician True FAS class contains
jitter points depicting the trials of higher classes.
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Table 4.4: Task 3 Models 1-3 to predict FAS Single Tasks Scores. Model performance is compared using a RF approach with
RF built-in feature importance and ADASYN rebalancing. The highlighted values represent the optimal performance model’s
parameters.

Model FAS Classes Approach RMSE Accuracy F1 Score

1 1,2,3,4,5
Regression 0.68 0.60 0.49

Classification 0.68 0.56 0.45

2 2,3,4,5
(merged 1 and 2)

Regression 0.73 0.59 0.59
Classification 0.64 0.60 0.60

3

Hierarchical, Step 1
1,2: labeled 0

3,4,5: labeled 1

Binary
Classification 0.31 0.86 0.81

Hierarchical, Step 2
3,4,5

Regression 0.31 0.86 0.81
Classification 0.64 0.65 0.64

Merged
Hierarchical

Step 2
0.39 0.61 0.60

3

Regression

Figure 4.16: Model 1 to predict Task 3 Single Task Scores concerning FAS classes 1 to 5. (a) RF Regression approach
boxplots. Each Clinician True FAS class contains jitter points depicting the class trials. (b) Confusion Matrix concerning the
RF Classification approach of the Clinician and Predicted FAS classes.

Figure 4.17: Model 3 to predict Task 3 Single Task Scores concerning a Hierarchical group of FAS classes 1 to 5. (a) Step 1,
Confusion Matrix concerning the RF Binary Classification approach of the Clinician and Predicted FAS classes (scores 1 and
2: labeled 0; scores 3 to 5: labeled 1). (b) Step 2, RF Regression approach boxplots. Each Clinician True FAS class contains
jitter points depicting the trials of higher classes.
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Table 4.5: Task 4 Models 1-3 to predict FAS Single Tasks Scores. Model performance is compared using a RF approach with
RF built-in feature importance and ADASYN rebalancing. The highlighted values represent the optimal performance model’s
parameters.

Model FAS Classes Approach RMSE Accuracy F1 Score

1 1,2,3,4,5
Regression 0.88 0.51 0.42

Classification 0.70 0.50 0.47

2 2,3,4,5
(merged 1 and 2)

Regression 0.82 0.57 0.55
Classification 0.75 0.61 0.57

3

Hierarchical, Step 1
1,2: labeled 0

3,4,5: labeled 1

Binary
Classification 0.40 0.85 0.85

Hierarchical, Step 2
3,4,5

Regression 0.40 0.85 0.85
Classification 0.59 0.70 0.67

Merged
Hierarchical

Step 2
0.30 0.68 0.61

3

Regression

Figure 4.18: Model 1 to predict Task 4 Single Task Scores concerning FAS classes 1 to 5. (a) RF Regression approach
boxplots. Each Clinician True FAS class contains jitter points depicting the class trials. (b) Confusion Matrix concerning the
RF Classification approach of the Clinician and Predicted FAS classes.

Figure 4.19: Model 3 to predict Task 4 Single Task Scores concerning a Hierarchical group of FAS classes 1 to 5. (a) Step 1,
Confusion Matrix concerning the RF Binary Classification approach of the Clinician and Predicted FAS classes (scores 1 and
2: labeled 0; scores 3 to 5: labeled 1). (b) Step 2, RF Regression approach boxplots. Each Clinician True FAS class contains
jitter points depicting the trials of higher classes.
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Table 4.6: Task 5 Models 1-3 to predict FAS Single Tasks Scores. Model performance is compared using a RF approach with
RF built-in feature importance and ADASYN rebalancing. The highlighted values represent the optimal performance model’s
parameters.

Model FAS Classes Approach RMSE Accuracy F1 Score

1 1,2,3,4,5
Regression 0.74 0.59 0.58

Classification 0.62 0.60 0.58

2 2,3,4,5
(merged 1 and 2)

Regression 0.54 0.72 0.68
Classification 0.51 0.73 0.70

3

Hierarchical, Step 1
1,2: labeled 0

3,4,5: labeled 1

Binary
Classification 0.19 0.95 0.87

Hierarchical, Step 2
3,4,5

Regression 0.32 0.88 0.82
Classification 0.74 0.65 0.62

Merged
Hierarchical

Step 2
0.38 0.62 0.60

3

Regression

Figure 4.20: Model 1 to predict Task 5 Single Task Scores concerning FAS classes 1 to 5. (a) RF Regression approach
boxplots. Each Clinician True FAS class contains jitter points depicting the class trials. (b) Confusion Matrix concerning the
RF Classification approach of the Clinician and Predicted FAS classes.

Figure 4.21: Model 3 to predict Task 5 Single Task Scores concerning a Hierarchical group of FAS classes 1 to 5. (a) Step 1,
Confusion Matrix concerning the RF Binary Classification approach of the Clinician and Predicted FAS classes (scores 1 and
2: labeled 0; scores 3 to 5: labeled 1). (b) Step 2, RF Regression approach boxplots. Each Clinician True FAS class contains
jitter points depicting the trials of higher classes.
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Table 4.7: Task 6 Models 1-3 to predict FAS Single Tasks Scores. Model performance is compared using a RF approach with
RF built-in feature importance and ADASYN rebalancing. The highlighted values represent the optimal performance model’s
parameters.

Model FAS Classes Approach RMSE Accuracy F1 Score

1 1,2,3,4,5
Regression 0.66 0.57 0.42

Classification 0.58 0.52 0.39

2 2,3,4,5
(merged 1 and 2)

Regression 0.68 0.55 0.51
Classification 0.68 0.52 0.51

3

Hierarchical, Step 1
1,2: labeled 0

3,4,5: labeled 1

Binary
Classification 0.18 0.91 0.67

Hierarchical, Step 2
3,4,5

Regression 0.18 0.91 0.67
Classification 0.60 0.66 0.67

Merged
Hierarchical

Step 2
0.39 0.61 0.58

3

Regression

Figure 4.22: Model 1 to predict Task 6 Single Task Scores concerning FAS classes 1 to 5. (a) RF Regression approach
boxplots. Each Clinician True FAS class contains jitter points depicting the class trials. (b) Confusion Matrix concerning the
RF Classification approach of the Clinician and Predicted FAS classes.

Figure 4.23: Model 3 to predict Task 6 Single Task Scores concerning a Hierarchical group of FAS classes 1 to 5. (a) Step 1,
Confusion Matrix concerning the RF Binary Classification approach of the Clinician and Predicted FAS classes (scores 1 and
2: labeled 0; scores 3 to 5: labeled 1). (b) Step 2, RF Regression approach boxplots. Each Clinician True FAS class contains
jitter points depicting the trials of higher classes.
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Table 4.8: Task 7 Models 1-3 to predict FAS Single Tasks Scores. Model performance is compared using a RF approach with
RF built-in feature importance and ADASYN rebalancing. The highlighted values represent the optimal performance model’s
parameters.

Model FAS Classes Approach RMSE Accuracy F1 Score

1 1,2,3,4,5
Regression 0.93 0.29 0.27

Classification 0.93 0.52 0.52

2 2,3,4,5
(merged 1 and 2)

Regression 0.83 0.50 0.48
Classification 0.58 0.65 0.58

3

Hierarchical, Step 1
1,2: labeled 0

3,4,5: labeled 1

Binary
Classification 0.30 0.86 0.79

Hierarchical, Step 2
3,4,5

Regression 0.44 0.76 0.74
Classification 0.65 0.76 0.74

Merged
Hierarchical

Step 2
0.36 0.61 0.58

3

Regression

Figure 4.24: Model 1 to predict Task 7 Single Task Scores concerning FAS classes 1 to 5. (a) RF Regression approach
boxplots. Each Clinician True FAS class contains jitter points depicting the class trials. (b) Confusion Matrix concerning the
RF Classification approach of the Clinician and Predicted FAS classes.

Figure 4.25: Model 3 to predict Task 7 Single Task Scores concerning a Hierarchical group of FAS classes 1 to 5. (a) Step 1,
Confusion Matrix concerning the RF Binary Classification approach of the Clinician and Predicted FAS classes (scores 1 and
2: labeled 0; scores 3 to 5: labeled 1). (b) Step 2, RF Regression approach boxplots. Each Clinician True FAS class contains
jitter points depicting the trials of higher classes.
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Table 4.9: Task 8 Models 1-3 to predict FAS Single Tasks Scores. Model performance is compared using a RF approach with
RF built-in feature importance and ADASYN rebalancing. The highlighted values represent the optimal performance model’s
parameters.

Model FAS Classes Approach RMSE Accuracy F1 Score

1 1,2,3,4,5
Regression 0.95 0.63 0.64

Classification 0.96 0.60 0.53

2 2,3,4,5
(merged 1 and 2)

Regression 0.70 0.67 0.59
Classification 0.58 0.71 0.63

3

Hierarchical, Step 1
1,2: labeled 0

3,4,5: labeled 1

Binary
Classification 0.22 0.91 0.75

Hierarchical, Step 2
3,4,5

Regression 0.29 0.89 0.81
Classification 0.55 0.70 0.70

Merged
Hierarchical

Step 2
0.34 0.64 0.64

3

Regression

Figure 4.26: Model 1 to predict Task 8 Single Task Scores concerning FAS classes 1 to 5. (a) RF Regression approach
boxplots. Each Clinician True FAS class contains jitter points depicting the class trials. (b) Confusion Matrix concerning the
RF Classification approach of the Clinician and Predicted FAS classes.

Figure 4.27: Model 3 to predict Task 8 Single Task Scores concerning a Hierarchical group of FAS classes 1 to 5. (a) Step 1,
Confusion Matrix concerning the RF Binary Classification approach of the Clinician and Predicted FAS classes (scores 1 and
2: labeled 0; scores 3 to 5: labeled 1). (b) Step 2, RF Regression approach boxplots. Each Clinician True FAS class contains
jitter points depicting the trials of higher classes.
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4.3.2 Combining Single Tasks Scores

The Hierarchical Model 3 was used to compute the final FAS estimation considering the individual
tasks predictions.

A breakdown of the potential performance of a linear model in different combinations (i.e., subsets)
of tasks was investigated. It is pertinent to note the Equation 3.6, described in Section 3.2.5, in order
to interpret the results of the training of the linear regression model with all possible combinations of
task scores. Across-the-board was considered the maximum achievable scores, in percentage, for the
Clinician True and Predicted Model 3 scores per patient at Baseline and Post-Treatment.

The results for training a linear model with all possible combinations of tasks, ranging from a single
task to all tasks, are presented in Table 4.10. The optimal fit considered for this model comprised all
tasks, with a R2 value of 0.91, as the outcomes indicate that all tasks are relevant for the optimal final
prediction. Moreover, it was noted that, combined, some tasks conducted to better contribute to the final
prediction, namely the bimanual Tasks 1 (Opening/Filling a Bottle), Task 3 (Putting on/Taking off Pen
Cap), Task 6 (Lifting a box), and the unimanual Task 5 (Ironing).

Table 4.10: FAS aggregation considering Tasks combinations of the FAS scores of each patient at Baseline and Post-Treatment
assessments. A fitted linear regression model was trained for the effect. The response and predictor variables considered were,
respectively, the Clinician’s True maximum achievable score and Predicted maximum achievable score (Model 3).

N.º of Combination Optimal Tasks Combinations R2 max

1 5 0.62

2 3, 5 0.75

3 1, 3, 5 0.80

4 1, 3, 5, 6 0.84

5 1, 2, 3, 5, 6 0.87

6 1, 3, 4, 5, 6, 8 0.89

7 1, 2, 3, 4, 5, 6, 7 0.91

8 1, 2, 3, 4, 5, 6, 7, 8 0.91

Figure 4.28 depicts the latter, where the accomplished R2 is 0.91 taking into account tasks from 1 to
8. It is noticeable that the adjusted fit line indicates that the predicted scores are close to the Clinician’s
True ones. Likewise, the lower and upper confidence bounds delimitate that some observations indeed
fall in the interval, while globally, all observations fall closely around the confidence bounds.
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Figure 4.28: Scatter plot of the final estimate of the FAS scores of each patient at Baseline and Post-Treatment assessments.
A fitted linear regression model was trained for the effect. The response and predictor variables considered were, respectively,
the Clinician’s True maximum achievable score and Predicted maximum achievable score. The final representation is relative
to the percentage of the clinician labeled (true) FAS vs. the model 3 predicted FAS scores.

The particular results for the linear model derived in Figure 4.28 are presented in Table 4.11. The
respective tasks coefficients (i.e., weights) reveal that, for some tasks, there is a stronger mathematical
relationship between the FAS Clinician True and the dependent variable. Specifically, Tasks 1, 3, 5, and 6
have higher estimate values (0.13, 0.16, 0.17, 0.19, respectively), revealing higher weight importance in
the final prediction. Considering the p-values, which provide information on the statistical significance
of the relationship between the Clinical and Predicted scores, all tasks except for Task 8 have p-values of
less than the 0.05 significance level. This provides sufficient evidence that there is a correlation between
the changes in clinical labeled and predicted scores for Tasks 1 to 7, with a 95 % confidence interval.

Table 4.11: FAS linear regression model coefficients considering all Tasks of the FAS scores of each patient at Baseline and
Post-Treatment assessments. The estimated correspond to the coefficient term; SE denotes the standard error of the coefficients;
p-value provides information on the test null hypothesis that there is a zero correlation with the dependent variable (5% signif-
icance level).

Task Nº Estimate SE p-value

1 0.13 0.03 < 0.001

2 0.10 0.04 0.03

3 0.16 0.03 < 0.001

4 0.11 0.03 0.002

5 0.17 0.05 0.001

6 0.19 0.04 < 0.001

7 0.07 0.03 0.02

8 0.06 0.04 0.12
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The bias analysis of the above-presented data is shown in Figure 4.29 in order to evaluate the mean
differences between the percentage of true and predicted scores. The resultant plot indicates a small bias
and an estimation error in the interval of [-11,+12]% FAS points. Furthermore, most points fall into
the confidence intervals (± 1.96 SD). Likewise, is depicted the overestimation of lower scores and the
underestimation of higher scores. The p-value achieved was 0.66, indicative that there is not sufficient
evidence to identify a statistical significance in the estimation error (i.e., means difference between the
scores).

Figure 4.29: Bland-Altman plot the percentage of FAS Clinician’s True and predicted scores, evaluating the bias between
the patient’s mean differences. The difference between the percentage of Predicted and Clinician True scores presents the
estimation error. The sign of the estimation error denotes the under and overestimation.

4.4 FMA Estimation

The FMA estimation results were obtained with a dataset of FMA scores (0 to 66 points) assessed by
the clinicians for each ABI patient at Baseline and Post-Treatment time points. In addition, the previously
wearable accelerometer extracted features were employed, and additional FAS scores from Model 3 were
investigated as features.

The correlation between the Estimated FAS scores and the Clinician’s True FMA scores was com-
puted as a benchmark (i.e., point of reference). The resultant coefficient of determination was 0.79,
indicating a positive association between the variables. Hence, the aforementioned suggests that given
an increase in FAS, there will likewise be a corresponding increase in the FMA score, consequently
validating a direct relationship between the clinically labeled scores (see Figure 4.30).
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Figure 4.30: Scatter plot of the Clinician Predicted FAS scores and the FMA Clinician True scores of each patient at Baseline
and Post-Treatment assessments. A fitted linear regression model was trained for the effect. The response and predictor
variables considered were, respectively, the % Clinician Predicted FAS scores and FMA Clinician True scores.

4.4.1 Single Tasks Scores Prediction

These results’ clinical distribution of the scores of the FMA are similar to those on the FAS distri-
bution, where there is notably an imbalanced dataset (see Figure 4.31). As mentioned previously, the
FMA is assessed on specific criteria concerning the proximal and distal parts of the upper-limb. The
total FMA is the sum of the two proximal and distal components. As depicted in Figure 4.31, there is a
noticeable range of lower FMA scores that present no observations. The minimum total score assessed
was 21 points, and the maximum corresponds to the highest score of 66 points. The total mean of the
scores falls close to 44 points, indicating that the occurrences are typically in the mid-range of the FAS
motor impairment. The results support the observed in Figure 4.2 for the Baseline, and Post-Treatment
mean FMA scores.

Figure 4.31: Clinician labeled FMA scores distribution comprising one score per subject Baseline and Post-Treatment assess-
ment. The red line denotes the mean of the dataset. The proximal and distal scores, which sum to the total score, are individually
depicted.

Similarly, as what succeeded with the FAS scores, for the FMA was necessary to apply a synthetic
point generation method to balance the dataset. Particularly, for this clinical score was advantageous
for grouping the points into classes. For the effect, five classes were chosen (Table 4.12). The class
representation is shown in Figure 4.37 where it is explicit that the grouped scores have a reasonable
number of occurrences for all class distributions.
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Table 4.12: FMA five classes ranges for ADASYN rebalancing on a RF algorithm.

FMA Classes Range

1 FMA ≤ 30

2 30 < FMA ≤ 38

3 38 < FMA ≤ 47

4 47 < FMA ≤ 56

5 FMA > 56

Figure 4.32: Clinician labeled FMA scores distribution in five classes comprising one score per subject Baseline and Post-
Treatment assessment. The red line denotes the mean of the dataset. The Baseline and Post-Treatment scores, which sum to the
total score, are individually depicted.

Figure 4.33 demonstrates the results for the employed ADASYN method in Task 1 FMA scores
distribution per grouped class. In this example, scores 1,2,4, and 5 represent the minority class examples.
The real data points in this task include a mean distribution of observations of 42 (± 8) occurrences; after
resampling, the results are 53 (± 5) occurrences. Therefore, for this case, the real dataset does not suggest
a high imbalance as the rebalancing process reduced the standard deviation by 3 points.

Figure 4.33: ADASYN synthetic point generation method applied for FMA rebalancing. The FMA scores were grouped into
5 classes. The depicted example pertains to Task 1, where FMA was labeled per task trial. The superior plot represents the
imbalanced dataset consisting of the true clinician trial observations assessment of the FAS class. The inferior panel shows the
rebalanced dataset with the ADASYN additionally synthesized points for classes 1, 2, 3, and 5.
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For interpreting the estimated single FMA scores per patient Baseline and Post-Treatment, FMA
models 1 and 2 were analyzed. The main contrast between the two models is that Model 1 doesn’t
consider the FAS as a feature to predict the estimates (i.e., the FAS is not taken into account as affecting
the final results). The performance of Model 1 per task and Subject (see Appendix E) was poorer when
compared to Model 2. Thus, the focus of the analysis is performed on Model 2.

The feature selection performance for Model 2, highlighted in Figure 4.34, denotes the Task 1 feature
importance estimates. It is remarked that the predicted FAS score feature from the hierarchical Model 3
is the most important feature among all features computed. The propensity for the FAS scores feature
being at the top, specifically in the top three predictor importance, was noted for all eight tasks (Table
4.13). Moreover, it was noted that typically, the top features were mainly related to the magnitude of the
sensors on the upper-arm. The energy around the dominant frequency, associated with the periodicity
of the movement, is presented as of high importance. In the depicted case, the chest Z axis also reflects
importance. Nevertheless, wrist unit measures related to the magnitude were likewise of great predictive
pertinence for single task predictions.

Figure 4.34: Feature importance for the top nine features for FMA Model 2 to predict FMA Task 1 Scores. The RF built-in
feature importance and ADASYN rebalancing methods were employed to derive the resultant plot.

Table 4.13: Predicted FAS score feature (from FAS Model 3) estimated importance per Task assessed for FMA Model 2 with
the Random Forest built-in feature importance method.

Task Nº FAS Feature Ranking

1 1

2 1

3 3

4 1

5 3

6 1

7 1

8 1
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The results for deriving FMA scores using the knowledge provided by the FAS estimates in Model
3 are outlined in Figures 4.35 and 4.36. What stands out in the analysis of Figure 4.35 is the general
pattern of the RMSE per task. For instance, the lowest RMSE is 5.9 and verified for Task 1, the disparity
to the highest RMSE verified in Task 8, which is approximately 1 point. Figure 4.36 depicts a similar
analysis performed on a subject-by-subject basis where the variability of the parameter is marked.

Figure 4.35: RMSE of the FMA Single Tasks Scores estimated with FMA Model 2. Emphasized in red is the lowest RMSE
taking into account all Tasks comparisons.

Figure 4.36: RMSE of the FMA Single Tasks Scores estimated with FMA Model 2 for each patient. Emphasized in red is the
lowest RMSE taking into account all subject comparisons.

4.4.2 Combining Single Tasks Scores

The FMA Model 2 estimates were used to compute the final FMA estimation considering the indi-
vidual Tasks predictions.

The predicted FMA scores of Model 2 were employed in a RF Regression algorithm which features
inputs consisting of the eight Tasks scores per subject Baseline and Post-Treatment assessments. Figure
4.37 illustrates the optimal Tasks selected as translating to be the more suitable to explain the tracked
movements regarding the severity of motor impairments assessed with FMA.
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Figure 4.37: Feature importance regarding the RF model for the final estimate of the FMA scores of each patient at Baseline
and Post-Treatment assessments. The Random Forest built-in feature importance method selects the optimal combination of
task features marked in red.

A linear fit model was explored considering the results from the previously mentioned model. Figure
4.38 shows the adjusted fit with a coefficient of determination, R2, of 0.79, resulting in the smallest
difference between the clinically observed FMA scores and their fitted values.

Figure 4.38: Scatter plot of the final estimate of the FMA scores regarding the optimal combination of tasks (i.e., tasks [1 4 5])
of each patient at Baseline and Post-Treatment assessments. The representation is relative to the clinician labeled (true) FAS
vs. the model 3 predicted FAS scores.

Nonetheless, the above-presented regression line consistently over-predicts the lower scores and
under-predicts the higher scores along the fit. Thus, it is desirable to conduct a bias analysis. Fig-
ure 4.39 reveals a Bland-Altman graph to evaluate the mean differences between the true and predicted
scores. The results portray that the estimation error falls around the interval of ± 12 FMA points, where
most points fall in the confidence intervals of (± 1.96 SD). Consequently, there is an increase in the
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number of observations in lower scores, suggesting an overestimation error; for higher scores, a slight
underestimation is noted. The p-value achieved was 0.74, indicative of a small bias and informative
that there is insufficient evidence to identify a statistical significance in the estimation error (i.e., means
difference between the scores) at a 96 % level of confidence.

Figure 4.39: Bland-Altman plot the FMA Clinician’s True and predicted scores, evaluating the bias between the patient’s mean
differences. The difference between the Predicted and Clinician True scores presents the estimation error. The sign of the
estimation error denotes the under and overestimation.

To better scrutinize the resultant FMA bias, the FMA scores estimation error was analyzed as a
function of the Clinician’s True FMA as observed in Figure 4.40. In addition, the Minimal Detectable
Change (MDC) estimation error (i.e., the smallest detectable difference calculated by the authors and
which might be considered to be a true change rather than a measurement error) was used as a reference
as defined in the literature [10].

Figure 4.40: Error estimation of the FMA Clinician’s True and predicted scores colored by the Baseline or Post-Treatment
assessments. The FMA Minimal Detectable Change (MDC) reference boundaries are defined [10].
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Discussion

The increasing global incidence of stroke and TBI neurological injuries represents a public health
issue with great contributor to persistent disability amongst the survivors [30], [21]. Moreover, upper-
limb hemiparesis is a frequent sequelae of these events, limiting the performance of daily activities of
the survivors [26],[27]. Consequently, delivering suitable rehabilitation plans focused on upper-limb
programs is crucial to promoting motor gains that empower patients to regain confidence in ADL perfor-
mance. This work aims to develop new automation techniques to assess ABI clinically relevant motor
outcomes. For this purpose, wearable sensors tracked and quantified patients’ upper-limb movements
while performing ADLs, enabling a non-invasive and easy assessment of the patients in a clinical setting.
Furthermore, several algorithms were developed to optimally combine the sensing technology data in or-
der to derive the final clinical relevant outcomes, namely FAS and FMA scores. Ultimately, this study
demonstrates the feasibility of providing the healthcare professional with novel tools to assess upper-limb
rehabilitation outcomes more consistently over the care program and tailor the patient-specific plans ac-
cordingly.

5.1 Clinical FAS and FMA Automation for ABI Assessment

Consistently with the previous literature, Figure 4.1 denotes that the results align with the review,
where stroke incidence increases with age-related comorbidities, whereas TBI has primary risk factors
for persons under twenty-years-old, potentially associated with automobile, and sports accidents [22].
Furthermore, the observed high incidence of TBI in quinquagenarians is potentially associated with
transport accidents, while elderly patients show a high level of falls [18].

The mean FAS and FMA scores of the two ABI group populations are shown in Figure 4.2. What
is interesting to note is that, for both clinical scores, on average, the Post-Treatment has higher scores.
Hence, this is a fair indication of the success of the upper-limb treatment, which led to improvements in
the clinical performance of the second data acquisition recording. Post-Treatment revealed an increase
of 15% and 21% points compared to the Baseline; whereas for the FMA, this increase was 26% and
39%. The increased improvement in Post-Treatment assessment for TBI patients might result from the
statistically significant age difference between the subjects of the two pathologies. Broadly, younger TBI
patients show higher compensation capacity and higher cognitive reserves [74].

5.1.1 FAS Estimation

The FAS assesses the patient’s body structure and functioning as well as activity in the ICF frame-
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work. Automating this clinical scale using instrumental devices on the ABI population, specifically
focusing on the upper-limbs, enables clinicians to analyze the patient’s quality of movement over the
plan of care.

The ABI participants of this study were assessed with the FAS clinical scale at the traditional two time
points: Baseline and Post-Treatment sessions. The assessment at these two time points is of particular
relevance because, after a rehabilitation intervention program focused on the upper-limb, an improvement
in the quality of movement is expected. In addition, the laboratory was equipped with a clinical setting
that simulated the particular tasks. Assessing the FAS at the eight performing tasks and all trials of the
specific task enables capturing the particular movement of interest, reducing the variability of the results.

The wearable devices used to acquire the FAS data enabled patients to perform activities unob-
trusively due to the particular specifications of the Shimmer2r sensors, including being compact and
lightweight.

Taking these considerations into account, the algorithm to estimate the clinical scale initially focused
on estimating each of the eight task trials’ FAS scores. As explained previously in Section 3, a supervised
ML RF-based algorithm where the clinical labels could be introduced was preferred. For the scope of this
Dissertation, after analyzing a different number of trees, 100 decision trees are evaluated as the optimal
since as the number of trees increased, no significant improvements in the models were reached while
fewer computational costs were involved.

The dataset clinician labels per task are depicted in Figure 4.7. Here is noticeable that the data dis-
tribution is imbalanced in all tasks. It is observable that the trials with more observations tend to be
patients with higher FAS scores (i.e., higher quality of movement). Whereas particularly, for Task 7, it
was observed a generally low number of occurrences due to the task including only one trial per assess-
ment. The above-imbalanced problem had to be solved; this is relevant because training an algorithm on
this dataset would lead to poor generalization and overfitting of some scores. The ADASYN resampling
method [64] was of particular interest to solve this imbalance and was applied to the dataset. Figure
4.8 depicts this technique used in Task 1, where scores 1,3, and 5 were resampled. The lower barplot
shows the resampled dataset with real and synthesized points; the general observation here is that the
distribution is approximately flat, meaning point distribution per class seems to be according to expected
while applying ADASYN. Nevertheless, it is important to observe how the new synthesized features are
distributed in a data cloud - Figure 4.9 exhibits this point clearly. It is interesting to observe that the
colors of each FAS class have a clustering pattern from left to right of the X axis, where lower scores are
grouped on the left and higher scores on the right—regardless, its interesting to see that the clusters are
not cleanly delimited in the cloud space. In general, there is a hierarchical trend of scores. Moreover,
the resamples scores seem to blend well with the real points. Figure 4.10 was developed to investigate
this point further per resampled score. By analyzing the Figure, it is clear that in a generalized way, the
synthesized features seem to capture the movement features according to the real points.

Next, for dimensionality reduction purposes was necessary to investigate the optimal method to per-
form feature selection. The results are expressed in Table 4.1 where it is noticeable that when applying
a RF Regression model for all tasks, the RF built-in feature importance shows to reduce the RMSE,
improve accuracy and F1 score while working to reduce feature dimensionality. When the RF method
is compared to MRMR, the mean RMSE increases by 19%, the accuracy and F1 decrease respectively
by 14% and 18%; for RF vs. ReliefF, the RMSE grew by 26%, the accuracy and F1 score were 14%
and 20% lower; the RF vs. NCA, lead to a growth of 16% in the RMSE, a decrease of 12% and 19%
in accuracy and F1 score. Thus, in general, it’s favorable to consider the RF built-in feature importance
method, which was indicative of providing closer estimates regarding the simulated and observed data.
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When analyzing the top features selected as predictors of Model 3, the example depicted in Figure
4.11 stresses that the wrist (i.e., UE distal segment) and upper-arm (i.e., UE proximal segment) sensors
are of high relevance. It was noted that the top features for all tasks primarily related to the signal peak
number, which is related to the smoothness of the movements, more peaks observed indicate higher
movement intensity variability. Similarly, the importance given to the energy around the dominant fre-
quency marks the periodicity of the movement; if more of the energy is around the dominant frequency,
the more periodic will be the expected movement. Moreover, correlations between the chest and the
wrist sensors are necessary to interpret the reaching movement needed to grasp objects and successful
task performance, as well as identifying seating position tasks as the chest sensor acts as a reference. The
sensors’ magnitude also appears to be likewise of larger predictive pertinence for single task predictions
primarily due to considering the three-axis acceleration contributions.

Our findings described in Tables 4.2 to 4.9 show the relevance of the Hierarchical Model developed
to improve the FAS single tasks estimation.

The results for Model 1, with all FAS scores, depicted in Figures 4.12 to 4.26 illustrate the Regres-
sion vs. Classification representation for this model. In general, for Regression (see Figures 4.12(a) to
4.26(a)), there is usually a trend from lower to higher scores, with over-estimation, focused on the lower
scores. The confusion matrices regarding the Classification approach also portray this tendency (see
Figures 4.12(b) to 4.26(b)). When comparing the tables for Model 1 with all tasks scores from 1 to 5,
and comparing Model 2 with merged lower scores 1 and 2, not much difference was noted in the overall
performance of the model. For that case, the model overestimated the higher scores and underestimated
the lower scores. Nevertheless, when comparing Model 1 to Hierarchical Model 3, a drop in the RMSE
was observed when a binary Classification was utilized in step 1, and Regression was used in step 2. Our
interpretation is that first, with a Regression approach, there is a transition from a discrete value scale
which classification imposes, to a continuous scale, making the decision boundaries more flexible, which
is advantageous for smaller datasets like ours. Regarding the Hierarchical Model, the results support our
rationale that an algorithm divided into two parts, including a binary Classifier for lower scores first
and a certain step 2 focusing on higher scores patients enables the achievement of better performance.
This high-level estimation preference is related to the clinical status of the patients who have a broad
capability to benefit more from the motor evaluation by generating physiological patterns of motion of
particular interest for a rehabilitation treatment adapted over the intervention care.

Analyzing all models on a task by task basis is desirable to understand the motor performance in-
volved in each task [29] and how it is related to the results.

Initiating the analysis with Task 1, opening and filling a bottle, a bimanual task involving grasping
and manipulating objects. One hand will cork the bottle, and the other will hold the bottle. The general
observation here is that when there is a considerable number of trials, as in this case (3 trials), the models
have a higher number of observations to train the model. Regarding Model 1, with five scores, there is
a high RMSE for both RF approaches; Figure 4.12 in particular for Regression, depicts that score 1 is
being overestimated, as noted in Figure 4.7 score 1 only has eighteen examples of training the model.
Furthermore, Figure 4.8 reveals that forty-two synthesized points were generated for this particular score.
Ideally, the real data points should be over the number of necessary synthesized points. It is important
to note that in patients assessed with lower scores, there is more movement variability, in the sense
that the way to perform the task in a proper manner to achieve the final goal, when a subject is more
impaired, will vary more across subjects. Thus, in the lower scores, it starts deviating from the ideal
movement execution, and there is much more freedom. Consequently, this requires many more points
to understand and learn how to properly define the data cluster. Nonetheless, the expected movement
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performance for higher scores is similar for subjects. So even with few data points, it is possible to get
an approximate estimation that meets the Clinician’s True one, as is noted in this case. The Hierarchical
Model introduces the clinical relevance for this evaluation type in relatively high-functioning individuals.
Whereas the individuals with lower FAS scores (i.e., lower functioning) are mostly not going to use their
stroke/TBI affected limb during the performance of ADL, translating into having a gross measure of the
FAS for that population. Thus, for further analysis, scores 1 and 2 were initially merged into Model 2
(Figure 4.12). As seen in Table 4.2, Model 2 Regression RMSE, accuracy, and F1 score improve when
compared to Model 1 (-15% RMSE, +9% accuracy, +11% F1). However, an exploratory Hierarchical
Model 3 was developed to take into consideration our focus on the prediction of higher FAS scores. In
this model (Figure 4.13), it is clear that the binary Classification provides improved accuracy of 0.39 and
an RMSE of 0.86. The Regression model was optimal in step 2; it is according as expected; regression
models are preferred due to the nature of our output. The Regression plot depicts a crescent trend in the
mean estimations per score with an RMSE of 0.39 and high accuracy of 0.86, as well as a 0.85 F1 score
(Model 2 vs. 3 performance has -49% RMSE, +8% accuracy, +2% F1, see Table 4.2).

Considering Task 2, brushing the hair, includes three trials performed with the affected upper-limb. It
is a unimanual task that involves gross motor control and grasping. For Model 1, it is notable that there is
a well-defined trend in the Regression approach boxplots, with again an overestimation of score 1 (Figure
4.14(a)). There is a high variance for score 3 points estimation, with two well-defined outliers. This task
movements involve deviating from the natural resting position of the forearm, so it requires patients
to sustain and control a grip force during grasping and lifting the object, which is a common problem
for these patients because the force produced during gripping can be slow to build up and difficult to
stabilize at the required level for a specific task. So, a high movement variability is expected even for
higher scores. When comparing Model 1 and 2 Regression it is observed a slight general improvement
in the performance for accuracy and F1 score, while the RMSE increases (+21% RMSE, +2% accuracy,
+5% F1) (see Table 4.3). Model 3 presents a slight overestimation of score 3, with an underestimation
of scores 4 and 5; this can be explained due to the above-mentioned (Figure 4.15). Generally, Model 3
enables the achievement of a 0.32 RMSE, 0.68 accuracy, and 0.69 F1 score (Model 2 vs. 3 performance
has -58% RMSE, +10% accuracy, +11% F1, see Table 4.3).

Further, Task 3, putting on and taking off the pen cap, is a bimanual task that concerns fine motor
control manipulation. For Model 1, it is noticed that there are no true positives instances for score 1
(Figure 4.16(b)), and this is expected because there are only five real data points for this score (Figure
4.8), so the point is that even if there are methods employing dataset rebalancing, that rebalancing cannot
fix the fact that there are few observations. So the algorithm rebalances the score but is still rebalancing
on a limited number of subjects, especially for score 1, so it will create a compact cluster that doesn’t
specifically represent the lower scores. When resembling Model 1 with Model 2 Regression there is a
slight decrease in performance (+7% RMSE, -2% accuracy, +20% F1, see Table 4.4). Model 3 initial
binary Classification presents a good amount of true positive estimates, whereas the Regression shows
that the extreme scores are tendentially over and underestimated with low variability (Figure 4.17). The
overall Model 3 presents an RMSE of 0.39, accuracy of 0.61, and F1 score of 0.60 (Model 2 vs. 3
performance has -47% RMSE, +3% accuracy, +2% F1, see Table 4.4).

Task 4 is unfolding a towel, a bimanual task that affects fine specialized motor control of the hand.
As depicted in Figure 4.7, this particular task can be interpreted as presenting more performance diffi-
culty for patients, where the highest occurrences are for score 2. For Model 1, it stands out that in the
Regression approach, there is not a well-defined trend in the estimation (Figure 4.18(a)). Again, there
are fewer data points in score 1 (Figure 4.8). This task was mainly challenging for patients due to involv-
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ing reaching and grasping with high manipulation of the towel. The general observation here is that the
algorithm performs well when there are a good number of trials. Conversely, when the algorithm doesn’t
have enough examples of training properly, it starts dropping below a certain level. Overall, comparing
Model 1 and 2 Regression presents similar performance as Task 3 (-7% RMSE, +12% accuracy, +31%
F1, see Table 4.5). Finally, Model 3, enables the optimal performance with an RMSE of 0.30, accuracy
of 0.68, and F1 score of 0.61 (Figure 4.19). Model 2 vs. 3 performance has -63% RMSE, +19% accuracy,
+11% F1 score (see Table 4.5). Moreover, this task achieved the lowest Hierarchical Model RMSE.

Overviewing the findings for Task 5, ironing, is a unimanual task that implicates forward and back-
ward hand movement. As observed in Model 1, the Regression provides a well-defined trend (Figure
4.20(a)); the performance of this task was of lower difficulty, providing smoother motor patterns. One
observation is that these clinical scores are discrete. Still, these boundaries are removed for the Regres-
sion algorithm, so it is normal that there is some spread across the different clinical predicted scores. In
the boxplots, if the predicted scores were rounded before plotting, the result for this task was potentially
similar to a perfect trend line. The comparison of Model 1 and Model 2 shows a general improvement
for Regression (-27% RMSE, +22% accuracy, +17% F1, see Table 4.6). As observed by the Model 3
results, there is a notable high variability for score 4 assessment (Figure 4.21(b)). Regardless, the best
performance was again with a Hierarchical Model with RMSE of 0.38, an accuracy of 0.62, and F1 score
of 0.60 (Model 2 vs. 3 performance has -30% RMSE, -14% accuracy, -12% F1, see Table 4.6).

Correspondingly, Task 6, lifting a box, is a bimanual task that involves reaching and grasping move-
ment. For this task, it is interesting to acknowledge that some patients have deficits in inter-joint coordi-
nation. These deficits are evident during the reaching action, so some patients showed difficulty making
smooth, continuous, and accurate arm movements in these tasks. For Model 1, there is notable poor
performance; even if this task contains the highest trial number (6 trials), still the inter-joint coordination
necessary for this movement seems to affect the results, which depict high variability for higher scores
and a general overestimation for scores 1 and 2 (Figure 4.22). Here, Model 1 vs. Model 2 Regression
show lower performance for Model 2 (+3 % RMSE, -4% accuracy, +21% F1, see Table 4.7). Model 3
helps with the latter, where lower scores are well classified in the binary Classification and higher scores
focusing on the boxplot show a considerable number of observations around the mean value (Figure
4.23). Consequently, the highest RMSE was noted for this task compared to all tasks with Model 3
achieving an RMSE of 0.39, accuracy of 0.61, and F1 score of 0.58 (Model 2 vs. 3 performance has
-43% RMSE, +11% accuracy, +14% F1, see Table 4.7).

Furthermore, Task 7, erasing the board, is a unimanual task that involves arm lifting and grasping
movement. Here it was observed a generalized high variability in the FAS estimation. This task was
performed only once with the hemiparetic side of the upper-limb, representing the task with fewer total
observations. Particularly, there are few data points in all scores from 1 to 5, with score 2 having eight
observations and score 5 only seven. Thus, being considered likewise a highly imbalanced dataset (Figure
4.8). Accordingly, Models 1 and 2 reflect this, with the Model 1 Regression approach not representing a
defined trend in the predicted scores (Figure 4.24(a)). Interestingly the contrast between Model 1 and 2
was more noticeable for this task with a great performance improvement for Model 2 Regression (-11 %
RMSE, +72% accuracy, +78% F1, see Table 4.8). A potential rationale is the relevance of a Hierarchical
Model in small datasets where a bigger effort is made to derive higher scores with the second step of the
Hierarchical Model. Figure 4.25, depicts Model 3 few observations present in this task, the RMSE was
0.36, accuracy of 0.61, and F1 score 0.58 (Model 2 vs. 3 performance has -57% RMSE, +22% accuracy,
+21% F1, see Table 4.8).

Interpreting now Task 8, opening the door, is a unimanual task that involves arm lifting and grasping
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movement. Model 1 depicts a general high variability with two well-defined outliers for score 5 (Figure
4.26(a)). Again, score 1 has few data points; hence the tendency is to have an overestimation of the model
for these observations. When compared to Model 2, Model 1 Regression showed a lower performance
(-26 % RMSE, +6% accuracy, -8% F1, see Table 4.9). Figure 4.27 represents Model 3, where score 3 is
overestimated even with lower variability. Model 3, displayed higher performance with a RMSE of 0.34,
accuracy of 0.64, and F1 score of 0.64 (Model 2 vs. 3 performance has -51% RMSE, -4% accuracy, +8%
F1, see Table 4.9).

The FAS aggregation was performed to analyze the overall performance of Model 3. A fitted linear
Regression model was used to analyze the optimal tasks for different combinations (Table 4.10). The
coefficient of determination, R2, was used as the standard metric to evaluate the final model due to its
relevance in providing information regarding the model fitness of the predicted observations compared
to the clinician labeled. Contextually, the optimal R2 achieved was 0.91, indicating an excellent fit,
meaning that the predicted scores are close to the Clinician’s True ones (Figure 4.28). The interpretation
of Table 4.10 indicates that all tasks are relevant for the optimal fit of the data; this is expected due to
each task being specifically chosen by the clinicians due to its upper-limb motor importance to assess
FAS particularly (on a trial by trial basis). Moreover, Tasks 1, 3, 5, and 6 revealed a model fit R2 of 0.84,
indicating that they are especially relevant contributors. In addition, Task 1 was of particular difficulty
performance to the patients (see Figure 4.7), whereas Task 5 was easier to perform, as revealed by higher
scores observed in the dataset; finally, Tasks 3 and 6 are indicative of mid difficulty. Thus, overall this
relevant subset comprises all levels of motor quality applicability, including bimanual and unimanual
manipulation of objects.

Figure 4.28 supports the previous analysis, illustrating the linear fit with all eight tasks. Table 4.11
reveals each individual task weight estimate for the final fit. Likewise, it is interesting to identify that
Tasks 1, 3, 5, and 6 exhibit the higher coefficient term corroborating the higher importance for the final
prediction and showing an identified statistically significant correlation with the Clinician’s True scores.
Still, the linear fit is projected to be higher in lower scores (i.e., overestimation) and lower in higher scores
(underestimation), by remembering Figure 4.2 where it’s marked that the Post-Treatment was successful
for both ABI groups, being close to 4 points on average, it was likely to observe a shift towards higher
scores estimates. The bias analysis was indicative that the points fell in an error range of [-11,+12]%
points, meaning [0.55,0.60] FAS points (Figure 4.29). Thus, an error of fewer than 1 FAS point can be
achieved in the worst-case scenario. Altogether, this suggests that the model’s bias was negligible and
represents suitable automation of the FAS scores.

5.1.2 FMA Estimation

Next is accomplished the interpretation of the derivation of the widely used FMA scale to evaluate
the severity of upper-limb motor impairments. The clinicians administered the FMA without the use of
wearable sensing technology; its total score is reported in items of clinical relevance. As opposed to the
FAS clinical scale, which was assessed per task trial, the FMA scale is assessed once per subject visit
(i.e., Baseline and Post-Treatment). Previous studies reported the feasibility of deriving the FMA from
wearable sensors data collected from the WMFT [53]. Our analysis concentrates on incorporating not
only the wearable sensor data but also taking advantage of the Hierarchical Model developed to derive
FAS predictions in order to improve the final FMA model predictions.

The analysis of the direct correlation between the Clinician’s Predicted FAS and FMA scores re-
vealed a positive association between the scales, indicative that there is indeed potential to use the FAS
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predictions as predictive information of the FMA (Figure 4.30). The dataset clinician labeled is shown
in Figure 4.31, where is likewise noted an imbalanced distribution of points; the proximal scores were
generally lower than the distal segment scores. However, the total FMA is marked by the variability of
the distribution of the scores with a minimum score of 21 points (i.e., below 21 points, there are no occur-
rences). The ADASYN method was desirable to apply in this case. Hence, the scores were grouped for
resampling purposes, shown in Table 4.12 whose distribution can be found highlighted in Figure 4.32,
reveals that in general, the total score shows a better-uniformed points distribution. The results from the
ADASYN method (Figure 4.33) were also reasonable for all tasks.

A model was developed without the predictive information of the FAS as an initial approach. Soon,
it was clear that the FAS introduced model improvements, as shown in Figure 4.34 from Model 2. It was
noted that the RF gave nonzero importance to the FAS prediction feature; moreover, this feature ranked
top three for all tasks (Table 4.13). The latter is a good indication of the feasibility of this analysis.
Additionally, it is interesting to interpret how the upper-arm features are amongst the most important.
The upper-arm sensor, being positioned in a body segment with a lower range of motion than the wrist,
generally includes smoother movements and, therefore, less variability. Thus, the affected side’s upper-
arm speed magnitude was highly important. The same occurs for the chest sensor, which is mainly used
as a reference importance being as well as a helpful indicator if the patient is in a sitting position, thus
highlighting reaching action movements (particularly, movement periodicity); moreover, other features,
such as the correlation between the chest and wrist units, were identified as relevant due to the chest
sensor constituting a good reference point between the time series. The affected wrist features were also
of relevance for all tasks. Furthermore, the number of peaks in the signal is related to the smoothness of
the movements; fewer peaks in the signal revealed smoother motions.

The overall error estimation varies for each patient (Figure 4.36), around 6 points per single task,
indicating that Model 2 worked for this estimation globally (Figure 4.35).

An analysis was performed to check the subset of tasks that were more representative to estimate
the FMA. The model to aggregate the FMA scores revealed that Tasks 5 (Ironing), Task 4 (Unfolding
Towel), and Task 1 (Opening/Filling a Bottle) were optimal predictors of the model (Figure 4.37). The
results are intriguing; Task 5 was noted as one of the most straightforward tasks to perform in the FAS,
while Tasks 1 and 4 were considered the most challenging. Since it was observed in Task 5 that patients
had more quality of movement, it is a representation that the outcomes include the FAS factor relevance.
Then, the fact that the most challenging tasks were considered significant predictors makes sense since
the FMA assesses the severity of motor impairments, and the motor performance patterns vary more in
more challenging tasks, capturing better the seriousness of the hemiparetic impairments.

Figure 4.38 reveals a steady overestimation of lower scores and underestimation of higher scores.
When compared to the FAS linear fit, the trend is similar but more well noted for the FMA, where the
coefficient R2 with the optimal subset of tasks was 0.79, indicating a good positive fit, meaning that the
predicted scores are close to the Clinician’s True one. Likewise, bias analysis (Figure 4.39) was indicative
that the points fell in an error range of ± 12 points (i.e., confidence interval) in the worst-case scenario.
The bias was minimal (i.e., close to zero), which denotes a good sign, meaning that when comparing the
two measures, the error is within the confidence interval and is not expected to be statistically significant.
Due to the FMA being an imbalanced dataset with 66 points scale as opposed to the FAS with 5 points,
it was expected the remarked higher bias between the FMA scores. Furthermore, Figure 4.40 denotes
the FMA scores estimation error analyzed as a function of the Clinician’s True FMA, where it was noted
that the estimation error is overestimated for lower scores and underestimated for higher scores; still, for
most cases is included in the Minimal Detectable Change (MDC) boundaries.
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5.2 Study Limitations

The study encompasses some limitations that should be taken into account when considering our
analysis approach and final results.

Firstly, the cohort of ABI patients constituted a heterogeneous but small sample size. Therefore,
with an additional enrolled number of patients, it would be expected that the overall model performance
would improve by providing the ML algorithms with more training observations. Moreover, the dataset
was imbalanced, meaning that the quality of movement and severity of impairments of the patients was
unevenly distributed. Thus, the synthetic point generation methods worked to solve this imbalance.
However, as observed, some clinical scores had few observations; therefore, even if there were newly
synthesized observations, they were generated on a small observation set which doesn’t necessarily rep-
resent the score cluster. Furthermore, the synthesized points are redundant in the sense that they do not
have the same informative power as the real clinician-assessed data.

It is also pertinent to acknowledge that at the time of the data acquisition, solely the accelerometers
tool was used from the IMU; this choice was based primarily on the fact that the aforesaid enables
less power consumption with a reduction of the data processing complexity. Consequently, the span of
the experiment could be agreeably extended; hence data could be acquired for a longer period of time.
Nevertheless, new devices have improved IMU power durability. Accordingly, would be interesting to
have gyroscope information regarding the orientation of the rotation of the upper-arm segments.

The sensor calibration was employed to understand the patients’ motor performance and relate the
sensor’s orientation to the individual sensors’ axis movement in this study. To this end, it was required to
estimate each sensor offset due to the sensor’s position being altered in each assessment. The developed
offset estimation method introduces a small noise source as it was considered that the resting period
condition on which the offset was estimated was equivalent to 1g. However, the aforementioned would
be less relevant to compensate for if the same sensor set was placed invariably in the exact positions.

Regarding the labels used as the ”true” scores for the FAS and FMA, it is interesting to note that
the clinicians responsible for labeling the patients were not consistently the same per assessment. Even
though the clinical staff has strong clinical training to use the clinical scales, there should still be some
inter-rater reliability (i.e., the overall reproducibility of scores between two reviewers), generally negli-
gible. A possible approach would be to ask different clinicians to assess the scores for the Baseline and
Post-Treatment assessments to ensure the clinical labels are consistently generated.

Additionally, even though a RF approach brings remarkable advantages for our small cohort, they
arrive at the expense of complexity, meaning there is a loss of model interpretability, particularly for the
developed models. Furthermore, the number of trees to include in the RF model was selected, taking
into account that the increase in the number of trees introduces more computation cost needs (i.e., higher
memory and training time), so a trade-off had to be evaluated. Furthermore, I believe that it would be
interesting to test the algorithms developed in this Dissertation on a new cohort that followed the same
study inclusion criteria defined in the Subsection 3.1.2.

Further, due to the small dataset, which is prone to model overfitting, the LOSOCV approach, includ-
ing a leaving-one-subject out technique to validate the model, was employed given the proven efficiency
of this approach for a low number of observations [75].

Finally, the assessments took part at two time points; the ideal would be to assess patients consistently
over the upper-limb rehabilitation process to frequently analyze the outcomes and accordingly adapt the
plan of care. Moreover, the ADL tasks were performed in a scripted clinical setting; it would be highly
desirable to transition to a home setting for patients to feel familiarized with the community scenarios.

Master Program in Biomedical and Biophysics Engineering Page 68 of 87



Chapter 6

Conclusions and Future Work

The main results of this study are highlighted in this chapter, which likewise provides the contri-
butions of this study research and recommendations for future research in upper-limb-focused motor
rehabilitation of Acquired Brain Injury patients.

6.1 Conclusions

Clinical score estimates were derived from wearable sensors technology data in Acquired Brain
Injury patients to track motor changes in response to a clinical intervention focused on upper-limb reha-
bilitation. The objective of this project was twofold: primarily, the aim was to develop dedicated ML al-
gorithms, including new methodologies to estimate the Functional Ability Scale concerning the patient’s
quality of movement during the performance of ADLs; secondly, the focus was to develop extended ML
algorithms to derive the Fugl-Meyer Assessment, for the severity of motor impairment assessment, tak-
ing advantage of the knowledge learned from the preceding Functional Ability Scale estimations. With
this, clinicians are empowered with tools to consistently perform rehabilitation interventions in the plan
of care, adjusted accordingly to the outcomes of patient-specific responsiveness and in an unobtrusive
way.

As mentioned, following an event such as a TBI or stroke, clinical assessments are essential to eval-
uate the rehabilitation intervention aiming to treat the sequelae of these events, specially upper-limb
hemiparesis, which constitutes a significant limitation in the activities of daily living performance. How-
ever, traditionally the rehabilitation assessment outcome measures are solely collected at two time points:
baseline and discharge. The clinicians usually perform the assessments in order to identify movement
dysfunctions. The latter is of highly challenging reproducibility as each clinician has a particular back-
ground, clinical judgment, and time available. Consequently, it is desirable to objectively quantify the
motor improvement or decline in motor gains.

This Dissertation leveraged the potential shown by wearable sensors and powerful Machine Learning
algorithms, which constitute technologies with the capacity to enable researchers and clinicians to collect
data at multiple time points and consequently make the clinical intervention adjustment less challenging
and more efficient. Accordingly, with our proposal, automation of two widely used clinical scores is
achieved with the drive to empower patients to regain confidence in ADL performance by maximizing
the motor gains over the care plan.

Thus, to assess a patient’s responsiveness to clinical intervention, the FAS and FMA scales were
selected due to their well-known validity, reliability, and responsiveness in assessing upper-limb move-
ments from IMU sensors [48],[49]. The models employed are based on a RF Ensemble Learning method-
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ology which is seen as one of the most powerful ML available [38] and works by aggregating a group of
decision tree predictors (i.e., an ensemble).

Broadly translated, our findings indicate that the analysis for the movement quality, FAS, revealed
that when dealing with the small imbalanced dataset, an ADASYN rebalancing method resulted efficient.
Furthermore, a dedicated Hierarchical model with a Binary Classifier and Regression on the second level
is the best solution to derive scores with a particular focus on high-motor functioning patients. The final
model achieved excellent performance with a coefficient of determination, R2, of 0.91.

In addition, the main contributions of this research pertaining the motor Impairment, FMA, highlight
that the subset of Tasks 1 (Opening/Filling a Bottle), Task 4 (Unfolding Towel), and Task 5 (Ironing)
emerges as the optimal subset of tasks to derive the FMA. Moreover, adding the FAS scores into the
final model for both single tasks and final combined predictions was revealed to be key to improving
the performance by providing quality movement knowledge. As a result, the final model achieved good
performance with a coefficient of determination, R2, of 0.79.

Previously published studies have shown the feasibility of deriving the FMA from wearable sensors
data collected from the WMFT [53]. Therefore, our analysis is concentrated on incorporating not only
the wearable sensor data but also taking advantage of the hierarchical model developed to derive FAS
predictions in order to improve the final FMA model predictions. Overall, our results are encouraging,
demonstrating the feasibility of this analysis with relevant outcomes.

The performing tasks were also explicitly selected and adapted to reproduce motor patterns of activi-
ties of daily living. Thus, in this research, the patients were assessed on tasks that enabled more freedom
of upper-limb movements, concentrating on successfully accomplishing each task goal.

Finally, as demonstrated, the analysis conducted in this research exhibited the relevance of devel-
oping improved methodological quality for assessing ABI patients’ upper-limb motor performance in
this area, showing the feasibility of these procedures to assist clinicians in overcoming patient’s mo-
tor nonuse, improve the hemiparetic upper extremity range of motion and ADL task performance by
performing precision-rehabilitation.

6.2 Contributions

As a final remark, I want to highlight that the results of this research project have been used to
contribute to the IEEE/ACM International Conference on Connected Health: Applications, Systems and
Engineering Technologies (CHASE), which took place in Washington, D.C., USA, on November 17-19,
2022 (Appendix A).

• C. Ernesto, F. Parisi, C. Adans-Dester, A. O’Brien, G. Vergara-Diaz, R. Black-Schaffer, R. Za-
fonte, H. Ferreira, and P. Bonato, ”Wearable Technology and Machine Learning to Monitor Upper-
Limb Use in Brain Injury Survivors,” in 2022 IEEE/ACM International Conference on Connected
Health: Applications, Systems and Engineering Technologies (CHASE). Arlington, VA, USA: In-
stitute of Electrical and Electronics Engineers Inc., 2022, pp. 180-181.

Furthermore, the results presented in this Master’s Dissertation are foreseen to be published in one
peer-reviewed publication.
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6.3 Future Work

This work portrays the potential of using wearable sensors and powerful Machine Learning algo-
rithms to improve the assessment of upper-limb rehabilitation outcomes post Acquired Brain Injury
lesions. Innovative tools were developed to tackle patient-specific motor gain rehabilitation driven by
quantitative measures, empowering clinicians and patients and translating into shorter, more consistent
rehabilitation programs. Similarly, these technologies show the potential to diminish the financial bur-
dens associated with stroke and TBI lesions, which represent a significant drain on economic resources,
affecting society and health services.

The Motion Analysis laboratory is currently conducting a study that aims to collect data using IMU
sensing technology in stroke patients with upper-limb hemiparesis. The study assessment brings more at-
tention to the quality recording of the signals and environmental conditions. Furthermore, more subjects
were recruited and enrolled in the study to heighten the statistical power of the analysis. The study is
encouraging due to transitioning from a clinical setting, such as the one included in this Dissertation, into
a simulated apartment located at the Spaulding Rehabilitation Hospital. The activities are not scripted,
enabling an even less constrained environment to assess upper-limb motion. Again, the sensing technol-
ogy is innovative, including utilizing two ring sensors per hand to replace the two-axis accelerometers
used solely in the patient’s affected index and thumb. The hypothesis is that this new technology can
better capture fine motor control when manipulating objects involved in the activities. I was able to con-
duct the first data collection and several upcoming ones, and it was remarkable to observe the patient’s
activities of daily living performance. Also, in this case, there was a setup of video recordings, enabling
multiple clinicians to label the assessment a posteriori with the possibility of rewatching each clip, hence
enabling less interrater variability. After listening to the user requirements, I developed the templates of
the clinical labeling system to be used in the novel study. It is interesting to note that with this new clin-
ical study setup, more clinical scales can be labeled due to the overcoming of the limited time available
in the patient visit; in this way, new algorithms can be created, and hopefully, more clinical scales can be
automated and improved.

Furthermore, it would be desirable to assess not only patients’ motor capacity (evaluated in the clinic)
but likewise the patient’s performance which is what patients can actually do in the home and community
settings. This is particularly relevant because ABI patients usually use compensatory strategies in the
home setting (i.e., have the motor ability but don’t particularly use it with the hemiparetic limb), making
it of high relevance to provide constant feedback during the plan of care. Thus, the Motion Analysis team
is collaborating and hosting workshops in Connected Eldercare with other US universities as part of the
NSF Engineering Research Center. This project aims to discuss and evaluate pilot studies, including the
use of wearable sensing technology in the home and community settings so that clinicians and caregivers
can access elderly homes and provide care services remotely.

Regarding the sensing technology, overall, the wearable sensors used in this Dissertation met the user
requirements such as accuracy, comfort, and ease of use. Advances in micro-electromechanical systems
(MEMS) have facilitated the development of miniaturized accelerometers; this is of special relevance
because, in-home and community settings, the long-term monitoring of patients implies that patients or
caregivers would have to place the sensing technology in the upper-limbs. Thus, exploring the possibility
of a minimum set of sensors to be employed should be leveraged and studied.

To conclude, in the future, novel wearable devices to monitor ABI patients outside of the clinical
setting will enable a transition from clinician-reported outcomes to sensor-based outcome estimates that,
among others, maximize Acquired Brain Injury patients’ motor gains.
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A Appendix I. IEEE/ACM CHASE 2022 International Conference Break-
through Poster Paper
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B Appendix II. Functional Ability Scale

Figure B.1: Functional Ability Scale (FAS) scores descriptions. Adapted from [11].
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C Appendix III. Fugl-Meyer Assessment for Upper Extremity

Figure C.1: Fugl-Meyer Assessment for Upper Extremity scores descriptions (Part I). Adapted from [12].
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Figure C.2: Fugl-Meyer Assessment for Upper Extremity scores descriptions (Part II). Adapted from [12]
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D Appendix IV. Additional Functional Ability Scale Model 3 Results

Figure D.1: Confusion Matrices concerning Model 3 Merged Hierarchical results to predict Tasks 1-4 Single Task Scores
concerning FAS classes 2 to 5. (a) Task 1. (b) Task 2. (c) Task 3. (d) Task 4.
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Figure D.2: Confusion Matrices concerning Model 3 Merged Hierarchical results to predict Tasks 5-8 Single Task Scores
concerning FAS classes 2 to 5. (e) Task 5. (f) Task 6. (g) Task 7. (h) Task 8.
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E Appendix V. Additional Fugl-Meyer Assessment Model 1 Results

Figure E.1: RMSE of the FMA Single Tasks Scores estimated with FMA Model 1. Emphasized in red is the lowest RMSE
taking into account all Tasks comparisons.

Figure E.2: RMSE of the FMA Single Tasks Scores estimated with FMA Model 1 for each patient. Emphasized in red is the
lowest RMSE taking into account all subjects comparisons.
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