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Abstract

Tremor serves as a significant biomarker for various diseases, including Parkinson's Disease, and
plays a crucial role in monitoring disease progression, assessing treatment efficacy, and aiding in
the diagnosis of movement disorders. Despite considerable progress in tremor research over the
past thirty-eight years, challenges still remain in understanding the nature of tremors and within-
individual fluctuations. A deeper understanding of tremors can lead to personalized treatment
approaches and optimize pharmacogenomics studies for the pathology. The objective of this
research is to identify and characterize the Short-Term Motor Patterns (STMPs) present in the
rest tremor signal using inertial sensors. STMPs manifest in the signal in less than 1 second and
exhibit self-similar structures across multiple time scales. They have a hidden dynamic with
underlying structures contributing to the abnormal movement observed in tremors. The study
involved healthy individuals (N = 12, mean age 60.1 + 5.9 years) and individuals with Parkinson's
Disease (N = 14, mean age 65 £ 11.54 years). Signals were collected using a triaxial gyroscope
placed on the dorsal side of the hand during a resting condition. The data were pre-processed, and
seven features were extracted from each 1-second window with 50% overlap. The STMPs were
identified using the k-means clustering technique applied to the data in the two-dimensional space
generated by t-Distributed Stochastic Neighbor Embedding (t-SNE). The frequency, transition
probability, and duration of the STMPs were assessed for each group. All STMP features were
averaged across the groups. Three distinct STMPs (STMP1, STMP2, and STMP3) were identified
in the tremor signals (p < 0.05). STMP1 was predominant in the healthy control (HC) subjects,
STMP2 was present in both the healthy and Parkinson's disease group, and STMP3 was observed
in the Parkinson's disease group. Only the coefficient of variation and complexity not showed
significant differences between the groups. Regarding signal dynamics, signals from individuals
with Parkinson's disease tended to exhibit lower STMP transition probabilities and longer
durations of STMP than the healthy control subjects. These findings can assist professionals in

characterizing and evaluating the severity of tremors and assessing treatment efficacy.
Keywords:

Empirical Mode Decomposition; k-means; gyroscope; Parkinson’s disease; rest tremor; short-

term motor patterns (STMPs); t-SNE



Resumo

O tremor ¢ um significante biomarcador para varias doengas, incluindo a doenga de Parkinson e
desempenha um papel fundamental no monitoramento da progressao da doenca, na avaliacdo da
eficacia de tratamentos e auxiliando no diagndstico. Apesar do consideravel progresso das
pesquisas envolvendo tremor nos ultimos 30 anos, ainda existem desafios na compreensdo da
natureza do tremor e nas flutuag¢des individuais. Uma compreensdo profunda dos tremores pode
auxiliar em tratamentos personalizados e otimizar estudos de farmacos para a patologia. O
objetivo dessa pesquisa ¢ identificar e caracterizar os padrdes motores de curto prazo (STMPs)
presentes no sinal do tremor por meio do giroscopio. Os STMPs manifestam no sinal em uma
janela menor que 1 segundo e exibem estruturas auto-semelhantes em multiplas escalas de tempo.
Eles possuem uma dinadmica oculta com estruturas subjacentes que contribuem para 0 movimento
anormal observado nos tremores. Este estudo envolveu individuos higidos, no grupo controle (N
=12, media idade 60.1 £+ 5.9 anos) e individuos com a doenga de Parkinson (N = 14, media idade
65 £ 11.54 anos). Os sinais foram coletados usando um giroscopio triaxial posicionado no dorso
da mao dominate durante a coleta em repouso. Os dados foram pré-processados e sete
caracteristicas foram extraidas de cada janela de 1 segundo com 50% de sobreposi¢ao. Os STMPs
foram identificados usando a técnica de clusterizagdo k-menas aplicada ao espago bidimensional
gerados pelo t-Distributed Stochastic Neighbor Embedding (t-SNE). A frequéncia, probabilidade
de transi¢do e tempo de duragdo dos STMPs foram avaliados para cada grupo. Todas as medias
das caracteriticas extraidas dos STMPs foram calculados entre os grupos. Trés STMPS distintos
(STMP1, STMP2, and STMP3) foram identificados no sinal do tremor (p<0.05). O STMP1 foi
predominante em individuos do grupo controle, o STMP2 estava presente em ambos 0s grupos, €
o STMP3 foi mais recorrente no grupo co com a doenca de Parkinson. Somente o coeficiente de
probabilidade e complexidade ndo apresentaram diferenga significativa entre os grupos. Com
relacdo a dindmica dos sinais, sinais de individuos com a doenc¢a de Parkinson tendem a possuir
a probabilidade de transi¢do entre STMPs menor e maior tempo de duragdo no STMP quando
comparado ao grupo controle. Esses achados podem auxiliar profissionais na caracterizagdo e

avaliagdo da severidade do tremor e avaliacdo da eficacia de tratamentos.
Palavras-chave:

Empirical Mode Decomposition; k-means; giroscopio; doenca de Parkinson; tremor de repouso;

padrdes motores de curto prazo (STMP); t-SNE
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1. Introduction
1.2 Problem Formulation

This thesis aims to address the problem of identifying and characterizing short-term motor
patterns (STMPs) present in the structure of rest tremors using inertial sensors. Unlike other
cardinal signals in Parkinson's disease (PD) that have been well characterized, tremors remain
poorly understood due to the involvement of different mechanisms mediating the various tremor
types observed in clinical neurology [1]. Given this inherent heterogeneity, a tremor is considered

a complex signal.

The main issue is that most tremor studies overlook this complexity and solely focus on
detecting and distinguishing different types of tremors [2]-[5]. However, exploring the short-term
patterns of the tremor signal has the potential to provide new insights into the origin and
underlying mechanisms of this symptom. Additionally, gaining a better understanding of tremors
can lead to individualized treatment approaches and optimizing pharmacogenomics studies for

the pathology [6], [7].

To address this problem, an experimental protocol was developed to identify and
characterize, systematically, STMPs in rest tremors of healthy individuals and those with

Parkinson's disease.

1.2 Relevance of the Thesis

Tremor is a significant biomarker for various diseases, playing a crucial role in disease
progression monitoring, treatment efficacy assessment, and supporting the diagnosis of
movement disorders. Despite significant advancements in tremor research over the past thirty-
eight years, as highlighted in the comprehensive review by Leslie J. Findley and Rudy Capildeo,

there are still remaining challenges in the field [8].

One such challenge is identifying and characterizing STMPs in tremors using inertial
sensors. These STMPs have the potential to provide valuable insights into the underlying
mechanisms responsible for tremors, and they can be observed in both healthy individuals and
those with Parkinson's disease. Gaining a better understanding of STMPs can lead to the
development of improved therapies and enhance the monitoring of different types of pathological

tremors.

By addressing the research gap related to STMPs in tremors using inertial sensors, this
thesis aims to contribute to the field by advancing our knowledge of tremor characteristics and
mechanisms. Ultimately, this research can potentially improve treatment strategies and enhance

the management of tremor-related conditions.
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1.3 The Main Aim of the Research

The objective of this thesis is twofold: (i) to identify the presence of short-term motor patterns
in resting tremors exhibited by individuals with Parkinson's disease as well as physiological
tremors, and (ii) to characterize these STMPs in terms of their amplitude, persistence, and

regularity.
1.4The Objectives of the Thesis

To address the stated problem and achieve the objectives of the thesis, the following tasks

were formulated:

e Conduct an investigation into the most effective strategies for pre-processing tremor
signals using exploratory data analysis.

e Explore and select relevant features for the proposed analysis.

e Investigate machine learning tools that facilitate the selection of appropriate amounts of
STMPs.

e Explore tools for characterizing STMPs.

e Investigate various visualization techniques to effectively communicate the findings of

the study.

1.5 Scientific Novelty of the Thesis

e The analysis reveals the existence of at least three distinct types of STMPs in
physiological and Parkinson’s disease.

e The type and severity of the tremor influence the presence of STMPs in the signal.
Individuals with Parkinson's disease exhibit lower transition values and longer duration

of STMPs compared to healthy individuals.

1.6 Practical Value of the Research Findings

The findings of this research have practical implications in the field of tremor analysis. The
results can be used for monitoring and characterizing tremors, including psychological tremors,
which can assist professionals in evaluating the stage of tremor and the effectiveness of
treatments. Additionally, these findings have the potential to contribute to personalized medicine

and early diagnosis of tremors.

1.7 Structure of the thesis

The thesis consists of an introduction, eight chapters, and general conclusions. The volume
of the thesis is 79 pages, in which are given: 26 figures and 8 tables. Additionally, in the thesis

104 items are cited.
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2. Literature Survey of Parkinson’s Disease

James Parkinson first described Parkinson's disease as "shaking palsy" in 1817. Currently,
the clinical manifestations of PD include tremor, rigidity, bradykinesia (slowness of movement),

and postural instability as the cardinal motor symptoms [9].

PD is the second most common motor condition, with about 6.1 million people affected
worldwide in 2016 [10]. The incidence and prevalence of this disease have risen in the past 20
years. The personal impact is enormous. Its progression affects patients, families, and caregivers.

Also, PD impacts society by accumulating a mounting socioeconomic burden [10].

2.1 Pathophysiology

The hallmark pathology of PD is the degeneration of dopaminergic neurons in the
substantia nigra compacta, accompanied by the development of abnormal intracellular aggregates

called Lewy Bodies (Figure 1).

A B

Healthy Parkinson’s
disease

\ V4
Substantia nigra

Figure 1: In a brain of a person with Parkinson’s disease, the substantia nigra is well defined (Figure 1-A),

but in a brain affected by Parkinson's disease the substantia nigra appears visibly diminished (Figure 1-B).

The accumulation of Lewy bodies blocks dopamine’s production and transmission,
resulting in movement issues of PD, which can begin years or even decades before visible

symptoms manifest, causing severe motor control impairment [9].

Despite the significant progress made in understanding the pathological and biochemical
changes associated with the disease, since the initial description by Ehringer and Hornykiewicz
in 1960 [11], the underlying degenerative process affecting the substantia nigra pars compacta
remains unknown. No single causative factor has been identified. Recent research suggests that a
combination of factors, including environmental stress, drug exposure, low-level inflammation,
aging, mitochondrial defects, oxidative stress, glutamate toxicity, and genetic factors, may
contribute to the etiopathogenesis of PD. This suggests that PD is likely to have a multifactorial
etiology [9].
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PD manifests itself through various motor symptoms and signals, suggestting that it may
not be a singular condition but rather a complex combination of multiple diseases [12]-[14]. This
conclusion is based on the observed heterogeneity of the disease among patients, as well as the
absence of a single biomarker or treatment for the development or progression of Parkinson's
[13]. Because of that, several studies explore predictive models to elucidate the underlying

mechanisms of dopaminergic denervation in the substantia nigra compacta in PD [9].

The tremor experienced by individuals with PD cannot be simply attributed to a lack of
dopamine in the basal ganglia, as other neurotransmitter systems and brain regions are also
implicated. Additionally, tremors advance at their own rate and the severity of tremors does not

necessarily correspond with the severity of bradykinesia and rigidity [1].

2.2 Clinical Presentation
Parkinson's disease manifests as a complex interplay of four main components: motor
symptoms, and cognitive changes, behavioral/neuropsychiatric changes, and autonomic nervous
system dysfunction denoted as non-motor symptoms. The prominence of these components may

vary among individuals, leading to unique clinical presentations.
Motor symptoms:

e Tremor

e Bradykynesia

e Rigidity

e Postural Instability

Non-motor symptoms:

e Problems with decision-making, multi-tasking, memory retrieval, and visuospatial
e Urinary Urge/Incontinence

e Constipation

e Qastropatresis

e Olfactory dysfunction (Anosmia)

e Insomnia

e Dementia

e Depression

2.3 Diagnosis

Diagnosing PD relies on clinical criteria, as there is no definitive test for diagnosis. In the
past, confirmation of the hallmark Lewy body on autopsy was considered the gold standard for

diagnosis [15]. In clinical practice, PD is typically diagnosed based on a combination of cardinal
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motor features, associated and exclusionary symptoms, and response to levodopa. However,
differentiating PD from other forms of parkinsonism can be challenging, especially in the early

stages of the disease when signs and symptoms may overlap with other syndromes [16], [17].

To aid in diagnosis, specific diagnostic criteria have been developed by organizations
such as the UK Parkinson's Disease Society Brain Bank and the National Institute of Neurological
Disorders and Stroke (NINDS), which provide guidelines for clinicians to assess the presence of
PD based on a standardized set of clinical features and findings [18]. Additionally, neuroimaging,
drug tests, and scales, such as the Movement Disorder Society United Parkinson's Disease Rating
Scale (MDS-UPDRS), may also be used to support the diagnostic process. The MDS-UPDRS is
aprimary clinical tool used to evaluate PD and is divided into four sections, with Part I1I dedicated
to assessing motor symptoms, allowing for evaluation of motor signs in different body regions

[19].

2.4 Therapies

Although Parkinson's disease currently lacks a cure, adopting healthy habits such as
maintaining a balanced diet, engaging in regular exercise, psychological and physiotherapy
treatment, utilizing certain medications, and surgical therapies can potentially mitigate the impact
of its signs and symptoms [20]. As previously stated, PD presents itself in a unique manner for
each individual, necessitating a personalized approach to treatment. The appropriate therapeutic
strategies will depend on various factors including the patient's age, stage of the disease,
troublesome symptoms, and the potential benefits and risks associated with specific treatments

[21].

The treatment of PD using pharmacological approaches focuses on addressing the deficit
of dopamine or inappropriate imbalances of dopamine and other neurotransmitters. According to
the American Academy of Neurology, drug therapy should be started once patients begin to
exhibit functional disability [22]. There are many types of drugs employed in the treatment of
motor symptoms in individuals with PD, such as Carbidopa/levodopa (Sinemet), both ergot and
non-ergot types of dopamine agonists, monoamine oxidase-B (MAO-B) inhibitors, injectable
dopamine agonist (apomorphine, or Apokyn), N-methyl-DAspartate receptor inhibitors, and anti-
cholinergics. Levodopa, non-ergot dopamine agonists such as pramipexole (Mirapex) and
ropinirole (Requip), and MAO-B inhibitors such as selegine (Eldepryl) and rasagiline (Azilect)
[20].

While these medications are effective in addressing certain motor symptoms such as
bradykinesia, research has demonstrated that they are less effective in treating tremors [23]. The
response of resting tremor, for instance, in individuals with PD to dopaminergic treatment varies

compared to other motor symptoms such as rigidity and bradykinesia [24]. Although
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dopaminergic drugs can reduce tremors, there is no medication that consistently alleviates resting
tremor in PD [23], [24]. A significant percentage of individuals with PD do not experience a
reduction in tremors despite taking levodopa and dopaminergic medications. This variable
response has led to a novel classification of tremors based on their responsiveness to dopamine

treatment, including dopamine-responsive and dopamine-resistant subtypes [25].
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3. Literature Survey on Tremor

3.1 Landmarks in tremor research

Tremor is a rhythmical and involuntary oscillatory movement of a body part that can be
a physiological tremor, manifested in healthy individuals, or a pathological tremor, a symptom in
individuals who suffer from any disorder [26]. Because of that, it has been widely investigated.
Horsley and Schafer (1886) were the first authors to measure the tremor characterizing it by
overlapped 10-Hz tremulous twitches [27]. Then, investigations about the basis of neurogenic

tremors came out (Figure 2).

1956 and 1978 1956
“Peripherally arising
“Tremor is generated from phenomenon due to
each motor unit” instabilities of reflex
pathways”
1974 1987, 1975, and 1976 1986

“Tremor may arise through
the mechanical tendency for
body parts to oscillate at
certain frequencie”

“Some pathological tremors
may reflect a distortion or
amplification of these
central oscillations”

“Physiological tremor may
arise from rhythmic neural
activity in the CNS”

Figure 2: Review of the neurogenic mechanism of tremor generation according to [26].

From these investigations, other hypotheses arose that the central oscillations may be
linked to the tremors. Moreover, they concluded that psychological tremor, for instance, is the
summation of some oscillations across a frequency range represented in the EEG, not a pure 10-
Hz range oscillation [26].

From these hypotheses, they concluded that a clear comprehension of the tremor origin
would mean understanding better the rhythmic nature of human motor control [26]. However,
even after 70 years of research, the tremor's origin remains unclear and has been investigated in
many studies [4], [6], [7], [28]. For instance, the physiological tremor origin is unlikely to be
caused by neurogenic distortion. On the other hand, in PD, there is no consensus about its origin
[26]. Some studies have linked the cause of tremors to the oscillating activity of the thalamus,
while others have linked it to the basal ganglia [29]. As claimed a priori, understanding the
tremor's basis plays a crucial role in tremor evaluation and the improvement of therapies for
different types of pathological tremors. Because of that, the following sections will provide an

overview of the physiological tremor and Parkinson's tremor.
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3.2 Types of tremors

As mentioned above, there are various types of tremors that can be classified as either
physiological or pathophysiological [26].

When considered pathophysiological, they may be related to several diseases, such as
Parkinson's disease, essential tremor, or Huntington's disease. Tremors can manifest differently
depending on the affected limb position, such as rest tremor or kinetic tremor [1], [26].

In Parkinson's disease, tremors usually affect the upper limbs, but they may also manifest
in other body areas. While rest tremors are more common in Parkinson's disease, individuals with
Parkinson's disease may present with multiple subtypes of tremors, including postural, kinetic,
and re-emergent (tremor that appears after a delay while the arms are maintained in an
outstretched position) [1], [30].

In this study, we aim to explore rest tremors in PD and compare them to physiological

tremors observed in a control group.

3.2.1 Physiological tremor

The physiological tremor has a smaller amplitude and is present in all subjects. It becomes
more visible during muscular fatigue, anxiety, emotional stress, fear, excitement, or under-drug
effects. Its frequency range is around 8-12 Hz in younger people and 6-7 Hz in older ones [31].

The uncertainty remains considerable regarding the central origin of physiological
tremors. Its origin is related to the different peripheral and central processes that can generate
such oscillations [26].

3.2.2 Rest tremor in Parkinson’s disease

In contrast to physiological tremor, pathological tremor presents higher amplitude and it
may be associated with a disorder such as Parkinson's disease (PD) [26].

The most prevalent tremor in PD is the resting tremor [24], [29], [32]. This tremor
manifests when a voluntary muscle contraction is absent in a certain body segment [29], and the
duration and amplitude of this sign can be taken to characterise the complexity and severity of the
disease.

Tremor in PD may cause severe disability and significantly reduce the quality of life [24].
Approximately 75% of people with PD experience tremor at some point during the course of the
disease [32]. Even those individuals who do not have tremor report that it would be the most

discomforting and disturbing symptom of PD [33].

Usually, the tremor is dominant on one side of the body, starting distally in the arms of
individuals with PD [34], and the upper extremity is often more affected than the lower extremity
[35]. It is not the only type of rest tremors that occurs in the disorder, as other types of tremor can

be observed during postural and kinetic activities [35].
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Tremor is characterized according to its frequency, amplitude, topographic distribution,
depending on the task and position of the limb. According to this, tremor can be classified as rest
tremor, postural tremor, and kinetic tremor [34]. Rest tremor (RT) occurs in any part of the body
in the absence of voluntary muscular activity. The frequency range of RT is usually between 3 to
8 Hz. RT may disappear with action, and it also may be reduced by holding one hand with another
or crossing the legs. The RT amplitude may increase during mental stress [34]. Postural tremor
occurs in body parts while maintaining a posture, such as holding a cup, and it is triggered by
keeping the limb against gravity. Postural tremor is typically in the 4 to 12 Hz frequency range
[34]. Kinect tremor appears during limb movement, often worsening when the limb is near the
target. Tremulous movements are perpendicular to the main direction of the intended movement

and tend to predominate over proximal musculature. The frequency range is 2 to 12 Hz [34].

These types of tremor may appear in isolation or in combination. Postural or kinetic
tremor may occur together with rest tremor, but with different frequencies. The rest tremor can

occur with a postural tremor but disappears during a kinetic task [2].

Moreover, tremulous movements can be associated with other disorders, such as Essential
tremor and cerebellar diseases [34]. A new consensus criterion for classifying tremor disorders
was published in 2018 [36]. The aim was to provide a more detailed approach to tremor diagnosis
based on two aspects, such as detailing clinical parameters and the etiological classifications [37].

This new approach intends to reduce misdiagnoses among these disorders.

3.2.2.1 Assessment of tremor in Parkinson’s Disease

Tremor assessment plays a fundamental role in evaluating the progression of PD,
determining the efficacy and adjustment of drug therapies, and identifying the underlying
diagnosis of the disease [34], [37]. Currently, the MDS-UPDRS is the primary clinical tool to
evaluate PD. This scale is divided into four sections, with Part III dedicated to assessing motor
symptoms.

The scale can evaluate the motor signs of distinct body regions. However, there are
specific MDS-UPDRS items that are exclusive for the assessment of hand tremors. This is
justified by the fact that the body's extremities, such as the hand and arm, often are correlated to
the onset of tremor. Furthermore, hand tremors are controlled by multiple physiological
components, including the basal ganglia, cerebellar circuits, and peripheral nerves that interact in
various tempo-spatial scales, responsible for motor control.

The tremor is ranked according to the amplitude of hand tremors during some tasks. The
other limbs are also evaluated from items 3.17 and 3.18. This research considers the following

MDS-UPDRS items for the evaluation of hand tremor [19]:
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e item 3.15 evaluates postural tremor. “The hands are rated separately. The rating
is based on the highest amplitude seen. The patient is instructed to stretch the
arms out in front of the body with palms down. The wrist should be straight, and
the fingers comfortably separated so that they do not touch each other. This
posture should be observed for 10 seconds.”

e item 3.16 evaluates Kinect tremor. “The hands are rated separately. The rating is
based on the highest amplitude seen. The patient is instructed to stretch the arms
out in front of the body with palms down. The patient is instructed to perform
finger-to-nose movements slowly at least 3 times.”

e item 3.17 evaluates rest tremor. “The hands are rated separately. The rating is
based on the highest amplitude seen. The patient is instructed to sit quietly in a
chair with the hands placed on the arms of the chair and the feet comfortably
supported on the floor for 10 seconds.”

e item 3.18 evaluates the constancy tremor. “The rating is focused on the constancy

of rest tremor during other tasks in which different body parts are in resting.”

The MDS-UPDRS scores for these items range from 0 to 4, where 0 represents the non-
visible tremor, and 4 is the most severe sign. However, the use of MDS-UPDRS requires time
and examiner’s experience, and therefore, several quantitative approaches have been developed
to support the tremor assessment [2], [3], [5]. These analyses use different approaches to detect

tremors based on sensors [4], [38], [39].

3.2.2.2 Objective evaluation of tremor
There is an ever-growing number of scientific research efforts to increase understanding
of the tremor's mechanisms and the future [1]; it may help in following up the progress of

Parkinson's disease, as well as in the adjustment of drug and surgical-based treatments.

The main focus of studies about tremor assessment involves accurate detection of the
activity tremulous [40]-[42]. For instance, Huo et al. used inertial sensors to quantify the severity
of PD symptoms and to differentiate PD patients from healthy subjects. In order to detect tremors,
the raw data from the two gyroscopes and accelerometers were filtered with a Butterworth
bandpass filter (2 - 12 Hz). The means and standard deviations of processed rates-of-turn and
accelerations were used as feature inputs for tremor classification. The classifier presented high
accuracy for estimating the UPDRS scores of Kinect tremor (accuracy = 91.8%), and postural

tremor (accuracy of 80.2%) [40].

De Lima et al. introduced the Empirical Mode Decomposition (EMD) to study tremors,
and they used gyroscopes to detect rest and kinetic tremor. They identified the intrinsic mode

functions (IMF) that represent tremulous and voluntary activity. The result was compared with
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the method traditional in which the cutoff frequencies are set in a digital filter, reinforcing the

high accuracy of this method [41].

In the same context, Lee et al. used EMD for analyzing nonlinear and nonstationary
primary bowing tremor in violinists and compared the results to the Fast Fourier transform
method. The results showed that the IMF might represent the tremor and voluntary movement.
According to the authors, a nonstationary and nonlinear phenomenon like the tremor may be

accurately analyzed by EMD [42].

Some studies combine linear and nonlinear features for improving accuracy and obtaining
more information about tremors [3], [42], [43]. Shawen et al. investigated the relationship
between the characteristics estimated from the data measures and accuracy when using wearable
sensor (accelerometer and gyroscope) data to classify tremor and bradykinesia in patients with
PD. They selected 74 features which were categorized into the 5 feature categories (time,
frequency, entropy, correlation, and derivative). They found that models monitoring tremor
symptoms showed significantly decreased performance once entropy features (nonlinear) were
removed, for example. They concluded that appropriate choices of features and models help to
maintain accuracy. Also, the accelerometer is a sensor to detect tremors [4]. Similarly, Hssayeni
et al. used a set of features estimated from a gyroscope to detect states ON and OFF medication.

The specificity obtained from classifiers was over 90% [44].

Shah and colleagues conducted a study on the Hjorth parameters, which were initially
proposed as a means to assess complexities present in electroencephalogram (EEG) time-series
data. These complexities are not adequately captured when extracting power from different
frequency bands using a wavelet transform. The authors developed a classifier that detects the
presence or absence of tremor using Local Field Potentials (LPFs) recorded. They obtained an
accuracy of 97% and a mean of 78% using Hjorth parameters [43][45]. Similarly, Yao et al.
investigated a set of feature and machine learning methods for more accurate detection of rest
tremor in PD. The authors assessed the performance of machine learning (ML) algorithms and
various features of the subthalamic LFPs. The feature Hjorth complexity presented a higher
correlation with tremor, compared to other features. The research concluded that the use of

relevant features and learning methods improve the accuracy of tremor detection during rest [3].

In another research proposed by Yao et al., the authors using a machine learning approach
for rest tremor detection from local field potentials (LFPs) recorded from the subthalamic nucleus
(STN). They showed that machine learning models combined with high-frequency oscillations

(HFO) and Hjorth parameters achieve a high discriminative of tremor [5].

Additionally, Hanson et al. introduced a technique frequently used in speech processing

[46] for evaluating the severity of Essential Tremor. The Teager energy operator allowed to
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analyze tremor at a finer level of granularity. The authors concluded that this technique offers a
tremor severity metric that is accurate, precise, objective, and of higher resolution than the

Clinical Rating Scale [47].

Using electromyography, some studies [6], [7], [48] suggested the presence of STMPs as
a result of tremors. For instance, Dietz et al. investigated the characteristics of motor unit activity
in individuals with PD. They identified three relevant patterns: rhythmic spontaneous resting
discharge, abnormally low firing rates during voluntary contraction, and consistent firing patterns
[7]. Similarly, Agapaki et al. focused on the detection and exploration of characteristics of motor
unity (MU) synchrony and discharge patterns during rest and postural tremors [6]. Rissanen et al.
also analysed differences in surface electromyography between individuals with PD and healthy

subjects [48].

These results [6], [7], [48] suggest that STMPs may be linked to the underlying
mechanisms that cause tremors, and they may be present in both healthy people and people with
PD. STMPs exhibit self-similar structures across multiple scales of time and have a hidden
dynamic with underlying structures responsible for the abnormal motion of tremors. The
characterization of STMPs differs according to the type of tremor, e.g., physiological or
pathological. Once a better knowledge of STMPs is achieved, such information may be used to

develop better therapies and follow up on different types of pathological tremor.

According to our review of the literature, there is a lack of studies that attempt to identify
and characterise STMPs in tremors, specifically using inertial sensors. Although the results
reported in the literature are encouraging, with accuracies exceeding 85% for the detection of
tremor during controlled tasks or free movements [4], [40], [44], [49]-[53], they do not allow for
the description of several physiological phenomena that can generate and modulate STMPs over

the time.

This condition was highlighted by the International Parkinson and Movement Disorder
Society (MDS)[54]: “In most clinical studies, investigators are interested in changes in tremor
amplitude or occurrence that exceed random variability... Currently, there is no evidence that the

minimum detectable change is smaller when transducers are used.”

As a result, this study hypothesizes that tremor signals detected by inertial sensors can be
used to identify STMPs. Furthermore, the appearance of STMPs is controlled by a hidden

dynamic that describes their instantaneous appearance.
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3.3 Short-Term Motor Patterns in tremor signals

The tremor is characterized as “a rhythmic and involuntary oscillation of a body part”
[55] which is attributed to variations in time and frequency, as illustrated in Figure 3 of a real

tremor signal.
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Figure 3: A signal captured by a 3-axis accelerometer sensor from an individual diagnosed with
severe tremor. The red dashed line denotes the beginning and end points of the oscillations observed in
the tremor signal.

These oscillations (as depicted in Figure 3) occur as a result of amplitude and frequency
variations and can be regarded as an inherent variability present in the signal. This variability is
characterized by the presence of short-term changes (i.e., less than 1 second) in the signals, which
arise from physiological changes associated with the disorder or treatments [55]. These
oscillations become more evident in more severe tremors.

In addition to the aforementioned oscillations, about 50% of patients within 2 years of
initiating conventional levodopa therapy [56] experience the onset of motor fluctuations. In
contrast to the short-term changes mentioned earlier, motor fluctuations are characterized by long-
term variations lasting several minutes or hours [57], and they are associated with Levodopa
treatment [56].

Several studies have focused on investigating the presence of long-term motor patterns,
motor fluctuations, in PD [57], [58]. For instance, Erb et al. conducted a study to monitor the
fluctuations in motor symptoms and complications of PD. The researchers analyzed the severity
of motor symptoms in nonoverlapping intervals of 30 minutes for each participant over a period
of 6 hours. They found that tremor severity changed at least twice in 67% of the 30-minute
intervals examined for the upper extremities [57].

According to R. Erro et al., one of the most challenging aspects of studying tremors is

dealing with within-subject fluctuations, which arise from the inherent variations in the tremor
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Angular Velocity (dps)

signal over time. As most studies focused on the visible alterations in tremors (changes patterns
more than 1 second or motor fluctuations), short-tremor changes, less than 1 second, cannot be
captured until they exceed this natural variability [59]. In this sense, we investigated the presence
of short-term motor patterns (STMPs) from inertial sensors, defined as those lasting less than 1
second, utilizing data processing tools (Figure 4).
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Figure 4: Second Intrinsic Mode Function estimated from X-axis gyroscope of an individual with

PD. In yellow and blue circles are some examples of short-term motor patterns present in the signal.

Hand tremors, particularly, are caused by various physiological factors, such as the
activity of the basal ganglia, cerebellar circuits, and peripheral nerves. These components interact
at different spatiotemporal scales, contributing to the complexity of tremors. Within this intricate
nature, there exists a non-random phenomenon known as STMPs (Figure 4). STMPs exhibit self-
similar structures across multiple time scales and possess a hidden dynamic with underlying
structures that are responsible for the abnormal movement observed in tremors.

Using electromyography, some studies [6], [7], [60] suggested the presence of STMPs as
a result of tremors. For instance, Dietz et al. [7] investigated the characteristics of motor unit
activity in individuals with PD. They identified three relevant patterns: rhythmic spontaneous
resting discharge, abnormally low firing rates during voluntary contraction, and consistent firing
patterns. Similarly, Agapaki et al. [6] focused on detecting and exploring the characteristics of
motor unity (MU) synchronization and discharge patterns during rest and postural tremor.
Rissanen et al. [60] also analyzed differences in electromyographic patterns between individuals
with PD and healthy subjects.

According to these authors [6], [7], [60], STMPs may be linked to the underlying
mechanisms that cause tremors, and STMPs may be present in both healthy people and people

with PD.
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The characterization of STMPs differs according to the type of tremor, e.g., physiological
or pathological. Once a better knowledge of STMPs is achieved, such information may be used
to develop better therapies and follow up on different types of pathological tremor.

As a result, this study hypothesizes that tremor signals detected by inertial sensors can be
used to identify STMPs. Furthermore, the appearance of STMPs is controlled by a hidden
dynamic that describes their instantaneous appearance. To support these hypotheses, this study
aimed (i) to identify the STMPs present in resting tremor in individuals with PD and physiological

tremor and (ii) to characterize STMPs in terms of amplitude, persistence, and regularity.
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4. Data Collection and Exploratory Data Analysis (EDA)

In the realm of data-driven decision-making, data collection and EDA play a fundamental
role in uncovering valuable insights and extracting meaningful patterns from raw data. These
steps are particularly crucial in our studies aimed at identifying and characterizing short-term

motor patterns of tremor signals, as there is a lack of literature on this specific content.

This section delves into the specific considerations, techniques, and tools employed in the
collection and exploratory analysis of tremor data. It highlights the importance of data collection
in filling the gap in the existing literature and provides an overview of the EDA methods utilized
to gain insights from the collected tremor signals. Furthermore, it discusses the challenges

associated with collecting and analyzing tremor data and suggests strategies to mitigate them.

4.1 Data Collection

4.1.1 Subjects

This research was approved by the Ethics Committee on Human Research (CAAE:
87716217.8.0000.5152). Inertial signals were recorded from 26 subjects. The subjects were
divided into the following groups: neurologically healthy individuals (HC = 12, aged 60.1 + 5.9
years) and individuals suffering from PD (PD = 14, aged 65 + 11.54 years). A neurologist
clinically diagnosed PD in all PD subjects. They had no evidence of dementia or musculoskeletal
changes in the upper limb that were not related to PD, and they were in the ON state of medication.
The ON state refers to the period when a person with Parkinson's disease experiences a significant

improvement in their motor symptoms due to the effects of their prescribed medication.

The subjects with PD were recruited at the Parkinson Association of Tridngulo
(Associagao Parkinson do Triangulo, Uberlandia, Brazil), an association for individuals with PD.
Before participation in the experimental protocol, a detailed explanation was given to the
participants who voluntarily signed a consent form. Table 1 summarizes the characteristics of the

PD subjects.

4.1.2 Clinical evaluation

Item 21 of the Unified Parkinson's Disease Rating Scale part III (UPDRS III) was used
to assess the resting tremor. The score for item 21 is based on the hand tremor at rest and ranges
from 0 to 4, with 0 representing a non-visible tremor and 4 representing the most severe sign. A
specialist who was not involved in the data analysis examined the PD subjects clinically. The
medication was administered to the subjects between 30 and 60 minutes before the experimental
protocol. The scores were assigned during the ON period of the medication. The UDPRS scores

for all PD subjects are shown in Table 1.
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Table 1 — Clinical evaluation of people with Parkinson's disease showing the UPDRS III scores for

resting tremor on the side that is most affected.

Subject Age Sex Years Most affected  Hand tremor
Identifier diagnosed side at rest - Item
with PD 20 of the
UPDRS
1 63 F 20 left 0
2 53 M 12 right 0
3 60 M 12 right 3
4 46 M 18 right 1
5 63 M 9 right 3
6 66 F 12 right 0
7 66 M 14 right 0
8 72 F 8 right 0
9 77 M 3 right 3
10 97 F 20 left 3
11 61 F 10 left 1
12 63 F 7 right 0
13 56 F 5 left 0
14 68 M 10 left 4

4.1.3 Experimental setup

TREMSEN (Precise Tremor Sensing Technology, National Institute of Intellectual
Property—Brazil— BR 10 2014 023282 6) [61] was employed for data acquisition and real-time
visualization of the two triaxial inertial measurement units (IMUS). Each IMU consists of a
gyroscope unit (L3G4200D, STMicroelectronics, Switzerland) and an accelerometer—
magnetometer combined unit (LSM303DLM, STMicroelectronics, Switzerland). The sensitivity

settings of the IMU can be changed individually via I*C communication.

The sensitivities of the gyroscope, accelerometer, and magnetometer were set to + 500
degrees per second (dps) , = 4 gravity (g), and = 2 Gauss respectively, for all subjects, except
subject 14, who had higher UPDRS scores (Table 1). Due to the high severity of the tremor of
this individual the sensitivities were set to £2000 dps, £16 g, and+12 Gauss. All employed settings
were carried out on previous studies [62], [63] and were chosen to avoid saturation of the signal

conditioner. Signals were sampled at 50 Hz and digitized by a 12-bit analog-to-digital converter.

The experimental protocol used two inertial measurement units (IMUs) placed on the
hand and forearm of subjects (Figure 5). Data was collected from the dominant hand of healthy

subjects and from the most affected side of PD subjects.
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Figure 5: The positioning of sensors in the hand during the rest task. IMU-1 placed on the hand
and IMU-2 forearm.

For hand rest tremor assessment, we evaluated only recorded data from axis X of the
gyroscope (IMU-1). The tremulous activity can occur in all directions, depending on limb
placement and movement carried out. As the hand was in resting, the Gyroscope axis detected
better the tremor. We confirmed these findings by analysing the clustering results. IMU-1 was

placed on the dorsum of the hand, between the second and fourth carpometacarpal articulation

(Figure 6).

Figure 6: Illustration of the positioning of the hand during the rest tasks. The inertial sensors, IMU-1
was placed on the hand. The orientation of axes is shown, in which X, Y and Z are the proximal-

distal, medial-lateral and dorsal—palmar axes, respectively.

Figure 6 presents axes orientation, in which X, Y, and Z are the proximal-distal, medial-

lateral and dorsal—palmar axes, respectively.
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The experiments were carried out in a room where the subject sat in a comfortable chair
with an adjustable support surface. The forearm support isolated the movements of wrist joints.
The subject was asked to keep the arms resting on a support surface with the hands in the free
position (the shoulders at 0° and the elbow flexed at 90°), Figure 5. All subjects performed three
trials. Each trial took approximately 15 s, and there was a 60 s of resting between trials.

All the data collection was organized in tables, as shown in Figure 7 that presents the
general structure data collection and EDA for the identification and characterization of short-term

motor patterns of tremor signals of this experiment.

Data Collection % Dataset

O Visualization and
AN

Inspection

Pre-processing

Exploratory
Data Analysis

PSD (Power
Spectral Density)

EMD (Empirical
Mode
Decomposition)

Feature
Selection

gD

Figure 7: General structure of data collection and EDA for the identification and

characterization of short-term motor patterns of tremor signals of this experiment.

Once the data has been collected, exploratory data analysis takes center stage. EDA serves
as the preliminary step in understanding the inherent structure of the collected tremor data,
revealing hidden patterns, and generating hypotheses for further investigation. Through the use

of statistical measures, visualization techniques, and descriptive analyses, EDA helps us gain a
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deeper understanding of the characteristics, trends, and potential relationships within the tremor

signals [64].

4.2 Exploratory Data Analysis

The intricate diversity of tremors is likely attributed to the involvement of multiple
systems and is manifested differently in individuals. STMPs are discernible in this tremor signal
and their characteristics vary with tremor severity and tremor type, as pathophysiological or
physiological. Understanding these subtle changes in the tremor signal, i.e., STMPs, can assist in

clinical decision-making and improve the treatment of Parkinson's disease tremors.

Then, a significant question arises on how to identify and characterize these
micropatterns, given that no similar study has been found. To tackle this issue, different data

processing techniques were tested to develop a method for extracting STMPs.

4.2.1 Visualizing

The first stage involved understanding the dataset and signals, including those from the

gyroscope, magnetometer, and accelerometer is signal visualization.

Visualizing the data is crucial for effective data processing. It allows us to gain insights
into the patterns, trends, and anomalies present in the dataset. By visually examining the data, we
can better understand its structure and distribution, identify potential outliers or missing values,
and make informed decisions about data preprocessing techniques. Visualization helps in
exploring relationships between variables, detecting patterns that might not be apparent through
numerical analysis alone, and validating or refining our data processing methods[65]. Overall,
data visualization enhances our ability to interpret and manipulate the data effectively, leading to

more accurate and meaningful results.

Visualizing ensured data integrity and consistency for subsequent stages. In the case of
the tremor signal, this step helped us gain a better understanding of tremors and the signals from
various sensors. As a result, we tested multiple data processing methods that supported us in
developing a protocol for identification and characterization of STMPs that will be discussed in

the next sections.

We analysed and visualized all the signals, including the tremor signals captured from the
gyroscope, accelerometer, and magnetometer in all axes. This comprehensive visualization, as
presented in Figure 8, enabled us to identify the specific sensor and axis from which we extracted

the STMPs from the tremor signal.
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Figure 8: Raw signal captured by the gyroscope, accelerometer, and magnetometer of an individual with

PD (top). At the bottom, there is a zoomed-in view of a specific section of the tremor signal along the X-

axis from each of the sensors.

Visualization steps were performed at various stages of the EDA process and during data

processing.

4.2.2 Signal Pre-processing

The collected signals have the influence of linear and nonlinear trends caused by various

factors, including the Zero-g level offset of accelerometers, the DC component of gravity, the

Earth's magnetic field, and the motion of the hand and forearm. These factors introduce low-

frequency components into the signal that are unrelated to tremor [62], [63]. To address this issue,

Andrade et al. [61] developed a customized toolbox which was employed in this study. This tool

was utilized to eliminate both linear and nonlinear trends from the signals (Figure 9). All signal

pre-processing and statistical analyses were performed using R Statistical Software. The

following steps were employed for data pre-processing to identify STMPs:

e The collected data were resampled at a sampling frequency of 300 Hz using splines.

o The signals were smoothed by applying the Tukey’s Running Median Smoothing

(TMRS), preserving shifts in time-series. The result of this step is the smoothed signal

y tmrs-

36



(dps)

Angula Velocity

Angula Velocity (dps)

200

100

-100

=200

200

100

o
e

e Following that, the low-frequency components related to involuntary movements not
related to the tremor, and linear trends from the signals were detected, using the Loess
Regression with the neighbourhood of size 0.1. The nonlinear slow component y;,ess
was obtained.

e Nonlinear component was removed from the smoothed signal to obtain:

Yr = Ytmrs - Yioess

e The last step removes the piecewise linear trend y,; using the detrend function from

the pracma package. y,; is a detrend signal and it will be employed for data

processing.

These signal processing steps are fully explained in [61]. In cases where the outliers were
not removed during the initial step of data pre-processing, we utilized box plots to detect them

and subsequently removed them from the dataset.
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Figure 9: Raw signals captured by X-axis from gyroscope, accelerometer, and magnetometer of an

individual with PD (top). At the bottom, filtered the Y-axis signals from each of the sensors.

4.2.3 Power Spectral Density (PSD)

Moreover, to understand better the signals, we estimated the power spectral density (PSD)
of all the signals (Figure 10) through the Adaptive Sine Multitaper method as described in [66].
In this method time-series data are divided into multiple equal length segments. A set of

orthogonal “taper” functions are multiplied with each segment of the time-series data before
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obtaining the periodograms. The average of all segmented periodograms is the tapered version of
the time-series data. This two-step multiplication and average process can reduce the spectral
leakage in the PSD, thus lowering the variance and bias relative to the standard Fourier transform.
The psd package, available in The R Project for Statistical Computing [67], was used to estimate
the PSD (Figure 10).

4000
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Figure 10: Power Spectral Density (PDS) estimated from the X-axis of the Gyroscope. On the left side
(A), the PDS is estimated from an individual with Parkinson's disease (PD), while on the right side (B),
the PDS is estimated from a healthy individual.

As observed in Figure 10 (A), the PDS exhibits peaks at lower frequencies (3-5 Hz) with
higher energy in individuals with Parkinson's disease. In contrast, for a healthy individual (Figure
10 - B), the peak is within the range of (5-10 Hz) with lower energy, which is consistent with
findings reported in the literature [31], [68]. In this case, it is easier to detect and distinguish
Parkinson's tremor from a physiological tremor. This is due to the PDS estimated in Figure 10
(A) being derived from an individual with a tremor level of 4 (severe) according to MDS-UPDRS.

This indicates a signal with higher amplitude and more regularity, as illustrated in Figure 11.

A B

Angula Velocity (dps)
Angula Velocity (dps)

Time (s) Time @
Figure 11: The pre-processed signal from the X-axis of the Gyroscope. On the left side (A), the
signal is from an individual with Parkinson's disease (PD), while on the right side (B), the signal is from a
healthy individual. These signals were used to estimate the Power Spectral Densities (PDS) shown in

Figure 10.
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In contrast, distinguishing individuals with slight to moderate Parkinson's tremor from
physiological tremor solely using the PDS becomes more challenging. This is due to the frequency
overlap between physiological tremor and Parkinson's tremor, as well as the similarity in energy

levels to signals from healthy individuals (Figure 12).
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Figure 12: On the left side, there is a moderate tremor signal from an individual with Parkinson's

disease (PD), while on the right side, there is a Power Spectral Density (PDS) estimated from this signal.

In contrast to Figures 10 and 11 (A), the tremor signal depicted in Figure 12 exhibits a
lower amplitude, and the frequency peak falls within the range of (5-9 Hz), resembling tremor
signals commonly observed in healthy individuals. Traditional methods may not be sufficient to
detect and differentiate slight and moderate tremors from psychological tremors. Therefore, we
investigated on an exploration of methods capable of revealing hidden structures to effectively
distinguish between these types of tremors. As part of our investigation, we utilized Empirical

Mode Decomposition (EMD) to analyze the tremor signal.

4.2.4 Empirical Mode Decomposition (EMD)

As mentioned earlier, tremor is a complex signal, and detecting and differentiating slight
and moderate tremors can be challenging. Numerous tools and protocols have been developed to
address this issue. However, many of these methods assume that tremor is linear and stationary,
for instance, the Fourier transform (FT) [69]. Methods based on FT are commonly employed for
tremor analysis. However, using FT for tremor analysis has some drawbacks. Firstly, the signal
is linearly decomposed as a combination of sines and cosines, which may not fully capture its
complexity. Additionally, methods based on FT often face a trade-off between time and frequency
resolution, which can hinder the detection of local oscillations in the signal that may have

significant physical meaning [41], [70], [71].

In this context, we employed EMD for identifying hidden structures in tremor signal, as
this technique provides enough resolution in the signal analysis to detect events often obscured in

conventional analysis. EMD technique for analysis of nonlinear and nonstationary time-series
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was successfully applied to investigations of seismological and biological signals, including

tremors [70], [72], [73].

This method decomposes the input time-series into a finite and often small number of
functions designated as Intrinsic Mode Functions (IMFs) [74]. IMF represents the oscillation
modes embedded in the data, unlike the Transform Fourier, which breaks down signals in terms

of sine and cosine waves.
An IMF satisfies two conditions:

e First, in the whole data set, the number of extrema and the number of zero crossings
must be either equal or differ at most by one.
e Second, at any point, the mean value of the envelope defined by the local maxima

and the envelope defined by the local minima is zero.

The main aim of the EMD is to iteratively identify distinct timescales (or frequency
bandwidths) from the data that may have a physical meaning, e¢.g., IMFs may be related to

biological phenomena.

To identify a specific Intrinsic Mode Function (IMF) associated with the tremor, we
estimated five IMFs and examined the PSD of each IMF. The selection of the IMF was based on
the presence of oscillations within the frequency range of 3 Hz to 10 Hz, which is known to be

associated with tremors [70].

Through this analysis, we have discovered the presence of short patterns in the tremor
signals, and it is likely that these short patterns contribute to the diverse manifestations of tremors.

Figure 13 illustrates some of these short patterns observed in two different tremor signals.
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Figure 13: The Y-axis gyroscope was used to estimate the second IMF of two different signal

Some of the short patterns identified through visual inspection are represented in yellow and blue.

Through visual inspection (Figure 13), several insights about tremors have emerged:

S.

e Due to the nonlinear nature of the signal, it is necessary to combine both linear

and nonlinear features to effectively characterize tremor signals.

e According to a study by Andrade et al. [61] , tremors can occur in various

directions and exhibit variations based on the level and type of tremor. Because

of that, the X-axis of the gyroscope suggests providing additional information

about tremors. Additionally, the choice of the IMF component with a physical

meaning depends on the severity of the tremor. For mild or moderate tremors,

the second and first components are more representative, while for more severe

tremors, the third component is a suitable choice. Similar findings have been

reported in the literature [42], [70].
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e The instantaneous appearance of short patterns follows a specific dynamic.

To uncover the patterns present in the tremor signal, we conducted an investigation
focusing on the features that can be extracted from the X-axis of the gyroscope. The purpose of
this analysis was to explore and understand the specific characteristics and patterns exhibited by

the tremor signal along the X-axis.

4.2.5 Feature Selection

The selection of appropriate features can significantly impact the performance of a data
analysis. Relevant features provide valuable information and can lead to more accurate

predictions, classifications, or insights.

Considering the nonlinearity and nonstationary of tremor signals, a more robust approach
to this analysis involves selecting features that combine linear and nonlinear characteristics [69].
By incorporating both types of features, a more comprehensive and complementary set of
information can be obtained from hand tremor signals [75]. Based on these premises and
literature, we investigated a set of features in time domain for identification and characterization

of STMPs in tremor signals [3], [5], [69], [75].

The amplitude of tremor plays a crucial role in characterizing its severity. Many studies
evaluating tremor employ features that are derived from the amplitude of the tremor signal [3],
[5], [61], [69], [75], including the use of this criterion in MDS-UPDRS to evaluate the severity
tremor [76]. Also, features related to randomness can be useful to bring news insights about the
tremors. They are applied for determining the regularity of series of data based on the existence

of patterns [77].

Additionally, we opted to utilize features in the time domain due to their ability to
preserve the temporal information of the signal, offering valuable insights into the dynamics and
temporal changes over time. This is especially crucial when analyzing time-varying signals like
tremors, as it allows for a better understanding of temporal patterns and variations. Moreover,
time domain features involve simpler calculations compared to frequency domain features,
making them faster and computationally less demanding. This efficiency makes time domain

features well-suited for real-time or large-scale data processing tasks.

We selected this set of features for identification and characterization of STMPs in tremor
signals: mean absolute value (MAV), coefficient of variation (CV), zero crossing rate (ZCR),
sample entropy (SampEn), and Hjorth parameters (activity-ACT, mobility-MOB, complexity-
COMP).
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4.2.5.1 Mean Absolute Value (MAV)

Mean Absolute Value (MAV) is a feature commonly used in the analysis of physiological
signals, particularly in the field of electromyography (EMG) [78]. It quantifies the average
magnitude of the signal by calculating the mean of the absolute values of the amplitude of the

signal over a specific time window (Equation 1).

N
1
MAV = NZ | x| (1)

Considering N is the total number of samples of the discrete time-series x of each window,

i is the i-th discrete time instant (i={1,2,3,---,N}).

MAV is a simple and widely used feature that can be useful for various applications, such

as muscle activity monitoring, gesture recognition, or movement analysis [79], [80].

4.2.5.2 Coefficient of Variation (CV)

Coefficient of Variation is a statistical measure that expresses the relative variability or
dispersion of data. The CV is commonly used to compare the variability of different data. It allows
for a standardized comparison of variability relative to the mean. A higher CV indicates a greater
degree of relative variability or dispersion in the data, while a lower CV suggests more consistent
or stable data (Equation 2).

Tes @

Considering N is the total number of samples of the discrete time-series x of each window,

i is the i-th discrete time instant (i={1,2,3,---,N}), u is the mean and o the standard deviation of x.

The CV is often used in various fields, including finance, economics, biology, and quality
control, to assess and compare the relative variability of different variables or measurements [81],
[82]. It provides a useful measure for understanding the spread or dispersion of data in relation to

the mean.

4.2.5.3 Zero Crossing Rate (ZCR)
Zero Crossing Rate is a feature commonly used in the analysis of audio, speech, and
biomedical signals[3], [83]. It represents the rate at which a signal crosses the zero-axis over a

given period of time (Equation 3).

N
1
ZCR = 55 Isgn(xiag) — sgn()| (3)

i=1
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Considering N is the total number of samples of the discrete time-series x of each window,

11s the i-th discrete time instant (i={1,2,3,---,N}), p is the mean and ¢ the standard deviation of x.

The ZCR provides information about the rate of changes or transitions in the signal and
is particularly useful in characterizing the temporal properties. Signals with a higher ZCR tend to
have more rapid changes in amplitude or frequency, indicating a more dynamic signal. On the

other hand, signals with a lower ZCR tend to have smoother or more stationary characteristics.

4.2.5.4 Sample Entropy (SampEn)

Entropy is a nonlinear technique rooted in the theory of complex systems, serving to
quantify the randomness and predictability of stochastic processes[84]. In clinical monitoring,
different forms of entropy have been employed. One such measure is Sample Entropy (SampEn),
which assesses regularity. It is computed as the negative natural logarithm of the conditional
probability that two sequences (Equation 10), sharing similarities for a specified number of points,
will continue to exhibit similarities at the subsequent point, with the exclusion of self-matching.
Considering N is the total number of samples of the discrete time-series x of each window, 7 is the

i-th discrete time instant (i={1,2,3,--,N}). SampEn of the time series can be calculated as follows:

e Construct an embedding vector with m consecutive data points extracted from
xX:v; = [Xi, Xiyms --» Xizm—1]), and m is the embedding dimension

e Define for eachi (1<i<N—m)

1 —

r specifies a tolerance value and r = €0, where ¢ is a scaling parameter and o, is the

standard deviation of x.

e O(-) is the Heaviside function:

0,x <0,
0(x) = {1,x =0 (5)

e |-l represents Chebyshev distance, that is,

Il v; — 5] Ili= max(|xi - Xj ,|xl-+1 - xj+1|, . |xl-+m_1 + xj+m_1|).

(6)

e (/" represents the proportion of vj (j # i) whose distances to v; are less than 7.

Similarly, for each i (1 <i <N —m), we also define

+1 _ 1 N-
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where C]"**represents the proportion corresponding to the dimension of m + I; C]™ and
C™*! have the same form, but embedding vectors in the two cases are defined in different phase

spaces.

e Averaging across all embedding vectors

1 N-m
A:N—m—1zcim ®)
i=1
e And
N-m
1 m+1
B:N—m—1ZCi ©)
=1

SampEn of x is calculated as

A
SampEn(m,r,N) = —log—
pEn( ) 9% (10)

According to Equation 10 a lower SampEn value indicates a higher degree of self-
similarity in a given time series. For this application, we adopted m = 2 and » = 0.2 based on

previous studies [44], [83].

SampEn has demonstrated its efficacy as a valuable tool for examining diverse types of
time series data originating from various biological conditions within the human body, such as

Alzheimer's disease, Parkinson’s Disease, and human postural sway[85]-[87].

4.2.5.5 Hjorth parameters

In 1970, Hjorth introduced a set of three descriptors to evaluate the EEG signal in the
time domain [88]. These descriptors rely on the signal's variance, offering a computationally
efficient alternative compared to other time-frequency methods like Fast Fourier Transform (FFT)

and wavelets [88], [89].

As described by Hjorth, the first parameter, known as activity, represents the average
power of the signals. The second parameter, mobility, indicates the mean frequency of the signal.
The third parameter, complexity, characterizes the shape of the signal's curve. For instance, the
complexity value of a pure sine wave converges to one. Hjorth combined these three parameters
for characterizing the patterns of EEG signals related to amplitude, the scale of time, and

complexity in the time domain [88].
Activity (ACT)
Activity provides a measure of the squared deviation of the amplitude (Equation 11)
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Activity = o2 (11)

Mobility (MOB)

Mobility provides a measure of the standard deviation of the slope concerning the

standard deviation of the amplitude (Equation 12)

- 04
Mobility = . (12)

a

Complexity (COMP)

Complexity gives us the number of standard slopes obtained through the average time

required for generation of one standard amplitude (Equation 13)

d

Odd
Complexity = g—;fi (13)
Oa

In addition to EEG signals, the Hjorth Parameters are also used for gait analysis and

tremor analysis in Parkinson's disease (PD) [3], [88], [89].

Although the results reported in the literature regarding the utilization of the
aforementioned features are promising, they do not provide a comprehensive understanding of
how these descriptors behave in various data collection scenarios. This is particularly evident in
the case of tremor, which is a complex signal characterized by trends, frequency variations, and
amplitude variations. These factors can potentially impact the outcomes of the estimated features.
Therefore, characterizing the behavior of these features in different scenarios is essential for
gaining a deeper understanding of the results. One method commonly employed to assess their

behavior is by utilizing synthetic signals [71], [90], [91].

4.2.6 Synthetic Signals

Synthetic signals, also known as artificial signals or simulated signals, are artificially
generated signals that mimic or emulate real-world signals. They are created based on
mathematical models, algorithms, or predefined patterns to possess specific characteristics and
properties. Synthetic signals are designed to resemble the properties and behavior of real signals,

allowing researchers to study and analyze them in a controlled and systematic manner [91].

Synthetic signals are often used in various fields, including signal processing, machine
learning, and data analysis. They serve as valuable tool for evaluating algorithms, testing
methodologies, and understanding the behavior of different systems. By generating synthetic

signals, researchers can manipulate various parameters, such as frequency, amplitude, noise, and
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time-varying characteristics, to investigate the effects of these factors on data processing methods

and algorithms [90].

The advantages of using synthetic signals include the ability to establish ground truth,
control over signal characteristics, reproducibility, and the ability to perform controlled
experiments. Synthetic signals provide a standardized basis for evaluating algorithms, comparing

different methods, and validating the performance of data processing techniques [90], [91].

In the context of tremor analysis, synthetic signals can be generated to mimic the
characteristics of tremor signals, including their frequency, amplitude, and noise properties. These
synthetic signals can then be used to evaluate the effectiveness of feature extraction algorithms,
assess the impact of different factors on the extracted features, and explore the underlying

mechanisms of tremor.

Overall, synthetic signals play a crucial role in research and development by providing
researchers with controlled and reproducible signals that enable deeper insights and
advancements in various fields, including data processing and analysis. Therefore, based on
synthetic signals, we explored the behavior of the set features (MAV, ZCR, SampEn, and Hjorth

parameters) in different five scenarios of data collection.

In theoretical terms, tremor can be simulated by summing sinusoidal signals and by
multiplying sinusoidal frequencies that are different from the ones used in the sum, as described
in [92]. However, for the purpose of this study, we chose to simulate a single sine wave with
different parameters (i.e. amplitude, frequency, noise, and trends) to gain a better understanding
of the applied set of features. The sine wave is commonly employed in biomedical signal studies
because of its similarity to the shape of a sinusoid, which is frequently observed in various
biomedical signals, including tremor [93], [94]. Additionally, the behavior of the sine wave is

well-established, making the analysis simpler and more controlled [92].

The assessment of these features was carried out from the sine wave. The Equation (4)

describes this sine:

y (t) = Asin(2nft) (12)

Where:

y (t): Sine wave, A: Amplitude, f: Frequency (Hz), and ¢: Time (s)

1) First scenario
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To observe the sensitivity of features according to the amplitude. The amplitude (A),

Equation (12), varied among different values, A 1 =0.5, A 2=0.55,and A_ 3 =5.

For the different amplitudes, we considered f'= 3 Hz, and sampling rate f; = 50 Hz.

Figure 14 shows the artificial signal considering f=3 Hz, A 1=0.5, and f; = 50 Hz.

Sine wave

0.50

0.25

0.00

-0.25

-0.50

00 25 5.0 7.5
Time (s)

Figure 14: Pure sine wave with amplitude 0.5.
Results from the first scenario

Table 2: Results of features according to the amplitude

Amplitude MAV ZCR sampEn ACT MOB COMP
0.5 0.32 0.12 0.005 0.13 18.76 1.00
0.55 0.35 0.12 0.005 0.15 18.76 1.00
5 3.17 0.12 0.005 12.5 18.76 1.00
Comments

The variables related to amplitude, such as MAV and ACT were found to be sensitive

to even small variations in amplitude, such as 0.05. On the other hand, the variables

related to the shape and regularity of the signal remained unchanged, indicating that

they were not affected by amplitude variations.

Second scenario

To observe the sensitivity of features according to the frequency. We varied f in

Equation (12) among different values: f1 =3 Hz, f> =5 Hz, and f3 = 10 Hz. For the

different frequencies we considered A = 0.5, and sampling rate f; = 50 Hz. Figure 15

shows the artificial signal considering f=5 Hz, A = 0.5, and f; = 50 Hz
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Figure 15: Pure sine wave with frequency 5 Hz.

Results from the second scenario

Table 3: Results of features according to the frequency

Frequency MAV ZCR sampEn ACT MOB COMP
3 0.32 0.12 0.005 0.13 18.76 1.00
5 0.31 0.20 0.004 0.13 30.93 1.00
10 0.31 0.40 0.004 0.13 58.84 1.00
Comments

The variables related to frequency in time domain, such as ZCR and MOB were found

to be sensitive variations in frequency. The feature related to variability of the signal,

CV, also was sensitivity. On the other hand, the variables related to the amplitude,

shape and regularity of the signal remained unchanged, indicating that they were not

affected by frequency variations.

Third scenario

To observe the sensitivity of features according to addition of the white noise. We

considered A = 0.5, =5 Hz, and sampling rate f; = 50 Hz. Figure 16 shows the sine

wave contaminated with white noise.

49




4)

Signal with white nocise
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Figure 16: Sine wave contaminated with white noise.
Results from the third scenario

Table 4: Results of features according to the addition of white noise

MAV ZCR sampEn ACT MOB COMP
0.37 0.25 1.9 0.20 48.79 1.56
Comments

All the variables were found to be sensitive to the addition of white noise. However,
the variables related to frequency in the time domain and regularity were particularly

affected, showing the greatest impact.

Fourth scenario
To observe the sensitivity of features according to addition of the linear trend. We
considered A = 0.5, =5 Hz, and sampling rate f; = 50 Hz. Figure 17 shows the sine

wave with linear trend.

Signal with linear trend

0.75

0.50 ﬂ
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Figure 17: Sine wave contaminated with linear trend.

Results from the fourth scenario
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Table 5: Results of features according to the addition of linear trend

MAV ZCR sampEn ACT MOB COMP
0.34 0.20 0.008 0.13 30.39 1.01
Comments

All the variables were found to be sensitive to the addition of linear trend. However,
the variables related to frequency in the time domain and regularity were particularly

affected, showing the greatest impact.

Fifth scenario
To observe the sensitivity of features according to addition of the nonlinear trend. We
considered A = 0.5, =5 Hz, and sampling rate f; = 50 Hz. Figure 18 shows the sine

wave with nonlinear trend.

Signal with nonlinear trend

0.0 25 5.0 7.5 10.0
Time (s)

Figure 18: Sine wave contaminated with nonlinear trend.

Results from the fifth scenario

Table 6: Results of features according to the addition of nonlinear trend

MAV ZCR sampEn ACT MOB COMP
0.70 0.04 0.45 0.63 14.93 1.93
Comments

All the variables were found to be sensitive to the addition of nonlinear trend.
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5. Protocol for identification and characterization of STMPs

After conducting an explanatory analysis of the data, we concluded that the X-axis data

from the gyroscope holds crucial information regarding short-term patterns. The tremor was more

evident in the gyroscope X-axis than other sensors. Subsequently, we proceeded to follow the

flow outlined in Figure 19 to identify and characterize STMPs.

Experimental protocol

Clinical Experimental
evaluation setup

Subjects

Signal
preprocessing

e

Windowing —*

Feature
extraction

t-SNE

|

Identification

Micropatterns

Assessment Characterisation

Figure 19: Diagram depicting the main steps for the identification and characterization of STMPs.

The Experimental protocol and signal pre-processing were detailed on the previous

sections. After these steps, we developed a protocol for identification and characterization of

STMPs as shown in Figure 19.

5.1 Windowing and feature extraction

Prior to feature extraction, the signals were divided into 1 s windows with 50% overlap

(Figure 20). To identify the STMPs in the signal, the following linear and nonlinear features were

extracted from each window: MAV, CV, ZCR, sampEn, and Hjorth parameters (activity-ACT,
mobility-MOB, complexity-COMP), as defined in previous section and APPENDIX A. As a

result of the feature estimation, the data in each signal window were represented by a feature

vector of dimension seven.
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Figure 20: The main steps in tremor data analysis of healthy individuals (yellow) and individuals
with PD (gray). The tremor activity may have distinct STMPs that emerge over time. The signal is
windowed, and a feature vector is estimated for each overlapping window delimited by the arrows.
Black and red colors are used to ease the visualization of the boundaries of each window. The set of

features is estimated for individuals in the HC and PD groups. The high-dimensional data set is
reduced to a lower-dimensional space using t-SNE, allowing the identification of clusters
representing distinct STMP (represented by numbers 1, 2, and 3) templates present in the tremulous
activity. Once these STMP groups have been identified, it is possible to understand their dynamics

over time, i.e., the likelihood of STMP appearance, persistence, and regularity.

The primary goal of this study was to detect STMPs and characterize them using the
studied time domain features. Although these features are estimated in time, some of them (ZC
and Mobility) capture changes in signal frequency. In this sense, the set of features chosen
combines the features capable of capturing information about changes in the frequency,

amplitude, and predictability of the signals.

5.2 Dimensionality reduction

The dimensionality of the data, i.e., feature vector, was reduced through t-Stochastic
Neighborhood Embedding (t-SNE) [95], which converts data in a high-dimensional space into a
low-dimensional space while preserving the stochastic distribution of data points. The data was

standardized by using the zscore method before the dimensionality reduction.

t-SNE is a nonlinear method that converts the high dimensional data set X = {xy,
X3, X3, .., Xn} twWo- or three-dimensional dataY = {y;, ¥, V3, ..., ¥n}- The low-dimensional data
Y is represented as a map, while the low-dimensional representations y_i of individual data points
as map points. The SNE algorithm converts Euclidean distances between high-dimensional data

points into conditional probabilities (p;j, and ¢;;). The pairwise similarities between two
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datapoints, x; and x;, are represented by the conditional probability p;; in the original high-
dimensional space, and the low-dimensional conditional probability is represented by q;; of points
yi and y;. For nearby datapoints, p;; is relatively high, whereas for widely separated datapoints,

p;ij will be almost infinitesimal.

In order to determine how much the low-dimensional model represents well the high-
dimensional model, the t-SNE minimizes the Kullback Leibler (KL) [95] cost function using a
gradient descent method (Equation 13)

c= ZKL(PinQi) - ZZpijlogZ—Z (13)

Where P; is the conditional probability distribution over all data points given a data
point xi and Q; represents the conditional probability distribution over all other map points given
map point yi. The location of the points y; in the map is defined by minimizing the KL divergence
of the distribution P from the distribution Q. The goal is to optimize the embedding such that p;;
and gq;; are as similar as possible. t-SNE improves SNE by using the Student’s t-distribution rather

than a Gaussian to compute the similarity between two points in the low-dimensional space [95].

The perplexity parameter in t-SNE determines the point’s optimal number of close
neighbours. Van der Maaten and Hinton [95] suggest values between 5 to 50. However, due to
the number due to the number of points from our sample, the algorithm did not properly work
with perplexity values higher than 15. Then, we ran some experiments with perplexity values in
the range between 5 and 15 to verify how this parameter affected the quality of the generated
maps. With the map generated by t-SNE, we observed that the perplexity values smaller than 10
generated a large number of clusters dominated by local variations. In contrast, with perplexity
values higher than 10, the number of clusters was reduced. Based on this, the perplexity value

was set to 10.

5.3 Identification of STMPs
STMPs were identified for the HC (healthy control) and PD (Parkinson's disease) groups

using the k-means clustering technique applied to the data in a two-dimensional space created by
t-SNE. To determine the optimal number of clusters for the dataset, the gap statistic [96] and
Silhouette plot [97] were utilized, estimating the optimal number as 3. Despite testing other values

of k, including k=2, 4, 5, and 6, a cluster value of k =3 (Figure 22) provided the most meaningful
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interpretation of the presence of STMPs in the signals. Prior to clustering, all variables were

transformed into z-scores.

In addition, differences between pairwise clusters were evaluated using the Fasano—
Franceschini test [98] (p < 0.05) because the bivariate normal distribution assumption of the

variables was violated (Kolmogorov—Smirnov test at the significance level of 5%).

5.3.1 STMPs assessment

The frequency of the STMPs in each group, the transition probability among the STMPs
in each group, and the time duration of the STMPs in each group were all evaluated. The transition
probability among the STMPs was calculated based on the transition probability matrix denoted
as P, which contains all transition probabilities. Assuming the states are 1,2, ..., r, then the state

transition matrix is given by

P11 Pir
P: H N H

Pri " DPrr
The probability to be in the state i and reach the state j is given by p;; (Equation 14)

bij = PAXpn=jlXn1=1} (14)

Although Equation 14 provides the probability of being in the same state (rii or rjj), it
does not provide the state’s duration (i.e., persistence). The persistence time or time duration is
defined as the time of a sample to remain in the same STMP. Then, to estimate the time duration

of the STMPs for each group, we calculated the persistence time defined as D (Equation 15).

D(i) == x 0.06 (15)
pi

where i is the STMP group, ni is the amount of the samples in i-t4 STMP group, and ri is the
number of permanence blocks for the i-th STMP type. The permanence block is the set of samples
consecutive of the same STMP (Figure 21). The constant 0.06 converts the value into

milliseconds. In the case of ri=0, we considered D(i)=ni.
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Figure 21: Calculation of the persistence time (Equation 15) for the STMP 2. Three STMPs
(represented by colors blue, yellow, and gray) were identified and distributed along the tremor signal
and plotted below according to their appearance order. For STMP 2, the number of samples n2 was

20, the number of permanence blocks was 6, and the calculated persistence time was 0.2 ms.

Figure 21 illustrates how persistence time is calculated. We estimated the persistence
time for the STMP group identified as 2. Two steps should be followed to calculate duration
time in any STMP group. In this case for STMP 2:

e The number of samples in the STMP 2 was n,=20
e The number of permanence blocks for each transition for the STMP 2 was

r==6

Thus, we obtained the persistence time of 0.2 ms for STMP 2 (Figure 21).

5.3.2 STMPs characterization

To characterize each STMP in terms of the extracted features, we calculated the average
for all features for each STMP for the HC and PD groups. Since the distribution of the data did
not fit a normal distribution (Shapiro—Wilk test, p < 0.05), the Wilcoxon test was performed to
compare the difference between the groups (HC and PD), with a significance level of 95% (p <
0.05).
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6. Results

6.1 Explorative cluster analysis

The results from the k-means clustering were obtained from the feature vectors estimated
from the data in a lower dimensional space estimated by t-SNE. The gap statistic and a Silhouette
plot [97] were employed to estimate the optimal number of clusters (k) (Figure 22). According to
both methods, k = 3 allowed for the identification of three clusters, i.e., STMP templates.

Optimal number of clusters
Silhouette method

Average silhouette width

1 2 3 4 5 6 7 8 9 10
MNumber of clusters k

Figure 22: Silhouette plot indicating the optimal number of clusters (k) equals to 3

Furthermore, to confirm the findings above, we tested the differences between pairwise

clusters through the Fasano—Franceschini test (p < 0.05) (Table 7).

Table 7: differences among pairwise clusters of STMPs given by the Fasano—Franceschini test

Clusters D-statistic p-statistic
1 and 2 0.87 <0.05%*
1 and 3 0.97 <0.05%*
2and 1 0.87 <0.05%*

Significant results for the differences among pairwise clusters are highlighted with “*”, for each condition.

The results presented in Table 7 showed that the differences among pairwise clusters were

significant. The statistical results supported our decision that three clusters gave us an optimal

solution.

6.2 Identification of STMPs

From the analysis of clusters above, we identified three distinct types of STMPs present
in the tremor in PD individuals. The distribution of these STMPs according to their similarity and

groups (HC or PD) is shown in Figure 23.
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Figure 23: Distribution in three STMPs of all signal segments of both groups (HC and PD). The
black circles highlight the cluster centers estimated by k—means. The STMP 1 (blue) has a
predominance of individuals from control group. STMP 2 (yellow) has both experimental groups,

while in STMP 3 (gray) most STMPs are from individuals with PD.

Figure 23 highlights the difference among STMPs. For STMP 1, most STMPs are from
individuals in the control group. For STMP 3, most STMPs are from individuals with PD. For
STMP 2, both experimental groups presented STMPs with a similar frequency.

6.3 STMPs assessment

The STMPs were assessed based on their frequency as well as the transition probability
underlying their occurrences. Figure 24 shows the frequency of STMPs according to their

similarity (i.e., STMP 1, 2, or 3) and experimental groups (HC and PD).
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Figure 24: Frequency of STMPs based on each experimental group.
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As shown in Figure 24, STMP 1 is more similar to those of the control group. In

comparison, approximately 80% of STMP 3 belonged to people with Parkinson’s disease. STMP

2 had an equivalence number of STMPs in both experimental groups.

Figure 25 shows the typical STMPs for the HC and PD groups. Although the signals from

individuals with PD contained more segments with STMP 3 (Figure 25 - D), those individuals

whose tremor was moderate had STMP 1 and 2 (Figure 25 - C), and the time series was similar

to that of healthy individuals (Figure 25 - B).
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Figure 25: STMPs distributed along the tremor time series obtained from the gyroscope axis X. (A)

Tremor signal from a healthy individual with the prevalence of STMP 1. (B) Tremor signal from a

healthy individual with STMPs of all types. However, most of them are STMP 1 and 2. (C) Tremor

signal from an individual with PD. Most of the STMPs are type 2. (D) Severe tremor signal from an
individual with PD with the prevalence of STMPs type 3.
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Additionally, we evaluated the dynamics of the STMPs according to the transition
probability of their occurrence and the time of permanence in the underlying states related to

the distinct STMPs types.

For the assessment of the transition, we adopted the transition probability matrix to

calculate the probability of one STMP to transit to another one (Figure 26).
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Figure 26: Transition probability between the STMP for each group (HC and PD).

As presented in Figure 26, the HC group presented the highest transition values,
especially from the 2 to 1 and 3 to 2 STMP types, whereas the PD group showed the lowest

transition values.

The permanence time in each STMP type was calculated according to Equation (3) for

each group. Figure 27 illustrates the mean permanence time in ms of each STMP type.
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Figure 27: Mean of permanence time in each STMP for groups.

As shown in Figure 27, the PD group presented the highest mean permanence time (up to 10
ms in STMP 3). In contrast, the HC group presented about 3 ms in STMP 1. In STMP 2, both

groups presented similar values of the mean permanence time, around 2.45 ms.

6.4 STMPs characterization

The STMPs were characterized in terms of the extracted features. Table 8 shows the average
for all the extracted features for both groups for each STMP type. Only CV and COMP were not
significantly different (p > 0.05) between the HC and PD groups.
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Table 8: Mean of the extracted features for each STMP type for both groups

HC group PD group
Features STMP p-value
(mean = std) (mean = std)
1 0.27+0.13 4.10+31.81 <0.05*
MAV 2 032+0.13 0.68+1.12 <0.05*
3 0.28+0.14 30.59 £45.21 <0.05*
1 82.71 £1128.10 861.72 £ 17606.78 3.14 x107!
CVv 2 -3.19+£435.55 -53.84 +517.96 7.78 x10°2
3 25.26 +£240.14 14.37 +£457.44 9.75x10°!
1 6.32¢-2 + 6.90x107 6.43e-2 +1.01x1072 <0.05%*
ZRC 2 5.15e-2 £ 5. 80x107 4.95e-2 +5.90x107 <0.05%*
3 4.80e-2 + 8.62x107 3.75¢-2 + 1.06x102 <0.05%*
1 0.52 +4.27x10? 0.51 +6.40x102 <0.05*
SampEn 2 0.48 + 5.08x102 0.46 +5.12x102 <0.05*
3 0.46 + 6.74x102 0.37 + 8.80x1072 <0.05*
1 0.14+0.19 1378.22 + 11695.60 <0.05%*
VAR 2 0.19+0.19 2.62+18.21 <0.05%*
3 0.16 £0.22 4000.02 + 10009.58 <0.05*
1 0.20 + 1.83x102 0.20 +2.85x102 <0.05*
MOB 2 0.17 + 1.4x10°2 0.16 + 1.55x102 <0.05*
3 0.16 £2.07x10? 0.13+£2.85 <0.05*
1 1.42+0.14 1.45+0.17 5.72x1072
COMP 2 1.39+0.13 1.40+0.13 2.84x10°!
3 1.77+0.18 1.67 +0.31 <0.05*

Significant results for the differences among the groups for each STMP are highlighted with “*”.
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7. Discussion

Tremor characterization is critical for developing appropriate individualized treatment
and rehabilitation strategies. According to our findings, there are at least three STMPs that are
significantly different in tremor signals, and these STMPs can be characterized and evaluated
based on amplitude, time of permanence and transition, and complexity. We found that the
tremulous motion of the hand provided novel insights into the underlying temporal aspects of

tremors that may be used as diagnostic and prognostic biomarkers for tremors.

The exploratory data analysis yielded valuable insights into the characteristics of tremor
signals (Figure 8). Through visualization and inspection, we identified the presence of short
patterns in the tremor signals (Figure 13), which was further confirmed by employing Empirical
Mode Decomposition (EMD). EMD, introduced by E. Rocon and colleagues in 2006, is a
nonlinear technique that does not require stationarity or linearity as prerequisites [41]. It is a high-
resolution method that serves as an alternative to Fourier-based analysis, which is the standard
technique for studying tremor time series. E. Rocon and colleagues applied EMD to evaluate
signals collected from 31 patients with different neurological conditions and concluded that the
First Intrinsic Mode Function (IMF) is more closely related to tremor [41]. In a similar study, Lee
A. et al. assessed tremors in violinists using EMD and found that the third IMF contained more
meaningful information about tremor. However, they suggested combining the second and third

IMF for tremor analysis [42].

Based on our findings, the divergence regarding which IMF is most related to tremor [41],
[42] may be attributed to the type and severity of the tremor. We observed that for mild or
moderate tremors, the second and first IMF components are more representative, while for more
severe tremors, the third component is a suitable choice. Consequently, we opted to inspect each

signal separately to account for these variations (Figure 13).

The experimental protocol and signal pre-processing were based on the study from
Andrade et al. [99]. The protocol used a pair of triaxial inertial units positioned on the back of the
hand (Figure 5). Due to simplicity and the reported results in a previous study [99], we adopted
the same protocol. However, only data from the gyroscope placed on the hand were used for
analysis. In addition, to improve the data quality from gyroscope X, linear and nonlinear trends
from the signals were removed following the same pre-processing steps described in [99]. As we
investigated the short pieces of the signal, it is crucial to guarantee that small motions unrelated

to the tremor motion and noise from the device are removed.

The sensor and axis were chosen using a strategy based on the exploratory data analysis
and clustering of STMPs (Figure 23). Because the tremor manifests in all directions, we tested

other sensors (e.g., an accelerometer and gyroscope) to determine which was best for detecting
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STMPs. The sensor performance based on the clustering results from gyroscope axis X (Figure
23) was more relevant for our purposes. Furthermore, in the setting shown in Figure 5, the
gyroscope captured hand tremors better, particularly around the X-axis, where a tremor
corresponding to small amplitude movements of wrist adduction/abduction (radial-ulnar
deviation) and forearm pronation/supination occurs, and such movements are more pronounced

than movements around the Y axis, which correspond to movements of wrist flexion/extension.

The main focus of most tremor studies is detecting or comparing the tremor of different
groups/conditions and extracting features of the whole signal [42], [61], [100]-[102]. However,
to identify underlying patterns in tremor signals, it is necessary to track them since tremors change
over time. Thus, all signals were segmented with a 50% overlapping window to explore their
dynamics [103]. A window size of 1 second was selected after observing the occurrence of these
short patterns in the tremor signal (Figure 13). These Short-Term Movement Patterns (STMPs)
typically appear for durations of 1 second or less within the signal. Furthermore, it is important
to note that sample entropy is sensitive to the number of samples used for analysis. According to

the literature [77], [100], reliable estimates of sample entropy require a minimum of 250 samples.

The set of variables used in this study was based on previous studies [3], [77], [99], and
tested on simulated signals (Figure 14-18). While the intention was not to simulate a realistic
tremor signal in this study, we varied certain parameters present in tremor signals, such as
amplitude, frequency, and shape variations. This step was crucial in order to understand the
behavior of the features. For each segment, linear and nonlinear features were extracted
(APPENDIX A), as linear and nonlinear features provide complementary information for tremor
assessment [104]. Morrison et al. [102] emphasized the importance of assessing the pattern of the
tremor signal using nonlinear features. According to the authors, it is not always simple to
discriminate different forms of tremor using only standard linear measures such as mean
amplitude or the dispersion around a mean as traditionally defined. Table 8 highlights the
importance of these feature combinations. It is possible to discriminate the groups using some of

the features.

The instantaneous fluctuations present in the signal contain physiologically meaningful
patterns across multiple temporal—spatial scales. This study identified three (Figure 23) types of
STMPs that were significantly different in the tremor signals (Table 7). T-SNE produced the
visualization of STMPs (Figure 23), discriminating the different types of STMPs. Moreover,
regarding discrimination among the STMP types, t-SNE was a relevant tool applied before
executing the clustering step. Similarly, Oliveira et al. [105] found the highest accuracy in
applying t-SNE as an a priori step to the classification. To our knowledge, this is the first study

reporting cluster analysis techniques to examine STMPs in tremor signals using inertial sensors.
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This approach supported the concept that tremors are heterogeneous since we could identify a
sequence of different STMPs in the tremor signal from a PD individual. Figure 24 shows that
STMP 1 was present mainly in tremor signals from healthy people, although it was also present
in tremors from PD individuals. Furthermore, the number of STMP 2s increased substantially in
the PD individuals (Figure 25 - C), and STMP 3 was prevalent in PD individuals with a higher
UPDRs score (Figure 25 - D).

Similarly, Dietz et al. [7] described that tremors in PD might be characterized by motor
unit discharges. According to the authors, in those periods that the grouped discharges were more
regular, the tremor amplitude decreased, and the firing frequency increased. Sometimes in these
discharge periods, the tremor may disappear. It means that in a single tremor signal, it is possible
to find distinct types of STMPs, as shown in Figure 25 — B and C. In addition, corroborating this
result, Agapaki et al. [6] demonstrated the similarities between the characteristics and the activity

of MUs in interspike intervals within doublets/triplets of tremors in PD and physiological tremors.

Some signals from healthy people presented STMP 3, although about 80% of the signals
from people with PD presented STMP 3. Comparing the results with the UPDRS scores of the
PD group, signals containing a large number of STMP 1 were from PD individuals with a more
moderate tremor. In contrast, those people from the PD group whose signals presented a large
number of STMP 3s had a more severe tremor (Figure 25 - D). Surprisingly, some individuals in
the HC group presented an expressive number of STMP 3s in their signals, possibly indicating
the presence of a smoother tremor. A possible explanation for this result is that most people from
HC are older adults, suggesting that tremors are related to aging, in which there exist segments of

STMP 3 [106].

STMP 2 represents tremulous patterns associated with an intermediary state present for
both groups in the same proportion. Interestingly, the appearance frequency of STMP2 may be
related to tremor severity, as seen in the values of permanence time and transition probability
(Figure 26 and Figure 27). STMP 2 is present in the signal of HC individuals all the time (Figure
26); thus, it has a higher mean probability of transition and lower permanence time in a single
STMP (Figure 27). In contrast, the signal of PD individuals tends to have a lower transition
probability and higher permanence time (Figure 26 and Figure 27). We may consider this higher
transition probability from HC as variability, which provides adaptive strategies to maintain the
control of tremors. Harbourne and Stergiou [107] emphasized the relevance of variability for
maintaining health. They highlight that a lack of variability traps a behavior in a specific state or
pattern, as shown in Figure 10 with the PD group. Individuals with PD tended to stay in state 3
related to STMP 3 for almost 30 ms (Figure 27), while healthy individuals stayed in state 1, related

to STMP 1, for about 3 ms. Figure 25 - D shows a severe tremor; therefore, the whole signal had
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STMP 3. Then, we suggest that permanence time and transition probability in STMPs might be a

source of behavioral change.

According to Harbourne and Stergiou [107], nonlinear tools best capture the hidden
information in the variability, quantifying the structure of the signal. Sample entropy is a
nonlinear tool used for measuring the degree of predictability or the structure of the variability of
a time series. The difference among the STMPs of both groups was significant (Table 8, p <0.05).
For HC, the sample entropy values were higher than those for the PD group, indicating that the
tremor was more regular and more predictable in the PD group. Similar results were found in
studies where the tremor variability was around 15-22% lower in PD patients than in healthy

controls, and the tremor was more regular in PD [69], [101], [102], [108].

Furthermore, Gil et al. investigated entropy to evaluate hand tremors. They observed a
59.8% decrease in entropy for the resting tremor in PD patients and an increased tremor amplitude
for these patients [86]. Similarly, Rissanen et al. [60] concluded that the EMG signals of PD
individuals are more regular and contain more recurrent patterns than the EMG signals of healthy
individuals. These previous findings supported our findings that the signals of individuals with

PD are more regular (with less variability) than healthy individuals.

7.1 Limitations

o The sample size (N = 26) was determined according to the literature. Many studies
evaluated tremors with similar samples size and reached significant results [6], [7], [99],
[101], [102], [109]. A greater sample size would validate the finding that tremors are
heterogeneous, and more samples of each tremor severity may better characterize the
signs of tremors.

e Although the selection of a 1-second window size was based on the examination of the
extracted IMFs from the signal, employing an automated tool for detecting the start and
end of each STMP could provide additional insights into the short patterns present in the
tremor signal.

e The present study is the first to evaluate STMPs using inertial sensors. In order to ensure
the reliability of the results, it is important to validate them by comparing them with other

studies that have also identified short patterns, such as [6].
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8. Conclusion and recommendations

8.1 Main contributions of this research

This study described a method to identify and characterize STMPs in tremor signals. We
assessed these STMPs from data obtained from a gyroscope placed on the dorsal side of the hand.
We identified three STMPs in tremor signals and observed their prevalence depending on the
tremor type, i.e., pathological or physiological, and individual condition. Moreover, we
characterized these STMPs in terms of amplitude, permanence time, and complexity. The results
confirm that tremors in individuals with PD tend to get trapped in a specific state. Therefore, this

signal is less complex than the tremor in HC.

In this sense, the methods used in this study can identify relevant landmarks for the follow
up with tremor symptoms, assisting professionals in evaluating the tremor severity and the

efficacy of a treatment.

8.2 Further studies

Although the present study has demonstrated the presence of short patterns in the tremor
signals of healthy individuals and those with Parkinson's disease (PD), these patterns appear to
be random. Additionally, the characteristics of these patterns, such as their shape and frequency,
may also exhibit randomness. Thus, it will be interesting for further studies to investigate this
inherent randomness for the development of models that can predict the dynamic nature of

tremors and propose personalized treatment approaches for individuals with PD.
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APPENDIX A

Short description of the features extracted from the signal. NV is the total number of samples of the discrete

time-series x of each window, i is the i-th discrete time instant, i is the mean and ¢ the standard deviation

of x.
Feature Description Formula
MAV Mean absolute value 1<
MAV = N; | x|

Ccv Coefficient of variation a(x)

)
ZCR Zero crossing rate 1 N

ZCR = ﬁzl I5gn(Xia1)
L Sgr(l)(xi)l
where sgn(x;) = {_'1’ x’i <0

SampEn Sample entropy

Hjorth Activity
parameters . .. ty
Complexity

A
SampEn (m,r,N) = — logE

where m is the length of the template
(length of the window of the different
vector comparisons) and r is
tolerance which is usually selected as
a factor of the standard deviation. For
this application, we adopted m = 2
and r = 0.2 as in other studies
[84][44]. B is the probability that two
sequences are similar for m points,
ie., d[Xpn (), Xm()] < r. While A is
the probability that two sequences are
similar for m+1 points, i.e.,
A[Xm+1 (D), X1 (D] < 7[77].
Activity = ¢2(x)

N Activity (%)
Mobility = \/%

where x is the first discrete derivative

of the x, i. e.,
= Xi = Xi—1
At
with temporal resolution At = t; —
tl_l'

] Mobility(x)
Complexity = W

where x is the first discrete derivative

of the x, 1. e.,
= Xi = Xi-1
At
with temporal resolution At = t; —
ti_l .
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