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Resumo

A doença de Parkinson é uma doença crónica, progressiva e neurodegenerativa, que se

prevê que vá ser diagnosticada a 12 milhões de pessoas até 2040. Um dos sintomas cardi-

nais desta doença é o tremor. O tremor é caracterizado como ummovimento involuntário

e oscilatório de uma parte corporal e pode ser dividido em tremor de repouso, tremor pos-

tural e tremor cinético. O tremor associado a doença de Parkinson é caracterizado por

um tremor regular e assimétrico de 3-6 Hz e é geralmente tremor de repouso e/ou tremor

postural. Atualmente, a doença de Parkinson e o tremor são geralmente avaliados por

um especialista treinado que avalia os sintomas de acordo com aUnified Parkinson’s Dis-

ease Rating Scale (UPDRS). Contudo, devido a ser subjetivo e representar apenas uma

pequena amostra de como os sintomas afetam o sujeito durante o dia, este método exibe

uma alta variabilidade para o mesmo sujeito e uma baixa confiabilidade de teste-reteste.

Consequentemente, outros métodos para avaliar o tremor, que não têm as mesmas limi-

tações, estão a ser propostos e implementados. Estes métodos baseiam-se no uso de sen-

sores inerciais, como o acelerómetro e o giroscópio, e na computação dos dados recolhidos

usando esses sensores. Esta dissertação contém uma revisão sistemática da literatura e

a proposta de uma aplicação móvel para a recolha de dados de acelerómetro e giroscó-

pio durante a realização de cinco testes, três deles baseados em movimentos realizados

para a avaliação com a UPDRS e dois deles que recriam atividades do dia-a-dia. Esta apli-

cação também inclui três questionários diários que contextualizam os sinais recolhidos.

Para além disso, é proposto um framework computacional para a avaliação do tremor,

incluindo as etapas de pré-processamento, extração de características e análise de dados.

A etapa de análise de dados é dividida em duas tarefas, a distinção entre pessoas com

a doença de Parkinson e do grupo de controlo, e a estimativa da pontuação da escala do

tremor de repouso daUPDRS. O classificadorBagging tree foi implementado para ambas

as tarefas, tendo apenas obtido bons resultados para a distinção entre os dois grupos, com

uma taxa de acerto de 85.3%. Adicionalmente, forampropostos doismétodos umbaseado

no kurtosis e outro baseado base no número de janelas de 10 segundos do sinal em que

a frequência fundamental está na banda de frequências associada ao tremor de repouso.

Para estes métodos foram obtidas taxas de acerto de 83.3% e 87.88%, respetivamente.

Palavras-chave

Doença de Parkinson, Tremor, Sensores inerciais, Machine learning, kurosis, pontuação

da UPDRS
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Resumo Alargado

0.1 Introdução

Neste capítulo a dissertação e contextualizada e a sua motivação é apresentada. A mo-

tivação é a criação de um sistema completo para a recolha de dados de tremor com o

acelerómetro e o giroscópio do telemóvel usando uma aplicação móvel e analise desses

mesmos dados com o objetivo de suportar o diagnóstico da doença de Parkinson e/ou

monitorizar a progressão do tremor. Para além disso, a organização da dissertação, sendo

esta a mesma que a organização deste resumo alargado, é descrita. Esta dissertação está

dividida em seis capítulos, sendo estes: A introdução; O estado da arte, onde e são ap-

resentadas uma revisão bibliográfica e um revisão sistemática da literatura; O design da

aplicação móvel, onde esta aplicação para a recolha de dados é proposta; O framework

computacional, onde as etapas de pré-processamento, extração de características e análise

de dados são detalhadas; Os resultados e discussão, onde os resultados dos métodos pro-

postos são apresentados e discutidos; A conclusão e trabalho futuro, onde são tiradas as

conclusões finais e são descritos os possíveis trabalhos futuros.

0.2 Estado da arte

Inicialmente neste capítulo é feita uma introdução a tópicos importantes para contextu-

alizar o resto da dissertação. Estes tópicos incluem uma introdução à doença, ao tremor,

ao método utilizado atualmente e aos novos métodos. Para além disso, uma revisão sis-

temática da literatura é apresentada, detalhandoosmétodos implementados para a recolha

e processamento dos dados em diferentes artigos.

A doença de Parkinson é uma doença crónica, progressiva e neurodegenerativa. Mais de

10 milhões de pessoas em todo o mundo estão diagnosticadas com esta patologia e é esti-

mado 12 milhões de pessoas terão o mesmo diagnóstico até 2040. Apesar de apresentar

diversos sintomas motores e não motores, este estudo e focado no tremor, um dos seus

sintomas cardinais. O tremor associado à doença de Parkinson é caracterizado como um

tremor regular e assimétrico de 3 a 6 Hz, que é tipicamente tremor de repouso, apesar

de alguns sujeitos também experienciarem tremor postural, e no início da doença, afeta

principalmente as mãos. Atualmente, o método tipicamente usado para a avaliação da

doença de Parkinson e do tremor associado a esta patologia é a Unified Parkinson’s Dis-

easeRating Scale (UPDRS). Apesar de ser ummétodo validado, a avaliação clínica usando

esta escala é subjetiva e referente apenas a uma amostra de como os sintomas afetam o

paciente ao longo do dia. Devido a estas limitações, novos métodos para medir, anal-

isar e quantificar tremor estão a ser propostos. Estes métodos utilizam sensores como
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acelerómetros e giroscópios para as recolhas de dados em ambiente controlado, como na

clínica, ou para recolhas em casa ou durante o dia-a-dia normal do sujeito.

Após a aplicação dos critérios de exclusão, um total de 9 publicações foram incluídas na

revisão sistemática da literatura. Esta revisão está dividida nos dados, na tecnologia,

no design experimental, e no framework computacional, que contém as etapas de pré-

processamento, extração de características e a análise de dados. Todas as publicações

incluídas usaram acelerómetro, tendo algumas utilizado também outros sensores, para a

recolha de dados. Estas recolhas foram realizadas em ambiente controlado ou durante as

atividades normais do sujeito, fora da clínica, tipicamente com os sensores posicionados

nasmãos ou pulsos. No pré-processamento o sinal é filtrado, segmentado e/ou a frequên-

cia de amostragem é reduzida. As características extraídas são bastante distintas entre

estas publicações. Por último, para a análise dos dados foram aplicados principalmente

métodos demachine learning ou análise estatística.

0.3 Design da Aplicação Móvel

Nesta capítulo, uma aplicação móvel para a recolha de dados de pessoas com a doença

de Parkinson é proposta. Esta aplicação recolhe dados de sensores e as respostas a ques-

tionários que contextualizam estes dados. Os dados de sensores são recolhidos com o

acelerómetro e o giroscópio do telemóvel a uma frequência de amostragem de 50 Hz, du-

rante a realização de 5 testes. Estes testes são o teste do tremor de repouso, o teste do

tremor postural, o teste do tremor cinético, o teste de escrever/desenhar, e o teste de lev-

antar o copo. Os três primeiros testes são baseados nos testes realizados para a avaliação

dos respetivos tipos de tremor na UPDRS e os dois últimos testes recriam atividades do

dia-a-dia. A aplicação contém três questionários, sendo estes o questionário matinal, o

questionário do almoço e o questionário noturno. Idealmente os testes são efetuados jun-

tamente com os questionário três vezes ao dia.

0.4 Framework computacional

Neste capítulo, a base de dados utilizada é introduzida e o framework computacional,

implementado em python, para a avaliação do tremor associado à doença de Parkinson é

introduzido. O framework computacional está dividido no pré-processamento, a extração

de características e a análise dos dados, que por sua vez contem dois métodos para a dis-

tinção entre pessoas com Parkinson e pessoas do grupo de controlo e dois métodos para

estimar a pontuação da escala de tremor de repouso da UPDRS.

A base de dados utilizada para a implementação do framework computacional contem

dados de acelerómetro de 17 pessoas com a doença de Parkinson e 17 pessoas saudáveis,
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como grupo de controlo. Os dados foram adquiridos com uma frequência de amostragem

de 31.25 Hz, usando 5 sensores MC 10 BioStamp RC colocados no tronco, em ambas as

coxas, e em ambos os antebraços, contudo para este estudo só foramusados dados dos an-

tebraços. A recolha de dados foi iniciada durante a avaliação clínica da UPDRS e contin-

uou durante cerca de dois dias, recolhendo dados durante a atividade normal do dia-a-dia

do sujeito. Para além disso, esta base de dados contém a pontuação da escala de tremor

de repouso da UPDRS determinada durante a avaliação clínica. Um intervalo de 4 horas,

com início 5 minutos depois do fim da avaliação, foi selecionado para cada antebraço de

cada paciente. Os pacientes estão sob o efeito de medicação durante este período.

Na etapa de pré-processamento, a magnitude do sinal do acelerómetro durante o período

de 4 horas selecionado é calculada. Um filtro Butterworth passa-alto de 4a ordem com

uma frequência de corte de 0.5 Hz foi usado e o sinal dos eixos X, Y, e Z e da magnitude

foram segmentados em janelas de 10 segundos.

As características extraídas do sinal foram características dos domínios do tempo e da

frequência. As características extraídas do domínio do tempo foram o valor quadrático

médio, o alcance, a média, a variância, a skewness e o kurtosis. As características do

domínio do tempo foram extraídas da densidade espectral da potência, estimada através

dométodo deWelch. Essas características forama área debaixo da curva, o valor de pico, a

frequência fundamental, a frequência central, a dispersão da frequência, e o valor absoluto

da diferença entre a frequência central e a frequência fundamental.

Para a distinção entre pessoas com a doença de Parkinson e pessoas do grupo de con-

trolo, foi implementado o classificador Bagging tree. Este classificador foi aplicado de

modo a devolve a percentagem de janelas classificadas como Parkinson. Foi considerado

que uma percentagem de 50% era classificada como inconclusiva, acima era como grupo

de Parkinson e abaixo como grupo de controlo. O classificador foi aplicado ao sinal de

cada antebraço e o paciente é considerado como parte do grupo de pessoas com Parkin-

son quando pelo menos um dos antebraços tiver a mesma classificação. Para além disso,

os valores de média ou soma de cada característica, para cada eixo de cada paciente foi

calculado. A correlação destes valores com a distinção entre os dois grupos de pacientes

foi calculada. A característica com a correlação mais elevada foi o kurtosis no eixo Y. Pos-

teriormente, os valores demédia e desvio padrão para as somas desta característica foram

calculados e usados para estabelecer intervalos padrão dos valores que esta característica

assume para ambos os grupos.

Para a estimativa das pontuações da escala do tremor de repouso da UPDRS o mesmo

classificador, Bagging tree, foi implementado. Antes disso, para a classificação o número

de janelas com uma pontuação de 1, 2, e 3 na escala foi sinteticamente aumentado. Outro

método proposto para esta estimativa é baseado na frequência fundamental. Emprimeiro

lugar, as janelas com frequência fundamental na bandade frequências associada ao tremor

de repouso foram selecionadas. A pontuação da escala da UPDRS foi estimada através do

número de janelas selecionadas para o sinal de 4 horas. Adicionalmente, o método tam-
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bém foi aplicado para intervalos de 2 horas e 1 hora. Para tal, intervalos do número de

janelas correspondente a cada pontuação da escala para cada intervalo de tempo foram

estabelecidos. Ao dividir o número de janelas pelo limite definido para a pontuação mais

baixa para cada intervalo a predição da pontuação da escala é obtida.

0.5 Resultados e Discussão

Neste capítulo os resultados obtidos para os métodos propostos no capítulo anterior são

apresentados e discutidos.

Para a distinção entre o grupo de pessoas com a doença de Parkinson e do grupo de con-

trolo, o classificador obteve uma taxa de acerto de 85.3%. O antebraço esquerdo do pa-

ciente 22, o antebraço direito dos pacientes 24 e 45 foram classificados como inconclu-

sivos. Contudo, através da classificação do outro antebraço de cada um destes pacientes,

os pacientes 22 e 45 foram corretamente classificados como parte do grupo de controlo e o

paciente 24 foi incorretamente classificado como parte do mesmo grupo. Os pacientes 13

e 44 foram classificados como parte do grupo de controlo em ambos os antebraços, apesar

de pertencerem ao grupo de pessoas com Parkinson. Estes pacientes têm um tremor com

umapontuação de0na escala de tremor de repouso daUPDRS, para ambos os antebraços.

Esta pontuação está associada à ausência de tremor, o que pode justificar esta classificação

incorreta. Os pacientes 16 e 18 foram incorretamente classificados como parte do grupo

de pessoas com a doença de Parkinson, devido à classificação incorreta de um dos seus

antebraços.

O kurtosis no eixo Y, obteve uma correlação de -0.71 com a distinção entre os grupos

de pessoas com a doença de Parkinson e pessoas do grupo de controlo. Os valores da

média do kurtosis no eixo Y de todas as janelas de cada antebraço de cada paciente foi

classificado como Parkinson ou controlo de acordo com o intervalos para os valores desta

característica defendidos para cada grupo. Este método obteve uma taxa de acerto de

83.3%. Ao aplicar este método aos antebraços dos pacientes 22, 24 e 45, classificados

como inconclusivos pelo classificador, o paciente 24 passa a ser classificado corretamente.

Deste modo, a taxa de acerto para a conjugação dos dois métodos é 88.2%.

O classificador Bagging Tree implementado para a estimativa da pontuação da escala do

tremor de repouso classificou a maior parte das janelas para cada paciente como tendo

uma pontuação 0, não tendo bons resultados para esta tarefa. Estas classificações podem

ser devido ao tremor não ser constante. O tremor associado à doença de Parkinson variar

em intensidade ao longo do dia e não está constantemente presente. Em particular para

as pontuações 1 e 2 da escala, o tremor é caracterizado como infrequente. Contudo, foi

possível verificar que a percentagem de janelas classificadas com a pontuação 0 é infe-

rior para janelas com as pontuações reais 1, 2 e 3, em comparação com as janelas com

pontuações reais de 0.
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Para o método que usa o número de janelas com a frequência fundamental na banda de

frequências do tremor de repouso, a taxa de acerto foi determinada para os intervalos de

tempo de 4, 2 e 1 hora e para os eixos X, Y e Z, para a magnitude e para a média dos eixos

X, Y e Z. Concluímos que as previsões falham a maioria das vezes para a magnitude, que

apresenta as taxas de acerto mais baixas para todos os intervalos de tempo. As melhores

taxas de acerto para os intervalos de 4 e 2 horas foram obtidas com o eixo X, e para o

intervalo de 1 hora foi obtida com o eixo Y. A taxa de acerto mais elevada dos eixos, mag-

nitude e média para todos os intervalos de tempo foi 87.88% para o eixo X no intervalo

de 4 horas.

0.6 Conclusão e Trabalho futuro

Neste capítulo são retiradas as conclusões finais da dissertação e tarefas para trabalho

futuro são propostas.

A aplicação móvel proposta nesta dissertação para a recolha dados de tremor pode ser

complementada com alguns dosmétodos propostos para a avaliação de tremor, formando

um sistema para a recolha e análise do tremor associado à doença de Parkinson. Para

além disso, um dispositivo com sensores pode, no futuro, ser conectado à aplicação, per-

mitindo a recolha continua de dados. Este dispositivo pode conter sensores para além

de acelerómetro e giroscópio, o pode providenciar mais informação sobre o tremor e/ou

informação sobre outros sintomas. Contudo, a aplicabilidade da aplicação para a recolha

de dados em ambiente clínico e em casa teria que ser testada. A recolha de dados du-

rante avaliações clínicas da UPDRS a uma frequência de amostragem de 50 ou 100 Hz

pode melhorar os resultados obtidos nesta dissertação. Para a distinção entre o grupo de

pessoas com a doença de Parkinson e o grupo de controlo, os resultados do classificador

podem ser melhorados aplicando a seleção de características e os resultados do kurtosis

podem ser melhorados testando diferentes argumentos desta característica. Para a esti-

mativa da pontuação da escala de tremor da UPDRS, métodos de machine learning não

supervisionados ou semi supervisionados podem obter melhores resultados para o clas-

sificador. Por último, também para a estimativa das pontuações da escala do tremor de

repouso, o cálculo das correlações entre as pontuações e as características em janelas com

a frequência fundamentar na banda de frequências do tremor de repouso pode revelar

novas abordagens para a estimativa das pontuações.
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Abstract

Parkinson’s disease (PD) is a chronic, progressive, and neurodegenerative disorder, pre-

dicted to be diagnosed for 12 million people by 2040. One of the cardinal symptoms of

this disease is tremor. Tremor is characterized as an involuntary and oscillatory move-

ment of a body part and can be divided into rest tremor, postural tremor, and kinetic

tremor. The tremor associated with PD is characterized by a 3-6 Hz, regular, asymmet-

rical tremor and is commonly a rest and/or postural tremor. Nowadays, PD and tremor

are usually evaluated by a trained specialist who assesses the symptoms according to the

Unified Parkinson’s Disease Rating Scale (UPDRS). However, due to being subjective and

representing only a small sample of how symptoms affect the subject during the day, this

method exhibits a high within-subject variability and a low test-retest reliability. Conse-

quently, other methods to evaluate tremor that don’t have the same limitations are being

proposed and implemented. These methods rely on the use of inertial sensors, like an ac-

celerometer and a gyroscope, and the computation of data collected using these sensors.

In this dissertation, a systematic literature review is presented and a mobile app is pro-

posed for the collection of accelerometer and gyroscope sensor data during the perfor-

mance of five tests, three of them are based on movements performed for the UPDRS

evaluation and two of them intend to recreate activities of daily living. This app also in-

cludes three daily questionnaires that contextualize the signals collected. Furthermore, a

computation framework for the evaluation of tremor is proposed, including the prepro-

cessing, feature extraction, and data analysis steps. The data analysis step is divided into

two tasks, the distinction between people with Parkinson’s disease (PwPD) and healthy

controls (HC) and the estimation of UPDRS rest tremor scores. A Bagging tree classifier

was implemented for both tasks, achieving a good result only for the distinction between

the two groups, with a success rate of 85.3%. In addition, a method based on the kurtosis

and a method based on the number of 10-second windows in the signal where the funda-

mental frequency is in the rest tremor frequency band. These methods obtained success

rates of 83.3% and 87.88%, respectively.

Keywords

Parkinson’s disease, Tremor, Inertial Sensor, Systematic literature review, Computation

framework.
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Chapter 1

Introduction

1.1 Context and motivation

Parkinson’s Disease (PD) is the fastest growing neurological disease and the second most

commonneurological disorder [1, 2]. This disease can cause severalmotor and non-motor

symptoms, with tremor being one of the cardinal symptoms [2]. Tremor is the most com-

monmovement disorder and an individual with PD can have rest tremor, postural tremor,

and/or kinetic tremor. In PD this symptom typically manifests at rest, and during the on-

set of the disease, tends to affect the hands [1, 3]. The method commonly used to evaluate

PD and tremor associated with PD is the Unified Parkinson’s Disease Rating Scale (UP-

DRS) [1]. Despite being a validated method the UPDRS has limitations, which lead to

the proposal of new methods, such as the use of inertial sensors, like accelerometer and

gyroscope, and machine learning algorithm to measure and quantify tremor [1, 3].

Themainmotivation for this dissertation is to provide a complete system for the collection

of tremor data using an accelerometer and gyroscopewith amobile app, that could be used

in the clinic or at home, and the analysis of that data to help support diagnosis and/or

monitor the progression of tremor and the disease.

1.2 Problem statement and objectives

PD manifests differently for different people, which makes the monitoring of the disease

progression and symptoms extremely important in the selection and changes necessary in

the treatment plan [2, 4]. However, the UPDRS, currently used for the monitoring of PD

and its symptoms exhibits a high within-subject variability and low test-retest reliability

[1, 5]. Furthermore, the clinical assessments using this scale are subjective to the specialist

performing the assessment and do not provide an accurate representation of how tremor

affects the patient during the day [1, 5]. The implementation of new methods based on

wearable inertial sensors and data analysis are promising for the accurate monitoring of

PD and tremor since they are not subjected to the same limitations as the UPDRS.

The mobile app proposed collects accelerometer and gyroscope sensor data using sensors

in the phone and answers to three daily questionnaires to contextualize the sensor data.

For the computation framework, steps of preprocessing, feature extraction, and data anal-

ysis are implemented using the dataset collected in [6]. The data analysis will include a
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short evaluation of Welch’s periodograms extracted from the signals of each subject of

the dataset. However, this step will be mainly focused on the distinction of between peo-

ple with PD (PwPD) and healthy controls (HC) and the estimation of UPDRS rest tremor

scores. A Bagging tree classifier will be implemented for both these tasks and a different

analytical method will be proposed for each task.

The main objective of this dissertation is to propose different approaches for the evalua-

tion of tremor associated with PD and obtain promising results for both tasks mentioned

previously.

1.3 Main contributions

The main contributions of this study are the following:

• A systematic literature review summarizing the datasets, technology, experimental

design, and computation framework used in different publications for the assess-

ment of PD tremor;

• A proposed mobile app for the collection of sensor data;

• A method using a Baging tree classifier and values of kurtosis extracted from the

signal’s features to distinguish between PwPD and HC;

• A method based on the number of windows from the signal where the frequency of

their highest peak in Welch´s periodogram is in the typical rest tremor frequency

band for the estimation of UPDRS rest tremor scores.

1.4 Dissertation organization

This dissertation contains the following chapters:

• Chapter 1: This chapter contains a brief introduction of the topics of this study, con-

textualizing the dissertation, themotivation, and objectives, as well as themain con-

tributions of this study;

• Chapter 2: This chapter contains a state-of-the-art, where context on the disease

and the methods used in its evaluation are provided, and a Systematic Literature

Review summarizing and detailing the methods used for the assessment of tremor

in different publications;

• Chapter 3: In this chapter amobile app for the collection of sensor data and answers

for three daily questionnaires is proposed;
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• Chapter 4: In this chapter, the dataset is introduced and methods for the distinc-

tion between PwPD and HC and the estimation of UPDRS rest tremor scores are

proposed;

• Chapter 5: This chapter contains the results of the proposed methods and their dis-

cussion;

• Chapter 6: This chapter discusses the conclusions of this dissertation and estab-

lishes prospects for future work.
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Chapter 2

State-of-the-Art

2.1 Background

Parkinson’s disease (PD) is a chronic, progressive, and neurodegenerative disorder [1]. It

is the fastest growing neurological disease [7], and it is estimated that 12 million people

will be diagnosed by 2040 [5]. Currently, more than 10 million people worldwide are

diagnosed with PD, making it the second most common neurodegenerative disorder [2].

Despite the existence of risk factors, like head injury or exposure to toxic chemicals, PD

is likely to have a multifactorial etiology, resulting from both environmental and genetic

factors [8].

This disease is defined by the degeneration of dopaminergic neurons in the brain’s sub-

stancia nigra (SN) and is associated with intraneural protein aggregates, the Lewy bodies,

and Lewy neurites. Lewy bodies are cytoplasmic inclusions containing α-synuclein aggre-

gates. Furthermore, recent studies found that the loss of dopaminergic terminals in the

striatum is crucial to the onset of PDmotor symptoms. Nonetheless, PD also involves non-

dopaminergic neurons [8]. In addition, the Braak model suggests that the disease starts

in the medulla and olfactory bulb, and, in this phase, is mainly associated with rapid eye

movement (REM) sleep behavior disorder and decreased smell. The disease then pro-

gresses to the SN pars compacta and other basal forebrain and midbrain structures and

is associated with the typical motor symptoms. In a more advanced stage, it progresses to

the cerebral cortices and leads to cognitive impairment and hallucinations [9]. The effect

of PD in the substancia nigra as well as a Lewy body are shown in figure 2.1.

This disease may cause the patients to feel several motor and non-motor symptoms, such

as postural instability, dyskinesia (involuntary muscle movement, sometimes caused by

long-term use of medication), muscular rigidity, dementia, impaired speech, hyposmia,

rapid eye movement sleep behavior disorder, personality change, and depression [2, 10,

11, 1]. Furthermore, the symptoms most associated with each motor stage of the disease

are described in table 2.1. Nonetheless, the cardinal symptoms, generally used to make a

diagnosis, are bradykinesia, rigidity, and tremor [2].

From these cardinal symptoms, the tremor is considered the most common movement

disorder and is characterized as an involuntary, oscillatorymovement of a body part, clas-

sified according to its clinical features and cause. An individual with PD can display one

ormore types of tremor, those being rest tremor (RT), postural tremor and kinetic tremor

[3].
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Figure 2.1: (A) Deterioration of the substancia nigra in PD, compared to normal. In ad-
vanced cases, the loss of dopaminergic neurons results in the depigmentation of the SN.
(B) Lewy body in a SN neuron. Adapted from [8].

Table 2.1: Various symptoms that occur at each motor phase of PD. Retrieved from [10].
Stages Symptoms
Stage 1 One sided resting tremor, misaligned posture, changes in walking pattern, and altered fa-

cial expressions.
Stage 2 Symmetric tremor and movement disorders, altered gait and posture.
Stage 3 Imbalance, poor gait, and sudden fall due to imbalance are often present.
Stage 4 Aggravated movement disorders, would require some assistance for standing and walking.
Stage 5 Usage of the wheelchair becomes necessary as legs become stiff, making standing or walk-

ing impossible.

The tremor associated with PD in particular is characterized by a 3-6 Hz, regular, asym-

metrical tremor. This symptom usually manifests itself at rest and, at the onset of the

disease, commonly affects the hands. Regardless, a moderately severe postural tremor is

experienced by half the PD patients [1, 3, 12].

A patient experiencing postural tremor typically also experiences rest tremor. Despite

the distinction between these types of tremor being difficult, it is an important step in the

correct diagnosis of different subtypes of PD and differentiation between PD and essential

tremor [1].

Due to the heterogeneity of this disease, accurate monitoring and assessment of symp-

toms, such as tremor, is extremely important in selecting the correct treatment and in

making changes to the treatment plan [2, 4]. Changes in the patients’ treatment plan

are essential as the disease progresses and the severity of the symptoms increases, help-

ing maintain the symptoms controlled. Currently, the available treatments for PD motor

symptoms include pharmacological, surgical, Deep Brain Stimulation (DBS), and other

therapeutic interventions [7].
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Nowadays the golden standard to quantify the severity of PD and characterize tremor is

the Unified Parkinson’s Disease Rating Scale (UPDRS). This scale is a validated method

that requires an experienced professional to perform the assessment. Due to the scores

being given according to the visual perception of the examiner, this evaluation is subjective

to him, making this method have a low degree of objectivity, impartiality, and sensitivity

[1]. In addition, the UPDRS is, sometimes, supplemented with patients’ diaries, where

the patients take note of their symptoms throughout the day. Despite providing a better

understanding of the severity of symptoms, these diaries are not completely reliable due

to often not being maintained over a long period of time and depending on the patient’s

perspective [7].

The UPDRS is divided into four parts, those being:

1. Non-Motor Aspects of experiences of Daily-Living;

2. Motor Aspects of Experiences of Daily Living;

3. Motor Examination;

4. Motor Complications.

Tremor is evaluated in the second and third parts. In the second part, the patient is asked

how their shaking or tremor was during the past week, and the scores from 0 to 4 are

given according to the answer. In the third part, the patient performs specificmovements,

presented in figure 2.2, and a specialist visually assesses the amplitude of the tremor,

giving the corresponding score [13]. Furthermore, the given scores and their guidelines

are presented in table 2.2.

Table 2.2: UPDRS scores for resting tremor. Retrieved from [10].
RT scores Guidelines

0 Absent/normal
1 Slight (infrequently present for a short duration)
2 Mild (infrequently present for a considerably long duration)
3 Moderate (present most of the time with moderate amplitude)
4 Severe (present most of the time with marked amplitude)

Current methods exhibit a high within-subject variability and low test-retest reliability,

and thus cannot accurately quantify the tremor presented by an individual [1, 5]. Fur-

thermore, physical exams performed in a clinic provide only a small sample of PD signs,

which may not accurately represent a patient’s function at home [5].

As a result of the disadvantages stated, newmethods used tomeasure, analyze, and quan-

tify tremor, that don’t rely exclusively on the interpretation of the experienced profes-

sional, are being proposed. Someof thesemethodsmakeuse of transducer-basedmethod-

ologies, like accelerometry, electromyography, gyroscope data, electromagnetic tracking,

actigraphy, or digitizing tablets [3]. Methodologies such as accelerometry or gyroscope
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data require the use of inertial sensors, that transduce inertial force into a measurable

electrical signal. These sensors measure voluntary or involuntary movements. Their use

helps discriminate different types of tremor and support a clinical diagnosis [1]. Research

has shown the feasibility of using these sensors to quantify motor signs of PD [5].

Accelerometers are considered the minimum necessary sensor to characterize human ac-

tivity. This sensor consumes a relatively low amount of power when compared to other

inertial sensors, like gyroscopes. Nonetheless, it is not certainwhether accelerometer data

alone is sufficient or whether other sensors are necessary to characterize the symptoms

and improve detection. Data collected from gyroscopes attached to the forearm or fin-

ger of a patient are also effective in the measurement of tremor [2]. Additionally, the

sampling rates of these wearable sensors can be adjusted to increase temporal resolution,

improving model accuracy at the cost of an increase in the power and memory necessary

[7].

Themechanismunderlying themeasure of acceleration is based on theprinciples ofHooke’s

Law, F = kx, and Newton’s second law of motion, F = ma. In addition, this mechanism

can be described as amass-spring system. When the system is subjected to a compression

or stretching force due to movement, the spring, whilst returning to its state, will gener-

ate a restoring force proportional to the compression or stretching. The mass,m, and the

stiffness, k, of the spring can be controlled and thus, the acceleration of the mass element

can be determined from the displacement, as is shown in equation 2.1 [14].

F = kx = ma, so a =
kx

m
(2.1)

Despite being accurate, cost-effective, and widely available, most of these devices are not

used for clinical or homemonitoring [3, 4]. This is due to their time-consumingmeasure-

ments and complexity. Furthermore, different setups and criteria are not standardized

and there is a lack of evaluations in large clinical trials of the diagnosis accuracy using

this technology [3]. However, accuracies from the existing trials exceed 85% for the de-

tection of tremor and bradykinesia, indicating the viability of these technologies for the

monitoring of PD symptoms [7].

The implementation of this technology in continuous in-the-wild monitoring is promis-

ing, however, it is heavily limited by practical considerations, such as the battery life and

memory capacity of the devices. These limitations can lead to a need to remove or replace

the devices, which may lead to intermittent usage or inconsistent device positioning [7].

Another problem is the difficulty in distinguishing between symptoms like tremor and

normal daily activities, due to noise in a signal collected in uncontrolled living conditions

[11]. Nonetheless, since resting tremor is an occasional symptom, continuous monitoring

is important to determine the severity of PD [10].
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The patient is typically asked to perform different movements or have their arms in dif-

ferent positions during both clinical evaluations by a specialist and clinical or controlled

evaluations using wearable sensors. Typically, the patient is asked to position their arm or

hand in a resting state, for the rest tremor evaluation. For the postural tremor evaluation,

the patient is asked to hold their arm against gravity. Lastly, to evaluate kinetic tremor,

the patient is asked to perform the finger-to-nose maneuver [2, 4]. These movements are

represented in figure 2.2 and are the same movements performed during UPDRS eval-

uation of these symptoms, where the tremor is accessed by the specialist. Furthermore,

when sensors are used to classify tremor in a controlled environment it is also common

to have patients perform Activities of daily living (ADL) to recreate signals generated in

their daily lives.

Figure 2.2: Assessment procedure for each type of tremor. Adapted from [2].

In general, themethods used to quantify PD symptoms can be divided into two categories.

In the first approach, external sensor data is correlated with PD symptoms through the

creation of a model based on the physical and physiological mechanisms of symptoms.

This is then used in correlation with the UPDRS scores. On the other hand, the second

approach consists of the extraction of features from the signal and the implementation of a

regression or classificationmodel tominimize prediction errors in theUPDRS scores. Due

to the lack of an establishedmodel for the correlation ofUPDRS scoreswith PD symptoms,

machine learning algorithms are typically used for the analysis [2].

Most of the feature sets proposed for PDdetection consist of time domain features, like the

mean or range, and/or frequency domain features, like the dominant frequency, the en-

ergy content in a particular band or signal entropy [11]. Additionally, there is an important

trade-off between the costs and benefits associated with data complexity in disease mon-

itoring. For example, features based on complex processing techniques, like Fast Fourier

Transform (FFT) or sample entropy, capture subtlymeaningful characteristics of a signal,

potentially increasing the accuracy of symptom detection. However, these techniques re-

quire more computation time, device memory and use more device power, increasing the

costs [7].

Machine learning algorithms create mathematical models that produce an output using

information learned from the input data. These algorithms can be supervised, unsuper-

vised, or semi-supervised. The supervised machine learning requires labeled data, with
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each training input being associatedwith an output value. Thesemethods are divided into

regression, when output data is a continuous range of values, and classification, where the

output data is a finite discrete set [15]. The unsupervised machine learning does not re-

quire the data to be labeled and instead tries to find the output by grouping the input data

by their representative characteristics. Lastly, semi-supervised machine learning uses a

mixture of labeled and unlabeled data for the training [15].

The performance of machine learning algorithms is typically evaluated with a confusion

matrix, like the one shown in figure 2.3 for a problem with two classes, where true nega-

tives (TN) is the number of input windows or samples of the signal with a negative label

correctly classified as belonging to the negative class, false positives (FP) is the number of

inputs with a negative incorrectly classified, false negatives (FN) is the number of inputs

with a positive label incorrectly classified and true positives (TP) is the number of inputs

with a positive label correctly classified [16].

Figure 2.3: Confusion matrix. Retrieved from [16].

Some metrics commonly in the evaluation of the performance are accuracy, recall, and

precision, calculated using values in the confusion matrix as shown in equations 2.2, 2.3,

and 2.4, respectively. The accuracy shows how often the algorithm makes the correct

prediction overall, the recall shows the amount of samples from the positive class that is

correctly predicted to belong to that class, and the precision shows the amount of samples

correctly predicted from all the samples predicted to be positive [16].

Accuracy =
TP + TN

TP + FP + TN + FN
(2.2)

Recall =
TP

TP + FN
(2.3)

Precision =
TP

TP + FP
(2.4)
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Currently, the processing of these signals ismainly done usingmachine learning. Machine

learning can be defined as the application of mathematical algorithms to find patterns

or structure data and make predictions, based on previous training with data. Machine

learning expands on statistical analysis methods, dealing better with high dimensional

and nonlinear data, which is important in the processing of wearable sensor data [15].

2.2 Systematic literature review

This chapter will explore the methodologies currently used to quantify the tremor of indi-

viduals with PD. For this purpose, the state-of-the-art will be in the form of a systematic

literature review (SLR). This type of review establishes a method to select publications

and extract and summarize their content. Furthermore, for the SLR, research questions

can be defined and a research protocol that can be replicated must be established.

The constant increase in the number of new technologies and methods, as well as the

evolution of previously used methods in this area, lead to the constant necessity of new

reviews. A SLR has the advantage of methodically extracting and presenting the methods

used in the field, providing a comparison between them. There are recent publications

of SLR in this area. Despite this, it was still opted to do an SLR for this thesis, due to

the benefits of this review. This will also allow the selection and extraction of important

information for the practical part of this thesis.

Therefore, in this chapter, an SLR comparing the different datasets, technologies, exper-

imental designs, and computational frameworks, currently used is presented.

2.2.1 Search strategy

The databases selected for the research were Scopus, IEEE Xplore, ScienceDirect, ACM

Digital Library, and PubMed. These databases were chosen based on their disciplinary

fields of focus. ScienceDirect, ACMDigital Library, and IEEE Xplore are focused on com-

puter science. Pubmed is focused on the biomedical field and Scopus is an interdisci-

plinary database.

The keywords used were parkinson AND tremor AND (wearable AND sensor). This re-

search was made in the title, abstract, and keywords of the publications, except for in

PubMed where the research was only on the title and abstract due to the impossibility of

including the search in the keywords.

Furthermore, the research was limited between the years 2018 and 2022, to include the

last five years.
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2.2.2 Eligibility criteria

Initially, the duplicate articles are removed. Then the remaining publications obtained

through the database research were screened for their eligibility according to previously

defined exclusion criteria. The web application Rayan QCRI [17] was used for this screen-

ing. Furthermore, the exclusion of publications can be divided into two phases.

The exclusion criteria were defined based on the research questions that this review aims

to answer. Those research questions are:

• Most common approach/application of wearable technology on tremor assessment?

• Main limitations of the current state-of-the-art?

In the first phase of exclusion, the publications were screened by their title and abstract.

These publications were excluded if they were a review, editorial, book chapter, or erra-

tum. Furthermore, publications that were not regarding tremor, sensors, and PD were

also excluded. Publications that evaluated more than one disease, used additional data

collection methods besides wearable sensors, or evaluated additional symptoms of PD

besides tremor were included, as long as they also evaluated tremor associated with PD

using sensors. Furthermore, in case of doubt that these publications fit these criteria they

were included and screened in the second phase.

In the second phase of exclusion, publications with less than 10 patients were excluded

since the patient sample size did not allow for the reliability of the study results. Publica-

tions that did the study for less than 5 dayswere also excluded since this review is intended

to focus on continuousmonitoring of tremor. If a publication had the wrong study design,

meaning that the tremor was not from PD patients and was instead simulated or the pub-

lication did not present isolated results for the tremor assessment, or for the processing

of the tremor signal, it was excluded. Furthermore, publications with no access or that

were not written in English were also excluded. Lastly, publications that did not regard

sensors, tremor, or PD and were not excluded in the first phase will be excluded.

2.2.3 Extraction of study characteristics

The information extracted from the publications was divided into tables 2.3, 2.4, 2.5, and

2.6 and belonged to one of four categories. These categories were chosen in order to ex-

tract themost relevant information regarding the topics this review intends to encompass.

The first tables, 2.3 and 2.4, contain the categories of data, technology, and experimen-

tal design. In turn, the remaining tables, 2.5 and 2.6, contain the extracted information

referring to the computation framework.

The data category aims to assess the different characteristics of the studied datasets. The

technology category defines the sensor used for the data collection as being accelerom-
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eters, gyroscopes, magnetometers, or others. The experimental design establishes the

settings in which the data was collected for the different publications. Lastly, the com-

putation framework, determines the algorithms and methods used in the preprocessing,

feature extraction, and classification of the signal data.

2.2.4 Results

The publication selection process followed the Preferred Reporting Items for Systematic

Review and Meta-Analysis (PRISMA) flowing diagram [18]. This flowing diagram is pre-

sented in figure 2.4.

Figure 2.4: PRISMA diagram of selection and exclusion of publications.

The database research resulted in a total of 200 publications. From those 15 were from

ScienceDirect, 40 from IEEEXplore, 0 (zero) fromACMDigital Library, 126 fromScopus,

and 19 from PubMed. Firstly the duplicates were removed, leaving 140 unique publica-

tions.

Then, in the first exclusion phase, the remaining publications were screened by their title,

keywords, and abstract. In this phase, 53 publications were excluded. The 87 publications

left were assessed based on the criteria previously defined for the second exclusion phase.
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A total of 77 publications were excluded, 14 were due to including less than 10 patients, 32

were due to collecting data from less than 5 days, and 21 for having a wrong study design.

Furthermore, 7 publications were excluded due to not including wearable sensors, PD, or

tremor. Lastly, 4 publications did not have open access and, thus were also excluded.

After this selection, a total of 9 publications were included in the SLR. The information

extracted from these publications can be seen in the tables 2.3, 2.4, 2.5, and 2.6.
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Table 2.3: Information collected from the publications regarding the data, technology and experimental design.

Year Study
Data Technology

Experimental design
Number of
patients

Age Sex
(M/F)

Type of
treatment

Treatment
state

A G M Other

2022 [10] 30 62.1 ±5.78 18/12 Medication Both X X Resting tremor was measured 24/7, for 10 days, using
wearable sensor glove placed on the tremor-affected hand.
Experiment was home-based and patients were asked to
rest the hand in determined positions when not perform-
ing tasks. OFF state recordings were taken as samples

2022 [5] 198 (Set 1)
and 370
(Set 2)

62.9 ±8.9
and 62.3
±8.8

128/70
and
231/139

Medication Both X X PPG and
skin con-
ductance
sensors

Set 1: patients did MDS-UPDRS evaluations, in clinic,
through clinical and video, rating andwore the sensors, on
thewrist, collecting data up to 23h/day at home; Set 2: be-
sides doing the set 1 data collections, patients did specific
evaluation tasks in the clinic, during the OFF state, within
1h ofMDS-UPDRS, and once aweek at home, 2 times a day
in ON and OFF states or 2 time 1h apart (not taking med-
ication); Tremor evaluation tasks: rest, postural tremor,
and arm twist.

2021 [19] 18 64.9 ±7.6 8/10 Medication ON X Weekly evaluation in care center during between 2 and 8
weeks. Perform 6 scripted UPDRS activities with at least
30s resting interval in between, with sensor on the wrist
of the most affected side.

202o [20] 100 66.36±0.92 60/40 medication ON X Data was collected between 6 am and 10 pm over 7 days,
with the sensor on the wrist of the most affected side.

2020 [11] 10 62-85 ND ND ND X Acc positioned on both wrists. Laboratory recordings
(ADL and motor tasks from Part III of UPDRS) and in-
the-wild recordings of 6 patients throughout the day for 4
weeks.

2020 [12] 11 64.7 ND Medication
and 2 DBS

Both X Data collected in naturalistic conditions with a smart-
phone as participants played a game for 10s.

15



Table 2.4: Information collected from the publications regarding the data, technology, and experimental design (continuation).

Year Study
Data Technology

Experimental design
Number of
patients

Age Sex
(M/F)

Type of
treatment

Treatment
state

A G M Other

2019 [21] 10 (PD)
and 7 (HC)

66.4 ±6.9
and 53.3
±6.7

5/5
and
2/5

ND Both X X X Subjects wore the sensors, collecting data, on each wrist
for approximately 7 days.

2019 [22] 25 64.2 ±7.8 15/10 Medication Both X EMG Part 1: patches placed on the right and left forearms, right
and left shins, chest and back of tremor-dominant hand.
In the clinic patients did a full MDS-UPDRS assessment
(day 1), multiple MDS-UPDRS Part III and PDSS-2 (day
2); Part 2: patches applied to the chest, shin, forearm, and
back of the hand of the most affected side, use diary app,
conduct a series of motor tasks (day 1, in clinic), subset of
UPDRS-III motor tasks completed before and after medi-
cation (day 2, in clinic), motor tasks following instructions
before and after medication (day 3, at home).

2018 [23] 57 66.4 ±9.0 35/22 Medication Both X X X One sensor unit per limb, on top of the hand and the an-
kle. Complete scale motor examination. Some patients
repeated the examination on different days.

M - Male; F - Female; A - Accelerometer; G - Gyroscope; M - Magnetometer; ND - Not disclosed; PPG - Photoplethysmography; MDS-UPDRS - Movement Disorder
Society-Sponsored Revision of the Unified Parkinson’s Disease Rating Scale; UPDRS - Unified Parkinson’s Disease Rating Scale; UPDRS - Unified Parkinson’s Disease
Rating Scale; Acc - Accelerometer; ADL -Activities of daily living; DBS -DeepBrain stimulation; PD - Parkinson’sDisease; HC -Healthy Control; EMG -Electromyography;
PDSS-2 - Parkinson´s Disease sleep scale 2.
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Table 2.5: Information collected from the publications regarding the computation framework.

Year Study
Computation framework

Preprocessing Feature extraction Data analysis
2022 [10] Band-pass filter Estimate tremor frequency, position, and occurrence rate Assign UPDRS score and statistical

analysis: Bland Altman’s analysis
2022 [5] Filtering out gravitational compo-

nent
Total tremor acceleration and lateral tremor acceleration:
computing median absolute tremor acceleration of the norm
of the acceleration vector and along the lateral axis of the acc
signal, respectively; Lateral tremor amplitude

Statistical analysis: Spearman R,
Test-retest ICC, Cohen’s D

2021 [19] Context classifier and Tremor detec-
tor

Acceleration level of the RMS amplitude in the tremor band
(3.5-7.5 Hz)

Estimation of the indicator of the
amplitude of tremor

2020 [20] ND Percent time tremor Statistical analysis: Pearson’s corre-
lation test, ICC, independent t-test,
X2 test

2020 [11] Down-sampling to 50Hz, gravity re-
moval (high-pass 3rd order Butter-
worth filter at 0.3 Hz), division into
3s windows (150 samples/window)
with 2s overlap, FT module, tremor
spectrum extraction, labeling

Energy in the 3-9 Hz band, MFCCs, MFCCS-T/NT, CNN and
CNN-T/NT, common baseline features, Welch’s one-sided
PSD

RF and MLP

2020 [12] Labeling according to medication
time

Welch’s periodogram (PSD): AUC, peak value, F0, F50, SF50,
|F50-F0|, tremor intensity parameter

Statistical analysis

2019 [21] Subtract gravity component and cal-
culate spectrogram of the acceler-
ation, representing PSD over time,
using a Blackman-Tukey nonpara-
metric estimator of the PSD, nor-
malize estimation of PSD

Detect periods of gait through the PSD, and find a candidate
tremor frequency, where the power associated with the candi-
date tremor peak, γt(f), the power of the baseline immediately
before or after the peak, γb(f), and the center frequency of the
candidate tremor peak, ft, are determined

If gait is not detected and power
of tremor peak over the baseline
is above a threshold, tremor is de-
tected
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Table 2.6: Information collected from the publications regarding the computation framework (continuation).

Year Study
Computation framework

Preprocessing Feature extraction Data analysis

2019 [22] Filtering and segmentation Range, maximum value, minimum value, spectral entropy,
RMS, signal entropy, cross-correlation at zero lag, dominant
frequency, magnitude of dominant frequency, ratio of domi-
nant frequency to power spectrum energy, range of auto co-
variance, line length, range ratio, kurtosis

Statistical analysis: Post hoc anal-
ysis, Pearson’s correlation coeffi-
cients

2018 [23] Tremor detection and Limb dis-
placement estimation

Amplitude, amplitude average and % of tremors higher or
equal to 90% of the maximum, % of tremors lower than 90%
of the maximum and the % of tremors lower than 70% of the
maximum

Fuzzy inference system

UPDRS- Unified Parkinson’s Disease Rating Scale; ICC - intraclass correlation coefficient; RMS - Root mean square; FT - Fourier transform; MFCCs - Mel frequency
cepstral coefficients; MFCCs-T/NT - Mel frequency cepstral coefficients after tremor spectrum extraction; CNN - Convolution neural network; CNN-T/NT - CNN trained
on spectra after tremor spectrum extraction; PSD - Power Spectral Density; RF - Random Forest; MLP - Multi-Layer Perceptron; AUC - Area under the curve; F0 -
Fundamental frequency; F50 - Central frequency (frequency which divides PSD into two equal parts); SF50 - frequency dispersion (describes the width of frequency band
around F50 containing 68% of the total power of the signal).18



2.2.5 Discussion

2.2.5.1 Data

Tables 2.3 and 2.4 show the data regarding the patients from which sensor data was col-

lected in each publication. This category is divided by the number of patients, age, sex,

type of treatment, and treatment state.

Every publication extracted data exclusively from PD patients, except for [21], where data

was also collected from HC. The authors of [5] divided the PD patients into two sets. The

first set did only in-clinic evaluations and the second set did in-clinic and at-home evalu-

ations. Furthermore, some patients in set 1 are also included in set 2, and thus there is an

overlap between these sets. The evaluations performed for each set are described in table

2.3 and subsection 2.2.5.3.

The mean age of PwPD is in the 60s for all the selected publications. Moreover, the only

mean age in the 50s is regarding HC, in [21]. In [11], the ages are presented in a range

and the lowest and highest ages are 62 and 85, respectively. Every dataset has a higher

number ofmales than females, except for [19], where the opposite occurs, and [21], where,

for the PD group, the number of males and females is the same and for the HC group the

number of females is higher.

The type of treatment is medication in seven publications, [22, 10, 12, 5, 19, 20, 23]. Out

of those studies, the medication was specified as Levodopa in [22, 20, 23]. In addition,

[19] specified themedication as Levodopa and/or dopamin agonists. The remaining three

studies with this type of treatment did not specify the medication used. Nonetheless, the

authors of [5] indicate that 185 patients of set 1 and 297 of set 2 were taking any symp-

tom medication, and 117 of set 1 and 202 of set 2 were taking fast acting medication. In

two publications, [11, 21], the type of treatment was not disclosed and in [12] 2 of the 11

patients were on DBS, however, it is not specified if these patients also took medication.

Additionally, [11] where the type of treatment was not disclosed, did not have information

about the treatment state during the assessment.

No publication did the evaluation exclusively in the OFF state when the patients are not

under the effect of the medication. Contrarily, two studies, [19, 20], evaluated the tremor

exclusively on the ON state. On the six studies, [22, 10, 12, 5, 21, 23] that evaluated both

ON andOFF treatment states, the approach was typically to do the first assessment before

the patient usually took their first dose of medication or to have the patients skip or delay

the intake of that dose. Afterward, patients would take their medication and be evaluated

after it took effect, and they were in the ON state. It is also important to note that in

[10] the recordings during the OFF state were performed due to some PD subjects not

exhibiting tremor when taking the medication. In those cases, the OFF state recording

was taken as a sample and the analysis was done for that data.
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Given the overall advanced age of the patients, a plausible conclusion is that PD appears

and/or is diagnosed at an advanced age. Moreover, it is known that symptoms’ severity

increases as the disease progresses, confirming that the elderly population is more af-

fected by this disease. Furthermore, in most cases, the first non-motor symptoms can

occur several years before diagnosis [9]. These conclusions are also in accordance with

the information discussed in the background.

This data is in accordancewith the knowledge that PD is uncommon in individuals younger

than 50 years, the prevalence increases with age, and this disease is more common among

men [9].

These parameters will influence the raw data and, consequently, the final result. A higher

age will probably be associated with more severe symptoms, and on the contrary, an ON

treatment state will have the opposite effect.

2.2.5.2 Technology

The sensors typically used to collect tremor data are accelerometers, gyroscopes, and

sometimes, magnetometers. The accelerometer gives information on the linear acceler-

ation along an axis. The gyroscope provides the angular velocity, meaning it measures

how quickly an object turns around an axis. The magnetometer measures the magnetic

field, which can interfere with the measurements of the other sensors and, thus may need

to be removed [1]. The accelerometer and the gyroscope are accepted sensors for tremor

quantification, however, the magnetometer is used as a support sensor. Alone the mag-

netometer can’t quantify tremor, but when combined with other sensors it can provide

information on the three-dimensional position of the measuring unit. This is especially

useful during ADL, like writing or drawing [3]. Moreover, accelerometer data alone is

sufficient to detect tremor, and simple data collection approaches are enough to monitor

PD symptoms without compromising accuracy [7].

An Inertial measurement unit (IMU) is used in some publications, [10, 5]. These devices

use a combination of the sensors previously mentioned tomeasure a body’s specific force,

angular rate, and occasionally, orientation.

From the studies included in this SLR, four, [11, 12, 19, 20], used only accelerometers. In

[10], both an accelerometer and gyroscope were used, and in [21] and [23] the authors

used these sensors and a magnetometer. Lastly, [22] and [5] both used an accelerometer

and another sensor to collect data. Additionally, [5] also collected data from gyroscope

sensors.

For [5], the authors used the Verily Study Watch, a wrist-worn wearable device, to collect

data from an IMU, containing an accelerometer and a gyroscope, a photoplethysmogra-

phy (PPG), and skin conductance sensors. The sampling rate of the IMU was 100 Hz,

except for during the UPDRS or Parkinson’s Disease Virtual Motor Exam (PD-VME) ex-
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ams, where it was 200 Hz. The PD-VME was an exam performed by the subjects of set

2.

On the other hand, the authors of [22] used an accelerometer and electromyography (EMG),

that records electrical activity in themuscles. These sensorswere embedded into theNIM-

BLE patch. This patch is shown in figure 2.5 and is a flexible patch that attaches to the

skin with an adhesive sticker.

Figure 2.5: The NIMBLE patch.(A) Adhesive side that is placed on the skin; (B) Top of the
patch. Adapted from [22].

Another option is using a smartphone or a smartwatch, since these devices contain ac-

celerometers and gyroscopes, like in [12] where a smartphone was used and [19] where

the authors opted to use a smartwatch. Moreover, in [12], the sensor data is collected

through amobile app. This app collects data from an accelerometer, linear accelerometer,

gyroscope, and rotation vector sensors, even though the authors only use accelerometer

data. Additionally, both these publications collected data at a 50 Hz sampling rate. In

[23], the sensor unit was used with a sampling rate of 50 Hz, and in [11] the sampling rate

was 100 Hz.

Furthermore, in [10] the authors implemented a wearable sensor glove, shown in figure

2.6, by placing an IMU on hand gloves. This was done to avoid friction and other errors

that could affect the measurement. In [20], a Parkinson’s KinetiGraph (PKG) was used to

collect accelerometer data [24]. This wearable wrist-worn sensor system provides ratings

of PD motor symptoms, like bradykinesia, dyskinesia, tremor, and fluctuations, as well

as measuring sleep-related parameters and providing medication dosing reminders. Ad-

ditionally, the authors of [21] used an Opal wearable sensor with a sampling rate of 128

Hz.

2.2.5.3 Experimental design

Due to the evaluation for the tremor associatedwith PDbeingmainly focused on the arms,

the sensors were typically placed on the hands and wrists. Additionally, sometimes sen-

sors were also placed on the forearm, like in [22], or ankle, like in [23].

In publications like [22], [11], [5], [19], and [23] the patient was asked to perform the

specific tasks targeted at the assessment of each type of tremor. Those taskswere generally
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Figure 2.6: Wearable IMU sensor glove. Adapted from [10].

the same for every study and were based on the UPDRS tasks mentioned in section 2.1.

Besides the previously mentioned assessments, when being evaluated in a controlled en-

vironment, patients were also asked to perform ADL in [11]. Furthermore, evaluations in

the clinic were usually either watched by a trained professional, that would perform the

UPDRS classical evaluation or filmed so the same evaluation could later be performed.

When recordings were in the wild, meaning that data was collected outside of a controlled

environment like the clinic, data was collected during free-living normal daily activities,

[10, 11, 5, 20, 21], or the subjects were asked to perform specific tasks and record the

data, like in [22]. Additionally, in [22] subjects were asked to register their medication,

symptoms, and sleep in the patient’s diaries.

For publications where recordings were in the wild, these recordings were mostly done

continuously over several days. Contrarily, in [19] the evaluations are done weekly in a

care center, and in [23] some patients did a follow-up evaluation, by repeating the same

evaluation after between one and six months.

For the main study of [5], after their first clinic visit, sensor data was passively collected

at home. The study duration was three years, with the last year being optional. Moreover,

clinic visits were done yearly, after the first visit. In these visits, live clinical ratings and

video ratings were performed. The final UPDRS Part III scores given were the median of

in-person clinical rating and video rating. In addition, data was collected for a substudy,

the PD-VME. In this substudy, participants performed the proposed task in the clinic, 1

hour after the UPDRS evaluation and before taking dopaminergic medication. At home,

the participants performed the same tasks once a week, two times on the same day, either

in the ON and OFF states of medication or one hour apart when not taking medication.

Lastly, in [12], data was collected through a mobile app. This mobile app features a ball

game for quantifying patients’ hand tremor, a medication log journal, and a daily survey

to report the overall severity of symptoms. The game sessions lasted ten seconds and the

patient placed the phone horizontally on the palm of the hand and tried to keep the ball

inside a circle in the center of the screen, while accelerometer data was recorded.
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2.2.5.4 Preprocessing

Typically in the preprocessing the signal can be, for example, filtered, segmented or down-

sampled. Except for [12] and [23], every article that was reviewed filtered the signal.

Despite being less frequent, only [10], [12], [21], and [23] did not segment the signal.

Nonetheless, it is important to note that in [12], the data is already divided into 10 second

intervals since that was the duration of the game sessions.

In regard to the filtering, most of the publications don’t mention the type of filter used. In

some of them, it is only mentioned that this step was done to remove the gravity compo-

nent. However, in [11] and [19] the filter used was a 3rd order Butterworth filter.

The two studies that mention the segmentation of the signals chose similar intervals of

2.56 seconds, in [19], and 3 seconds, in [11]. Even though, for [11], the windows had a 2

second overlap.

In [12], for each game session, the closest medication intake was identified and the data

was labeled as ”before” or ”after” the intake. Furthermore, in [11] the laboratory record-

ings data were labeled according to the presence or absence of tremor. These labels were

manually obtained by segmenting periods of time with or without tremor, using video

recordings as a reference. Labels for the in-the-wild recordings, collected in this publica-

tion, were provided by the participants.

In [11], besides filtering and segmenting, the signal was also down-sampled to 50 Hz. Ad-

ditionally, for some feature sets extracted, the Fourier transform (FT) module and tremor

spectrum extraction were implemented, to enhance the tremor signal.

The authors of [23], first detected tremor using gyroscope signals, since this sensor is

less affected by gravity, compared to the accelerometer, and by soft/hard iron distor-

tions, compared to the magnetometer. The spectrogram of gyroscope signals in every

axis was computed using short-time FT. Afterwards, a signal segment is considered for

tremor quantification if there is no voluntary movement and tremor is present. A volun-

tarymovement is considered as presentwhen themaximumpower frequency components

below 3Hz is higher than the maximum power of frequency components above 4 Hz by at

least 15 dB. On the other hand, tremor is considered present when the opposite happens,

with a difference between the maximums higher than 10 dB.

In the same study, limb displacement was calculated. The authors consider the limb dis-

placement caused by the tremor as the tremor’s amplitude. To calculate the limb displace-

ment, first, the unit orientation concerning the earth frame is computed. The gyroscope

is used to detect orientation changes and the accelerometer and magnetometer are used

to compute correction parameters. The static acceleration is computed by projecting the

gravity vector onto the sensor frame. The dynamic acceleration caused by tremor on each

axis was calculated by subtracting the static acceleration from the accelerometer readings.

Afterward, a high-pass filter with a cutoff frequency of 4 Hz is applied to the dynamic ac-

23



celeration, and the velocity vector norm is calculated through a simple integration of the

dynamic acceleration. Since the tremor is oscillatory, the authors consider it occurs in the

time between two contiguous points of low velocity. Considering starting at rest with a

velocity of zero, the arm starts accelerating until a maximum velocity and then returns to

the velocity of zero by decelerating. For this study, it is considered that each tremor hap-

pens between the values of zero velocity on either side of the maximum velocity. Lastly,

a single integration of the velocity for that window, representing limb displacement, was

computed and tremor that were not in accordance with the tremor detection method pre-

viously mentioned were discarded.

In [19], the data was labeled based on the analysis of the magnitude in the tremor fre-

quency band (3.5-7.5Hz) and thresholds were empirically established to identify the pres-

ence of tremor. The resting periods for the context classifier were labeled manually, by

annotating the intervals in the video recordings.

Afterward, the time segments when the participant is at rest and doesn’t make move-

ments with their hands are identified. This process is called context classification and is

implemented to prevent false positives, due to other types of activities, in the detection

of rest tremors. To validate the performance of the context classification, the Leave one

subject out (LOSO) cross-validation is used. The data is segmented into 2.56 second win-

dows with 50% overlap. These windows were labeled as resting or nonresting when more

than 50% of the samples had that same label. The signal was then filtered using a 3rd or-

der Butterworth band-pass filter with cut-off frequencies of 0.5 and 10 Hz. The authors

implemented two approaches for this classification. The authors extracted 290 features,

that include time and frequency characteristics. This data representation was then eval-

uated using an AdaBoost classifier with 100 estimators. Furthermore, as a second data

representation, the FFT was obtained from the Euclidean Norm of the signals. In turn,

this data representation was evaluated using AdaBoost and Gradient Boost classifiers.

Then, for the second approach, a Convolution Neural Network (CNN) was evaluated for

the classificationwith raw signals, since the CNN can automatically extract discriminating

characteristics. For this evaluation, the data was filtered in the 0.5 to 10 Hz interval and

normalized in a range from 0 to 1. The remaining data was divided into 80% for training

and 20% for validation.

A tremor detectorwas also implemented to detect the presence of resting tremors. For this

step, the signal was segmented into 2.56 second windows, where a window was labeled

as tremor if more than 50% of its samples had that label. Furthermore, the signals were

filtered between 0.5-10 Hz and 0.5-15 Hz. Afterward, 203 features, used in other studies,

were extracted. These features and the raw accelerometer signal were used to evaluate the

tremor detector. The features extracted from the signal filtered between 0.5-10 Hz were

the symmetric part of FFT obtained from the Euclidean NORM, Mel frequency cepstral

coefficients (MFCCs) adapted to inertial signals, root mean square (RMS), signal range,

signal entropy, the ratio of the dominant frequency band to total energy, spectral flatness,
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and raw triaxial accelerometer signal. For the signal filtered between 0.5-15 Hz, the ex-

tracted features were the power in bands 4-6 Hz and 0.5-15 Hz, autocorrelation features,

spectral entropy, 1st and 2nd dominant frequencies and magnitudes, cross-correlation be-

tween pairs of the axis. In addition, similarly to what was done in the context classifier, a

CNN was evaluated for tremor detection using the raw signals as an input.

Moreover, multitask CNN capable of analyzing the context and occurrence of tremor si-

multaneously is proposed. This model can reduce the number of trainable parameters

that would be necessary if, instead, two individual CNNmodels were used for the context

classification and the tremor detection. This model was tested on the raw signals and FFT

data representation. It is important to note that these steps are only used to select the

windows where features will be extracted and, consequently were considered as part of

the preprocessing and not described in debt in table 2.5.

2.2.5.5 Feature extraction

Commonly features are extracted from the time domain and the frequency domain. Time

domain features can be extracted, for example, from the RMS and frequency domain fea-

tures can be extracted through power spectral density (PSD) or FFT. Features extracted

from the frequency domain can be the peak frequency, the mean frequency, the peak

power, and the mean power. In turn, some examples of features extracted from the time

domain are the mean amplitude, the average regularity, and the standard deviation. It is

also common to extract the entropy, the correlation, and derivative features, like in [7].

The extracted entropy is typically the Spectral entropy.

In [5], the authors extracted features and evaluated rest tremor, upper-extremity bradyki-

nesia, and arm swing during gait. However, the features enumerated in table 2.5, are only

the features extracted to measure rest tremor severity.

In [19], analysis windows, where the context detector and the presence tremor identified

that the patient was at rest and detected the presence of tremor, respectively, were identi-

fied. Then, the acceleration level (La) of the RMS amplitude in the tremor band between

3.5 and 7.5 Hz was calculated for each analysis window, in order to provide an amplitude

indicator. The RMS values were calculated from the frequency spectrum, using Parse-

val’s theorem. Afterward, the acceleration level was calculated according to the equation

La = 20 log a
a0
, where a is the RMS acceleration, in m/s2, and a0 is the reference acceler-

ation of 1 µm/s2.

The features used in [20] were provided by the PKG. Besides the numerical scores for

tremor, the Percent Time Tremor (PTT), this wearable sensor system also provided the

sleep time, Percent Time Immobile, the dyskinesia score (DKS), the bradykinesia score

(BKS), and the fluctuating and dyskinesia score (FDS).

In [11], the authors implemented a CNN that was trained using the raw signal, similar
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to what the authors of [19] did with this neural network in the context classification and

tremor detector. Furthermore, the common baseline features are also extracted from this

signal. Some of those features were extracted from both the time and frequency domains,

and others only from the frequency domain. For the frequency domain, the features were

computed from the module of the FFT. The features extracted from these domains are

enumerated in table 2.7. Moreover, these features were extracted from the X, Y, and Z

axes, and the magnitude vector of acceleration and jerk. Additionally, the correlation

coefficient between every pair of axes for the acceleration, jerk, FFT of acceleration, and

FFT of jerk were computed.

Table 2.7: Common baseline features extracted from the time and frequency domains in
[11].
Domain Features
Time and Frequency
domains

Mean, standard deviation, median, max, min, signal magnitude area, energy,
inter-quartile range, empirical cumulative distribution function, entropy, and
auto-regression coefficients.

Frequency domain Dominant frequency, average frequency, spectral power, skewness, kurtosis,
and energy of six equally spaced frequency bands.

Furthermore, in [11], the energy in the 3-9 Hz frequency band and the MFCCs were com-

puted from the FT module. Lastly, the MFCCs were computed from the tremor spectrum

and a CNN was trained on spectra. The CNN, like the one trained on raw data, learned

features from the training on spectra, after the extraction of the tremor spectrum.

The authors of [12] analyzed the signals exclusively in the frequency domain. The Welch

method was used to generate a non-parametric estimation of the PSD of every patient’s

game sessions. In this study, a tremor intensity parameter (tip), calculated as pv divided

by SF50, is proposed and extracted from the signals.

2.2.5.6 Data analysis

Regarding the methods used for the analysis of the extracted features, five publications,

[22, 10, 12, 5, 20], applied statistical analysis using the methods shown in tables 2.5 and

2.6. Another two publications, [11, 19], used classification algorithms to classify this data.

Lastly, in [21] the authors implemented their own tremor detection method, and in [23]

a Fuzzy inference system is implemented.

In [10], the UPDRS scores were assigned based on the vibration frequency, position, and

occurrence rate. These resting tremor scores, besides being found by using the sensor

glove data from ten days, were also estimated with only one day. In the last case, the

occurrence rate was not used. Afterward, a statistical analysis was performed to compare

the results from 1 and 10 days with the clinically given scores.

The authors of [5] concluded that the lateral tremor acceleration measurement showed

the strongest correlation to the UPDRS ratings and the strongest ability to discriminate
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between the ON and OFF medication states. Thus, the authors opted to only discuss the

statistical analysis results for this measurement.

In [19], after obtaining the acceleration level for all the analysis windows, the 75th per-

centile was obtained. This percentile was used to simulate the clinical evaluation using the

UPDRS scale, since in this evaluation the amplitude of tremor is considered the highest

amplitude identified during the evaluation.

Two different classifiers were used in [11], those were fully supervised learning andweakly

supervised learning classifiers. The data collected in the lab was used to train two classi-

fication algorithms for fully supervised learning. The algorithms used were random for-

est (RF) and Multi-Layer Perceptron (MLP). For weakly supervised learning a multiple-

instance learning (MIL) algorithm, proposed by another author, was trained on data col-

lected in the wild. To initialize the MIL algorithm, the 3 second windows in a five minute

interval are sorted according to their estimated energy of the power spectrum. Afterwards,

the class of every three secondwindow is predicted. These predictions can be thought of as

pseudo-probabilities. Then, the windows in the interval are sorted according to the prob-

abilities and a subset of the windows are selected for retraining, according to the weak

label attributed.

2.2.6 Conclusion

From this SLR it can be concluded that the methods used tend to vary for most parts of

the selected studies. The variances between studies are particularly evident in the com-

putation framework.

The data, technology, and experimental design are similar for the 9 studies selected for

the SLR, as it can be seen in tables 2.3 and 2.4. Regarding the data, the number of patients

varies according to the dimension of the study, and the number of patients from each sex

varies accordingly, with the ages being similar. The technology used is similar, with all

studies using accelerometers and five studies implementing the use of gyroscopes, mag-

netometers, or other sensors. For the experimental design, the publications can generally

be divided into three settings for the data collection. Those being in the clinic while recre-

ating the movements used for the evaluation of the different types of tremor in the UP-

DRS, while recreating ADL, or during normal daily activities. The information presented

in these tables provides an overview of the methods typically used in the data collection,

for the experimental design and technology, and the characteristics of each dataset. This

information was essential for the idealization of themobile app proposed in chapter 3 and

the implementation of future data collections.

The computation framework shown in tables 2.5 and 2.6 is divided into preprocessing,

feature extraction, and classification. In the preprocessing, it is common to implement

downsampling, filtering, and/or segmentation steps. No common features were extracted
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between the studies selected, however, this might be due low number of studies that were

selected for this review. The inclusion of more studies through the adjustment of the ex-

clusion criteria could help establish common features between the studies. For the anal-

ysis of the data, the methods used were mostly statistical analysis or classification algo-

rithms. The information extracted from these studies was important in the development

of the computation framework.
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Chapter 3

Mobile App Design

In this chapter, a mobile app for the collection of data from PD patients is proposed. A

schematic representation of the data collected is presented in figure 3.1. The data, col-

lected through the mobile app to evaluate the tremor associated with PD, can be divided

into two main types of data. Those are data from sensors and data from questionnaires,

described in sections 3.1 and 3.2, respectively. Lastly, section 3.3 contains figures and a

description of the mobile app implementation.

Figure 3.1: Schematic representation of the data collected with the app.

3.1 Sensor Data

Sensor data is collected from the accelerometer and gyroscope sensors in the smartphone,

at a sampling rate of 50 Hz. This sampling rate was chosen due to being used in multiple

studies and considered appropriate for the analysis of tremor in the upper extremities

[11, 12, 19]. Moreover, the recorded data is saved in text files, with the date and time of

recording, as shown in figure 3.2. Each line in the file corresponds to one of the sensors

and contains the name of that sensor and the values for the X, Y, and Z axes, in that order.

Data is collected while the subject performs five tests, each one with a differentmovement

of the arm. These tests are a rest tremor test, a postural tremor test, a kinetic tremor test,

a writhing/drawing test, and a raising a cup test.

The first three tests are based on the movements the patient performs during the UPDRS
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Figure 3.2: Example text file with the data collected for the rest tremor test of the right
arm using the mobile app.

evaluation for these types of tremor, shown in figure 2.2, that help isolate the type of

tremor being evaluated. For the rest tremor test the subject rests the hand of the side

being evaluated on their leg, with the palm facing up. For the postural tremor test, the

subject holds their arm up against gravity. Lastly, for the kinetic tremor test, the subject

points their finger andmoves the arm from the postural tremor test position to their nose,

repeating this movement during the data collection.

The writing/drawing and the raising cup tests intend to recreate the movements of ADL.

For thewriting/drawing test the subject freely draws orwrites and for the raising a cup test

the subject either raises a cup or recreates that movement while holding the smartphone.

While the sensor data is recorded, the patient performs each test for thirty seconds, fol-

lowed by an unrecorded fifteen second break. Data is collected from both upper extremi-

ties three times a day, one in themorning, one around lunch, and one at night. Each of the

three data collections can be done at any time during a defined interval. Themorning data

collection can be done between 8:00 a.m. and 11:00 a.m., the lunch data collection can

be between 12:00 p.m. and 3:00 p.m., and the night collection can be performed between

8:00 p.m. and 11:00 p.m.

3.2 Questionnaires

The data from the questionnaires was collected at the same times of the day as the sensor

data. The questions that the subject is asked vary depending on the time the questionnaire

takes place.

For the morning questionnaire, the patient is asked about their sleep on the previous

night and how rested they are. The questions in the lunch questionnaire regard where,
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with whom, and what the patient did during the morning. As well as questions regarding

possible difficulties that may be related to PD, like walking, standing, or speaking. The

patient is also asked about how they experienced symptoms, like tremor, and about their

medication. Lastly, in the night questionnaire, the patient answers the same questions

about activities, difficulties, symptoms, and medication that were asked at lunch, but for

the afternoon/evening period. Furthermore, the patient is asked how he felt during the

day if he had any particular difficulty in any daily activity, and if any substances that could

affect the signal were consumed. Thus these questions are important to contextualize the

sensor data used to evaluate tremor. Additionally, these questions provide context and

information for, not only tremor but other symptoms as well, giving information that, in

the future, can be applied to the evaluation of PD in other perspectives. The full question-

naires are in appendix A.1, in Portuguese. It is also important to note that these questions

are loosely inspired by the questions asked in the dataset collected in [25].

The questions can contain multiple choice answers, like in the first question below, or 7

point Likert scale answers, where the patient chooses the point of the scale he feels bet-

ter represents the correct answer, like in the second question below. Both the questions

presented here belong to the Lunch questionnaire.

1. Where were you during the morning?

◦ Home

◦ Work

◦ Travel

◦ House of friends/family

◦ In public

◦ Other

2. I experienced tremor.

◦ Strongly disagree

◦ Disagree

◦ Somewhat disagree

◦ Neutral

◦ Somewhat agree

◦ Agree

◦ Strongly agree

The Likert scale was developed in 1932 by Likert. This scale is made up of statements for a

real or hypothetical situation towhich the subject is asked to show their level of agreement
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on a metric scale. The agreement ranges from strongly disagree to strongly agree and the

number of possible answers, typically called points, can vary [26].

The Likert scale can have multiple numbers of points, even though the most common

are the 5 point and 7 point Likert scales. Research has shown that the 7 point scale may

perform better than the 5 point scale [26].

When the 5 point Likert scale is applied by an administrator or in paper the subject, some-

times, tries to choose between two points in the scale, like trying to choose a value of 3.5

when neither 3 or 4 correctly represent their intended answer. This may lead to rounding

the value or to the addition of decimal values by the administrator, leading to a loss of

information due to interpolation. When administered electronically the subjects are ob-

ligated to conform to an item that does not reflect their true response [27]. Furthermore,

when obligated to choose an item that does not fully reflect their answer on repeated

administration of this scale, the chosen item tends to vary, even if the subject’s answer

hasn’t changed [26]. All of this reflects the insensitivity associated with the 5 point Likert

scale[26, 27].

On the other hand, the 7 point scale has more options, increasing the probability that one

of the points correctly reflects the subject’s intended answer, which might eliminate the

problem of having to choose between two undesirable answers. This reduces the ambigu-

ity in the answers [26].

Another study found that the increase in the number of points leads to an increase in

reliability. However, this increase begins to plateau at around 7 points and there is no

significant increase in reliability above 11 points. Moreover, in one publication, the au-

thors studied Likert scales of 2 point, 5 point, 7 point, 9 point, 11 point, 12 point and 100

point (percentage). They found that the 7 point scale presented the best accuracy and us-

ability. The authors also found that the 5 point scale performed worse in all criteria when

compared to the 7 point scale [27].

In conclusion, a 7 point Likert scale is more likely to reflect the respondent’s true subjec-

tive answer. This number of points seems to be sensitive enough to minimize interpola-

tions and compact enough to efficiently be answered. For these reasons, a 7 point Likert

scale was chosen for the questionnaires.

3.3 Implementation

The mobile app and the database where the collected data is stored were implemented by

a student of a bachelor’s degree in Computer Science and Engineering at the University

of Beira Interior for the project curricular unit. Furthermore, the student also helped

idealize some of the features of this mobile app.

Firstly, on the implemented mobile app, the patient signs up, defining a password and an
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email address. Whenever the subjects open the app they log in and, afterward the page

shown in figure 3.3 on the left appears. On this page, the patient selects the questionnaire

they want to answer. This leads to the page shown in fig 3.3 on the right, containing the

questions of the selected questionnaire.

Figure 3.3: (A) Page in the mobile app where the subject selects the questionnaire they
want to answer; (B) Following page where the selected questionnaire is answered.

The list of tests is shown after the questionnaire is answered. Additionally, there may be

a need to access the tests without performing the questionnaire and, since initially, the

plan is to use the app to collect data with the presence and assistance of someone involved

in the study, the test list can be accessed using the home button on the page where the

subject selects the questionnaire. Similarly, on the list of tests, shown in figure 3.4, the

questionnaires can be accessed using the home button.

When using the app, on the list of tests the subject can select the test they want to perform.

After selecting the test they choose the arm from which the data will be collected. Lastly,

they start the recording and perform the respective movement for the selected test. The

interface implemented for this process is shown in figure 3.4.

Data collected for the same test or questionnaire on different days or at different times

of the same day will be saved on the same file as data previously collected for that test

or questionnaire. Thus the timestamps are important to differentiate the time of day the

data belongs to. Furthermore, when the test is not performed correctly and needs to be

repeated it is important to take note of this occurrence since the timestamps from both

collections are around the same time. Then, with the indication of the time at which the

correct recording was initiated, the incorrectly collected data can be discarded from the

file without losing information or including incorrect data in the dataset.
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Figure 3.4: (A) Page in the mobile app where the subject selects the test they want to
perform; (B) Following pagewhere the subject selects the arm that theywill use to perform
the test; (C) Following page where the test can be initiated and the countdown until the
end of the test is displayed.

3.4 Context

This mobile app, despite not being used for data collection in this thesis, can be imple-

mented for the collection in the future.

Furthermore, the data collection using this mobile app from subjects without PD disease

was approvedby the ethics commission of theUniversity of Beira Interior. This data hasn’t

been collected butwill be in the future. The datawill be collected from subjectswithout PD

in different retirement homes. This datawill be used as a control dataset to test differences

betweenPDpatients andpeoplewithout PD. Furthermore, the collection of data using this

mobile app will help test its applicability.

In the future, it would be beneficial to use this app to collect data from PD patients. How-

ever, this was not proposed and implemented for this thesis due to bigger limitations.

Moreover, even though the app as it is proposed here collects data in isolated instances,

a sensor device could be used with and connected to the app to collect data continuously

during the daily activities of the patients.
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Chapter 4

Computation Framework

In this chapter, a computation framework to evaluate the tremor associated with PD is

proposed. The framework is schematized in figure 4.1. First, the dataset used is explored.

Then the preprocessing and feature extracting steps are examined. Lastly, for the differ-

entiation between PwPD and HC and the estimation of UPDRS tremor scores classifiers

and methods based on the extracted features were implemented. Moreover, a short anal-

ysis of the periodograms resulting from the application ofWelch’s method was done. This

computation framework was implemented in Python.

Figure 4.1: Schematic representation of the proposed computation framework.
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4.1 Dataset

There is a lack of established protocols for the collection of tremor data fromPwPD. There-

fore, it is common for authors to collect their datasets according to their research needs.

The collection protocols for these datasets vary and consequently, the datasets and ideal

frameworks for the assessment of tremor associated with PD also tend to vary. Further-

more, not all of these datasets are ideal for each type of study and most of them are not

open source. Therefore, ideally the dataset used should be collected specifically for the

study, in order to control the collection conditions. Due to the lack of time and resources

needed to collect a dataset of tremor data from PwPD, two available datasets were ex-

plored for the implementation of this work.

The first dataset explored is provided by the authors of [25], who also provide the code

used in their computation framework. This dataset includes data from 20 PD patients,

monitored during their daily lives with accelerometers and gyroscopes. Each pair of in-

ertial sensors was placed on the chest, left or right wrists of the patient, and data was

collected continuously throughout 14 days at a 200 Hz sampling frequency. During that

time patients also used subjective electronic diaries, with the aim of capturing motor and

non-motor symptom fluctuations and contextual information during the day. The data

from the electronic diaries is collected through three types of questionnaires. The first is

a “beep” questionnaire, available seven times a day with an accompanying notification,

the “beep” sound. The second is the daily morning questionnaire, which the patient can

complete between 6:00 a.m. and 12:00 p.m. The third is a daily evening questionnaire

that can be completed by the patient between 8:00 p.m. and 3:00 a.m. This dataset does

not contain data collected from healthy controls or UPDRS evaluation scores.

The second dataset, collected by the authors of [6], contains accelerometer data from 17

PD patients and 17 healthy controls. The data was acquired using 5 lightweight MC 10

BioStamp RC sensors placed on the trunk, left and right anterior thighs, and left and right

anterior forearms. Data was collected for around two days at a sampling rate of 31.25

Hz. Moreover, the recording was initiated during a UPDRS evaluation by a trained pro-

fessional, and annotations from this evaluation are provided. Therefore, the beginning of

the data files were not collected in the wild. The dataset also contains demographic and

clinical assessment data, including the evaluation for rest tremor.

In this thesis, the second dataset was used in the computation framework. This choice was

made because the first dataset did not contain data from HC or the UPDRS evaluations

on tremor. Furthermore, the only value attributed to the intensity of tremor in the first

dataset is in the form of the question ”I experienced tremor” in the patient questionnaires.

This question is answered on a 7 point Likert scale and thus is, not only subjective to the

patient but also does not correlate to the typically attributed UPDRS scores for tremor.

The second database, due to having data from HC controls and UPDRS scores for rest

tremor implementation ofmethods to distinguish between PwPD andHC, and to estimate
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the rest tremor scores.

The BioStamp RC device used to collect this dataset is not described by the authors. How-

ever, a different publication by different authors, [28], used this device and determined

that it effectively captures limb motion. In this publication, the BioStamp Research Con-

nect (BioStamp RC), shown in figure 4.2, is described as a wireless, comfortable, thin,

skin-adherent, wearable-sensor patch containing accelerometer and gyroscope elements.

A software application on a mobile device allows the user to configure and control the

device. In addition to the accelerometer and gyroscope, the device also contains an elec-

trocardiogram (ECG) and EMG sensors, and the data can be collected by a singular sensor

or several sensors at the same time.

Figure 4.2: Top and bottom views of the BioStamp RC. Adapted from [28].

For this study, only data from the anterior forearm sensors was used. It is also impor-

tant to note that individuals with ID 7 and 60 only had data files from the sensor on the

right forearm. The annotations from the evaluations were discarded, because these an-

notations were not clear in terms of when each task started and finished being evaluated.

Since the tasks performed during the UPDRS evaluation tend to make the type of tremor

being evaluated the dominant type of tremor, the lack of clear annotation could lead to

an overlap in the evaluation of the tremor intended to be evaluated with the evaluation

tasks performed for other tremor types. For these reasons, this study was focused on the

evaluation of rest tremor during free living. The rest tremor was the only evaluated due to

the UPDRS scores in the dataset being only for this tremor type. Furthermore, the clinical

assessment was performed during the ON and OFF states of the medication. The clinical

data of each individual is present in table 4.1.

A time interval of four hours from each of the files containing data from each forearm of

the subjects was selected. The selected interval starts 5 minutes after the indicated end of

the evaluation. This way all data collected during theUPDRS tasks was discarded, giving a

5minute timemargin to guarantee no data collected while performing the collection tasks

is included. This is possible by using the last timestamp of the clinical evaluation anno-

tations. Since the evaluation ended on the ONmedication state, the patient is considered

to be in that state and used the rest tremor scores given for that same state of medication.
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That is also the state for the rest tremor scores in table 4.1.

Table 4.1: Demographic and clinical data of individuals in the dataset.

ID Group Gender Age
RT score
left right

5 Control F 74 0 0
6 PD M 73 2 0
7 Control F 52 0 0
8 Control F 77 0 0
10 PD F 72 0 2
12 PD F 64 1 1
13 PD F 60 0 0
14 Control F 56 0 0
15 PD M 65 0 1
16 Control F 62 0 0
17 PD M 74 0 3
18 Control F 66 0 0
20 Control F 68 0 0
22 Control M 68 0 0
23 PD F 68 0 2
24 PD M 62 0 0
25 PD F 72 0 1
27 Control F 54 0 0
30 Control F 68 0 0
33 PD M 46 0 0
35 PD M 67 2 0
36 PD M 69 3 0
38 PD M 78 1 0
39 Control F 74 0 0
40 PD F 75 1 0
41 Control M 75 0 0
42 PD M 84 0 0
43 Control F 69 0 0
44 PD F 63 0 0
45 Control M 64 0 0
58 Control M 39 0 0
60 Control F 65 0 0
62 Control F 56 0 0
63 PD M 37 0 1

4.2 Preprocessing

Firstly, the magnitude of the accelerometer signal for the selected 4 hour time period is

calculated with the square root of the sum of squares of each axis, as shown in equation

4.1, using the same equation as the authors of [7].

Magnitude =
√
x2 + y2 + z2 (4.1)
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According to [29], a sampling frequency of 100 Hz is sufficient to measure motor features

related to PD, since the frequency of tremor in the upper extremities is lower than 13 Hz.

Some authors opted to use higher sampling frequencies instead, like in some of the studies

explored in the SLR, in section 2.2. However, many studies consider a sampling frequency

of 50 Hz adequate for the detection of human activity with these sensors [11, 12, 19]. A

downsampling step was sometimes implemented in the literature to reduce the sampling

frequency to 50 or 100 Hz in the cases where the sampling frequency of the dataset used

is higher than these values. Since the sampling frequency of the dataset is 31.25 Hz, there

was no need to implement a downsampling step.

Afterward, a 4th order high pass Butterworth filter with a cutoff frequency of 0.5 Hz was

used to remove the effects of gravitational acceleration and low-frequency noise from the

axes and the magnitude vector. This cut-off frequency is the same as in [7], where the

features extracted from the time domain are also the same as in this thesis. Despite this

publication not specifying the type of filter used, from the literature review it was con-

cluded that themost common filter for the processing of accelerometer signals to evaluate

tremor was a Butterworth filter, varying in order.

Lastly, the axes andmagnitude vector of the 4 hour signal were segmented into 10 second

windows, with no overlap. This interval was chosen, instead of a smaller one, to allow

for the averaging of the periodograms of segments from these windows, performed on the

feature extraction step for the Welch’s method. The lack of overlap between windows is

also important for the correct implementation of theWelch’smethod, due to the averaging

of periodograms, mentioned before, which is typical of this method.

4.3 Feature Extraction

The features extracted from each window of the signals axes and magnitude vector were

from both frequency and time domains and are shown in table 4.2. The extraction of

the sample entropy and spectral entropy was implemented but these features were not

extracted due to greatly increasing the computation time.

Table 4.2: Features extracted from the frequency and time domains.
Domain Features
Frequency AUC, pv, F0, F50, SF50, |F50− F0|, and tip
Time RMS, range, mean, variance, skewness, and kurtosis

The frequency domain features were extracted from the PSD, estimated using theWelch’s

method. This method determines the power contained in the signal’s frequency compo-

nents [12]. For that, the data was divided into four 2.5 second segments with 50% overlap,

with the periodogram for each segment being calculated. Lastly, the periodograms in each

10 secondwindoware averaged [30]. The periodograms are briefly explored in section 5.2.
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The features extracted from the averaged periodogram were the area under the curve

(AUC) between the frequencies of 3 and 6 Hz, peak value (pv), fundamental frequency

(F0), central frequency (F50), frequency dispersion (SF50) and the absolute value of the

difference between F50 and F0 (|F50− F0|), like in [12]. Additionally, the tremor inten-
sity parameter (tip), suggested in the same publication, was also calculated. The AUCwas

calculated with the scikit-learn library, which computes the AUC using the trapezoidal

rule, like in [4]. Additionally, this feature was calculated between the frequencies of 3 and

6 Hz to determine the power of the signal in the interval corresponding to the rest tremor

frequencies. The features extracted from the frequency domain are described in table 4.3.

Table 4.3: Features extracted from the periodograms and theirs description [12].
Feature Description
AUC Total power of the signal.
pv Maximum value of the PSD.
F0 Frequency of maximum power. Can be used to determine the dominant tremor type in

a window, according to the type of tremor frequency band it belongs to.
F50 Central point where the periodograms are divided into two equal parts.
SF50 Width of the frequency band centered in F50 that contains 68% of the total power.
|F50−F0| Absolute value of the difference between F50 and F0.
tip Calculated by dividing pv by SF50.

In regards to the time domain, the features extracted were the same as in [7]. Those be-

ing, the root mean square (RMS), range, mean, variance, skewness, and kurtosis. From

these features, the skewnessmeasures the lack of symmetry and the kurtosis describes the

length of the peak [31]. The authors of this publication also provided their code, which

was used as a reference for the implementation.

4.4 Distinction between PD and HC

4.4.1 Classification

In this step, a classifier was implemented to differentiate between the PwPD group and

the control group. Five classifiers were tested for this task and these were decision tree

(DT), support vector machine (SVM), k-nearest neighbors (kNN), multi-layer perceptron

(MLP), and Bagging Tree. All the classifiers used were supervised learning methods and

capable of both binary and multiclass classification. The DT classifier is a model that pre-

dicts a target variable with decision rules that it has learned from the data features, this is

accomplished by grouping samples with the same labels [32]. For the SVM a hyper plane

or a set of hyper-planes is constructed and achieves a better separation between classes

the larger the functional margin. Thismargin is the distance to the nearest training points

of any class and a larger functional margin is associated with a lower generalization er-

ror for the classifier. The samples on the margin boundaries, also called support vectors,

can be within the margin boundaries when the data can not be linearly separated [33].

40



The kNN classifier is a non-generalized learning method, as such it stores instances of the

training data instead of constructing a general internal model. This classifier predicts a

label for a new sample based on the labels of a predefined number of samples, k, closest in

distance to the new sample [34]. TheMLP classifier is a type of neural network that, given

a set of features and a target, learns a function approximator for the classification. This

model contains an input layer, consisting of a set of neurons that represent the input fea-

tures, an output layer, that transforms the values from the last layer into the output values,

and one or more layers in between, also called hidden layers. Each neuron of each layer

receives the value from all the neurons in the last layer and sends that processed value

to all the neurons in the next layer. Between each layer, the value is transformed with a

weighted summation, a bias, and an activation function [35]. A Bagging Tree classifier is

an ensemble method, these methods combine the predictions of several base estimators

to improve the generalizability and robustness of a single estimator. The Bagging Tree

classifier trains several decision tree classifiers with random subsets of the original train-

ing dataset and then forms a final prediction by averaging their predictions. This method

reduces overfitting and the variance of the base estimator, through the introduction of

randomization [36].

The parameters used for each classifier are described in table 4.4 and the library used for

the implementation was scikit-learn [37]. The classifiers were tested using 80% of the

dataset for training and 20% for testing. The classifier with the best recall for the control

and PD groups was chosen.

Table 4.4: Parametrization used for the tested classifiers.
Classifiers Classifier type Classifier parameter
DT sklearn.tree.DecisionTreeClassifier criterion = ’gini’, max_leaf_nodes = 7,

max_features = ”auto”
SVM sklearn.svm.SVC kernel = ’rbf’, C = 1
kNN sklearn.neighbors.KNeighborsClassifier n_neighbors = 3
MLP sklearn.neural_network.MLPClassifier solver = ”sgd”, alpha = 1, max_iter = 1000,

learning_rate = ’adaptive’
Bagging
Tree

sklearn.ensemble.BaggingClassifier estimator = DecisionTreeClassifier(),
n_estimators = 30, max_features = 39,
random_state = 5

These classifiers used 39 features, whichwere 13 features fromeach of theX, Y, andZ axes.

Afterwards, the classifier with the best results was chosen and was implemented using the

same 39 features. The features from themagnitude, despite being extracted, were left out.

Furthermore, the leave one patient out validation was used, leaving one patient out of the

training, and then applying that classifier to that same patient, obtaining the result for

that patient. This process was repeated for each patient until the results were obtained

for all the patients.

The classifier returns the percentage of windows classified as PD for each person in the

dataset. A percentage of 50% was considered inconclusive, a percentage under 50% was

considered non-PD, and a percentage above 50%was considered as PD. The classification
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was implemented for both forearms together and individually. A patient was classified as

PD when one of the forearms was classified as PD.

4.4.2 Kurtosis

The data of all windows from each feature of each axis was either summed or averaged for

all patients. For the F0, F50, SF50, and |F50 − F0| features, the values were averaged,
since these features represent frequencies and would lose their significance if the values

were summed. For the rest of the features, due to their small values for each window, the

values were summed. Afterward, the correlations between the resulting values for each

feature in each axis, the rest tremor scores, and the distinction between individuals with

PD and healthy controls were calculated. From this, it was determined that the feature

with the strongest correlation to the distinction between individuals with PD and HC was

the kurtosis on the Y axis.

Afterwards, the mean and standard deviation for that feature were calculated for both

groups of the dataset and the values obtained were used to define the typical intervals

for the PD and control groups. The sum value that was calculated for the kurtosis on

the Y axis was classified as part of the PD or HC groups, according to those intervals. If

either forearm of a patient was classified as PD, the patient was also classified as PD. The

prediction for any value outside the typical intervals is considered inconclusive.

4.5 UPDRS rest tremor score estimation

4.5.1 Classification

For the prediction of the tremor scores using a classifier, the dataset was first balanced

due to the low number of samples with UPDRS scores 1, 2, and 3 when compared with

score 0. Since no samples of the data had a score of 4, this score was excluded from the

classification.

The data was sampled using the Synthetic Minority Over-sampling Technique (SMOTE).

In this technique, the minority class is over-sampled through the creation of synthetic

samples based on a predefined number of nearest neighbors, k, of the same class [16, 38].

The SMOTE was implemented with the imbalanced-learn library using the parameters

sampling_strategy = ’auto’ and k_neighbors = 2.

Lastly, the same classifier implemented for the distinction between PD and HC was im-

plemented, using the same parameters as when it was tested for that task, as described in

subsection 4.4.1. Additionally, like for the aforementioned classification task, the features

extracted from the magnitude were left out from the training of the classifier, and leave

one out validation was used in the same way.
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4.5.2 Fundamental frequency within rest tremor frequency

Firstly, the windows where the F0was between 3 and 6Hzwere selected and saved in new

files for each patient, since rest tremor is typically observed in this frequency band and

the available UPDRS scores in the dataset are for this type of tremor. Consequently, these

files will only contain the features from windows of the 4 hour signal previously selected

where the peak value is in the rest tremor frequency band, thus selecting windows with

this type of tremor as the dominant tremor.

The datawas analyzed in regards to the number ofwindows selected for each 4hour signal,

correlating this value to the UPDRS score for rest tremor. After counting the number

of windows with the F0 between 3 and 6 Hz from each axis and the magnitude of both

forearms of each patient, these values were organized in a single file. Then, the mean of

the three axes was calculated for each forearm of each patient.

Additionally, the same analysis was performed for intervals of 2 and 1 hour by dividing

the 4 hour interval into two intervals of 2 hours and four intervals of 1 hour, as such the

number of predictions was doubled and quadrupled, respectively.

Values for the number of windows corresponding to each score were defined and adapted

for the shorter signal intervals of 2 hours and 1 hour. The values established for the anal-

ysis of the different signal intervals are presented in table 4.5. It is important to note that

since, in this dataset, no rest tremor score of 4 was given for the UPDRS evaluation, this

score was not included in this analysis.

Table 4.5: UPDRS scores and the corresponding number of windows for the 4,2, and 1
hour intervals.

UPDRS score
Number of windows

4 hours 2 hours 1 hour
0 < 200 < 100 < 50
1 200 - 400 100 - 200 50 - 100
2 400 - 600 200 - 300 100 - 150
3 > 600 300 - 400 150 - 200

To get the final UPDRS score prediction the number of windows in each axis, in the mag-

nitude and the mean was divided by 200, 100, and 50 for the 4 hour, 2 hour, and 1 hour

intervals, respectively, since these are the intervals established for each o these time seg-

ments, as shown in table 4.5. The values obtained were then rounded down to get the final

score prediction.

4.6 Performance evaluation metrics

Themetrics used for the evaluation of the performance of the proposedmethods were the

accuracy, the recall, and the success rate.
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The accuracy and recall for both groups were used to compare the classifiers tested for the

distinction between PD and HC. In this case, the accuracy shows how often the classifier

correctly predicts that a sample belongs to the PD or HC groups and the recall shows the

amount of samples from the group that are correctly predicted. Equations 4.2, 4.3, and

4.4 show how these metrics were calculated for this comparison.

Accuracy =
PD predicted as PD+HC predicted as HC

PD predicted as PD and HC+HC predicted as HC and PD
(4.2)

Recall HC =
HC predicted as HC

HC predicted as HC+HC predicted as PD
(4.3)

Recall PD =
PD predicted as PD

PD predicted as PD+ PD predicted as HC
(4.4)

After the classifier with the best performance was chosen, the classifier was trained, as

described in subsection 4.4.1, by training on all patients except for one and, afterward

applying the classifier to the patient thatwas left out. Classifying thewindows of data from

that patient as PD or HC. For the proposed method the percentage of windows classified

as PD for each patient needs to be calculated. Since the classifier is applied to only one

patient all windows belong to the same group, either PD or HC. However, if each patient

the classifier is applied to is labeled as part of the PD group, the recall, calculated as shown

in equation 4.5, will be the percentage of windows classified as PD.

Recall =
Windows predicted as PD

Windows predicted as PD+Windows predicted as HC
(4.5)

Lastly, the success ratewas used to evaluate the performance of the proposedmethods and

was calculated by dividing the amount patients classified correctly by the total amount of

patients.
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Chapter 5

Results and Discussion

5.1 Dataset

Firstly, it is important to discuss how the characteristics of this dataset might influence

the results obtained. The dataset usedmostly contains individuals with an absent or slight

rest tremor, represented by the scores 0 and 1, respectively. Having only four instances

where rest tremor was evaluated as mild, with a score of 2, and two instances where it

was evaluated as moderate, with a score of 3. Consequently, the individuals, who experi-

ence tremor, mostly experience it infrequently [10]. Furthermore, it is common to have

patients with a score of higher than 0 for one forearm, while having 0 for the other. This

could indicate that the patients are experiencing one sided tremor, which is typically ob-

served on the onset of the disease [10].

This may also lead to the conclusion that themethods used if good results are achieved for

the distinction between the PD and HC groups, could be used in the support of diagnosis

on the onset of the disease and/or for low rest tremor scores. Nonetheless, testing with

individuals suffering from PD at a more advanced stage and/or with a higher rest tremor

score could help testify the proposed methods, as well as reveal new approaches for the

tasks in this study.

5.2 Welch’s periodograms

The PSD plots obtained through Welch’s method were briefly visually analyzed, however

this analysis was not used for the estimation of rest tremor scores or to differentiate indi-

viduals from the PD and the control groups.

The graph in figure 5.1 shows the Welch’s periodogram from the left forearm of patient 5.

This patient is part of theHC group andwas given aUPDRS rest tremor score of 0 for both

forearms. In this figure, several plots are visible each representing the periodogramof one

window from the 4 hour time period evaluated. Furthermore, in these periodograms, the

peaks are mostly between 0 and 3 Hz. According to [12], dyskinesia is observed in this

frequency band, however, in [11], this band is said to contain normal human movement.

Nonetheless, this tremor band and the peaks in this band don’t represent tremor associ-

ated with PD. It is important to note that the periodograms of subjects from the control

and PD groups are sometimes similar, with these similarities mostly occurring with sub-
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jects from the PD group with an UPDRS score of 0.

Patient 5 - Left

X Y

Z Mag

Figure 5.1: Welch’s periodogram for the X, Y, and Z axes and magnitude (Mag) from the
left forearm of patient 5.

Patient 12 has a tremor score of 1 for both forearms. On the periodograms extracted from

the data from the right forearm, shown in figure 5.2, particularly on the Y axis more plots

with peaks on the rest tremor frequency band, between 3 and 6 Hz, are visible.

Patient 12 - Right

X Y

Z Mag

Figure 5.2: Welch’s periodogram for the X, Y, and Z axes and magnitude (Mag) from the
right forearm of patient 12.

From the analysis, it was noted that both plots of the Welch’s periodogram of a signal

where the forearm was given a score of 3, had distinctive peaks in the frequency bands

corresponding to rest, postural, and kinetic tremors, as shown in figures 5.3 and 5.4. In

the literature reviewed the frequency bands used by different authors vary, despite being
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similar. As there is not a single universally used frequency band for the rest, postural

and kinetic tremors, the frequency bands for each tremor considered in this study were

the ones defined in [12]. Those frequency bands are between 3 and 6 Hz for rest tremor,

between 6 and 9 Hz for postural tremor, and between 9 and 12 Hz for kinetic tremor.

X Y

Z Mag

Patient 17 - Right

Figure 5.3: Welch’s periodogram for the X, Y, and Z axes and magnitude (Mag) from the
right forearm of patient 17.

X Y

Z Mag

Patient 36 - Left

Figure 5.4: Welch’s periodogram for the X, Y, and Z axes and magnitude (Mag) from the
left forearm of patient 36.

Additionally, some signals with a tremor score of 2 presented similar peaks in the tremor

frequency bands, like the one shown in figure 5.5. No periodogram extracted from the HC

group’s signals had similar peaks. Thus, these types of plots seem to be associated with

PwPD and a higher score tremor.
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X Y

Z Mag

Patient 6 - Left

Figure 5.5: Welch’s periodogram for the X, Y, and Z axes and magnitude (Mag) from the
left forearm of patient 6.

The scale of the PSD axis for the periodograms of patient 36, shown in figure 5.4, is differ-

ent from the scale of that axis for the other periodograms presented in this subsection. All

graphs except for this one were presented with a smaller scale since the plots were not as

visible with the same scale as for patient 36, whose periodograms for the left forearm had

peaks with higher PSD values, particularly in the Y axis. All of the Welch’s periodograms

in this subsection are presented in appendix A.2 with the same scale for the PSD axis as

patient 36.

5.3 Distinction between PD and HC

5.3.1 Classification

The results for the five classifiers that were tested to differentiate between the PD and HC

groups are shown in table 5.1.

Table 5.1: Results in percentage of the accuracy and recall for the five tested classifiers.
Classifier Acc Recall HC Recall PD

DecisionTree 62% 62% 62%
SVM 62% 62% 62%
KNN 67% 64% 70%
MLP 68% 65% 70%

BaggingTree 72% 73% 70%

Based on these results, the chosen classifier was the Bagging Tree, due to, not only having

the best accuracy (Acc) but also having the best recall, above 70%, for both groups.
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Applying the Bagging tree classifier, with the method described in subsection 4.4.1, a suc-

cess rate of 85.3% was achieved for the distinction between subjects from the PD and HC

groups.

The method used for the classifier is based on the notion that the resting tremor is an

occasional symptom for PD patients and people without this disease can also experience

tremor, not associated with PD and caused by other factors [10]. Since this study is fo-

cused on tremor and the distinction between the PD and HC groups is also based on this

symptom, windows from subjects of the PD group can have no tremor and thus be pre-

dicted to belong to the HC group and windows from subjects of the HC group can contain

tremor not associated with PD or noise and thus be predicted to belong to the PD group.

As such, the classification was implemented and its results were evaluated based on the

percentage of windows for each group that is classified as PD.

For this, leave one patient out was implemented, as described in 4.4.1, training data with

all patients except one and then applying the trained classifier to the patient that was left

out. Then, if all windows, for both PD and HC groups, patients are considered to belong

to the positive class and are thus PD, the recall can be used to calculate the percentage

of windows that are predicted to be part of the PD group for each patient. In this case,

the recall is calculated by dividing the amount of windows predicted to be part of the PD

group by the sum of windows predicted to as part of the PD and HC control groups.

Figure 5.6 contains a graphic representation of the percentage results obtained from the

classification, where for each patient the Recall(1) represents the recall for the classifier

trained and tested for both forearmswith the positive class as PD, the Recall(1)_left repre-

sents the recall for the left forearm, and Recall(1)_right represents the recall for the right

forearm. As such, the percentages show the amount of windows for each forearm and

each patient predicted to belong to the PD group.

Figure 5.6: Classification results with, where Recall(1) is the percentage with both fore-
arms and Recall(1)_left and Recall(1)_right are the classification for the left and right
forearms respectively.
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Despite the proposed method being based on the analysis of the individual results from

both forearms, the results of the classifier with both forearms simultaneously were also

analyzed, as shown in figure 5.6 and explored in this paragraph. There was an inconclu-

sive result for the left forearm of patient 22, the right forearm of patient 24, and the right

forearm of patient 45. In the case of patient 22, the right side is 47%, consequently, the pa-

tient is classified as control, thus being given the correct classification. On the other hand,

the right side of patient 24 is given a 37%, also being classified as control, receiving the

wrong classification. For patient 45, the left side has a percentage of 42%, being correctly

classified as control. Patients 13 and 44were classified as control, despite being part of the

PD group, nonetheless, these patients have rest tremor scores of 0 for both hands. This

indicates that tremor was absent during the clinical evaluation, since the presence and

intensity of tremor are not constant and this state of absent tremor could occur during

the evaluated signal or tremor can be infrequently present during the 4 hours, this could

explain the incorrect prediction. For patient 16, with the classification for both forearms

together the patient is given the correct classification of control. However, for the individ-

ual forearm classification, the right side is classified as PD and thus the patient is classified

as part of the PD group. Patients 17 and 23 were classified as inconclusive and patient 24

was incorrectly classified as control by the classifier trained and applied to both forearms

together. Lastly, patients 13 and 18 were given the wrong classification for classification

based on both forearms together and individually.

Some incorrect predictionsmaybedue to somewindows fromsubjects of thePDgroupnot

containing tremor and somewindows from theHC group containing either tremor caused

by a different factor or, instead containing noise generated by living activities. Moreover,

the method could be tested with patients on the OFF state of medication, possibly im-

proving the distinctions between both groups. This method could also be tested with data

collected in the clinic, which could reduce the noise associated with living activities. Fur-

thermore, the classifier results could be improved by applying feature selection and, after

this step, a different classifier may provide better results.

5.3.2 Kurtosis

The highest correlation, among all the features, with the distinction between individuals

being part of the PD or control group, was the kurtosis of the Y axis, with a value of -0.71.

This means that this feature, in the Y axis, is the best in distinguishing individuals with

and without PD.

The mean and standard deviation (SD) of the values of these features were calculated for

the PD and HC groups, as described in subsection 4.4.2. Then, the standard deviation

was summed and subtracted from the mean. The intervals obtained, shown in table 5.2,

represent the typical values of kurtosis for the two groups.

There is a gap between the typical value intervals of the two groups. The prediction for any
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Table 5.2: Mean and standard deviation of kurtosis, in the Y axis, values for the PD and
control groups.

Group Mean SD Interval
PD 4.47 2.36 2.11-6.83

Control 9.31 2.45 6.86-11.76

mean value in this gap, as outside the typical intervals, would be considered inconclusive,

however all previously calculated mean values for the kurtosis from all data windows of

the subject, for the right and left sides, where within one of the typical intervals defined

for both groups.

A success rate of 83.3% was achieved for the distinction between people with PD and

healthy controls. As such, despite bothmethods obtaining promising results, this method

achieves a worse success rate than the Bagging Tree classifier. However, this method also

needs less processing power and computation time, which could be used as an argument

for its implementation. These results could be further improved by testing different argu-

ments in the kurtosis.

The task of making this distinction is extremely important, especially for patients at the

onset of the disease, since early detection can help slow down the progression of the dis-

ease. In addition, it is pertinent that the diagnosis is correct since a prolonged levodopa

medication intake by people not affected by PD can create other serious health problems

[10].

Both methods tested for this task could be implemented to support the diagnosis of PD.

Furthermore, by applying the kurtosis to the forearms of patients where the Bagging Tree

classifier was inconclusive a success rate of 88.2% is achieved, due to the right forearm

of patient 24 being classified as PD by the kurtosis, and consequently, this patient being

correctly classified as part of the PD group. Hence, the conjugation of both methods may

be a good approach for this task.

5.4 UPDRS rest tremor estimation

5.4.1 Classification

For this task, the classifier returns the number of windows it classifies as belonging to

each class, those classes being the UPDRS scores 0 to 3. Then the percentage of windows

belonging to each class was calculated.

For all patients, the highest percentage of windows was classified as having a score of

0. Thus, it was concluded that this classifier could not be implemented to predict UPDRS

scores by identifying the tremor score detected inmost windows of the 4 hour time period.

Nonetheless, the classifiermay have had better results if more data for scores 2 and 3were
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available in the dataset since they are associated with a more frequent tremor.

Despite this, when the real UPDRS score is not 0, the percentage of windows with a pre-

dicted score of 0 is lower than when the real UPDRS score is 0. For the windows with a

real score of 0, the percentage of windows classified with the same score is around 90%,

however for all windows with a different score the percentage of windows classified with

a score of 0 is lower than 80%.

More windows with a real score of 1 were predicted to have a score of 2 than their real

score. For windows with a real score of 2, the percentage of windows predicted as score

2 is lower than the percentage of windows predicted as that same score for windows with

a real score of 1 and 3. Moreover, windows with a real score of 2 have a lower percentage

of windows predicted to have this score than windows predicted to have scores 1 and 3.

Other than the percentage of windows predicted to be 0, windows with a real score of 2,

have more windows predicted to have a score of 1 than any other score.

Windows with a real score of 3, despite having the highest rest tremor score included in

this study, have a higher percentage of windows classified with a score of 0 than windows

with a real score of 2. This contradicts the characterization of rest tremor with a real score

of 3 in [10], shown in table 2.2, as being present most of the time. Additionally, windows

with a real score of 3 also have a lower percentage of windows predicted to have a score

of 3 than windows with a real score of 1 and 2. The percentage of windows predicted to

represent each score for each one of the real scores are shown in table 5.3.

Table 5.3: Predicted percentage of windows with each UPDRS rest tremor score for sub-
jects’ forearms with each UPDRS rest tremor score.

Real score
Predicted score

0 1 2 3
0 90.09% 6.01% 2.56% 1.21%
1 79.57% 8.76% 9.34% 2.32%
2 61.86% 19.24% 8.13% 10.76%
3 66.96% 11.10% 19.90% 2.05%

Some of the inconsistencies detected, especially for windows with real scores 2 and 3,

might be due to those being the classes with more synthetic data, with only four subjects

having a score of 2 in one of their forearms and two subjects having a score of 3 in one

of their forearms. Noise in some signals might also have an influence on these results.

Moreover, these inconsistencies might also be the result of an incorrect score being given

in the clinic or tremor not being consistently present or not consistently having the same

score. As such, since the scores given to each forearm of the patient were considered as

the real score for all windows of that forearm data, some windows had an incorrect real

score as a label. Thus, an unsupervised or semi-supervised machine learning method

might have better results for this task, since the classifier would not train with incorrect

labels. A semi-supervised machine learning method could be implemented using data

from clinical evaluations with correct tremor score labels given by a trained professional
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for that data during the evaluation and continuous unlabelled data.

The percentage of windows classified with each score for each of the PD and HC groups

is shown in table 5.4. As expected, the HC group had a higher percentage of windows

classifiedwith a score of 0 and the PD group had a higher percentage of windows classified

as 1, 2, or 3.

Table 5.4: Predicted percentage of windows classified with each UPDRS rest tremor score
for the PD and HC groups.

Group
Percentage of windows

0 1 2 3
PD 80.68% 10.06% 6.21% 2.86%
HC 92.82% 4.28% 1.95% 0.94%

5.4.2 Fundamental frequency within rest tremor frequency

The association of the number of windows with F0 within 3 and 6 Hz and the UPDRS

tremor scores is feasible because the scores are not only related to the intensity of the

tremor but also to the frequency of the tremor and duration of its occurrence. Since a

higher frequency of tremor and longer duration will lead to more windows in the signal

with the presence of tremor, the number of windows should be associatedwith theUPDRS

tremor score. The correlation between the features extracted and rest tremor scores was

also tested but no strong correlations were found.

The results for the prediction of the UPDRS rest tremor scores according to the number

of windows with F0 between 3 and 6, excluding the rounding of the prediction values, for

patient 6 are shown in table 5.5.

Table 5.5: Analysis and prediction performed on the data on both forearms of patient 6
for the 4 hour time period.

ID
Number of windows Prediction

X Y Z Magnitude Mean X Y Z Magnitude Mean
P6_left 537 297 488 436 440.67 2.68 1.48 2.44 2.18 2.20
P6_right 263 213 239 317 238.33 1.32 1.065 1.195 1.585 1.19

Table 5.6 shows the UPDRS rest tremor scores given during the clinical assessment and

the rounded down predictions of these scores for patient 6 in the 4 hours period. For the

patient shown in this table, all predictions were incorrect for the right forearm and the

predictions obtained from the Y axis were also incorrect for the left forearm. It should

be noted that tremor is not constant and its presence and intensity vary during the day,

as stated previously. A rest tremor with a UPDRS score of 0, is characterized as absent

or normal, a tremor with a score of 1 is characterized as infrequently present for a short

duration, and a tremor with a score of 2 is characterized as infrequently present for a

considerably long duration, as stated in 2.2 and [10]. Consequently, it is possible that for

the right forearm, no tremor was present during the clinical evaluation and it was present
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during the 4 hour time period that was evaluated since for rest tremor scores 1 and 2 this

symptom is not frequently present. Furthermore, noise in the signal might also be the

cause for these incorrect predictions.

Table 5.6: Predicted and real UPDRS rest tremor scores for patient 6 in a 4 hour time
period.

ID UPDRS score
Prediction

X Y Z Magnitude Mean
P6_left 2 2 1 2 2 2
P6_right 0 1 1 1 1 1

After rounding down the prediction values this method’s success rate was determined

based on the percentage of times the prediction was correct. The success rates for the dif-

ferent axes, as well as themagnitude andmean, in the different time periods are presented

in table 5.7. From these results it was concluded that the predictions using the magnitude

vector failed the majority of the time, thus not having a good success rate for any of the

time periods. On the contrary, the mean number of windows in all axes has a better per-

formance than the magnitude for any time period, with the period of 4 hours having the

best success rate at 83.33% and the period of 1 hour having the worst at 74.24%. However,

except for the Y axis which had the second worst performance in all time periods after the

magnitude, both the X and Z axes performed better than the mean for the 2 and 1 hour

time periods, with the X axis also performing better in the 4 hour time period. The X axis

had the highest success rates for the 4 and 2 hour periods and the Y axis had the highest

success rate for the 1 hour period. However, for the later time period, the difference be-

tween the success rate for the X and Z axes is only 0.38%. As such, it can be concluded

that for this dataset and the signals evaluated the best success rate for the prediction of

UPDRS rest tremor scores using this method is achieved with the X axis. In addition, the

best success rate overall is 87.88%, for the 4 hour time period with the X axis.

Table 5.7: Success rate for all axes, themagnitude and themean of the number of windows
in the 4, 2, and 1 hour intervals.

Interval
Success rate

X Y Z Magnitude Mean
4 87.88% 71.21% 81.82% 34.85% 83.33%
2 82.58% 59.09% 81.82% 37.88% 78.79%
1 77.27% 59.09% 77.65% 39.39% 74.24%

Despite having rounded down the prediction values to obtain the final score prediction,

the values with decimals allow us to know if the prediction was close to the limit between

scores and by howmuch it might have failed. For the X axis in the 4 hour time period, that

had the best success rate, if all the windows that failed the prediction by less than 0.1 are

discarded, the success rate increases to 92.06%. Nonetheless, since to apply this method

in a real setting it is not known which predictions are correct or incorrect, all the windows

that are within 0.1 of the limit between scores were discarded. For example, windows

with values between 0.9 and 1.1, including these values, were discarded. By discarding
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these windows andmarking their predictions as inconclusive between the two scores they

are closest to, which would be 0 and 1 in the previous example, the success rate achieved

would be 91.23%.

55



56



Chapter 6

Conclusions and Future Work

6.1 Conclusion

Parkinson’s Disease is the second most common neurodegenerative disorder, affecting a

large percentage of the elderly population. This study is focused on the tremor associated

with this disorder, and its evaluation using wearable sensors. This dissertation can be

divided into three parts, the SLR, the proposed mobile app, and the computation frame-

work.

The SLR provides an overview of some of the methods implemented for the evaluation

of the tremor associated with PD using wearable sensors. Moreover, the discussion of

this review provides a more in depth explanation of the datasets, technology, experimen-

tal design, and computation framework used. Thus, the SLR contains a summary of all

steps involved in the analysis of PD tremor data, from the data collection to its process-

ing, giving the context needed for the creation of a complete evaluation model including

all these steps. Nonetheless, not many articles were included in this review and it could

be expanded by reviewing the exclusion criteria. This would allow for more studies to be

included, providing a better understanding of the most common methods.

The mobile app was proposed for the purpose of collecting data from accelerometer and

gyroscope sensors during 5 different tasks for the evaluation of the tremor associated with

PD. Furthermore, this app also collects the answers of users to three types of question-

naires, in order to contextualize the sensor data. The app was to be used in a clinical or

home environment, but first, it needs to be tested with data collection performed while

the UPDRS evaluations are performed by an examiner and the processing of that data.

Furthermore, wearable sensors could be incorporated into the data collection by sending

the sensor data to the app. This makes the collection of continuous sensor data possible.

In the future, the methods for the evaluation of the tremor could be incorporated into the

app, turning it into a system capable of collecting and processing data, as well as showing

results to a subject or doctor. This could support the diagnosis of PD or help in follow-up

evaluations by providing information on the tremor through time.

Data has not been collected using the mobile app. However, the data collection using this

mobile app from subjects without PD disease was approved by the ethics commission of

the University of Beira Interior. The data will be collected from subjects without PD in

different retirement homes. This data will be used can be used as a control dataset to

test differences between PD patients and people without PD. Furthermore, the collection

57



of data using this mobile app will help test its applicability. In the Future, it would be

beneficial to use this app to collect data from PD patients. However, this is not proposed

and implemented for this thesis due to bigger limitations in the organization of the data

collection from PD patients.

In the computation framework, the analysis of the methods proposed can be divided into

methods to distinguish between PD and HC and methods to estimate UPDRS rest tremor

scores. For the distinction between PD and HC, one method consists of the implementa-

tion of a Bagging tree classifier and the other of the analysis of the kurtosis. Despite the

classifier performing slightly better for this task, an approach using both methods, where

kurtosis is used for inconclusive predictions by the classifier, had the best performance.

Both these methods, implemented individually or together could help support a PD di-

agnosis. On the other hand, the Bagging Tree classifier implemented for the estimation

of UPDRS rest tremor scores did not have promising results. However, the estimation of

these scores based on the number of F0 windows in the rest tremor frequency range had

a better success rate and could help monitor tremor and the progression of the disease by

providing data for follow-up consultations.

In conclusion, the methods and mobile app proposed in this study could, either individ-

ually or combined, help support both diagnosis and monitoring of tremor and its pro-

gression as the disease progresses. Nonetheless, the methods proposed need to be tested

using other datasets in order to verify their results and their results could be improved

with steps like feature selection for the classifier and different arguments in the kurtosis.

Furthermore, by calculating the correlations between the UPDRS rest tremor scores and

the features with F0 between in the rest tremor frequency band a new approach for this

task could be developed.

6.2 FutureWork

In this dissertation, it was not possible to delve deeper into each aspect of the study, as

such more testing and development will be part of the future work. Future tasks for the

further development of the mobile app and processing methods proposed are the follow-

ing.

• Implement a wearable sensor device connected to the app;

• Test the applicability of the mobile app for at home data collections.

• Collect data using different sensors, like electromyography, which could provide

more information regarding the tremor and/or other symptoms;

• Collect sensor data in clinical settings, while theUPDRSevaluation or tests proposed

for the mobile app are performed, and with a higher sampling rate of 50 or 100 Hz;
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• Test the computation framework with data collected during UPDRS clinical evalu-

ations, helping validate this method to be applied in both a controlled environment

and during free living;

• For the distinction between the PD and HC groups, feature selection and selecting

specific axes or the magnitude for the classifier could improve its results;

• The success rate obtained by implementing the kurtosis method could be improved

by testing different arguments of this feature;

• For the estimation of UPDRS rest tremor scores using a classifier, test unsupervised

and semi-supervised machine learning methods and test the classifier using only

data from windows with F0 in the rest tremor frequency band;

• Test the correlations between the features in windows where F0 is in the rest tremor

frequency band and the UPDRS rest tremor scores, which could reveal a new ap-

proach for the estimation of the scores.
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Appendix A

Appendix

A.1 Questionnaires

A.1.1 Morning questionnaire

1. Dormi bem.

◦ Discordo fortemente

◦ Discordo Parcialmente

◦ Neutro

◦ De certo modo concordo

◦ Concordo

◦ Concordo plenamente

2. Acordei várias vezes ao longo da noite.

◦ Discordo fortemente

◦ Discordo Parcialmente

◦ Neutro

◦ De certo modo concordo

◦ Concordo

◦ Concordo plenamente

3. Sinto-me descansado.

◦ Discordo fortemente

◦ Discordo Parcialmente

◦ Neutro

◦ De certo modo concordo

◦ Concordo

◦ Concordo plenamente

4. Foi fisicamente difícil levantar-me.

◦ Discordo fortemente
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◦ Discordo Parcialmente

◦ Neutro

◦ De certo modo concordo

◦ Concordo

◦ Concordo plenamente

5. Foi mentalmente difícil levantar-me.

◦ Discordo fortemente

◦ Discordo Parcialmente

◦ Neutro

◦ De certo modo concordo

◦ Concordo

◦ Concordo plenamente

A.1.2 Lunch questionnaire

1. Onde esteve no decorrer da manhã?

◦ Casa

◦ Trabalho

◦ Viajar

◦ Casa de amigos/família

◦ Em público

◦ Outro

2. Com quem esteve de manhã?

◦ Ninguém

◦ Família

◦ Companheiro

◦ Colega

◦ Amigo

◦ Outro

3. O que esteve a fazer de manhã?

◦ Trabalho

◦ Descansar

◦ Trabalho de casa/biscate
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◦ Desporto

◦ Outro

4. Consegui andar com facilidade.

◦ Discordo fortemente

◦ Discordo Parcialmente

◦ Neutro

◦ De certo modo concordo

◦ Concordo

◦ Concordo plenamente

5. Consegui estar de pé com facilidade.

◦ Discordo fortemente

◦ Discordo Parcialmente

◦ Neutro

◦ De certo modo concordo

◦ Concordo

◦ Concordo plenamente

6. Consegui falar com facilidade.

◦ Discordo fortemente

◦ Discordo Parcialmente

◦ Neutro

◦ De certo modo concordo

◦ Concordo

◦ Concordo plenamente

7. Experienciei tremor.

◦ Discordo fortemente

◦ Discordo Parcialmente

◦ Neutro

◦ De certo modo concordo

◦ Concordo

◦ Concordo plenamente

8. Experienciei rigidez.

◦ Discordo fortemente
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◦ Discordo Parcialmente

◦ Neutro

◦ De certo modo concordo

◦ Concordo

◦ Concordo plenamente

9. Movimentei-me devagar.

◦ Discordo fortemente

◦ Discordo Parcialmente

◦ Neutro

◦ De certo modo concordo

◦ Concordo

◦ Concordo plenamente

10. Tomou medicação para Parkinson?

◦ Sim

◦ Não

11. Sentiu o efeito da medicação?

◦ Discordo fortemente

◦ Discordo Parcialmente

◦ Neutro

◦ De certo modo concordo

◦ Concordo

◦ Concordo plenamente

A.1.3 Night questionnaire

Perguntas referentes ao perído da tarde.

1. Onde esteve de tarde?

◦ Casa

◦ Trabalho

◦ Viajar

◦ Casa de amigos/família

◦ Em público
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◦ Outro

2. Com quem esteve de tarde?

◦ Ninguém

◦ Família

◦ Companheiro

◦ Colega

◦ Amigo

◦ Outro

3. O que esteve a fazer de tarde?

◦ Trabalho

◦ Descansar

◦ Trabalho de casa/biscate

◦ Desporto

◦ Outro

4. Consegui andar com facilidade.

◦ Discordo fortemente

◦ Discordo Parcialmente

◦ Neutro

◦ De certo modo concordo

◦ Concordo

◦ Concordo plenamente

5. Consegui estar de pé com facilidade.

◦ Discordo fortemente

◦ Discordo Parcialmente

◦ Neutro

◦ De certo modo concordo

◦ Concordo

◦ Concordo plenamente

6. Consegui falar com facilidade.

◦ Discordo fortemente

◦ Discordo Parcialmente
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◦ Neutro

◦ De certo modo concordo

◦ Concordo

◦ Concordo plenamente

7. Experienciei tremor.

◦ Discordo fortemente

◦ Discordo Parcialmente

◦ Neutro

◦ De certo modo concordo

◦ Concordo

◦ Concordo plenamente

8. Experienciei rigidez.

◦ Discordo fortemente

◦ Discordo Parcialmente

◦ Neutro

◦ De certo modo concordo

◦ Concordo

◦ Concordo plenamente

9. Movimentei-me de vagar.

◦ Discordo fortemente

◦ Discordo Parcialmente

◦ Neutro

◦ De certo modo concordo

◦ Concordo

◦ Concordo plenamente

10. Tomou medicação para Parkinson?

◦ Sim

◦ Não

11. Sentiu o efetito da medicação?

◦ Discordo fortemente

◦ Discordo Parcialmente
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◦ Neutro

◦ De certo modo concordo

◦ Concordo

◦ Concordo plenamente

Perguntas referentes a todo o dia.

1. Hoje senti-me:

◦ Bem

◦ Em baixo

◦ Commedo

◦ Stressado/a

◦ Cansado/a

◦ Com sono

◦ Alegre

◦ Relaxado/a

◦ Concentrado/a

◦ Cansado/a

2. Tive dificuldade em:

◦ Vestir-me

◦ Comer/beber

◦ Cuidado pessoal

◦ Atividade doméstica

◦ Nenhum

3. Consumiu alguma das seguintes substâncias ao longo do dia?

◦ Café

◦ Álcool

◦ Tabaco

◦ Nenhum
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A.2 Welch’s Periodograms

Patient 5 - Left

X Y

Z Mag

Figure A.1: Welch’s periodogram for the X, Y, and Z axes and magnitude (Mag) from the
left forearm of patient 5, with the scale of the PSD axis adjusted to 0.4 g2/Hz.

Patient 12 - Right

X Y

Z Mag

Figure A.2: Welch’s periodogram for the X, Y, and Z axes and magnitude (Mag) from the
right forearm of patient 12, with the scale of the PSD axis adjusted to 0.4 g2/Hz.
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Z Mag

Patient 17 - Right

Figure A.3: Welch’s periodogram for the X, Y, and Z axes and magnitude (Mag) from the
right forearm of patient 17, with the scale of the PSD axis adjusted to 0.4 g2/Hz.

X Y

Z Mag

Patient 36 - Left

Figure A.4: Welch’s periodogram for the X, Y, and Z axes and magnitude (Mag) from the
left forearm of patient 36, with the scale of the PSD axis adjusted to 0.4 g2/Hz.
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X Y

Z Mag

Patient 6 - Left

Figure A.5: Welch’s periodogram for the X, Y, and Z axes and magnitude (Mag) from the
left forearm of patient 6, with the scale of the PSD axis adjusted to 0.4 g2/Hz.
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