
 

 

 University of Groningen

Quantification of symptoms of movement disorders - towards support of clinical monitoring
and diagnosis
Dominguez Vega, Zeus Tlaltecutli

DOI:
10.33612/diss.204495521

IMPORTANT NOTE: You are advised to consult the publisher's version (publisher's PDF) if you wish to cite from
it. Please check the document version below.

Document Version
Publisher's PDF, also known as Version of record

Publication date:
2022

Link to publication in University of Groningen/UMCG research database

Citation for published version (APA):
Dominguez Vega, Z. T. (2022). Quantification of symptoms of movement disorders - towards support of
clinical monitoring and diagnosis. [Thesis fully internal (DIV), University of Groningen]. University of
Groningen. https://doi.org/10.33612/diss.204495521

Copyright
Other than for strictly personal use, it is not permitted to download or to forward/distribute the text or part of it without the consent of the
author(s) and/or copyright holder(s), unless the work is under an open content license (like Creative Commons).

The publication may also be distributed here under the terms of Article 25fa of the Dutch Copyright Act, indicated by the “Taverne” license.
More information can be found on the University of Groningen website: https://www.rug.nl/library/open-access/self-archiving-pure/taverne-
amendment.

Take-down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.

Downloaded from the University of Groningen/UMCG research database (Pure): http://www.rug.nl/research/portal. For technical reasons the
number of authors shown on this cover page is limited to 10 maximum.

Download date: 23-05-2023

https://doi.org/10.33612/diss.204495521
https://research.rug.nl/en/publications/64814e3e-6423-4998-bf2a-733e026f5231
https://doi.org/10.33612/diss.204495521


572887-L-bw-Dominguez572887-L-bw-Dominguez572887-L-bw-Dominguez572887-L-bw-Dominguez
Processed on: 28-1-2022Processed on: 28-1-2022Processed on: 28-1-2022Processed on: 28-1-2022 PDF page: 9PDF page: 9PDF page: 9PDF page: 9

Chapter 1

Introduction



572887-L-bw-Dominguez572887-L-bw-Dominguez572887-L-bw-Dominguez572887-L-bw-Dominguez
Processed on: 28-1-2022Processed on: 28-1-2022Processed on: 28-1-2022Processed on: 28-1-2022 PDF page: 10PDF page: 10PDF page: 10PDF page: 10

10 Chapter 1

Introduction
Assessment of motor symptoms in patients with movement disorders is a complex task, which 
typically involves visual assessment by a movement disorders expert in the clinical environ-
ment. During visual assessment, clinicians trust their training and expertise in recognizing and 
quantifying the severity of motor symptoms such as tremor, lack of coordination, problems 
with balance control, involuntary movements or muscle contractions, among others (Abdo et al., 
2010). The main problem with visual assessment is the subjectivity involved in the evaluation 
of patients. In addition, the time a clinician has to evaluate a patient provides just a glimpse of 
what the condition means for the patient in daily life. A routine clinical assessment of a patient 
with a movement disorder typically takes 30-60 minutes (Martinez Manzanera et al., 2016). Such 
reduced time windows could lead to observation of just part of the real condition of a patient and 
not of the overall severity and impact of the disease.

The subjectivity of visual assessments and a relatively small time window in which to perform 
the assessment could lead to erroneous evaluations of movement disorder patients, particularly 
when performed by less experienced assessors. Aiming to reduce subjectivity, protocols have 
been developed to assess motor symptoms, which also help improve agreement between different 
evaluators. Even though studies have demonstrated that by using those protocols the reliability 
between assessors becomes moderate (Brandsma et al., 2017; Goetz et al., 2008), the proper 
evaluation of movement disorders patients remains a challenge.

Clinical neurophysiological evaluations provide another way to reduce subjectivity in clinical 
evaluations of patients with movement disorders. An example is polymyography, which is a re-
cording that uses multiple electromyography (EMG) sensors placed over muscles involved in the 
motor symptoms as well as accelerometer (ACC) sensors. Polymyography can also be combined 
with electroencephalography (EEG) for assessment of myoclonus, for example. In this manner, 
polymyography is used as an additional aid in the evaluation of some symptoms of patients with 
movement disorders, such as tremor. With this technique, clinicians collect information while the 
patient executes tasks from a clinical protocol that includes different postures and movements. 
To be able to use this information, researchers employ mathematical techniques (e.g., frequency 
analysis) to translate the knowledge of experts into quantitative characteristics of the movement. 
However, the disadvantage of visual assessments of movement disorders symptoms being short 
has not been solved by these additional clinical neurophysiological evaluations, as they also 
typically only assess the patient for about half an hour, in the clinical environment.

To deal with the limitations of short-term recordings portable devices could be used. For example, 
miniaturized inertial sensors (i.e., accelerometers and gyroscopes) allow long term recordings of 
patients with movement disorders in their home environment. When such sensors are combined 
in one device, sometimes with other sensors such as magnetometers, they are known as inertial 



572887-L-bw-Dominguez572887-L-bw-Dominguez572887-L-bw-Dominguez572887-L-bw-Dominguez
Processed on: 28-1-2022Processed on: 28-1-2022Processed on: 28-1-2022Processed on: 28-1-2022 PDF page: 11PDF page: 11PDF page: 11PDF page: 11

11Introduction

measurement units (IMU). Measurements with IMUs not only allow long-term recordings but 
also reduce the impact of measurements in the clinical environment on the patient (such as stress). 
Studies have demonstrated that by using such technology it is possible to objectively quantify 
motor symptoms in patients with movement disorders (Van Someren et al., 1998). Furthermore, 
it has been demonstrated that quantification of symptoms in the home environment improves 
assessment of such symptoms (Kramer et al., 2019; Parees et al., 2012).

In this thesis, we contribute to these developments by trying to achieve two goals. First, we aim 
to improve upon short term recordings, by investigating the use of accelerometry in long term 
tremor recordings and its applicability for home-based tremor quantification. Second, we aim 
to improve the objective evaluation of symptoms of movement disorder patients for diagnostic 
purposes. To do so we investigate the use of inertial sensors and mathematical methods to quantify 
ataxic symptoms in the clinical environment. Summarizing: we investigate the use of movement 
sensors for long-term monitoring and diagnostic purposes.

In the following sections of the introduction, to introduce the reader to some necessary back-
ground for a better understanding of the studies in this thesis, I present information regarding the 
clinical assessment of ataxia and tremor and the applicability of inertial sensors in this endeavor. 
First, I introduce ataxia and tremor as movement disorders, and the cerebellar circuitry involved. 
Then, I discuss the clinical protocols that have been developed to evaluate these disorders. Finally, 
I describe the use of inertial sensors and provide a summary of the mathematical methods needed 
to translate the knowledge of movement disorders experts into objective, quantified measures of 
motor symptoms in patients with movement disorders.

1.1 Movement disorders: Ataxia and tremor
We execute voluntary movements all the time without too much effort, at least that is our im-
pression. Execution of voluntary movements implies the combination of actions of different 
body parts, all of them controlled by the central nervous system (Kandell, 2013). A simple task 
such as picking up an object involves the visual cortex, the cerebellum, the spinal cord and the 
basal ganglia, among others (Freund, 2002). Thus, when any of these systems fails, the execu-
tion of voluntary movements is compromised. Malfunction of any system involved in voluntary 
movements can potentially lead to a movement disorder. For example, it is known that balance 
and coordination are products of complex circuitry including the basal ganglia, the cerebellum 
and the cerebral cortex, as well as peripheral motor and sensory pathways. Malfunction of any 
part of this intricate circuitry can lead to imbalance and incoordination, better known as ataxia 
(Akbar & Ashizawa, 2015).

Ataxia is a movement disorder affecting adults (prevalence 1/20,000) and young (prevalence 
26/100,000) people (Salman, 2018). When ataxia is diagnosed before 25 years of age, it is defined 
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as early onset ataxia (EOA) (Harding, 1983). As toddlers, we start learning to execute voluntary 
movements although we do not achieve cerebellar maturation until eleven years old (Tiemeier et 
al., 2010). Since the cerebellum is not fully developed in toddlers, it can be difficult to establish 
whether a child suffers from ataxia. Besides normal cerebellar immaturity that can be observed 
in children during development, there are also children who suffer from developmental coor-
dination disorder (DCD). DCD impedes daily activities due to motor incoordination, and is 
by definition not attributable to intellectual or visual impairment, or underlying neurological 
conditions (Lingam et al., 2009). Compared with EOA, DCD is a more common (prevalence 
50–100/1000 children), non-progressive developmental disorder, that can be characterized by 
mild motor incoordination (Wilson et al., 2013).

EOA and DCD may present similarly when children execute voluntary movements, making the 
distinction between them very challenging (Lawerman et al., 2020). Aiming to differentiate be-
tween these two conditions, clinicians have used clinical protocols to visually evaluate symptoms 
while children are executing different tasks. Some of the most commonly used clinical protocols 
are described in section 1.2 of this introduction.

Another common movement disorder is tremor. We all experience a form of tremor sometimes; 
for example, when we keep our arms and hands extended for several minutes, they will start 
trembling. This is a physiological tremor caused by fatigue of our muscles which is not associated 
with cerebellar disease. The word ‘tremor’ is often associated with Parkinson’s disease (PD), 
which is a neurological disease that can indeed present with a (rest) tremor. Even though the 
underlying pathophysiology of Parkinsonian tremor is not completely understood, it is thought 
that the basal ganglia and the cerebello-thalamo-cortical circuit are involved (Dovzhenok & 
Rubchinsky, 2012; Helmich et al., 2012).

It is known that brain regions in this circuit have important roles in the execution of voluntary 
movements, for example, the basal ganglia are responsible for motor control, motor learning and 
executive functions (Lanciego et al., 2012; Nagano-Saito et al., 2014), the thalamus is involved in 
motor and sensory pathways (Dovzhenok & Rubchinsky, 2012) and the cerebellum is in charge 
of movement regulation and balance control (Dovzhenok & Rubchinsky, 2012). Malfunction of 
any of these brain regions could lead to problems in position control, muscle activation, activity 
execution, among others, which could all lead to tremor.

Even though tremor in Parkinson’s disease is probably the most well-known type of tremor, it is 
not the most common. The most common type of tremor is essential tremor (ET) (Louis, 2005), 
with an estimated prevalence of 4.6% in people over 65 years old (Louis & Ferreira, 2010). 
There is still no clear evidence of the aetiology of ET or the neural circuitry involved. Yet, some 
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researchers suggest that aberrant neuronal oscillation is the fundamental abnormality in ET 
patients (Deuschl & Elble, 2009).

Essential and Parkinsonian tremor are both associated with malfunction of regions on the brain. 
But when a person suffers from tremor without evidence of a neurological origin, clinicians iden-
tify this type of movement disorder as functional tremor. Functional tremor patients are those in 
which tremor is not attributed to any organic disease (Bartl et al., 2020). Clinically, it is known 
that tremor in functional tremor patients tends to disappear when they are distracted (Park, 2018).

To evaluate tremor patients, movement disorder experts use clinical protocols, where the clinician 
visually quantifies characteristics of tremor such as frequency and amplitude. Aiming to improve 
tremor assessment, different clinical assessment protocols have been developed. The most com-
monly used clinical protocols are presented in the next section of the introduction.

1.2 Clinical protocols
In general, when visiting a family doctor for a checkup or for an illness, some questions will be 
asked about our physical condition (e.g., regarding the presence of a headache, stomach ache or 
fever) and some additional measurements (e.g., body temperature, blood pressure, blood oxy-
genation) might be taken. These questions are part of a diagnostic protocol to identify the type 
of illness one is suffering from. The additional measurements provide objective data, which aid 
in establishing a diagnosis and, if possible, suggesting a treatment.

In a similar way that a family doctor evaluates a patient, a movement disorders expert assesses 
patients, looking for irregularities during voluntary movements associated with neurological 
and non-neurological abnormalities (Abdo et al., 2010). For example, when a child comes to the 
outpatient clinic due to complaints such as poor coordination, unsteady walk, difficulty with fine 
motor tasks, among others, the clinician knows these are cardinal symptoms of ataxia (Brandsma 
et al., 2019). To clinically evaluate the patient, a movement disorders expert needs to further 
investigate and apply protocols to establish an informed diagnosis.

Such protocols can also help to confirm whether a patient has ataxic symptoms. One of the pro-
tocols that have been developed to assess ataxia is the International Cooperative Ataxia Rating 
Scale (ICARS). This protocol was developed to standardize the assessment of impairment due to 
cerebellar ataxia. The maximum score is 100 and the scale consists of 19 items and 4 subscales 
of postural and gait disturbances, limb ataxia, dysarthria (i.e., speech difficulty), and oculomotor 
disorders. Higher scores indicate higher levels of impairment (Trouillas et al., 1997). Although 
interrater reliability of this scale has been shown to be high (Storey et al., 2004), daily use of the 
ICARS in ataxic patients is difficult due to its many assessment items.

1
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This led to the development of a new scale with fewer assessment items which therefore has 
the advantage of easier daily assessment of ataxia. The Scale for the Assessment and Rating of 
Ataxia (SARA) was introduced as a reliable and valid clinical scale measuring the severity of 
ataxia (Schmitz-Hübsch, 2010). The scale consists of eight categories with accumulative scores 
ranging from zero (no ataxia) to 40 (most severe ataxia). The scale evaluates speech disturbances 
and seven parameters concerning motor coordination. In general, the scale is a reliable and valid 
measure of ataxia, with high inter-rater variability (ICC = 0.97) for the gait, stance, sitting, fast 
alternating hand movements and heel-shin slide tests and moderate inter-rater variability (ICC < 
0.80) for the finger chase and finger to nose tests. Even though this scale has been proven to be 
reliable between assessors, some studies suggest that the use of objective techniques (e.g., iner-
tial sensors, video cameras) could help to improve the assessment of ataxic patients (Kashyap et 
al., 2020; Mannini et al., 2017; Martinez-Manzanera et al., 2018). For example, the SARA does 
not allow for very fine-tuned assessments thereby making it more difficult to establish smaller 
changes in impairments.

Similar to the scale for the assessment of ataxia, there are scales to evaluate tremor or to assess its 
progression. The introduction of scales exemplifies the effort in the medical community to stan-
dardize and improve evaluations. For instance, before the 1980s several research institutions had 
their own scale. Some examples are the scales designed at King’s College (Parkes et al., 1970), New 
York University (Ramaker et al., 2002), Northwestern University (Canter et al., 1961), and the Uni-
versity of California (Diamond et al., 1978). However, the diversity of evaluation instruments made 
comparison and standardization difficult. This variety of scales guided the creation of standardized 
scales such as the Fahn-Tolosa-Marin clinical rating scale and the Unified Parkinson’s Disease 
Rating Scale (UPDRS), the latter being the most widely used scale to assess Parkinson’s disease 
patients (Movement Disorder Society, 2003). This scale was created to evaluate the severity and 
progression of Parkinson’s disease in patients. It consists of four parts: I) Mentation, Behavior and 
Mood, II) Activities of daily living, III) Motor and IV) Complications. Despite the efforts to create 
a standard evaluation tool, the first version of the scale lacked instructions for the motor part which 
resulted in ambiguities that caused poor inter-rater reliability of the bradykinesia, action tremor 
and dyskinesia items (Martínez-Martín et al., 1994; Richards et al., 1994). In 2007 the Movement 
Disorder Society created a new version with improvements in this area as well as in non-motor 
aspects of PD. This new scale was designed to solve these inconsistencies and improve inter-rater 
reliability and included specific instructions for the motor tasks (Movement Disorder Society, 2003).

Similarly, the Fahn-Tolosa-Marin Clinical Rating Scale for Tremor (FTM) was designed to quan-
tify rest, postural, and action or intention tremors, providing a more comprehensive assessment 
of tremors. This protocol has been used to evaluate essential tremor patients during posture, as 
postural tremor is a common sign of essential tremor (Louis, 2005; Ondo et al., 2018). Even though 
FTM has been used in large trials of essential tremor patients, some researchers suggested that it 
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may be impractical for patients with severe tremor (Ondo et al., 2018). These limitations guided 
the creation of a new scale specifically created for essential tremor assessment. The Essential 
Tremor Rating Assessment Scale (TETRAS) is a validated clinical scale designed specifically 
for the assessment of ET severity (Ondo et al., 2018).

The continuous creation and improvement of clinical scales for the evaluation of movement dis-
orders paved the way for the standardization of clinical evaluation. Recently, the development 
of miniaturized portable devices used together with these scales has been proven to provide an 
instrumented system that can assist informed clinical decision making (Kashyap et al., 2020).

1.3 Inertial sensors and movement analysis
Portable devices are ubiquitous; nowadays we can find them almost everywhere. Our cellphone 
or smartwatch has embedded circuitry capable of recording our position (e.g., GPS), counting 
our daily steps and even recording our blood pressure. Among the most widely used portable 
circuits are inertial sensors (i.e., accelerometers and gyroscopes). Inertial sensors are capable of 
providing information about human movement, for example when we turn our cellphone, inertial 
sensors measure angular velocity and the internal circuitry interprets the direction and magnitude 
of the spin. Then, using these data our cellphone changes the orientation of the displayed image.

Such technology allowed to study human movement in unconstrained environments (e.g., at 
home). Even though the first application of inertial sensors to the analysis of human movement 
goes back to the 1960s (Lambrecht & Del-Ama, 2014), they are still mostly used in relatively 
constrained environments such as the clinical environment of a hospital. This could be because 
the use of this technology requires an expert to correctly apply the devices as well as correct 
information of the activities performed.

One of the problems in human movement analysis based on the application of inertial sensors is 
the reconstruction of the movement itself. For example, when we use inertial sensors to assess 
movement, we obtain linear acceleration and angular velocity, but need to go from there to po-
sition and angles. Accelerometers are inherently affected by gravity. Then, to transform linear 
acceleration to position, we need to perform double integration of the data, and this introduces 
an error in the calculated position (Kok et al., 2017).

In addition, angular velocity data obtained from gyroscopes includes drift (inherent in the sen-
sors). This type of error makes it difficult to use gyroscopes for long term human movement 
assessment. To transform the angular velocity data to orientation data (i.e., angles), single numer-
ical integration is also required. But since drift is inherent in the measurements by integrating 
the angular velocity data, we also add noise to the calculations (Kok et al., 2017). One way to 
approach these problems is by using filters that can help minimize this error.

1
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Recently, filters have been designed to combine the information from accelerometers and gyro-
scopes to obtain position and orientation from different body segments. For example, so-called 
Kalman filters can be used to combine linear acceleration and angular velocity information, 
allowing the reconstruction of human movements (Madgwick et al., 2011). In Chapter 2, we used 
this technique to reconstruct voluntary upper limb movements in ataxia patients. Even with this 
information we still need a way to translate the reconstructed position and orientation data to 
measures that are meaningful for clinicians.

For example, one of the cardinal symptoms of ataxia is the incoordination of voluntary move-
ments (Akbar & Ashizawa, 2015). During the assessment of ataxia patients by using the SARA 
protocol, clinicians evaluate coordination of the upper limb while the patient executes different 
tests. Those tests help to evaluate the performance of voluntary movements in a standardized 
way, but the assessment remains subjective as the clinician visually assesses the movement and 
evaluates it on a scale that goes from no irregularities (score 0) via mild, moderate and high to 
unable to perform the test (score 4) (Schmitz-Hübsch, 2010). To obtain objective measures from 
those tests, some researchers have proposed the use of inertial sensors (Braito et al., 2018; Kashyap 
et al., 2020; Krishna et al., 2019; Martinez-Manzanera et al., 2018). For example, some studies 
suggest that the assessment of velocity of the upper limb movements could be used to evaluate 
coordination. Here, uncoordinated movements are expected to be slower than coordinated ones. 
Velocity could then be calculated using the angular velocity itself or by estimation of the linear 
velocity from the acceleration data.

Another example of coordination assessment is by estimating the curvature of movement, where it 
would be expected that in healthy subjects voluntary movements would be associated with smooth 
trajectories. In contrast, ataxia patients would be expected to execute more irregular movements 
with higher (local) curvature, as a result of poor coordination (Martinez-Manzanera et al., 2018).

Another relevant aspect of ataxia assessment is the evaluation of gait. In the SARA protocol, 
gait evaluation is the test with the largest range in scores. However, this scale is still limited to 
9 potential scores, from no difficulty walking (0) to unable to walk (8), and thus, although stan-
dardized, remains rather subjective (Schmitz-Hübsch, 2010).

Again, the reconstruction of gait on the basis of inertial sensor data represents a possible im-
provement to minimize subjectivity in gait assessment (Mannini et al., 2017). In this case, even 
though some gait reconstruction models are using Kalman filters (Zheng et al., 2014), they still 
need several sensors attached to different parts of the body to fully reconstruct human gait, which 
is also limiting for measurements at home.
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In this thesis a model for gait analysis is used that is based on a mechanical model, which incor-
porates both legs (right and left) and which has been demonstrated to be suitable for gait recon-
struction in Parkinsonian patients (Aminian et al., 2002; Salarian et al., 2004). In this model, the 
lower limbs (thigh and leg) of the human body are considered as a double pendulum model. Here, 
four sensors are needed to fully reconstruct gait, and the angular velocity data is used to obtain 
spatio-temporal parameters (e.g., stride length, stride velocity). With this approach, the walking 
pattern for each individual can be reconstructed and the most relevant and used characteristics 
for gait analysis (e.g., gait cycle time, stride length, stride velocity) can be obtained. These char-
acteristics can be used to compare gait between different groups of movement disorders patients 
and controls. For example, it is known that ataxic patients walk slower compared to healthy 
subjects (Matsushima et al., 2015).

Similarly, specific movement characteristics can be extracted from IMU data for tremor patients. 
For a clinical assessment, accelerometers are attached to the body part(s) most affected by tremor, 
which often include the hands. Then, the patient executes different voluntary movements, intended 
to evoke tremor during action or posture, or the patient remains still to evoke rest tremor. After 
the completion of all tests, which commonly takes between 30 to 60 minutes, the sensors are 
removed and the data is stored for offline analysis.

During tremor analysis, mathematical techniques are applied to obtain relevant information 
from the accelerometry data. The most commonly used tremor characteristics across studies are 
frequency, amplitude and tremor presence. The frequency of tremor is calculated using the fast 
Fourier transform (FFT), which translates time series data into the frequency domain. When the 
tremor is present during voluntary movement execution, the frequency of tremor is derived from 
a peak in the Fourier spectrum, as illustrated in Figure 1.1.

Figure 1.1 Tremor during voluntary movements. Left panel: linear acceleration signal in the time domain. 
Right panel: Fourier spectrum; linear acceleration signal as represented in the frequency domain, after fast 
Fourier transform. In this panel the dominant tremor frequency corresponds to the frequency value (x-axis) 
with the highest associated amplitude (peak). Figure adapted from (Elble & McNames, 2016).

1
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Tremor amplitude can be calculated in different ways, for example by integrating the acceleration 
signal twice to obtain the displacement due to tremor. But as mentioned this approach can intro-
duce an error. Another way to calculate the amplitude of the signal due to tremor is by calculating 
the so-called mean absolute value (MAV), which is calculated as follows:

𝑴𝑴𝑴𝑴𝑴𝑴 =	
𝟏𝟏
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𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿(𝑘𝑘) = |𝐼𝐼𝐼𝐼𝑆𝑆(𝑘𝑘 + 1) − 𝑇𝑇𝐼𝐼𝑆𝑆(𝑘𝑘)| 3.7 

 𝛼𝛼(𝑘𝑘) = 8 𝜔𝜔#(𝑡𝑡)𝑑𝑑𝑡𝑡
$%

&'
 3.8 

 𝛽𝛽(𝑘𝑘) = 8 𝜔𝜔((𝑡𝑡)𝑑𝑑𝑡𝑡
$%

&'
 3.9 

 𝑅𝑅𝑇𝑇𝑅𝑅 = max(𝛼𝛼) −min(𝛼𝛼) 3.10 

 𝑅𝑅𝑆𝑆𝑅𝑅 = max(𝛽𝛽) −min(𝛽𝛽) 3.11 

*(𝑘𝑘) = C(𝐿𝐿* +𝑀𝑀)(𝑘𝑘))* + (𝐿𝐿* +𝑀𝑀*(𝑘𝑘))* − E𝐿𝐿* +𝑀𝑀)(𝑘𝑘)F ∗ E𝐿𝐿* +𝑀𝑀*(𝑘𝑘)F ∗ 𝑐𝑐𝑐𝑐𝑐𝑐	(𝛽𝛽(𝑘𝑘)) 3.12 

𝑴𝑴𝑴𝑴𝑴𝑴 =	
𝟏𝟏
𝑴𝑴'|𝒙𝒙(𝒍𝒍)|

𝑴𝑴

𝒍𝒍#𝟏𝟏

 
1.1 

𝐼𝐼𝐼𝐼!(𝑘𝑘) < 𝑇𝑇𝐼𝐼"(𝑘𝑘) < 𝐼𝐼𝐼𝐼"(𝑘𝑘) < 𝑇𝑇𝐼𝐼!(𝑘𝑘) < 𝐼𝐼𝐼𝐼!(𝑘𝑘 + 1) 3.1 

 𝐺𝐺𝐼𝐼𝑇𝑇(𝑘𝑘) = 𝐼𝐼𝐼𝐼!(𝑘𝑘 + 1) − 𝐼𝐼𝐼𝐼!(𝑘𝑘) 3.2 

𝑆𝑆𝑇𝑇(𝑘𝑘) = 	
𝑇𝑇𝐼𝐼!(𝑘𝑘) − 𝐼𝐼𝐼𝐼!(𝑘𝑘)

𝐺𝐺𝐼𝐼𝑇𝑇(𝑘𝑘) 𝑥𝑥100 3.3 

 𝐼𝐼𝐼𝐼𝑆𝑆(𝑘𝑘) =
𝑇𝑇𝐼𝐼"(𝑘𝑘) − 𝐼𝐼𝐼𝐼!(𝑘𝑘)

𝐺𝐺𝐼𝐼𝑇𝑇(𝑘𝑘) 𝑥𝑥100 3.4 

 𝑇𝑇𝐼𝐼𝑆𝑆(𝑘𝑘) =
𝑇𝑇𝐼𝐼!(𝑘𝑘) − 𝐼𝐼𝐼𝐼"(𝑘𝑘)

𝐺𝐺𝐼𝐼𝑇𝑇(𝑘𝑘) 𝑥𝑥100 3.5 

 𝐼𝐼𝑆𝑆(𝑘𝑘) = 𝐼𝐼𝐼𝐼𝑆𝑆(𝑘𝑘 + 1) + 𝑇𝑇𝐼𝐼𝑆𝑆(𝑘𝑘) 3.6 

𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿(𝑘𝑘) = |𝐼𝐼𝐼𝐼𝑆𝑆(𝑘𝑘 + 1) − 𝑇𝑇𝐼𝐼𝑆𝑆(𝑘𝑘)| 3.7 

 𝛼𝛼(𝑘𝑘) = 8 𝜔𝜔#(𝑡𝑡)𝑑𝑑𝑡𝑡
$%

&'
 3.8 

 𝛽𝛽(𝑘𝑘) = 8 𝜔𝜔((𝑡𝑡)𝑑𝑑𝑡𝑡
$%

&'
 3.9 

 𝑅𝑅𝑇𝑇𝑅𝑅 = max(𝛼𝛼) −min(𝛼𝛼) 3.10 

 𝑅𝑅𝑆𝑆𝑅𝑅 = max(𝛽𝛽) −min(𝛽𝛽) 3.11 

= * * − ∗ ∗ 3.12 

Here l runs over the M samples in the time sequence x.

Finally, tremor presence can be calculated from the amount of time tremor was detected in the 
accelerometry signal and represented e.g., as the percentage of time with tremor.

Also, it is known that tremor characteristics such as frequency, presence and amplitude can be 
affected by entrainment (i.e., the change or elimination of tremor as patients perform a voluntary 
rhythmical movement by the unaffected limb (Espay et al., 2014)) in functional tremor patients 
(Bartl et al., 2020). This observation guided the hypothesis that functional tremor patients per-
ceive having the tremor for longer periods of time than they actually have the tremor (Parees et 
al., 2012). In this regard, some researchers have proposed the use of inertial sensors for long term 
tremor registration aiming to corroborate this hypothesis. Inertial sensors would in this sense 
provide objective measures of tremor, while journals from patients will provide tremor perception.

1.4 Outline of this thesis
In this thesis, we firstly aimed to improve the objective evaluation of symptoms of movement 
disorder patients. To do so we investigated the use of inertial sensors and mathematical methods 
to quantify ataxic symptoms in the clinical environment. Second, we aimed to improve upon 
short term recordings, by investigating the use of accelerometry in long term tremor recordings 
and its applicability for home-based tremor quantification.

To quantify ataxic symptoms in the clinical environment, thereby trying to contribute to future 
differential diagnosis and monitoring in the home environment, we recruited early onset ataxia 
(EOA) and developmental coordination disorder (DCD) patients and healthy participants. All 
participants were asked to execute different tasks from the SARA protocol.

In Chapter 2, we present our study of the kinetic upper limb tests (finger to nose, finger chasing 
and fast alternating movements) in the SARA protocol. By attaching three IMUs to the upper 
arm, forearm and wrist we obtained inertial data during test execution. Applying a Kalman 
filter, we created a model of the upper limb and obtained position and orientation of the upper 
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arm, forearm and hand. From these three-dimensional positional data, by incorporating expert 
knowledge about ataxic movements, we mathematically derived objective measures related to 
e.g., curvature and velocity. Finally, we used this information to distinguish between EOA and 
DCD patients and healthy participants using a random forest classifier.

In Chapter 3 we used a similar approach to study results from the (normal and tandem) gait tests 
in the SARA protocol. Participants were asked to execute these SARA tests with IMUs attached 
to the thighs and shanks. Then, using the obtained inertial data we implemented a mechanical 
model to reconstruct walking patterns and obtain spatial-temporal features from gait. Also, we 
extracted statistical features from the linear acceleration and angular velocity signals to quantify 
the regularity of movement. Finally, we used all those features to again distinguish between EOA 
and DCD patients and healthy participants using a random forest classifier.

To investigate the use of accelerometry in long term tremor recordings and its applicability for 
home-based tremor quantification, we asked organic and functional tremor patients to wear an 
IMU on the wrist of the most affected arm during daily activities and in the home environment 
for 30 days.

In Chapter 4, we used these inertial data to investigate the optimal number of days needed to 
obtain reliable estimates of tremor percentage, tremor frequency variability and tremor inten-
sity during long-term recording. The shorter the recording period, the less burden for patients. 
To determine this minimal recording period that would still yield reliable data, first a tremor 
identification algorithm was used and tremor presence, frequency variability and intensity were 
calculated per day. We then used reliability analysis to determine the minimum number of days 
needed to obtain reliable estimates of these tremor characteristics.

In Chapter 5, these long term tremor data were used to investigate the hypothesis that functional 
tremor patients overestimate tremor presence compared to organic tremor patients, since patients 
with functional tremor were previously found to exhibit a large mismatch in objectively deter-
mined and self-reported tremor symptoms. To this end, subjective estimation of tremor presence 
obtained from web-based diaries completed five times per day by the participants, was compared 
to objective tremor presence estimation using the wrist IMU data and the tremor identification 
algorithm.

Finally, in Chapter 6 we discuss more generally the work presented in this thesis as well as the 
common challenges found throughout the different chapters. We focus our attention on the use 
of inertial sensors to quantify symptoms of movement disorders (ataxia and tremor) and present 
recommendations for future work.

1
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