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Abstract

Essential tremor (ET) is a widespread neurological condition characterized by tremors
in an individual’s limbs, significantly impacting one’s quality of life. It stands as the most
prevalent type of movement disorder, often leading to debilitating effects. Various scales,
such as the Fahn-Tolosa-Marin (FTM) tremor rating scale and The Essential Tremor Rating
Assessment Scale (TETRAS), have been developed and used by physicians to classify the
severity of E'T. While the FTM scale is highly utilized in ET severity diagnosis, it relies on
subjective assessments of the tremor. TETRAS, on the other hand, provides a more quantita-
tive analysis of ET severity by ranking the severity of the tremor based on tremor magnitude
and addresses the shortcomings of FTM. Though TETRAS is seen as an improvement to
FTM, both scales often lack the necessary resolution and granularity for optimal diagnosis
and treatment. Moreover, ET severity rating scales like TETRAS require a trained profes-
sional (such as a neurologist) to be present, and even in such cases, physicians use TETRAS
as a metric baseline to visually approximate the severity of the tremor. This reliance on
manual approximations by clinical personnel may introduce inconsistencies and bias due to
variability in technique and accuracy, diminishing proper assessment and subsequent treat-
ment. To address the limitations of TETRAS, an extended version of TETRAS (eTETRAS)
was developed that leverages machine learning and wearable sensors to quantify ET severity
across the entire joint range of motion. Specifically, the proposed eTETRAS utilizes a deep
neural network (DNN) to classify ET severity over the range of motion of the affected limb
using joint angle measurements, eliminating the need for a clinician diagnosis. To enable a
rapid DNN response (i.e., nearly real-time ET classification) with enhanced resolution, the
DNN assesses the severity of ET every 0.5 second increment. After the second iteration

of eTETRAS, the DNN-based classifier achieved a training accuracy of 99.59% and 100%
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for the simulated and experimentally obtained datasets, respectively. Moreover, eTETRAS
attained a training accuracy of 99.65% when trained using the combined simulation and
experimental dataset.

In Chapter 1, an overview of TETRAS and its key issues are presented. This discussion
serves as a foundation for exploring the motivation, clinical efficacy, and intellectual merit
of the proposed eTETRAS classifier, which incorporates a comprehensive literature review.
Chapter 2 discusses the ET signal generation and the experimental protocol. Chapter 3
proposes and tests a preliminary version of eTETRAS. This includes a single-dimensional
DNN that uses knee encoder data as inputs into the DNN. Chapter 4 advances the work
in Chapter 3 by presenting and testing the latest iteration of e TETRAS, which includes
joint stiffness data concurrently with knee encoder measurements as inputs into the DNN
to create a two-dimensional DNN. In Chapter 5, the thesis is concluded by highlighting the

clinical and intellectual contributions of e TETRAS, and its future developments.
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Chapter 1

Introduction

Essential tremor (ET) is one of the most common types of movement disorders that
cause tremor [1, 2, 3]. As it stands, ET affects an estimated 350 million adults over 40 years
of age worldwide [2]. This condition is characterized by rhythmic and involuntary shaking
of an individual’s limbs during task specific activities, increasing the risk of injury and
diminishing independence and quality of life [1]. In fact, as a result of an aging population,
there is expected to be a significant increase in the occurrence of ET and Parkinson’s disease
within the general population [4]. This growing concern over the increasing incidence of
ET and Parkinson’s disease highlights the urgency for the enhancement of ET treatment
and prevention. Yet, despite years of active research, the onset and evolution of ET is not
yet thoroughly understood; therefore, comprehensive treatments and therapies to alleviate
the debilitating effects of ET are still being actively developed and investigated [3]. The
most promising treatment plans currently studied involve patient-specific combinations of
physical and pharmacological interventions, the development of which necessitate continual
assessment of ET severity and progression by clinicians [3]. However, the diagnosis of ET
severity often relies on subjective methods, making ET severity diagnosis susceptible to bias
caused by various factors such as the availability of specific tools, differences in procedural
approaches, and variations in the instruction provided for a given method’s use [5]. These
diagnostic methods include simple clinical observation, standardized rating scales, or the
subjective assessment of drawn figures, all of which can introduce variability in ET severity

diagnosis [5].



1.1 The Essential Tremor Rating Assessment Scale (TETRAS)

One of the issues with diagnosing ET is the lack of stringent diagnostic criteria, which
introduces errors and bias, consequently impeding the diagnosis of ET [6]. One of the earliest
and most commonly utilized scales for classifying the severity of ET is the Fahn-Tolosa-Marin
tremor rating scale, which establishes a metric baseline for physicians to visually approximate
the severity of ET [7]. Yet, despite the wide use of FTM in tremor severity analysis, FTM
spans a narrower range of tremor amplitudes, potentially resulting in a ceiling effect in
studies involving more severe ET [8]. Developed as a standardized metric for diagnosing ET
severity similar to FTM, TETRAS is a recently established ET classification scale, which
aims to reduce diagnostic variability by establishing a metric baseline for diagnosing tremor
severity. However, unlike FTM, TETRAS enables physicians to visually approximate the
severity of ET across a broader spectrum of tremor amplitudes [9, 10, 11]. In clinical practice,
TETRAS involves manual, centimeter-precision measurements of limb deviation from their
neutral positions during tremors [11]. As stated in [11], TETRAS can be used to evaluate
head, face, upper limb and lower limb tremors, by scoring the tremor movement from 0-4,
with 0 indicating no tremor and 4 indicating the most severe tremor. This thesis primarily
focuses on lower limb ET, which impedes balance and mobility during daily activities; thus,
increasing the risk of injuries caused by and resulting from falling. Table 1.1 presents the
metric measurements to rate lower limb ET using TETRAS, which is assessed bilaterally
through heel-shin movement. In this thesis, the severity score for ET is determined by highest
and lowest peak deviations observed across the complete sequence of tremor movements
occurring within a specific time-frame, similar to [11].

A unique feature of TETRAS compared to other common ET severity rating methods
is its decoupling from task dependencies. Unlike other measures, which require patients to
write, draw, or trace figures like letters or spirals, or perform coordinated tasks with the
impaired limb, TETRAS allows for assessment that is decoupled from task-specific perfor-

mance, which can be easily confounded by deficits in vision, visual-motor coordination and



Table 1.1: TETRAS for Lower Limb ET

Rating | Lower Limb Tremor Amplitude
0 none
1 < 0.5 cm
2 0.5— <1lcm
3 1-<5cm
4 >5cm

dexterity [3, 11]. TETRAS thereby provides a substantial improvement on the state-of-the-

art by providing a statistically independent measure of ET severity [11].

1.1.1 Tremor Frequency and Analysis

In most cases, the tremor frequency for ET occurs at a frequency band between 4-
12 Hz, with more severe ET typically exhibiting a lower frequency range of 4-8 Hz [12,
13, 14]. As previously mentioned, TETRAS classifies the severity of ET based on tremor
amplitude-the most common clinical metric for ET-rather than frequency as amplitude of
tremor is more strongly correlated with risk of failure and injury in functional tasks [14].
Consequently, TETRAS lacks a distinct evaluation of tremor frequency across different ET
severities. Therefore, various ET severities/amplitudes were assigned their corresponding
tremor frequencies during simulations by utilizing findings from [12]. It is important to note
that TETRAS characterizes tremor for patients with ET only; therefore, the scale does not

assess drug induced, rest, or Parkinsonian tremor.

1.1.2 Focusing on Lower Limb Tremor

For this thesis, DNNs will be trained to classify lower-limb tremor based on the lower-
limb portion of TETRAS. Table 1.1 presents the amplitudes employed by TETRAS to classify

the severity of lower limb tremor, which is assessed bilaterally through heel-shin movement.



To contextualize the findings, ET frequencies were assigned using findings from [12], con-
cerning tremor frequency and its correlation with tremor severity, aligning frequency ranges

with TETRAS.

1.2 Issues with TETRAS

However, despite the significant advantages of being well correlated with functional
losses and being independent of other common health deficits, TETRAS still exhibits a
degree of subjectivity and inconsistency due to potential clinician bias and misdiagnosis. In
fact, studies show that up to 10% inter-rater and 5% intra-rater errors have been noted in
cumulative ET scores [15]. Additionally, the rate of false positive ET tests, attributed to
the poor resolution of common ET severity tests at low tremor levels, has been reported to
range between 37%-50% [16, 17]. The low resolution of such assessments is related to the
need for such assessments to be manually implementable by a clinician.

Consequently, limitations of existing tremor rating scales, such as TETRAS, are that
they require the expertise of a clinician and still result in poor tremor classification. An open
problem is the development of a quantifiable, accurate, and repeatable tremor classification

scale that can be implemented without trained expertise.

1.3 ET Severity in the Joint Space

Apart from inter- and intra-rater variability, another significant limitation of TETRAS
is its low granularity in the joint space. Specifically, TETRAS assumes that ET severity
remains constant across all joint angles, which is a notion that is increasingly challenged
by recent studies. In fact, numerous clinical studies have noted changes in amplitude and
composition of ET from neutral/resting to postured limb positions [18, 19]. As illustrated
in Figure 1.1, tremor is often more severe at eccentric angles, where forces such as gravity
and joint elasticity impede stabilization (red), compared to stable joint configurations, where

inherent dynamics contribute to the stabilization (gray) [20]. More precisely, the position



and orientation of the affected limb plays a substantial role in ET movement dynamics.
Analysis of these dynamics, which are not included in many common ET assessments, can
substantially improve ET diagnosis and treatment. Figure 1.1 superimposes images on our
experimental setup to illustrate the disparity in ET severity that results from a joint’s stiff-
ness varying with the joint angle. Red indicates more severe ET and occurs where joint
stiffness is reduced.

Due to the variations in tremor across the joint space, which is a significant factor in
ET severity and is further visualized in Figure 1.2, TETRAS lacks the capability to assist
physicians in properly diagnosing and developing effective personalized treatment plans for
ET that consider localized factors of the leg contributing the most to the severity of ET,
as demonstrated in studies such as [21]. Indeed, TETRAS offers an important tool for ap-
proximating quantitative evaluation of ET. However, there remains a clinical need for robust
assessment of E'T over the joint space. Therefore, as shown in Figure 1.2, a robust ET as-
sessment is proposed that extends TETRAS over the joint space, enabling identification of
local and global points of interest in ET affected movement dynamics. To develop this new
assessment tool, this thesis leverages machine learning techniques to establish an extension
of TETRAS (eTETRAS) to help physicians localize muscles and other biomechanical factors
contributing the most to ET severity by assessing the severity of ET across varying joint
angles. This approach facilitates the implementation of treatments that require an assess-
ment of tremor severity across the joint space, such as those in [21] and [22], with greater
ease and precision. It is important to note that the neutral point depicted in Figure 1.2 is
considered as a general reference point when measuring joint angles to show that TETRAS
lacks granularity when determining tremor for all limbs. However, for this thesis, the neutral
position for the lower limb is defined as when the knee is bent to approximately 90 degrees
between the thigh and the shank. Figure 2.1 depicts the reference point (i.e., the neutral

position) used in this thesis for measuring knee joint angles.



Figure 1.1: Varying ET Severities Across the Joint Space



The Proposed Advancement of eTETRAS:
1 Extending ET Assessment to the Joint-Space
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Figure 1.2: The Advancements of eTETRAS Compared to TETRAS
1.4 Time Series Signals and Machine Learning

Quantitative and objective classification of ET, compatible with common scales like
TETRAS, can be accomplished using wearable sensors to measure the motion of the affected
limbs. The use of wearable sensors, such as inertial measurement units and gyroscopes, have
allowed quantitative measurements of E'T by converting task specific motion into time-series
based signals [23, 24, 25, 26, 27, 28]. Moreover, electromyography sensors can monitors the
nerve’s stimulation of the muscle to detect tremor activity [29]. These quantitative measure-
ments allow the use of statistics, machine learning, and, due to tremors being quasi-sinusoidal
movements, power spectral techniques to aid the diagnosis of ET severity and to help dif-
ferentiate between Parkinsonian tremor and ET [30, 31, 32, 33, 34, 35, 36]. Driven by the
increased attraction and advancements in artificial intelligence (AI), neural networks (NNs)

have recently been used to classify and assess tremor severity [35, 36, 37, 38, 39, 40, 41].



These NN-based classifiers employ a variety of NN architectures, including convolutional
NN, artificial NNs, and long short term memory to identify and diagnose various tremors.
Most notably, these classifiers utilize affordable and readily available wearable sensors (i.e.,
accelerometers from smartphones) to collect time-series data for training and classifying
tremors with NN’s, highlighting the validity and extensive research into the use of wearable
sensors and machine learning techniques for tremor classification and its potential application
to daily life. Moreover, the increased implementation and improved readiness of Al-driven
ET diagnostics can enhance teleoperative approaches in ET diagnosis by enabling individuals
with ET to receive treatment and ET diagnosis from the comfort of their homes. As afore-
mentioned, with a steadily aging population and a significant rise in ET cases, the demand
for teleoperative approaches in treating E'T has reached unprecedented levels. And, with the
recent push of Al research, machine learning approaches in tremor medicine show significant
promise. However, despite extensive research there is currently no DNN-based approach
capable of rapid diagnosis (e.g., 0.5 second increments) of ET severity using TETRAS to the
best of the author’s knowledge. In this thesis, a multilayer perceptron, that is trained using
0.5 second incremented time series signals obtained from simulations and experiments, is de-
veloped to accurately and objectively classify the severity of ET. In addition to eliminating
subjectivity during ET severity diagnosis, the results from this thesis will improve the clas-
sification of ET before developing an individual’s treatment plan. Notably, a distinguishing
feature of the developed DNN classifier is its rapid classification ability, with assessments
made at 0.5 second intervals. Unlike previous classification methods that analyze tremor
severity during post-processing, this rapid approach offers near real-time insights into the
variability of tremor during treatments that may require constant monitoring of the severity
of tremor [42]. To elaborate, rapid severity diagnosis of ET will provide clinicians with an
understanding of the temporal pattern of ET in the context of daily life and activities [42].
Prior classification methods are unable to determine if tremor severity is variable since they

analyze tremor severity during post-processing, and a near real-time tremor classification



capability can have extensive applications. For instance, near real-time tremor classification
can serve as a tool to facilitate novel anti-tremor medications and tremor suppression treat-
ments, and can serve as a categorical factor during a statistical analysis, all of which may
need continuous ET severity diagnosis. Furthermore, continuous Al-driven diagnosis can
improve teleoperative approaches in both ET diagnosis and treatments requiring ongoing

severity assessment.

1.5 Thesis Proposition and Outline

This thesis proposes a novel lower limb ET classifier (eTETRAS) that utilizes a DNN to
aid physicians in properly diagnosing ET severity effectively. Unlike conventional classifiers,
eTETRAS diagnoses ET rapidly in 0.5 second increments, which enables the continuous
assessment of tremor severity. In Chapter 2, an experimental protocol is established, de-
lineating sensor parameters and the testbed used in the generation of a tremor dataset for
DNN training and validation. Moreover, this chapter discusses the computer-generated sig-
nals used to train the DNN. Chapter 3 presents the first iteration of e TETRAS. In this
chapter, the DNN is trained separately with simulated ET knee extension signals and knee
encoder measured ET knee extension signals. Chapter 4 expands upon the findings presented
in Chapter 3 by proposing a more robust second version of e TETRAS. More specifically, this
chapter highlights the joint space parameters, DNN structure, and performance of the second
version of eTETRAS. However, unlike the first iteration of eTETRAS, the simulated and
experimental datasets are combined to diversify the training set. Moreover, additional per-
formance measures, such as a confusion matrix and F1 scores, are included to assess potential
overtraining of the model. The thesis is concluded in Chapter 5 by highlighting the clinical

and intellectual contributions of e TETRAS, its limitations, and its future developments.



Chapter 2

Experimental Protocol and Signal Generation

2.1 Experimental Testbed

The lower limb exoskeleton used for this thesis was an Ekso Bionics Indego exoskeleton
as depicted in Figure 2.1. An optical encoder, located at the knee, measured the angular

displacement between the vertical axis and the shank as depicted in Figure 2.1 as 6.

2.2 Participants

A single able body subject (23 year old male) participated in this pilot study. Prior to
participation, written informed consent was obtained from the participant, as approved by
the institutional review board at Auburn University. The exoskeleton testbed IRB number

is 23-100 MR 2303.

2.3 Experimental Protocol

The participant was asked to extend their knee to near full extension over a duration
of approximately 2.5 seconds and to flex their knee back to the initial position over another
duration of approximately 2.5 seconds for a knee extension and flexion frequency of 0.2
Hz. The total experimental run time was 200 seconds, which led to approximately 40 leg
extension repetitions. To simulate a tremor, a sinusoidal input with an amplitude and
frequency obtained from the TETRAS scale and [12] was injected into the motor at the
knee. The motor input that was designed to represent tremor was recorded by the control
software. An optical encoder measured the angle of the knee during knee extension and

flexion and captured the knee angle measurements at 200 Hz. The encoder measurements
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Figure 2.1: Exoskeleton Testbed
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were separated into 0.5 second intervals in real-time for a total of 101 sample per training

feature. These segmented encoder measurements were then used to train and test a DNN.

2.4 Signal Generation for Simulation

In MATLAB, a dataset comprising of 25,000 leg extension signals was generated for
training a single DNN. Being that this thesis primarily focuses on ET in the lower limb
during leg extensions, each signal represents knee angle measurements between the vertical
axis and the shank of the leg, as illustrated in Figure 2.1. These signals are sinusoidal
with a frequency of 0.2 Hz and maximum/minimum angles of 70 degrees and 0 degrees,
respectively. To ensure rapid DNN response and to mimic the sampling frequency of the
exoskeleton testbed in Figure 1, each signal had a sampling frequency of 200 Hz over a 0.5
second interval, resulting in a total of 101 samples per signal. Additionally, an auxiliary ET
signal was incorporated into the aforementioned signals to simulate ET during leg extensions.
The ET signals followed a sinusoidal trajectory, and are scaled based on the severity criteria
outlined in Table 1.1. To account for the frequencies associated with different ET severities,
ET signals with greater amplitudes (indicating more severe ET') were given lower frequencies,
consistent with the findings in [12]. The generated signals, denoted as ¢ € R'°! are defined
as

(2.1)

¢; = (35 — 35cos(P + 0.47t;)) + sin™* (M)

2L

where ¢; is the i element of ¢, i € Z takes values from 0 to 100, ¢; = 0.005i is the time index
that ranges from 0 and 0.5 seconds, P € R is the phase of the signal which has a value
randomly selected from 0 to 27 such that P € [0,27n], A € R is the amplitude associated
with the ET signal, randomly selected based on the criteria in TETRAS, ¢ € R denotes the
frequency of the ET signal, selected based on the randomly selected tremor amplitude, and
L € R is the length of the leg. Subsequently, the signals were labeled based on the severity

of the tremor to represent the true tremor classification.
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Chapter 3
First Iteration of e TETRAS

3.1 Neural Network Structure and Training of eTETRAS Version 1

Figure 3.1 depicts the DNN architecture used to classify ET in this thesis. The DNN
structure is a multi-layer perceptron with three hidden layers that takes the knee angle
measurements as the DNN inputs.

Weights and biases are implemented at each layer of the DNN, where the outputs of the
hidden layers are fed into rectified linear activation function. Each hidden layer contained
15 neurons, a Rectified Linear Unit (ReLU) activation function, and were connected to the
next layer. To compute the confidence and classify the severity of the ET, the outputs of the
output-layer vector had 4 elements that were fed into a softmax activation function. The

DNN f: R0 — R* can be defined as

f = 04 (W40'3 (Wg(fg (W20'1 (Wl.%' + bl) -+ bg) + bg) -+ b4) (31)

where o4 : R* — R* is the activation function associated with the output layer, W, € R*x1?
are the output layer weights, b, € R* are the output layer biases, W3, Wy € R*!5 are the
hidden layer weights, bs,by € R'® are the hidden layer biases, 03,09,01 : R — R!® are
the hidden layer activation functions, W; € R¥*19! ig the input layer weights, b; € R'?
is the input layer biases, and x € R!°! is a vector of inputs of the DNN which are the
knee angle measurements. The value of each element in the output layer ranges from 0
to 1 and corresponds to the severity of the ET. To be specific, the first element of the
vector indicates level 0-1 ET severity while the final element indicates level 4 ET severity

according to TETRAS. The element with the greatest value indicates the severity of the
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Figure 3.1: Version 1 eTETRAS 1-Dimensional DNN Structure

ET. Categorical cross-entropy was selected as the loss function for the DNN, and the Adam
optimizer algorithm was used to train the DNN. A total of 300 epochs and a batch size of
101 was selected to train the DNN using the simulation data. For the experimental data, a
batch size of 70 was used, instead. To monitor the performance and prevent over-fitting, the
data was randomly split where 75% of the training data was used to train the DNN, while

the remaining 25% of the data was used to validate the DNN.

3.2 Evaluation of eTETRAS Version 1

As aforementioned, the purpose of this thesis is to classify the severity of ET rapidly

(i.e., 0.5 second increments) using a multi-layered perceptron.
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Figure 3.2: Simulated Signals Training and Validation Accuracy of eTETRAS Version 1

3.2.1 Simulation Results

Knee angle measurements that were created and ranked using criteria outline from
TETRAS was used to train the DNN. Figure 3.2 depicts the training and validation accuray
of the DNN per training epoch. After 300 training iterations, the model achieved 93.63%
training accuracy and 94.05% validation accuracy. Moreover, referencing Figure 3.2, the

blue and red lines indicate the training and validation accuracy per epoch, respectively.

3.2.2 Experimental Results

To validate the effectiveness of implementing a DNN to classify the severity of ET,
shank-angle measurements were taken from an encoder located at the knee of the exoskeleton
testbed, all from the same participant from the first iteration of e TETRAS. A artificial tremor

was injected into the knee motor of the exoskeleton and ranked using the TETRAS scale.
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Figure 3.3: Experimental Signals Training and Validation Accuracy of e TETRAS Version 1

Figure 3.3 depicts the training and validation accuracy of the DNN per training epoch.
After 300 training iterations, the model achieved a 94.80% training accuracy and a 95.18%

validation accuracy.

3.3 Discussion of eTETRAS Version 1

The proposed DNN structure has been proven to be effective in classifying the severity
of ET. That is, the simulation results indicate a 93.63% training accuracy, and the experi-
mental results indicate a 94.80% accuracy. In subsequent chapters, a more diverse training
dataset will be created by synthesizing and randomizing the experimental and simulation

based datasets. To be specific, since two separate DNNs were trained using a simulated and
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experimental datasets, combining the MATLAB generated signals with the encoder measure-
ments could further diversify the dataset. This approach will ensure that the DNN-based
classifier captures various features within the training set, which ultimately improves the
generalizability of e TETRAS.

It should be mentioned that the DNN exhibited better performance (i.e., training accu-
racy and validation) when the experimental signals generated from the optical encoder were
inputted into the DNN. Despite potential noise and biases introduced by sensor measure-
ments, this improvement in performance may be credited to the post-processing techniques
(e.g., signal filtering) applied to the sensor data prior to inputting it into the DNN. In actual-
ity, research has indicated that the DNN’s performance is influenced by signal characteristics
used for training [43, 44]. Consequently, the DNN demonstrated improved performance due
to the application of a zero order hold on the knee encoder which, in turn, introduced
discretized sensor data to the input of the DNN.

It is important to note that while tremors are characterized as sinusoidal oscillations
in this pilot study, research suggests that ET signals exhibit asymmetric, quasi-sinusoidal
patterns [45, 46]. This asymmetry can be attributed to various factors in the leg, such as
differing joint stiffness across the joint space and the viscoelastic effects of the leg. This can
be addressed by leveraging the generalizability of DNNs as the quasi-sinusoidal features may
be captured in the experimental data. Moreover, the use of half-second increments might not
provide sufficient time for the asymmetric tremor behavior to be expressed within the signal,
which may result in a more sinusoidal pattern for each training feature. Nonetheless, future
efforts will incorporate the varying parameters of the leg as inputs, such as joint stiffness,

enhancing the categorical performance of the DNN.
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Chapter 4
Second Iteration of e TETRAS

4.1 Robust Joint Space Model with Stochastic Calculus

The tremor spatiotemporal characteristics at the knee vary continuously with joint an-
gle, instantaneous rotational moment of inertia, joint stiffness, and viscous musculotendinous
dynamics at the knee. As shown in [47] and [48], the angle of the knee joint can be mathe-

matically expressed with a differential equation defined as

M (8) + M, () + M.(0) + My(0) = Tyor + Tr, (4.1)

where M; € R denotes the inertia of the lower limb, M, € R is the elastic effects at the
knee induced by joint stiffness, M, € R denotes a torque due to gravity, M, € R denotes the
viscous damping effects at the knee, 7,,, € R denotes the volitional torque produced by the
user about the knee joint, and 70 € R denotes the torque produced by tremor. The inertial

and gravitational effects in equation 4.1 can be modeled as
My =10, M, =mglsin(f), (4.2)

where # € R denotes the measured, twice differentiable knee angle, I, m, | € Ry, are
parameters of the leg and g € Ry is the gravitational constant.
As shown in [49] and [47], the elastic and viscous effects about the knee can be defined

as

M, = ki (exp (—k20)) (6 — ks) (4.3)
M, = — B, tanh (—Bﬁ) + B, (4.4)
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where ki, ko, k3 € R>( are uncertain parameters associated with the elastic effects, and By,
B,y, B3 € R5 are uncertain parameters associated with the viscous damping effects of the
leg.

To guarantee accurate modeling of tremor severity in practical timescales, the input
space of the machine learning model must be a robust Markov representation of the dy-
namic space [50, 51]. Therefore, the input space must encompass the position state , which
is the input space of the classical TETRAS and the eTETRAS presented in Chapter 3, and
the joint stiffness, which is in the expanded input space constituting the novel contribution of
eTETRAS in this chapter. This inclusion allows for the interpretation of tremor variability
across the continuous joint space. However, accurately computing the unmeasured states 0
and 6 from 6 using the mathematical model in equation 4.1 is challenging, especially in the
presence of nonlinearities and uncertain parameters. Additionally, numerically or analyti-
cally obtaining the first and second time derivative from position alone is time-consuming
and can impede practical online learning [52].

The complexity of the dynamics in equation 4.1 motivate the development of a general
Markov input space, and correspondingly, the wearable sensing strategy. It will be demon-
strated that the dynamics in equation 4.1 can be approximated as dependent only on 6 and
the standard deviation of #, which is computationally less expensive to obtain than time
derivatives.

First, it is assumed that 6, 0, and 6 have continuous probability density functions,
0 is locally stationary and ergodic within sliding epochs in which oscillations like those
characteristic of tremor are relatively small in amplitude, the global trajectories of # and its
derivatives are continuous, smooth, and differentiable, and the sampling rate is stable [53].

Then, utilizing the definition of variance, a relationship is established between the variance
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of # and the integral of the variance of its derivative, which is defined as

Var(6) = E (/OT 6(t)dt — E [/OT é(t)dtD2]

—E (/OT (0'(t) - 5) dt)2] (4.5)

= /T Var(6(t))dt,

where Var(-) is the variance of (-), E[-] is the expected value of [-], and T € R is the
sliding epoch length. Next, using the definitions of the standard deviation and variance,
an approximate relationship between the standard deviation of # and the integral of the

variance of its derivative is established:

std(6) ~ \/ / T(e(t) — 0)2dt ~ \/ / ' Var((t))dt, (4.6)

and by the definitions of standard deviation and variance, it follows that std(f) = std(6).

Under the given assumptions, it is important to note that when Var(f) = fOT Var(%(t))dt

is considered, then std(6) ~ \/ fOT Var(6(t))dt = std(f), which is indicative of the sinusoidal
time-frequency regularity of tremor. It is also worth noting that standard deviation quantifies
the variability of theta within the epoch. Specifically, greater values of @ correlates to a
greater standard deviation of 6, especially for local stationary sinusoidal signals like tremor.
Leveraging these definitions to construct finite-difference based approximations and noting
that the sampling time and sliding window At were treated as fixed constants, the states 9

and 6 can be approximated as

- Af N \/ Ji Var(6(t))dt _ std(6) _ std(9)

"% A At At At (4.7)
5 A0 I VarG)dt  stago)
AL At AN
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Therefore, it can be shown that a robust dynamic input space represented with 6 and std(f)
can be approximated, given the sinusoidal regularity of tremor and knee flexion/extension,
and with sufficient statistical conditions. The constant time difference and other parameters
of the model can be approximated by scaling and bias layers in classical machine learning

models. Consequently, the input to the model in (4.1) can be approximated as [0 std(6)]”.

M;(0) + M, () + M.(0) + My(0) 48)
~M(std(0)) + M,(std(8)) + M.(0) + M,(0) |

Thus, with expressions for 6 and 6 with respect to 6 and std(d), the DNN has a low-
dimensional, computationally inexpensive Markov input space from which to estimate [M;+
M.+ M,+ M,]|g toward understanding the comprehensive system behavior online for robust
predictions in the joint space. The avoidance of computing derivatives leads to significantly
faster inference times and streamlined model training. In (4.7), it is worth noting that the
frequencies of angular acceleration, velocity, and position are sinusoidal signals, and their
time derivative frequencies remain similar to one another. Only the phase changes, which

are neglected in this analysis, contribute to the differences.

4.2 Neural Network Structure and Training of e TETRAS Version 2

Figure 4.1 depicts the DNN architecture used to classify ET in this work. The DNN
structure is a multi-layer perceptron with six hidden layers that takes the knee angle mea-
surements and their standard deviation as the DNN inputs. The first three hidden-layers
consist of a 3-D DNN architecture, where each layer is sequentially connected but operate
independently without direct connections to each other. Subsequently, the outputs of these
layers are combined and flattened with the concatenate layer, then fed into the sequentially

connected 1-D set of layers. Weights and biases are implemented at each layer of the DNN,
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Figure 4.1: Version 2 eTETRAS 2-Dimensional DNN Structure

where the outputs of each hidden layers, other than the concatenate layer, are fed into rec-
tified linear activation functions. Each hidden layer contained 15 neurons each. To compute
the confidence and classify the severity of the ET, the outputs of the output-layer vector
had 4 elements that were fed into a softmax activation function. The value of each element
in the output layer ranges from 0 to 1 and corresponds to the severity of the ET. To be
specific, the first element of the vector indicates level 0-1 ET severity while the final element
indicates level 4 ET severity. The element with the greatest value indicates the severity of
the ET. Categorical cross-entropy was selected as the loss function, and the Adam optimizer
algorithm was used to train the DNN. A total of 200 epochs and a batch size of 200 was
selected to train the DNN for all datasets. To monitor the performance and prevent over-
fitting, the data was randomly split where 75% of the training data was used to train the

DNN, while the remaining 25% of the data was used to validate the DNN.
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Figure 4.2: Training Performance per Epoch of Simulation-based DNN

4.3 Evaluation of the Deep Neural Network

As previously mentioned, the purpose of this pilot study is to classify the severity of
ET in real-time using a multi-layer perceptron. Results from the simulation, and the initial

pilot study demonstrate the feasibility of this approach.

4.3.1 Simulation Results

Knee angle measurements that were created and ranked using the criteria obtained from
the TETRAS scale was used to train the DNN. Figure 4.2 depicts the training accuracy of
the DNN per training epoch. After 200 training iterations, the model achieved a 99.59%
training accuracy.

To further illustrate the performance of the DNN trained via simulation data, Figure 4.3

depicts the confusion matrix for the simulated DNN-based e TETRAS classifier. This matrix
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Figure 4.3: Confusion Matrix of the Simulation-based DNN

Referring to Figure 4.3, it can be observed that most of the confusion occurs between

Level 1

Level 2

Level 3
Predicted Class

[able 4.1: F'1 Scores of the Simulation-based DNN
Tremor severity | Precision | Recall | F1-Score
Level 1 0.9806 | 1.0000 | 0.9902
Level 2 0.9964 | 0.9881 | 0.9922
Level 3 0.9998 | 0.9939 | 0.9969
Level 4 1.0000 | 0.9944 | 0.9972

and indicates if the model is over-trained.

24

represents how the validation dataset performed when tested on the DNN. The confusion

matrix aids in identifying the classes where the e TETRAS classifier is incorrectly classifying

the level 1 and level 2 tremor severity classes. This may be attributed to the similarity
between level 1 and level 2 tremors, causing confusion for the DNN. Similar trends can be
observed for other classes as well; for instance, there is some confusion between the level
2 and level 3 tremor severity classes. For a more comprehensive view of misclassifications,

Table 4.1 presents the precision, recall, and F1 score performance for each element class.




Referencing Table 4.1, it can be observed that missclassifications of level 1 severity
tremors were most often due to missclassifying a tremor as a false level 1 severity tremor.
This can be observed by the higher recall score but lower precision score for this class,
indicating that while the model frequently identifies true level 1 tremors, it also incorrectly
identifies non-level 1 tremors as level 1. This finding aligns with the findings presented in
Figure 4.3 and is reflected in the lower F1-score. Conversely, the model tends to missclassify
level 3 tremors as false level 2 tremors, as evidenced by a lower precision score but a greater

recall score.

4.3.2 Experiment Results

To validate the effectiveness of implementing a Deep Neural Network (DNN) for classi-
fying the severity of ET, shank-angle measurements were taken from the same participant
during the initial eTETRAS iteration. Similar to the first iteration, these shank-angle mea-
surements were obtained from an encoder situated at the knee of the exoskeleton testbed.
An artificial tremor was injected into the knee motor of the exoskeleton and ranked using the
TETRAS scale. Figure 4.4 depicts the training accuracy of the DNN per training epoch. Af-
ter 200 training iterations, the model achieved a 100% training accuracy. To further explore
the performance of the experimental-based DNN, Figure 4.5 depicts the confusion matrix
for the experimental-based DNN classifier wherein the validation dataset was tested on the
DNN.

Referencing Figure 4.5, it can be observed that only minor missclassification occurs
between the classes. To further illustrate the performance of the DNN, Table 4.2 presents
the recall, precision and the F1 score performance of the experimentally trained DNN wherein
the validation dataset was tested on the DNN.

From Table 4.2, it is important to note the lower recall and precision scores for the level

4 class. This could be attributed to the minimal missclassification of level 4 tremors into
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Figure 4.4: Training Performance per Epoch of Experimental-based DNN

Table 4.2: F1 Scores for the Experimental-based DNN

Tremor Severity | Precision | Recall | F1-Score
Level 1 1.0000 | 1.0000 | 1.0000
Level 2 0.9999 | 1.0000 | 0.9999
Level 3 1.0000 | 1.0000 | 1.0000
Level 4 1.0000 | 0.9999 | 0.9999
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Figure 4.5: Confusion Matrix of the Experimental-based DNN

other classes. Notably, the highest frequency of missclassification occurs between the level 3

and level 4 tremor severities; however, these errors are negligible.

4.3.3 Combining Experimental and Simulated Data

It is important to note that the two data-sets separately may be insufficient in size,
potentially leading to over fitting of the DNN and reducing its generalizability. To address
this limitation, the experimental and simulated tremor data were synthesized and randomly
mixed, to diversify and expand the data-set. Figure 4.6 depicts the training accuracy of the
eTETRAS classifier. After 200 epochs, the e TETRAS classifier achieved a training accuracy
of 99.65%.

Referencing the confusion matrix illustrated in Figure 4.7, the e TETRAS classifier ex-

hibits behavior similar to that of the simulated DNN. Specifically, the eTETRAS classifier
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Figure 4.7: Confusion Matrix Using the Combined Dataset

Level 1

Level 2

Level 3
Predicted Class

Level 4

N

Table 4.3: F1 Scores for the Combined dataset DN
Tremor severity | Precision | Recall | F1 Score
Level 1 0.9791 | 0.9995 | 0.9892
Level 2 0.9983 | 0.9860 | 0.9921
Level 3 0.9997 | 0.9944 | 0.9971
Level 4 0.9993 | 0.9961 | 0.9977

recall and F1 Scores of e TETRAS.
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tends to missclassify tremors that are level 2 in severity as level 1 severity. For a more com-

prehensive view of the eTETRAS classifier performance, Table 4.3 presents the precision,

From Table 4.3, it is evident that the e TETRAS classifier performs well in correctly
identifying level 1 tremors, as indicated from the greater recall score corresponding to the
level 1 category. However, the lower precision score indicates that the eTETRAS classifier
has a tendency to missclassify other level tremors as level 1, lowering the precision score to
0.9791. This means that the classifier accurately predicted 97.91% of level 1 tremors as level

1. Consistent with the findings from the confusion matrix, the eTETRAS classifier often




missclassifies level 2 tremor as level 1 tremor. This finding can be supported with the lower
recall score associated with the level 2 tremor class, indicating that 98.60% of level 2 tremors

were correctly predicted out of all true level 2 tremors.

4.4 Discussion of eTETRAS Version 2

The proposed eTETRAS has been proven to be effective in classifying the severity of ET.
That is, the simulation results indicate a 99.59% training accuracy, the experimental results
indicate a 100% accuracy, and the combined results indicate a 99.65% training accuracy.

It is important to highlight that the DNN achieved better training accuracy with the
experimental and combined dataset similarly to the first iteration of e TETRAS. This im-
provement could be attributed to the filtering applied to the optical encoder and the variable
frequency involved during leg extension and flexion motions. To elaborate, the rate of the
experimental knee flexion and extension motions may not precisely have been at 0.2 Hz;
instead, it fluctuates around a neighborhood of 0.2 Hz. This variability in knee flexion and
extension may potentially diversify the training set, thereby enhancing the training and val-
idation accuracy of the DNN. Additionally, the performance of the DNN is influenced by the
characteristics of the signals that are used to train the DNN [43, 44]. The application of a
zero order hold to the knee encoder measurements introduced discretized sensor data to the
training set, potentially influencing the training performance of the DNN.

It is noteworthy that the eTETRAS classifier encountered challenges in accurately clas-
sifying level 2 tremors, often misdiagnosing them as level 1 severity. This issue arises from
the similarity between the signals of level 1 and level 2 tremors, leading to confusion and
misclassification by e TETRAS. As per the criteria outlined in Table 1.1, both level 1 and
level 2 tremors exhibit closely aligned tremor amplitudes, with level 1 tremors falling below
0.5 cm and level 2 tremors ranging from 0.5 to less than 1 cm. This similarity is reflected in
the lower Fl-scores associated with these respective classes. Conversely, level 3 and level 4

tremor severities exhibit a wider range of amplitudes, with level 3 tremor amplitudes ranging
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from 1-5 cm and level 4 tremor ranging >5 cm. Consequently, e TETRAS can distinguish
between level 3 and level 4 tremors more effectively. It is also crucial to acknowledge that
tremors lying in the transition zones, such as tremors with amplitudes of 0.49, which closely
resembles level 2 tremor, may lead to misclassifications by e TETRAS due to the inherent
similarity with neighboring levels. This limitation hinders the recall, precision, and F1-Scores

from achieving maximum values of 1.
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Chapter 5

Conclusion

ET is the most common type of movement disorder that causes tremor, characterized
by rhythmic and involuntary shaking of an individual’s limbs during task specific actions.
As it stands, the diagnosis of ET severity relies on highly subjective and inconsistent meth-
ods, leading to clinical errors such as bias from inter- and intra- rater errors. These errors
are caused, by but not limited, to inconsistent measurement techniques amongst clinicians
due to the lack of stringent diagnostic criteria, systematic thinking errors, and measurement
errors [54]. This thesis marks the initial phase in the creation of an AI driven tremor classifi-
cation system capable of diagnosing the severity of ET continuously without the presence of
a physician, offsetting diagnostic errors and further assisting clinicians in determining treat-
ment plans for individuals affected with ET. Moreover, the implementation of a DNN-based
approach in E'T diagnostics presented by this thesis will augment teleoperative approaches
by allowing individuals, who are unable to readily access a clinician for ET severity diag-
nosis, to remotely receive advanced levels of treatment for ET. And since the DNN-based
approach presented by this thesis classifies ET in rapid succession, this approach will provide
physicians an improved temporal understanding of ET.

Throughout the thesis, TETRAS was used as a metric standard for developing DNN
training labels and datasets. Specifically, simulated and experimentally obtained signals were
created and ranked based on the criteria outlined by TETRAS and [12]. Chapter 1 introduces
the current state-of-art of ET severity diagnosis by introducing rating scales like FTM and
TETRAS and exposing their faults. Particularly, TETRAS lacks robust assessment across
the joint space and continual assessment of ET. Additionally, Chapter 2 utilizes the criteria

outlined by TETRAS in Chapter 1 to generate and label experimental and simulated data
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for DNN training. Furthermore, Chapter 2 presents the experimental protocol used when
creating experimental data.

In Chapter 3, the first iteration of eTETRAS was presented and tested using a single
dimensional vector of knee angle measurements as training inputs into the DNN. This chapter
demonstrates the DNN’s effectiveness in classifying the severity of lower limb ET using
signals obtained from an exoskeleton encoder. Chapter 4 builds on the findings of Chapter
3 by presenting a more robust version of eTETRAS. Unlike the first iteration, the second
iteration uses a 2-dimensional vector of measurements as training inputs into the DNN. More
specifically, stochastic calculus was employed to create a joint space model and concurrently
used alongside knee angle measurements to train the DNN. Due to the introduction of an
extra input and the fact that the input space of the machine learning model was now a
robust Markov representation of the dynamic space, the second iteration of eTETRAS had
significant improvements in classification accuracy than the first iteration of eTETRAS.
Furthermore, the second iteration of eTETRAS demonstrated efficient classification ability,

as evidenced by F1 scores and the confusion matrix.

5.1 Future Work

Although the proposed TETRAS-based classifiers demonstrate good training and val-
idation accuracies, data obtained from a single test subject may limit the generalizability
of the DNN, impeding its classification ability for a broader population. Hence, to enhance
the DNN’s generalizability and to cater to a wider demographic, a more diverse training
dataset will be created in the future by including data from additional participants, partic-
ularly those diagnosed with lower limb ET. Additionally, employing different DNN training
methodologies and architectures, such as implementing a dropout layer in the DNN, could
help improve the generalizability of the DNN. These approaches aim to improve the model’s
effectiveness throughout a broader population. Due to the fact that Parkinsonian tremor and

ET is difficult to distinguish [16, 17], future work could enable the classifier to distinguish
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between Parkinsonian tremor and ET, further assisting in physician diagnosis. Furthermore,
this thesis, which focuses on lower limb ET during leg extension exercises, will extend its
findings to classify additional parameters outlined in TETRAS, such as upper limb tremors,
while also conducting further experiments involving participants with ET performing various

exercises.
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