
©Copyright 2020

Benjamin I. Ferleger



Machine Learning to Optimize

Embedded Adaptive Deep Brain Stimulation

Benjamin I. Ferleger

A dissertation
submitted in partial fulfillment of the

requirements for the degree of

Doctor of Philosophy

University of Washington

2020

Reading Committee:

Howard J. Chizeck, Chair

Jeffrey A. Herron, Chair

Andrew L. Ko

Program Authorized to Offer Degree:
Electrical and Computer Engineering



University of Washington

Abstract

Machine Learning to Optimize
Embedded Adaptive Deep Brain Stimulation

Benjamin I. Ferleger

Co-Chairs of the Supervisory Committee:
Professor Emeritus Howard J. Chizeck

Department of Electrical and Computer Engineering

Assistant Professor Jeffrey A. Herron
Department of Neurological Surgery

This thesis focuses on the development and application of novel machine learning ap-

proaches to the problem of optimization in adaptive deep brain stimulation. As brain-

computer and brain-machine interfacing has rapidly developed in the past few years, atten-

tion in the relevant research has shifted from proof-of-concept to proof-of-feasibility. One of

the first and, therefore, best-developed neurotechnologies is deep brain stimulation (DBS).

DBS is a surgical intervention prescribed for several treatment-refractory neurological con-

ditions. First, a stimulating electrode is chronically implanted into a condition-specific deep

brain structure. The parameters of the stimulation provided by this electrode are then set by

a clinician. Stimulation remains at these parameters continuously unless a patient actively

chooses to disable their treatment. As has been repeatedly demonstrated, DBS is a safe and

effective treatment for a number of movement disorders and is under active investigation for

potential use in several psychiatric conditions.

DBS, however, is not a panacea. Battery replacement requires a revision surgery, and

even rechargeable systems’ batteries must generally be replaced at least once within a device’s

lifetime. Additionally, DBS therapy is associated with a number of unpleasant and sometimes

dangerous side effects. These side effects can range from transient paresthesias to episodes



of depression and mania, and are broadly correlated with high levels of stimulation over long

periods of time. In addition to concerns over battery life and side effects, the programming

procedure for DBS is based primarily on a back-and-forth between clinicians and patients

in a clinical setting. If we define ”optimal” treatment as the most complete suppression

of symptoms with the least manifestation of side effects, then achieving the corresponding

settings is the goal of this procedure. The time consuming nature of this procedure, when

considered in the context of clinical time constraints and patient fatigue, means that the

parameters selected are far more likely to be the first passable setting than the truly optimal

one. Patients are generally given the ability to disable their stimulation or select from a

small range of amplitudes, but cannot actively reprogram their devices outside of a clinical

setting.

One technique with the potential to alleviate concerns about side effects and battery life

is adaptive deep brain stimulation (aDBS). aDBS refers to any method that uses feedback

on a patient’s state to modulate stimulation parameters in real time. This feedback could

come in the form of gyroscope and accelerometer data in the case of movement disorders, or

could be derived from neural signals that are correlated with the onset of symptoms. These

signals are then processed and meaningful features extracted from them, which may in turn

be used to determine the appropriate stimulation parameters. This ensures that stimulation

is only applied as needed.

It is important to note that aDBS systems also intrinsically expand the state space for

DBS programming, potentially adding yet more complexity to an already laborious proce-

dure. As directional leads become more common in DBS devices, this expanded programming

state space further reduces the likelihood of optimal settings being reached. A twin require-

ment to developing effective aDBS systems is thus the design of a streamlined procedure

for parameter optimization in DBS programming. This may be accomplished through the

introduction of an automated programming pipeline. Through the collection of quantified



data on symptom severity through the use of gyroscope or accelerometer data and the dig-

itization of patient feedback on side effects, this pipeline could considerably speed testing.

In addition, the digitization of the data required to analyze aDBS parameter performance

could be integrated with modern optimization techniques, such that a personalized optimal

treatment may be determined to within an increased degree of certainty.

This work details approaches for resolving these deeply interwoven problems in aDBS

treatment through insights from the fields of machine learning and optimization. We begin

by considering the current state of the art in adaptive deep brain stimulation, its accom-

plishments, but especially its limitations. The principal limitations are: a general reliance

on distributed systems that hinder free movement in patients; a focus solely on computa-

tionally inexpensive, but potentially suboptimal, binary aDBS control strategies; and the

lack of an effective pipeline to deploy optimization methods during or after programming.

Furthermore, recognition that these limitations are fundamentally interrelated implies that

an integrated approach is required.

The three key developments detailed in this work are thus themselves closely interrelated.

Despite minor reductions in power savings, fully embedded binary aDBS is specifically de-

signed to maximize therapeutic efficacy and ease of programming. Our results demonstrate

that such a system is prepared for widespread studies in movement disorders. Our graded

aDBS system yielded inconclusive results with regards to power savings and therapeutic effi-

cacy. However, basing our approach to feature selection for symptom estimation from neural

data on a model-free foundation has yielded promising evidence for relying on data-driven

feature extraction. This approach to feature extraction intrinsically requires less direct pro-

gramming, and instead maximizes the insights that may be gained from the data itself.

Our development of a pipeline for automated programming of DBS parameters based on

inertial measurements and patient feedback on side effects was designed to generalize easily

into future integration with aDBS programming procedures. Finally, our computational ap-



proach to extracting information from a tablet- and mobile-based application demonstrates

that semi- or fully-automated remote symptom assessment has the potential to significantly

improve the future delivery of optimized, individualized treatment.

Throughout this work, integration is a key component of discussion and consideration.

Each result extracted from the developments discussed herein represents a small step away

from the current standard of care. Considered individually, these steps would be taken in

completely different directions. It is the hope of the author that this work instead constitutes

a realignment of these disparate goals and an explicit recognition of their inter-relatedness.

Only by treating these problems as different faces of the same die can we arrive at truly

optimized personalized treatment in aDBS.



TABLE OF CONTENTS

Page

List of Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iii

Glossary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . viii

Chapter 1: Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1 Specific aims . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

Chapter 2: State of the art in adaptive deep brain stimulation for movement disorders 9

2.1 Movement disorders . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2.2 Deep brain stimulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.3 Adaptive deep brain stimulation . . . . . . . . . . . . . . . . . . . . . . . . . 14

Chapter 3: Fully implanted binary adaptive deep brain stimulation . . . . . . . . . 21

3.1 Distributed aDBS systems . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

3.2 Considerations for fully implanted aDBS systems . . . . . . . . . . . . . . . 22

3.3 Implementation of a fully implanted aDBS system in ET . . . . . . . . . . . 23

3.4 Performance of fully implanted system . . . . . . . . . . . . . . . . . . . . . 29

3.5 Evaluating potential short-term effects of binary aDBS . . . . . . . . . . . . 37

3.6 Binary aDBS in context . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

Chapter 4: An exploration of graded adaptive deep brain stimulation strategies . . 43

4.1 Graded aDBS: an alternative approach . . . . . . . . . . . . . . . . . . . . . 43

4.2 A model-free approach to feature selection for graded aDBS . . . . . . . . . 44

4.3 Graded control in vivo . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

4.4 Discussion on pilot study graded aDBS performance . . . . . . . . . . . . . . 63

4.5 Tremor prediction from neural data in rebound effect . . . . . . . . . . . . . 66

4.6 Integration of graded control and optimization into embedded aDBS . . . . . 70

i



Chapter 5: Strategies for optimization in deep brain stimulation treatment . . . . 72

5.1 Efficient delivery of optimized treatment . . . . . . . . . . . . . . . . . . . . 72

5.2 Parameter selection in DBS . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

5.3 Tremor rating scale estimation from IMU . . . . . . . . . . . . . . . . . . . . 75

5.4 Automated cDBS programming . . . . . . . . . . . . . . . . . . . . . . . . . 77

5.5 A distributed, tablet- and mobile-based diagnostic tool for MDs . . . . . . . 82

5.6 Generalization to optimized aDBS treatment . . . . . . . . . . . . . . . . . . 91

Chapter 6: Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

6.1 Significance of this work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

6.2 Generalization to future directions in personalized treatment . . . . . . . . . 94

Bibliography . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

ii



LIST OF FIGURES

Figure Number Page

2.1 An illustration of the Activa PC+S system, incorporating the IPG in the
upper chest with wired connections to the ECoG strip over M1 and DBS
probe in the thalamus. The IPG is equipped with data streaming and limited
data storage capacity. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

3.1 A diagram of our distributed training procedure using the Medtronic Activa
PC+S. During the training procedure outlined in section 3.3.3, neural data
is streamed wirelessly to an experimental PC on which initial data review is
conducted. When satisfactory data has been collected, optimized algorithm
parameters are trained and transported via USB to a proprietary tablet device.
A configuration update to the Activa PC+S itself supplies it with the trained,
personalized classifier. The embedded aDBS system then uses its sensing
capacity with this classifier to modulate stimulation. . . . . . . . . . . . . . 25

3.2 Time series training bandpower estimates of neural data used for Patient 1
for recordings, of form [Stimulation State, Patient State], of states A) [Off,
Rest ], B) [Off, Action], C) [On, Rest ], and D) [On, Action]. Channel legend
in upper right. Each set is 30 seconds in length, with bandpower estimate
being an integer value between 0 and 1023. Differences between the Rest and
Action states are readily apparent for ECoG data within stimulation states,
with clear differences between the behavior across stimulation states. In the
DBS channels, note the differences between signal behavior during Rest and
Action with stimulation Off. During stimulation On in (C) and (D), the
configured bandpower estimates for both DBS channels are saturated; this is
indicated by the solid lines at the maximum value the system may output.
This implies that the DBS channels provide both an effective indication of
whether stimulation is active, and useful information when it is not. . . . . 26

iii



3.3 ECoG lead localization for P1 (red), P2 (purple), P3 (black) and P4 (green).
Electrodes were placed based on median nerve somatosensory evoked potential
phase reversal. Note that in P1, P2, and P3 the targeted hand and wrist region
of the motor cortex was accurately covered; in P2, the strip more closely
covered the shoulder, neck, and head region. Only P1 and P2 were involved
in the study discussed in this section. . . . . . . . . . . . . . . . . . . . . . 30

3.4 Kernel density estimation with histogram in training data for A) Patient 1
and B) Patient 2, with Rest data for both stimulation settings combined in
yellow and Action data for both stimulation settings combined in green. The
unbiased classifier control system would return On for any point over 0 and
Off for any point beneath 0. Our patient-specific biased threshold, seen here
as a red line down each figure, demonstrates that appreciably more of the
Action state is classified as requiring stimulation than the unbiased system
would recognize. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

3.5 Stimulation amplitude (green line), normalized by clinically determined max-
imum amplitude, and tremor severity χ (blue line), normalized to the maxi-
mum value in any state, with stimulation disabled, enabled and with aDBS
active (respectively, A, B, and C in Patient 1 and D, E, and F in Patient
2). Green background indicates patient was asked to perform finger-to-nose
task, while blank background indicates patient instructed to rest with hands
in lap. Although stimulation fluctuates substantially throughout experiment,
note that it is consistently on during movement epochs, consistent with the
desired effect of biasing the classification algorithm. . . . . . . . . . . . . . . 34

3.6 Example spiral and line drawing portion of the FTM test in Patient 1 both
without stimulation (top) and with DBS treatment active (bottom). . . . . . 39

3.7 Tremor severity in each patient over course of experiment, as determined with
IMU data generated by combining spiral and line data. Stimulation disabled
at 0, indicated by red line. Variations in Y-axis scaling are due to differences in
subjects’ individual symptom severity and variations in task durations. Note
the clear peak taking place some minutes following cessation of stimulation,
followed by a settling to steady state over the ensuing half hour. . . . . . . . 40

4.1 Diagram of the implemented data-driven aDBS system, for training and on-
line stages. Firstly, ECoG data and IMU data are collected for training the
tremor estimation model. During the online stage, the tremor estimated by
the trained linear regression model of Equation 4.1 is used for generating the
DBS control signal in Equation 4.2. . . . . . . . . . . . . . . . . . . . . . . . 49

iv



4.2 Session-wise averaged PSD computed for training data. Bars on the bottom
show the Pearson correlation achieved between each frequency bin and true
tremor labels y. Highlighted in green are the frequency bins selected by the
feature selection algorithm. Marked with gray are frequency bins that were
not used for the analysis. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

4.3 Time-frequency representation of the ECoG signal during stimulation on and
off for a representative example (S41). Although stimulation artifacts are
clearly visible, signal is not saturated and lower-frequency components are
measurable even during stimulation on. . . . . . . . . . . . . . . . . . . . . . 56

4.4 Example scatter plot for S11 of predicted versus measured tremor intensities
discriminated between posture and rest conditions . . . . . . . . . . . . . . . 57

4.5 Illustrative example of the control signal for b-aDBS computed during the
online stage of S31. There is a clear correlation between posture condition and
tremor intensity, both predicted and measured, thus, triggering stimulation
mainly during posture condition. . . . . . . . . . . . . . . . . . . . . . . . . . 59

4.6 Average time stimulated relative to the stimulation using the equivalent cDBS
strategy. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

4.7 Pairwise comparison of tremor intensity under different stimulation strategies
during the online stage (only posture segments). In each box, top number
indicates the effect size and bottom number the corresponding p-value ob-
tained with the Mann-Whitney rank test, comparing the method on the y-axis
against the corresponding method in the x-axis. Only positive effect sizes are
shown. Green boxes indicate uncorrected p <0.05. For the comparison, 1 s
windows extracted from the 30 s posture intervals of the 12 trials executed for
the online stage. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

4.8 Estimated and actual tremor during Patient 3 spiral drawing task using com-
bined data from spiral- and line-drawing tasks, with R2

P3 = 0.79. . . . . . . . 69

5.1 Results for FTM estimation from IMU data using linear regression (LR), ran-
dom forest regression, and support vector regression (SVR) for the Rest, Pos-
tural, and Kinetic states. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

v



5.2 Interface for calculation of FTM estimate and side effect inputs. FTM esti-
mates, in text in the textbox on the right side of the interface, are extracted
from the raw IMU data, visible in the figure at the top of the interface. Side
effect severity for each of the 13 most common side effects of DBS may then
be input using the dropdown menu in the bottom left of the interface. After
submission, the FTM estimates χ̂ and side effect severity S are incorporated
into an optimization algorithm that directs what the next stimulation settings
should be. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

5.3 Interface for collection of IMU data and interaction with DBS device. IMU
data is collected during 10 seconds with the patient conducting Rest, Posture,
and Kinetic tests from the FTM scale, using the three buttons at the center
right of the interface. This data is used in the optimization algorithm behind
the interface in figure 5.2 to determine next stimulation settings, which are
returned to this interface for review and activation using the buttons directly
below those used to begin the tests. This interface also permits the user to set
stimulation at will, set maxima and minima to ensure patient comfort, and, if
needed, cease stimulation instantaneously using the ”Emergency Stop” option. 81

5.4 Examples of spiral review data accessible after completion of the replay appli-
cation, taken from A) a healthy subject, B) an ET subject with DBS treatment
active, and C) the same ET subject without treatment. Note the clear differ-
ences between healthy (A) and treated ET (B) samples, potentially indicating
sub-optimal treatment settings. An advantage of our system is that a clinician
reviewing these spirals remotely could recommend a reprogramming session
as they deemed necessary, rather than relying on arbitrarily scheduled visits. 85

5.5 Scatter plots of subset of feature used in diagnosis algorithm. Samples of
healthy (green stars) and ET (red circles) subjects showing A) the approxi-
mate entropy of the discrete cosine transform (DCT), B) the spectral entropy
of the DCT, C) normalized Welch’s transform of drawing velocity may be seen
in all samples from healthy (top) and ET (bottom) subjects, from which the
number of peaks was extracted. ET subjects had many more peaks occurring
at far higher frequencies than healthy subjects. . . . . . . . . . . . . . . . . 86

5.6 Accuracy of classification algorithm as a fraction between 0 and 1, with n
features used. Order of features is identical to that seen in table 5.3. Note
that using more than 6 feature contributes nothing to classification accuracy,
indicating that many features may not be needed for analysis and may even
add disadvantageous levels of noise. . . . . . . . . . . . . . . . . . . . . . . 89

vi



5.7 2D PCA dimensional reduction of the original 17 features taken from healthy
(green points) and ET (red points) subjects, with a line constituting the LDA
classifier generated from the entire data (blue) set projected onto the space. 90

5.8 Plot of a confusion matrix for a randomly selected testing subset of the full
data set, divided into ”Healthy” samples with no known MD, ”Treated” sam-
ples from patients diagnosed with ET and treated with cDBS therapy, and
”Untreated” samples from the same population set with all treatment disabled.
This confusion matrix is derived from the results of a gradient boosting clas-
sification algorithm whose design and deployment is considered more fully in
Sonnet et al., 2020. The matrix shows that a small portion of samples from
treated patients were misclassified as healthy subjects. This is expected as, if
patients’ treatment is perfectly effective, their spirals should be indistinguish-
able from those of healthy subjects. It also indicates that, in most samples,
tremor was not fully suppressed with cDBS therapy. . . . . . . . . . . . . . . 91

vii



GLOSSARY

θ (THETA) BAND: Refers to the 4-12Hz band of neural signals

α (ALPHA) BAND: Refers to the 8-12Hz band of neural signals

β (BETA) BAND: Refers to the 12-30Hz band of neural signals

γ (GAMMA) BAND: Refers to the 30-100Hz band of neural signals

ADBS: Adaptive deep brain stimulation; often used interchangeably with closed-loop deep
brain stimulation (CL-DBS), although ”aDBS” will be the preferred terminology in this
work

BBCI: Bidirectional brain-computer interface

BCI: Brain-computer interface

BMI: Brain-machine interface

CDBS: Continuous or conventional deep brain stimulation

CL-DBS: Closed-loop deep brain stimulation, synonymous with aDBS (aDBS being the
preferred terminology in this work)

DBS: Deep brain stimulation

ECOG: Electrocorticography

EEG: Electroencephalography

EMG: Electromyography

ET: Essential tremor

IMU: Inertial measurement unit (i.e., accelerometer and gyroscope)
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IPG: Implanted pulse generator

LFP: Local field potential

MD: Movement, or motor, disorder

NM: Neural marker

TRS: Tremor rating scale
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Chapter 1

INTRODUCTION

The field of brain-computer or brain-machine interfacing (BCI or BMI) has arrived at

something of a moment in the sun. Broadly referring to any attempt to circumvent the

standard corporeal media standing between the brain and the outside world, BCI technology

promises a direct link between the human nervous system and external machines. As such,

BCI has the potential to represent a paradigm shift in how humans interact with the world.

The recent maturation of the medical imaging and electrophysiological sensing tools required

to extract neural data and the computational methods required to make sense of this data

have reached a tipping point. No longer relegated to laboratories in a handful of academic

institutions, private companies promising BCI-based technology have rapidly proliferated

in the past few years. Their stated goals range from optimizing sleep and stress reduction

to integrating artificial and biological intelligence. In the near term, however, much of the

focus of this field remains where it began: in the generation of treatment strategies for those

suffering from neurological injuries and diseases.

Among the most common and debilitating of these are the broad category of conditions

referred to as movement disorders (MDs). This wide family of neurological disorders includes

many conditions that have devastating effects through physical symptoms. Simultaneously,

the loss of agency experienced by many patients diagnosed with these conditions often exacts

a significant psychological toll on both those directly affected and their loved ones [1, 2].

Among the most widely known MDs are Parkinson’s Disease (PD), essential tremor (ET),

and primary dystonia, which together affect approximately 8% of the geriatric population

worldwide [3, 4, 5]. Pharmacological treatments are effective in the early stages of these

conditions, but the progressive nature of most MDs leads the efficacy of these treatments to
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eventually fade [6].

When this erosion of treatment efficacy reaches a certain point, patients have an alterna-

tive in the form of deep brain stimulation (DBS) treatment. DBS represents the first and,

to date, the most widely adopted chronically implanted invasive BCI device. In a surgical

procedure, a small hole is drilled into the skull and a thin electrode inserted into a condition-

specific deep brain structure. Electrical stimulation is then continuously delivered into the

brain, ameliorating the patient’s MD symptoms. Currently approved for use in several MDs

[7, 8, 9] and obsessive-compulsive disorder [10], DBS is also being investigated for use in

psychiatric conditions including Tourette’s syndrome and major depression [11, 12, 13].

Despite its promise, however, DBS remains an imperfect treatment. From a design per-

spective, the most substantial drawback is that battery replacement presently requires a

revision surgery to replace the relevant component of the implanted pulse generator (IPG)

every 3 to 5 years [14, 15, 16]. Although rechargeable IPGs are quickly becoming the standard

of care, even these will require occasional replacement. As chronically implanted devices, it

is highly likely that most patients will need at least one such battery replacement surgery in

their lifetimes. Another shortcoming of DBS, inherent in the treatment itself, is the incidence

of unpleasant side effects. These range from motor and sensory effects including transient

paresthesia [17], difficulty speaking [18, 19, 20], and balance or gait issues [21, 19], to chronic

neuropsychiatric events and disorders including depression [19, 22], mania [22], and sexual

behavioral disinhibition [23]. Taken together, 86% of patients experience some level of post-

operative adverse effect related to DBS treatment, with severe irreversible effects occurring

in nearly 5% [19].

Finally, DBS parameter selection generally depends on a time consuming back-and-forth

between a patient and a clinician that amounts to a guess-and-check strategy. The clinician

attempts a setting, asks the patient about side effects, conducts a clinical test to determine

setting efficacy and, if the setting is ineffective or intolerable for the patient, tries the next

setting [24]. This process comprises a breadth-first search of monopolar settings, with fre-

quency and pulse width pre-selected. If no setting proves acceptable, frequency and pulse
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width may then be modulated as well. Only after these settings have failed are bipolar

settings investigated. The DBS parameter state space is thus immense, and evaluation of

each setting within this space both time consuming and potentially inconsistent given the

variability typical in MD symptoms. Optimal parameters, defined as the most complete

symptom suppression with the lowest possible incidence of side effects, are therefore very

unlikely to be found; rather, the first set of parameters that result in a tolerable level of side

effects and reasonable amount of symptom suppression is generally the one selected.

It may thus be said that the current standard of care, referred to as continuous or conven-

tional DBS (cDBS), suffers from three interrelated drawbacks: limited battery life, incidence

of both transient and chronic side effects, and a high likelihood of selecting parameters that

do not achieve the maximum treatment efficacy. The first cannot be completely eliminated

without the introduction of a transcutaneous power supply, which in turn would come with

complications including introduction of a new device, a requirement for a physical tether on

the patient, and medical concerns about infection risk. These complications have precluded

any real consideration of such a system. Any fully implanted electrical device will eventu-

ally require the replacement of its power source. However, minimizing the amount of power

used would naturally increase battery life, substantially reducing the frequency of revision

surgeries. Additionally, the incidence of side effects has been broadly correlated with the am-

plitude of stimulation received over a period of time [25, 26, 14]. The pathology of movement

disorders is such that the clinical level of stimulation is not necessarily required at all times

to suppress symptoms [27, 13]. This opens the door to the possibility that stimulation may

be adjusted based on what activity the patient is engaged in or how severe their symptoms

are during that activity. This may be considered the patient’s state.

One approach to resolving the first two problems is the use of some form of feedback to

modulate stimulation parameters in real time depending on patient state. This feedback may

take the form of a sensor that directly reports symptom severity, such as an accelerometer,

gyroscope, or electromyography (EMG) device to detect tremor. Alternatively, this feedback

could be based on the collection of neural data through external sensors, like electroen-
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cephalography (EEG), or implanted sensors, such as electrocorticography (ECoG). When

paired with a machine learning algorithm to determine and extract neural markers (NMs)

that correlate with patient state, these sensors are capable of a comparable level of patient

state prediction. Broadly speaking, this closed-loop technique is referred to as adaptive deep

brain stimulation (aDBS). Interchangeably referred to as closed-loop DBS (CL-DBS), aDBS

has received increasing attention for its capacity to reduce overall stimulation and thereby

extend the battery life of DBS devices. Previous studies have also indicated that lowering

stimulation even temporarily can result in significant reductions in side effects manifestation

and severity [26].

Interwoven with this attempt to provide a more nuanced, responsive treatment is the need

to ensure the most effective treatment parameters are attained. Although real-time feedback

on patient state allows for aDBS control systems to be developed, the actual effectiveness

of this system is directly tied to how the device parameters are set during programming.

The introduction of an aDBS control system increases the complexity of the programming

process, adding several new parameters to assess in concert with the already-substantial state

space of DBS programming.

One approach to ensuring optimal treatment parameters are found, while simultaneously

preventing the ballooning of the DBS parameter state space with the addition of aDBS, is

the introduction of automated programming techniques. Previous work has demonstrated

that both computer-in-the-loop and brute-force fully-automated DBS programming are as or

more effective than the current standard of care [28, 29, 30]. What has yet to be developed is

a pipeline capable of testing advanced optimization techniques in this uniquely challenging

problem space.

By developing a method to evaluate symptom severity using some set of biosensors, such

as data derived from inertial measurement unit (IMU) recordings to determine tremor, one

may pair this empirical data with digitized patient feedback on side effects. The combination

of this data through a recording, synchronization, and feature extraction pipeline permits

us to treat DBS programming as an optimization problem with quantifiable inputs. This,
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in turn, opens up the entire field of optimization methods, which has the potential to allow

clinicians to entirely replace the time consuming present method of DBS programming with

a highly efficient approach that can be assured of an optimal outcome.

Although this will assist in the programming process itself, it does not necessarily alleviate

all problems related to the tracking of disease. The progression of individual patients’ MD

symptoms is highly variable, but clinical visits to evaluate these symptoms must often be

scheduled months in advance. This can result in patients making unnecessary visits to the

hospital or, in an even worse scenario, suffering through uncontrolled symptoms for several

weeks before their scheduled visits. One approach to resolving these issues is the creation of

a system capable of remote symptom evaluation and quantification. To date, such methods

have far been few and far between.

1.1 Specific aims

I will here document my work towards optimizing DBS treatment in movement disorders.

The efforts within this work can be broadly broken into three specific aims, each attempting

to demonstrate a different facet of treatment optimization. The first aim is the development

and demonstration of a fully implanted aDBS system capable of functioning in freely mov-

ing patients. By eliminating the need for external sensors or processing, this development

demonstrates that the simplest form of aDBS treatment, a binary system capable of disabling

or enabling stimulation in real time without any external devices, is ready for deployment

at large.

The second aim is an exploration of graded control systems for aDBS. Rather than the

binary, all-or-nothing approach taken in the first aim, this approach takes as its baseline

hypothesis that a binary system is an overly coarse control system in most cases. In contrast,

a graded system with a range of settings between disabled and the clinically determined

maximum value has the potential to provide additional power savings while further reducing

the incidence of side effects.

Finally, the third aim details attempts to resolve issues with ensuring the effectiveness
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of DBS therapy itself. In this aim, I discuss the creation of a platform for optimization

in DBS parameter selection and a mobile- and tablet-based drawing application for remote

tremor assessment. While this optimization platform streamlines the programming process

for patients receiving DBS therapy, the drawing application allows for patients to complete

MD severity evaluations at more regular intervals than permitted by clinical visits alone.

When adopted, these developments may ensure that every patient’s symptoms are effectively

tracked and, when no longer controlled, that the patient may be scheduled for a streamlined

reprogramming visit based on their individual disease progression rather than population-

based estimates.

1.1.1 Aim 1: demonstrating a fully implanted binary adaptive deep brain stimulation system

in freely moving patients

Ultimately, the adoption of an aDBS platform will depend on the ability to package it as an

all-in-one system. The evidence available on adoption of health-related wearables suggests

that systems dependent on these wearables may suffer from poor patient compliance due

to questions of convenience, reluctance to wear the required device, and privacy concerns

[31, 32]. Even with a fully implanted distributed system, it is quite likely that the patient

will occasionally leave the required external processing device too far away to effectively

connect and communicate with their implant. One workaround to each of these issues is

the introduction of a ”fail-safe setting” where, in the absence of an external connection

providing feedback, stimulation parameters default to the clinical maximum. However, while

this ensures that treatment will not fall below therapeutic levels, it also reverts such a system

back to cDBS and thus negates any benefits to be gained from aDBS.

The most straightforward way to avoid these issues, then, is the implementation of a

fully embedded system, wherein sensing, control, and stimulation parameter updates take

place entirely ”in-the-can” of the DBS device itself. By its nature, a fully embedded system

will not be disabled or rendered ineffective due to a patient forgetting or refusing to use a

symptom tracking wearable. Additionally, it frees the patient to move without the need of
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any physical or wireless tether to an external processing device.

However, these advantages come with the loss of the easily interpreted patient state in-

formation a wearable provides, as well as the boost in computational power typical of an

external data processing unit. In the case considered here, we are further restricted to a bi-

nary control system due to the limitations of the Activa PC+S. In approaching the problems

presented by this aim, algorithm and control system design were of paramount importance.

Chapter 3 includes consideration of the new concerns introduced by this technology, and

outlines how a clinically-oriented algorithm may overcome these barriers. The results gener-

ated by the application of this algorithm lead to the conclusion that binary fully implanted

aDBS is ready for widespread studies in MDs.

1.1.2 Aim 2: an exploration of graded adaptive deep brain stimulation strategies and tech-

niques

Even with the development of a fully implanted system demonstrated in chapter 3, it re-

mains incumbent upon researchers in this space to consider how this system may be further

improved. The benefits promised by this binary system imply that even greater levels of op-

timization may be achieved in the delivery of aDBS treatment. These may be best delivered

through the use of a graded control system.

Unlike in a binary control system, where a simple classification algorithm was sufficient for

effective treatment, graded aDBS systems require that symptom severity itself be estimated

in real time. Neural markers (NMs) were selected as the feedback system in order to most

easily generalize to future, fully implanted systems. Chapter 4 therefore focuses on a pilot

study to develop a graded aDBS system using solely this data source. Results from this study

are considered, and subsequent developments in estimation of symptom severity from neural

data are discussed. These developments imply that graded aDBS is at least as effective as

binary aDBS, though further work is needed to determine how best to estimate symptom

severity in real time using neural signals alone.
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1.1.3 Aim 3: strategies and platforms for personalization and optimization in deep brain

stimulation treatment

In this final section, we approach the problem of developing tools for the effective and efficient

delivery of optimized DBS treatment. In a divergence from the first two aims, this section will

focus most closely on patients receiving cDBS treatment. At present, stimulation parameters

are selected in a highly laborious procedure that is unlikely to land on the most effective

treatment for an individual patient. This is due in large part to the relatively limited number

of settings that may be efficiently tested within a given programming session.

In chapter 5, we begin with the generation of a toolkit for future automated DBS param-

eter optimization. This chapter details the development of a pipeline that will enable rapid

testing, evaluation, and updating when combined with modern optimization techniques in

future studies. Through this pipeline, the programming procedure may be shifted from a

laborious back-and-forth between clinicians and patients to a rapid and efficient process.

The design of such a system has added importance in the context of directional leads, which

are likely to become the standard in DBS probe design in coming years and add significantly

to the size of the stimulation parameter state space. In addition, this chapter details the

creation of a tablet- and mobile-based application for remote MD symptom assessment. This

permits a far more informative picture of patient symptom progression to be established than

is possible using only scheduled clinical visits, and may even be generalized into a remote

DBS parameter updating tool. The combination of these two developments may in turn

lead to a more personalized course of treatment and evaluation in patients receiving DBS

treatment.
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Chapter 2

STATE OF THE ART IN ADAPTIVE DEEP BRAIN
STIMULATION FOR MOVEMENT DISORDERS

2.1 Movement disorders

Succinctly characterized by Stanley Fahn as neurological conditions resulting in an ”excess

of movement or a paucity of voluntary and automatic movements, unrelated to weakness or

spasticity,” MDs have an indelible effect on quality of life for those diagnosed with them [33].

It should be noted that individual members of this family of disorders do not necessarily share

a causal basis. Rather, they are grouped by their shared pathological effects: the removal of

control and agency one has over one’s own body and movements. Although some MDs, such

as Tourette’s syndrome, are generally not degenerative, others, such as Huntington’s disease,

are progressive in nature. For many MDs, medications exist that can treat symptoms or slow

progression for a time, but by their nature the severity of these conditions will eventually

surpass the level where pharmacological interventions are effective.

2.1.1 Parkinson’s disease

Parkinson’s disease (PD) is a progressive disease affecting approximately 1% of the popula-

tion over age 60 [4]. It is characterized by four cardinal motor symptoms: tremor, rigidity,

bradykinesia, and postural instability [34, 27]. Additionally, psychiatric effects including

dementia, depression, and anxiety are common [1]. In part due to the prominence of several

individuals who have been diagnosed with the condition in the past few decades, PD has

received an enormous boost in public awareness and funding to combat the effects of the con-

dition. Due to its degenerative, debilitating, relatively widespread, and currently incurable

nature, PD currently stands as one of the most extensively researched medical conditions.
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2.1.2 Essential tremor

The vast majority of the work considered in this thesis is derived from studies with essential

tremor (ET) patients. ET is the most common MD worldwide, affecting an estimated 4.6%

of the global population over the age of 65 [3, 35]. Characterized by a postural and kinetic

tremor in the 4-12 Hz range with peak frequency variable between individuals, ET is notably

absent during rest in most cases [27]. In many patients, tremor severity is at first relatively

limited and minor work-arounds may be found for most tasks, leading to its earlier desig-

nation as ”Benign” Essential Tremor. However, in advanced cases, fine motor skills such

as writing, sewing, and painting can become impossible. Eventually, even coarser activities

like driving and handiwork can become difficult or dangerous to perform. In addition to the

issues raised by the motor symptoms alone, the cognitive effects and psychological ramifica-

tions of the loss of agency encountered by patients diagnosed with ET can be devastating

[36, 37].

2.1.3 Diagnosis and treatment in PD and ET

PD and ET are thus two of the most prevalent and best known MDs [3, 35, 4]. Though

lacking a known etiological relationship, each presents as a progressive disease with a pro-

nounced tremor component [27]. Each condition may be pharmacologically controlled in its

earlier stages, using levadopa, dopamine agonists, anticholinergics, and MAO B and COMT

inhibitors for PD and beta blockers, tranquilizers, and sometimes anti-seizure medications for

ET. However, the degenerative nature of each of these conditions leads these pharmacological

interventions to steadily lose efficacy over time.

These conditions were the first two in which cDBS was tested for therapeutic benefits

[38, 39]. Numerous follow up studies have confirmed the efficacy of cDBS for each condition.

As improvements have been made to cDBS devices and delivery of those devices, each have

seen substantial reductions in the incidence of perioperative complications and improvements

in long-term patient outcomes [8, 40, 41, 42, 43, 44]. The wealth of studies in the safety
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and efficacy of cDBS provides a reliable background against which to compare the efficacy

of newer, more advanced permutations of DBS therapy.

2.1.4 Symptom assessment and follow up

Although initial assessment of MD symptoms includes methods for differential diagnosis, the

exact procedure for symptom assessment in MDs is condition-specific after diagnosis [27].

One commonality in the assessment procedure is the requirement that a clinician observe

as a patient conducts a certain set of motor tasks that are known to present problems for

those diagnosed with the MD in question [45, 46, 47]. This requires the patient to travel to

a clinical location and conduct a series of tasks in the presence of a clinician, and therefore

typically takes place only during scheduled clinical visits.

These tests are specifically designed to give clinicians the broadest possible understand-

ing of the disease state for each condition. Although inter-rater comparison for patient state

overall is broadly reliable, evaluation of performance on individual tasks can vary widely

among multiple raters [48, 49]. Methods have been proposed that make use of inertial mea-

surement data to develop a more quantified basis for tremor assessment, but these methods

have yet to achieve widespread adoption [50, 51, 52, 53]. Additionally, MD symptoms vary

significantly in severity based on factors as varied as hunger, fatigue, and circadian rhythm

[54, 55]. The heterogeneous nature of many MDs means that these visits may or may not

coincide with periods of disease progression in any given individual [27, 56, 57]. Although

patient diaries are taken into account during assessment of disease progression, these are

subject to problems in reliability and patient compliance, and cannot present a quantified

assessment of symptom manifestation [58].
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2.2 Deep brain stimulation

2.2.1 A brief history

Although records dating back to antiquity describe symptoms characteristic of movement

disorders, modern medical understanding of MDs developed more fully through the late

19th and early 20th centuries [59, 60]. Those diagnosed with these generally progressive

conditions had little in the way of treatment options, but by the beginning of the 20th century

the literature on the rough symptomatic pathology of several MDs had matured enough

for physicians to distinguish between them [59, 61]. Without modern imaging techniques,

evaluation of patients diagnosed with movement disorders had to wait until they had passed

away. These postmortem examinations revealed the existence of lesions and Lewy bodies

in deep brain structures in several MDs, indicating that the root cause of these conditions

likely lay within these structures [61, 62, 63].

A series of surgical interventions, both deliberately tested and accidentally discovered,

were developed throughout the early-to-mid 20th century [64]. It was eventually determined

that thalamotomy or pallidotomy – the destruction of part or all of the thalamus or globus

pallidus – could lead to reduction in symptom severity for those suffering PD and other

MDs [65, 66]. The discovery that levadopa treatment led to a substantial reduction in

PD symptoms was essential in the development of modern understanding of its pathology

[67, 61]. A renewed interest in these conditions then focused attention on the basal ganglia,

uncovering some of the fundamental bases of movement in the process [61]. Although the

surgeries developed through this period were effective in treating MDs, their irreversible

nature and the risks and side effects associated with such interventions drove researchers to

continue seeking alternative methods for treatment [61].

To determine the exact regions to be ablated, surgeries were sometimes prefaced by simu-

lation of a lesion, either through application of chemicals or through high frequency electrical

stimulation to temporarily deactivate target regions [64]. Irving Cooper, an early pioneer of

both ”chemotomy” and stimulation-based deactivation during target evaluation, was among
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the first to propose chronic stimulation as an alternative to ablation [64]. Although his at-

tempts were hamstrung by the limitations of electronics available at the time, this laid the

foundation for French neurosurgeon Alim Louis Benabid and his colleagues. Benabid’s work

resulted in the first approval for implantation of a device specifically designed to chronically

stimulate a deep brain structure for the treatment of Parkinson’s disease in 1987 [38]. This

technique was largely as effective as thalamotomy or pallidotomy, and its reversible nature

made it far more appealing to both surgeons and prospective patients than the destruction

of a portion of the brain had been. In the following years, as a similar procedure was inves-

tigated and approved for the treatment of patients diagnosed with several other MDs and

psychological disorders, this method came to be known as deep brain stimulation (DBS).

2.2.2 Deep brain stimulation today

DBS has since been established as safe and effective in the treatment of Parkinson’s disease

[7, 43], essential tremor [8, 41, 42], dystonia [9], and obsessive-compulsive disorder [10],

with additional studies being conducted in patients diagnosed with other neuropsychiatric

disorders like major depression [11] and Tourette’s syndrome [12]. Among the several models

of DBS devices that are commercially available today, the essentials of the treatment itself

are fairly standardized. After a surgery to implant a thin, flexible stimulation electrode

probe into a condition-dependent sub-cortical target, high frequency (≥ 90Hz) stimulation

is continuously supplied to the target. Implantation carries risks inherent in all surgeries,

including hemorrhage (1-2%) and infection (3-5%) [43]. However, follow up studies in MDs

have generally concluded that the long-term benefits outweigh both perioperative and long-

term risks [7, 8, 9]. As of 2019, DBS devices had been chronically implanted in an estimated

160,000 patients [68].

After implantation, the current standard of care in DBS begins with the patient and a

clinician selecting stimulation parameters based on the patient’s feedback on tolerable side

effects, and the clinician’s observation of symptom suppression. After this programming

procedure, stimulation is left continuously active at these parameters. This procedure, in
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which stimulation cannot be disabled without directly interacting with the device, is known

as continuous, or conventional, DBS (cDBS). Presently, cDBS is the only method approved

for use in most patients receiving DBS in the United States. Although, as outlined above,

the benefits of cDBS are numerous and well-substantiated, the treatment is not a panacea.

Transient side effects including paresthesias [17], difficulty speaking [18, 19, 20], and balance

or gait issues [21, 19], and potentially chronic neuropsychiatric events and disorders including

depression [19, 22], mania [22], and sexual behavioral disinhibition [23]. In addition, battery

replacement, which in most devices must be conducted every 3 to 5 years, requires a revision

surgery [14, 16]. These factors imply that cDBS therapy may still be improved upon.

2.3 Adaptive deep brain stimulation

Adaptive deep brain stimulation (aDBS) refers broadly to any DBS system that uses some

sort of feedback to modulate stimulation parameters in real time [69, 70]. One of the ear-

liest proofs-of-concept for this technique essentially comprised handing patients with PD a

controller that enabled them to activate and deactivate their device as needed depending on

their desired activity [71]. This limited level of this sort of control is now common, with

most patients receiving DBS being given an accompanying wireless device that allows them

to turn their stimulation on or off at will. Modern controllers generally permit the patient

to increase or decrease stimulation amplitude within a limited window. This allows patients

to deactivate stimulation when preparing for any activity during which their treatment will

not be needed. This can result in substantial battery savings, and may reduce the incidence

of side effects.

This simple structure may suffice in highly specific cases, such as when an individual

with ET is about to go to sleep and thus can reliably assume they will not require DBS

treatment for several hours [27]. However, for real-time modulation during an individual’s

activities of daily living, requiring explicit patient instructions for control can quickly become

a significant burden. Furthermore, in the event a patient needs to activate their stimulation,

the very motor symptoms they are trying to treat could become an impediment to successful
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interaction with their device. A more responsive approach is the use of biometric data to

infer patient and disease state in real time [69, 70]. These inferences may then be used

to modulate stimulation accordingly. Although investigation of biomarkers for psychiatric

disorders is an active realm of study, in this work we will restrict our considerations to MDs.

2.3.1 Inferring patient state and disease state in MDs

In MD patients, the most obvious and direct inference of patient state may be derived

from devices that record the patient’s movements [72, 73]. Such data allows for quantified

information to be derived about a patient’s symptoms and, by extension, for implications

about treatment efficacy to be determined. The main benefit of using this form of data is

the ease of interpretation. For example, ET frequently manifests as a 4-12 Hz upper limb

tremor; therefore, a highly reliable estimate of relative tremor severity may be derived by

simply assessing the power of this band from kinetic data [27]. If arm or hand movement is

of principal interest, gyroscope and accelerometer measurements acquired from the inertial

measurement unit (IMU) included in most commercial smartwatches is among the most

straightforward ways to acquire this data [74]. Electromyography (EMG) data also may be

used to acquire more detailed information from more varied sources [75].

An alternative, somewhat more indirect, approach uses biomarkers extracted from neural

data, known as neural markers (NMs), to determine patient state [76, 77, 78, 79, 80]. Specific

methods for data extraction include both noninvasive methods, such as electroencephalogra-

phy (EEG), and invasive technologies, like electrocorticography (ECoG). Unlike movement

data, neural data cannot necessarily be directly related to symptom severity based solely on

inferences made by a human observer. Instead, this data must be processed and features ex-

tracted. These features may then be analyzed against either patient state (i.e., is the patient

moving or at rest) or disease state (i.e., severity of hand tremor) through the application

of signal processing and machine learning techniques. Although this requires significantly

more work than depending solely on movement data, using neural data has the potential to

”predict” patient state a few moments before the patient actually enters that state. This
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lends neural data-based aDBS algorithms the capacity to preempt movement rather than

responding to an uptick in symptom severity as it occurs.

2.3.2 aDBS stimulation control systems

Unlike cDBS, aDBS requires that some sort of control system be developed to provide the

appropriate stimulation for a patient’s state. Broadly speaking, this control system falls

into one of two categories: binary or graded. In a binary aDBS (b-aDBS) control system,

stimulation may be either completely ”off” or ”on” at clinically determined levels [79, 81, 80,

78]. The obvious benefit of this system is its simplicity. By reducing the question of adaptive

treatment to its most basic possible form – whether the patient requires any stimulation or

not – the accompanying data analysis architecture required may be reduced to a binary

classification problem. However, this simplicity comes at the expense of specificity, and may

still result in the patient receiving more stimulation than they necessarily require given their

state.

A graded aDBS (g-aDBS) control system, by contrast, attempts to provide the stimu-

lation parameters that are best equipped to treat the patient given their state at the time

[82, 83]. This could take the form of a continuous feedback system, wherein the minimum re-

quired stimulation amplitude is derived from the biomarkers recorded on a continuous basis.

Alternatively, this graded control could select from one of several predetermined stimulation

settings known to optimally treat the patient when they enter a given state. In either case,

this control system could provide assurances of optimal treatment in a far more nuanced fash-

ion than binary aDBS allows. However, the data analysis techniques and algorithms required

for such a system would be far more computationally costly than in a binary system.

2.3.3 Analysis architectures

Regardless of which signal source is selected from section 2.3.1 or which control system

is chosen from section 2.3.2, some level of processing and data analysis will be required

to generate the appropriate control signal. This signal must then be transmitted to the
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stimulating electrode itself. There are two architectures for an aDBS analysis and signal

generation system: a distributed system and a fully implanted system. In a distributed

system, biomarkers are analyzed by an experimental computer which generates a control

signal in response to these markers [84, 69, 78, 74, 76, 80]. This control signal is then

transmitted to the DBS device itself. A fully implanted system, by contrast, conducts all

collection, analysis, and control signal generation within the DBS device [79]. Such a system

is also colloquially referred to as an ”in-the-can” system.

The primary tradeoffs between these systems are mobility vs. computational complexity.

In a distributed system, the data analysis and control signal generation techniques employed

are limited only by the computational power of the external computer used. In most modern

applications, it is also feasible for a cloud-based data analysis pipeline to be developed.

Even in systems that promise immense bandwidth in terms of the data recorded, such a

computational setup could reliably conduct extremely complex calculations at or near real

time. However, in order for such a system to function, the DBS device must have some

ability to communicate with this external computational system. Regardless of whether this

system is wireless or has a physical tether, the patient’s mobility is thus explicitly restricted

to within a certain range of the external computational unit by any distributed system.

A fully implanted system, meanwhile, would permit the patient to move freely and with-

out explicit thought given to their device. This frees patients from both the physical restric-

tions demanded by a distributed system and the requirement to remember their external

device at all times during the day. However, a fully implanted system will inevitably result

in limitations being placed on the complexity of the algorithms deployed. Despite signifi-

cant advances in the field of implantable devices, any chronically implanted device will have

only a fraction of the computational power the average smartphone has today. This means

that algorithms used for fully implanted aDBS will require significant optimization before

deployment, and may render more complex control systems completely infeasible.
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2.3.4 Closing the loop

From sections 2.3.1, 2.3.2, and 2.3.3, it is apparent that there exist several options in the

design of an aDBS system, each with their own unique benefits, drawbacks, and limitations.

Previous work has demonstrated that aDBS systems may be reliably based on IMU data

recorded from a patient’s affected limb [74]. EMG and kinematic data have also been demon-

strated as effective methods for evaluating DBS therapy effectiveness [85, 86]. Due to the

wearable nature of IMU and other kinetic data collection methods, this analysis may only

be conducted by a distributed system.

The use of NMs collected through invasive devices opens the door to the generation of fully

implanted systems, if the proper hardware exists. In such a system, an implanted electrode

– possibly even the stimulating electrode itself – could record neural data in the form of local

field potentials (LFPs). NMs could be derived from this data and a control signal generated

within the onboard computing capacity of the IPG itself [79]. Alternatively, this data could

be streamed to an external device for the application of more complex computational methods

[81, 80, 84, 78].

2.3.5 Medtronic Activa PC+S

One device meriting special attention due to its ubiquity in this work is the Medtronic

Activa PC+S (Primary Cell + Sensing). This investigational device, created by medical

device developer and manufacturer Medtronic, is comparable in therapeutic capacity to the

commercial Medtronic Activa PC. The IPG is implanted in the upper chest and a fully

implanted connection to the stimulation probe wired through the neck. The DBS probe is

comprised of four stimulating electrodes, and is capable of either bipolar stimulation (with

one electrode the anode and another the cathode) or monopolar stimulation (in which the

anode is taken to be the IPG case and, from a theoretical standpoint in stimulation mapping,

assumed to be at r →∞). Stimulation pulse width, frequency, and amplitude comprise the

remaining parameters to be tuned.
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What differentiates the PC+S from the stimulation-only PC is threefold. First, the

PC+S includes the capacity to sense neural data in the form of LFPs from the attached

leads. A proprietary conversion turns this information into telemetry data. Through a

wireless connection to the IPG, this data may be streamed to an external computer from

both sites at 200Hz or from a single site at 422Hz. This data is sent via packets collected

every 200ms and transmitted every 400ms in sets of 2. In addition to these streaming options,

a limited amount of data may be recorded onboard the IPG from a single site at 800Hz and

downloaded to a computer through the same wireless connection. A final option for data

acquisition is through the use of a proprietary bandpower estimation method, and provides

an estimate of the power of a given band of neural data every 200ms (5Hz). The details

of this final option are considered more fully in section 3.3.1. The streaming capacity of

the system is bidirectional, allowing one pre-selected stimulation parameter, selected from

amplitude, frequency, and pulse width, to be modulated in real time through instructions

given by an external experimental computer. Streamed neural data may thus be either

collected passively by an external computer, or integrated into a distributed aDBS system.

Second, the PC+S includes the capacity for a second recording lead in the form of a

Medtronic Resume 2 ECoG lead. This lead makes use of the wired connection reserved for

a second stimulation probe in the original PC if a clinician were to determine a bilateral

course of DBS therapy were in order for a patient. The strip may be placed over any region

of the cortex, permitting the collection of data from a second source.

Third, the PC+S includes the capacity to use an onboard binary classification algorithm

to turn stimulation to a maximum or minimum amplitude based on the bandpower estimate

discussed above. The details of this method will be expanded upon below in section 3.3.1.

This capacity of the PC+S enables a fully implanted binary aDBS system to be deployed,

allowing a patient to move freely with an aDBS system active and without the need for

external sensing or a distributed data processing platform.

The PC+S is therefore a potentially powerful platform for the development of either a

simple, binary fully implanted control system or a more complex distributed control system.
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However, there are a few known drawbacks to this particular architecture. The first is

a high noise floor for data recorded from the ECoG strip, restricting useful cortical data

to those bands under about 50Hz. This precludes most of the gamma band from proper

exploration for potentially useful NMs. A second drawback of this system is its relatively

limited streaming capacity. Being restricted to no more than 2 channels at 200Hz or a single

channel at 422Hz places an outsized burden on the accompanying algorithm to compensate

for the sparsity of data. Finally, the restriction of the onboard control system to a binary

classifier precludes the development or examination of results with a graded aDBS system

during free movement, limiting the ability to explore the effectiveness of these more nuanced

control systems. Nonetheless, as one of the first investigational tools of its kind, the PC+S

is an extremely useful platform, which has served as the bedrock for all results in chapters

3 and 4, and much of the testing involved in the developments outlined in chapter 5. A

diagram of the system may be found in fig 2.1.

Figure 2.1: An illustration of the Activa PC+S system, incorporating the IPG in the upper
chest with wired connections to the ECoG strip over M1 and DBS probe in the thalamus.
The IPG is equipped with data streaming and limited data storage capacity.
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Chapter 3

FULLY IMPLANTED BINARY ADAPTIVE DEEP BRAIN
STIMULATION

3.1 Distributed aDBS systems

A common thread in previously explored aDBS systems is a reliance on either external sen-

sors or a distributed system for signal processing and control signal generation [84, 69, 78, 81].

External sensing, such as neural data collected with surface EEG or IMU data from a smart-

watch affixed to a patient’s treated wrist, provides easily defined and understood real-time

feedback on symptom severity and patient activity [70, 81]. Distributed data processing

structures use data streamed out to an external PC from implanted sensors, such as LFP

data recorded using chronically implanted ECoG strips, in order to infer the patient’s state

through the deployment of machine learning algorithms on an external experimental com-

puter or other computational device [78, 80, 76, 83]. The use of a distributed system allows

the application of powerful data processing and machine learning techniques on notoriously

noisy, non-stationary neural data. This permits development of highly accurate algorithms

to predict patient state [80, 83].

Unfortunately, each of these system architectures entails significant drawbacks. Exter-

nal sensing systems require a patient to wear some symptom-tracking device at virtually all

times, which is unlikely to serve in a translational capacity due to the likelihood of patients

either forgetting to charge the required device, forgetting the device itself, or even their

unwillingness to wear it altogether [31]. Likewise, distributed systems tether patients to an

associated data processing device, limiting mobility in cases where the tether is a physical

wire and, with wireless systems, running into the same translational problems encountered

with wearable devices [87]. Additionally, both wearable and distributed systems raise clear
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privacy and security concerns due to the streaming of personal health information. Per-

haps even more concerningly, such a system architecture enables an increased potential for

malicious third-party interference with the device itself [32].

3.2 Considerations for fully implanted aDBS systems

A fully implanted system, in which internally detected biomarkers are processed in the IPG

itself and an on-board algorithm applied to modulate stimulation parameters in real time,

promises the capacity to resolve each of these issues [79]. This system would eliminate

concerns about a patient remembering their external devices by making the process entirely

internal and automated, with the added benefit of intrinsically resolving issues of privacy and

security during chronic treatment. Due to the necessity of using only internally recorded data,

however, these systems would lack the ease of interpretability in programming ensured by

wearable systems. Furthermore, the limited processing power available on implanted devices

relative to modern computers and mobile devices leads to substantial reductions in the

sheer processing power available to fully implanted systems. These factors have previously

limited the translational applicability of fully implanted aDBS. Additionally, these hardware

restrictions require that only a binary control system be used, precluding more nuanced

treatment.

Here is detailed the first translation-oriented training procedure for a fully embedded

aDBS control system for use in MDs, additionally constituting one of the first examples of

a fully implanted aDBS system in freely moving ET patients. Previous attempts to develop

fully implanted aDBS algorithms relied solely on the on-board capacity of the implanted

system for training, leading to issues in reliability, repeatability, and interpretability [79, 88].

Through a straightforward distributed training procedure permitting reliable collection of

training data, a supervised machine learning algorithm optimized for clinical considerations

was used to train intrinsically personalized aDBS classifiers in two patients. These classifiers

were then uploaded to the patients’ devices and their performance evaluated through IMU

data analysis and patient feedback. This system greatly simplifies the training procedure
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itself while simultaneously increasing reliability and transparency of classifier training. The

following sections are largely comprised of the content of an article published in the Journal

of Neural Engineering detailing the design, implementation, and testing of an embedded

aDBS system for tremor [89].

3.3 Implementation of a fully implanted aDBS system in ET

3.3.1 Device specifications

The on-board classifier of the Activa PC+S is limited to using a bandpower estimate of a

given band of LFP data, calculated in a proprietary hardware design. The band must be of

the form c± r with c ∈ {2.5, 5, 7.5 . . . 97.5, 100}Hz and r ∈ {2.5, 8, 16}Hz, with an estimate

generated every 200ms (5Hz). Two different bandwidths may be collected from the DBS

probe and the ECoG strip, respectively, resulting in a state estimate X̂ ∈ R4×1 defined as

X̂ =


xDBS,1

xDBS,2

xECoG,1

xECoG,2


Furthermore, due to the limited processing capacity of the IPG itself, we are restricted to

a binary linear classifier to determine whether stimulation amplitude should be set to a

pre-determined ”LOW” value (set in this work to 0.0V in both patients) or ”HIGH” value

(a clinician-determined, patient-specific amplitude), with other parameters (frequency, pulse

width, stimulation electrode configuration) held constant. Stimulation ramping slew rate for

the on-board system cannot be explicitly set. Rather, the time for the system to ramp to its

maximum amplitude must be selected as one of 1, 2, 4, or 8 seconds. Ramping time was set

to 1 second for both patients to minimize time between movement onset and treatment.
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3.3.2 Distributed training architecture

Despite the streaming capacity of the Activa PC+S, previous efforts towards using the de-

vice’s fully embedded aDBS capacity required the researcher to rely solely on the on-board

capacity of the device to record data in order to obtain training data, on which more detailed

information may be found in section 2.3.5 [79]. This data could then be downloaded to a

proprietary tablet, from which it had to be transported by USB to an experimental computer

for analysis.

In contrast, our system is structured such that, during collection of training data, neural

and IMU data are streamed wirelessly to an experimental computer. This allows for accurate

and reliable timestamped data collection, and permits the instantaneous review of all training

data to easily determine if a test must be repeated. When satisfactory results have been

obtained, the classifier is uploaded to the IPG itself for evaluation of aDBS in free movement.

A diagram of this system may be found in fig. 3.1.

3.3.3 Supervised training data collection

Since only neural data may be used in our classifier and the presence of stimulation is

known to alter neural dynamics, data must be collected in each state with stimulation both

active and disabled. In order to take these considerations into account, training data must be

collected with patients in each state of the form [Stimulation State, Patient State], amounting

to A) [Off, Rest ], B) [Off, Action], C) [On, Rest ], and D) [On, Action].

To obtain data during each of the four possible patient states, 30 seconds of data were

collected with the patient at rest with hands in lap with stimulation active and stimulation

disabled, and 30 seconds while the patient was continuously conducting the finger-to-nose

task of the Fahn-Tolosa-Marin (FTM) tremor rating scale (TRS) with stimulation active and

stimulation disabled [45]. These two minutes’ total data were used to train an intrinsically

personalized classifier. Immediately following data collection, a visualization of the time

series of the bandpower estimate data akin to that in fig. 3.2 and cross-validated accuracy
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Figure 3.1: A diagram of our distributed training procedure using the Medtronic Activa
PC+S. During the training procedure outlined in section 3.3.3, neural data is streamed wire-
lessly to an experimental PC on which initial data review is conducted. When satisfactory
data has been collected, optimized algorithm parameters are trained and transported via
USB to a proprietary tablet device. A configuration update to the Activa PC+S itself sup-
plies it with the trained, personalized classifier. The embedded aDBS system then uses its
sensing capacity with this classifier to modulate stimulation.

of a classifier trained on this data was available for review. This may be used to inform the

researchers’ decision to repeat individual tests if necessary. The structure of the training

data collection was arranged to allow for individual states to be recorded independently, as

opposed to repeating the full procedure.

3.3.4 Band selection and algorithm design

The primary task of the algorithm is to differentiate between when stimulation must be set

to ”HIGH”, and when it may be left ”LOW”. The objective is therefore to determine when
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Figure 3.2: Time series training bandpower estimates of neural data used for Patient 1
for recordings, of form [Stimulation State, Patient State], of states A) [Off, Rest ], B) [Off,
Action], C) [On, Rest ], and D) [On, Action]. Channel legend in upper right. Each set is
30 seconds in length, with bandpower estimate being an integer value between 0 and 1023.
Differences between the Rest and Action states are readily apparent for ECoG data within
stimulation states, with clear differences between the behavior across stimulation states. In
the DBS channels, note the differences between signal behavior during Rest and Action with
stimulation Off. During stimulation On in (C) and (D), the configured bandpower estimates
for both DBS channels are saturated; this is indicated by the solid lines at the maximum
value the system may output. This implies that the DBS channels provide both an effective
indication of whether stimulation is active, and useful information when it is not.
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a patient requires stimulation to treat their symptoms which, in ET patients, may be said

to be the difference between when the patient is at Rest and generally without tremor, and

when they are in Action and thus experiencing tremor.

Additionally, as the classifier has no explicit way to ”know” whether stimulation is active

or disabled, some method of indirect inference for device state must be provided. To allow

the algorithm to determine whether stimulation was active or disabled, xDBS,1 bandpower

estimate was set to the patient-specific, clinically determined stimulation frequency (c =

fpatient, r = 8). xDBS,2 bandpower estimate was set to measure thalamic γ-band (c = 65, r =

16), previously demonstrated to correlate with movement [90]. Although suppression of

thalamocortical coupling between the γ-band of the cortex and lower frequency bands of the

VIM have been demonstrated to strongly correlate with movement [91], the noise floor in

the Activa PC+S ECoG strip precludes effective measurement of this range. Instead, both

xECoG,1 and xECoG,2 were set to record β-bandpower (c = 20, r = 8) from alternating pairs of

the 4 linearly arranged ECoG electrodes available, desynchronization of which is known to

correlate with movement onset, thus indirectly indicating onset of tremor in ET [80, 92, 93].

With X̂ thus defined, an unbiased linear classifier was trained to differentiate between

the 60 seconds of data collected during the Rest recordings and the 60 seconds collected

during the Action recordings. A linear projection ŷ0 ∈ R was defined with ω ∈ R1×4, b ∈ R,

norm1 ∈ R4×1, and norm2 ∈ R4×1 of the form

ŷ0 = −ω × ((X̂ − norm1)� norm2) + b

so as to maximize the variance between the means of ŷ0,Rest and ŷ0,Action. A sample above 0

was classified as Action and below 0 as Rest.

Finally, under the clinically informed theory that it is preferable to have stimulation

unnecessarily active than to risk it being absent when needed, the classifier was biased in

favor of keeping stimulation On by λ = 1
5

the standard deviation of the projection from

training data. This was accomplished by adding λ to that projection, thus creating the final

projection ŷ = ŷ0 + λ. This fraction was determined through analysis of previously recorded
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data for distributed aDBS systems and found to consistently reduce false negatives without

excessively increasing the overall error rate.

3.3.5 Tremor severity characterization and analysis

Gyroscope data from each task was extracted from IMU data streamed via Bluetooth at

100Hz from a smartwatch fastened around the patient’s dominant wrist and timestamped

upon receipt by an experimental PC. This data was split into 400ms intervals, a 4 − 12Hz

bandpass filter applied to extract only tremor-related data [27], and Welch’s method applied

to x, y, and z components individually to obtain the frequency domain of the inertial data.

The area under the curve of each of the 3 components was approximated with the trapezoidal

method, and the sum of these values used as our ground truth for semi-instantaneous IMU-

based tremor severity assessment, denoted χ. Average level of tremor S, normalized for

duration of test τ and thus defined as

S =

∑
χ

τ

was derived for each test state. Tremor suppression J was defined as the fraction of tremor

severity reduction as compared to tremor with stimulation Off, such that tremor suppression

for a given control system may be defined

Jsystem = 1− Ssystem

SOff

3.3.6 Quantifying reduction in energy use

Energy use per unit time was calculated using the total electrical energy delivered (TEED)

methodology proposed by Koss et al. [94] adapted to control for test duration τ , such that

TEEDsystem =
voltage2 × frequency × pulsewidth

impedance× τ
× seconds

Although actively running the classifier on the Activa PC+S results in a small increase in

power demand, this value is not explicitly calculable in vivo [95]. Energy savings with aDBS
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will therefore be quantified solely as the percentage of TEED saved in aDBS versus cDBS,

such that relative energy saved may be estimated as Es = (1− TEEDaDBS

TEEDcDBS
)× 100%.

3.3.7 Methods for evaluation of therapeutic accuracy

For the quantified portion of classifier evaluation, patients were asked to begin at rest with

hands in their lap. At a semi-randomized timestamped prompt, the patient was asked to

conduct the finger-to-nose task of the FTM [45] continuously until the next prompt, at which

point they were asked to return to rest. IMU data was streamed continuously throughout the

experiment, while stimulation amplitude was recorded on the Activa PC+S device during

experiments and downloaded for analysis.

A false positive ε+ was said to occur when stimulation amplitude rose above 1
2

of a

subject’s clinically prescribed settings during a rest period, while a false negative ε− was

defined as stimulation amplitude below this level during a period of movement. Total error

rate E was defined as the total number of errors divided by the duration of test τ , such that

E =

∑
ε+ +

∑
ε−

τ

This protocol was conducted with stimulation disabled, cDBS control system active, and

aDBS control system active. Following this controlled experimental protocol patients were

asked to stand and move freely for some minutes without IMU or neural recordings in order

to determine qualitatively whether they could detect a difference in the quality of their

treatment or in the manifestation of side effects.

3.4 Performance of fully implanted system

3.4.1 Subject information

Two subjects diagnosed with ET were implanted with the Activa PC+S (see section 2.3.5).

These subjects, hereafter referred to as Patient 1 (P1) and Patient 2 (P2), were enrolled in

studies at the University of Washington Medical Center. Patient information and clinical

settings are outlined in table 3.1, with ECoG lead localization visualized in fig. 3.3.
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Figure 3.3: ECoG lead localization for P1 (red), P2 (purple), P3 (black) and P4 (green).
Electrodes were placed based on median nerve somatosensory evoked potential phase reversal.
Note that in P1, P2, and P3 the targeted hand and wrist region of the motor cortex was
accurately covered; in P2, the strip more closely covered the shoulder, neck, and head region.
Only P1 and P2 were involved in the study discussed in this section.

Table 3.1: Fully implanted aDBS patient information and clinical DBS settings, comprising
amplitude, frequency, pulse width, and stimulating electrode configuration settings.

Dominant Ampl. Freq. PW Electrode

Patient Age Sex Hand (mV) (Hz) (µs) Configuration

P1 84 M Right 3900 140 90 2+/0- (bipolar)

P2 70 M Right 2100 140 90 1- (monopolar)

3.4.2 Distributed training procedure

As described in section 3.3.3, the data collected was made immediately available for review

following recording of all 4 states. In each patient, review of the data visualization and cross-

validated classifier performance led to the determination that one state, different in each
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patient, was excessively noisy. The individual test pertaining to that state was repeated,

and the classifier trained from the new set of states uploaded to the device.

The versatility of our distributed training system ensured that the entirety of the proce-

dure, including explaining procedure and tests to subject, recording training data, reviewing

data and repeating tests if needed, training classifier on selected data sets, and uploading

classifier to patient device, was completed in under 20 minutes in each patient. This training

time included repeat data collection for one state in each patient when initial data review

revealed insufficient classification accuracy. This indicates that the brevity of the training

process was due largely to the rapidity with which data could be analyzed and the ease of

collecting more at-will with the distributed system

3.4.3 Effectiveness of biased classification algorithm

For the training data, a false positive is said to have occurred if a sample labelled Rest is

above the threshold, while a false negative is said to have occurred if a sample labelled Action

is below the threshold. Total error rate is the average of these rates, as equal training time

was spent in the Rest and Action states. Biasing the threshold resulted in a 12.7% increase

in average error rate; however, this constituted a 28.2% decrease in average false negative

rate. Training data distribution and classification in each patient are presented in fig. 3.4,

and the full results of biasing are detailed in table 3.2.

Biasing the classifier towards the On state reduced overall accuracy; however, this was

exactly the intent. As may be seen in the analysis of training data, biasing resulted in

marginal increases in overall error rate while cutting false negative rates for an overall sensi-

tivity of 91.8%. It should be noted that total error rate was somewhat divergent between our

patients, most likely due to the variation in ECoG lead localization during implantation. It is

a testament to the robustness of our biasing system that the clinically relevant false negative

rate was kept at the low levels seen. In our analysis of therapeutic accuracy during testing,

we found that 96.4% of the time stimulation was required, it was provided. This increase in

sensitivity may have to do with alteration of neural dynamics during stimulation ramping
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Figure 3.4: Kernel density estimation with histogram in training data for A) Patient 1 and
B) Patient 2, with Rest data for both stimulation settings combined in yellow and Action
data for both stimulation settings combined in green. The unbiased classifier control system
would return On for any point over 0 and Off for any point beneath 0. Our patient-specific
biased threshold, seen here as a red line down each figure, demonstrates that appreciably
more of the Action state is classified as requiring stimulation than the unbiased system would
recognize.

periods. Although the effect appears to be an increase in the likelihood of an On control

signal, giving little clinical reason to examine it more closely, it is nonetheless an interesting

occurrence that may be considered further. Quantification of classifier longevity, defined as

the number of weeks a given classifier remains clinically effective, will require longitudinal

studies and will be a focal point of future work.
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Table 3.2: Effects of biasing on training data: Though overall error rate is increased
by a marginal amount, clinically relevant false negative rate is substantially reduced in
both patients, indicating that biasing our linear projection effectively increases treatment
reliability by clinical considerations.

Measure Unbiased Biased

P1 training error rate 0.122 0.143

P2 training error rate 0.342 0.380

P1 training false neg. rate 0.130 0.090

P2 training false neg. rate 0.097 0.073

3.4.4 Therapeutic performance during controlled testing

For testing data, it was determined that therapeutic classifier average total error rate was

E = 0.468. However, over 92% of these errors were comprised of clinically permissible false

positives; average false negative rate was E− = 0.036, indicating that stimulation was almost

always being supplied at therapeutic levels during our experimental procedure. Use of the

aDBS control system resulted in a 30.8% average drop in energy use by the neurostimulator.

Complete results may be found in table 3.3, with stimulation and tremor severity during

experiments displayed in fig. 3.7.

During their free movement period, subjects clearly and accurately differentiated between

when stimulation was disabled and when some stimulation control system was active. How-

ever, they reported no differences in treatment efficacy between aDBS and cDBS. As data

recording was not active during the free movement period, accuracy and specificity of aDBS

could not be quantitatively evaluated. One patient reported experiencing a brief paresthesia

in their right hand on two occasions with aDBS active. Neither reported any side effects

with cDBS active.

Average tremor suppression across both patients with cDBS JcDBS = 0.361. Average

tremor suppression with aDBS JaDBS = 0.481 for a 33.2% improvement with aDBS over
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Figure 3.5: Stimulation amplitude (green line), normalized by clinically determined maxi-
mum amplitude, and tremor severity χ (blue line), normalized to the maximum value in any
state, with stimulation disabled, enabled and with aDBS active (respectively, A, B, and C
in Patient 1 and D, E, and F in Patient 2). Green background indicates patient was asked
to perform finger-to-nose task, while blank background indicates patient instructed to rest
with hands in lap. Although stimulation fluctuates substantially throughout experiment,
note that it is consistently on during movement epochs, consistent with the desired effect of
biasing the classification algorithm.

cDBS. This is in line with previous findings that aDBS is more effective in tremor suppression

than cDBS [84, 80]. Detailed results are included in table 3.3.

Our results indicate that aDBS can reduce the stimulation power necessary to effectively

treat tremor. However, it is important to note that such systems require additional sensing

components and expanded signal processing capabilities of the embedded firmware. These

additional hardware components would result in higher power usage than a cDBS device if



35

Table 3.3: Efficacy of aDBS: The extremely low false negative rates, paired with a signifi-
cant reduction in overall stimulation, appear to have led to a substantial increase in tremor
suppression in aDBS over cDBS.

Patient 1 2

Percentage TEED saved 34.0% 27.5%

Overall error rate 0.361 0.575

False negative rate 0.030 0.042

cDBS tremor suppression 0.596 0.125

aDBS tremor suppression 0.740 0.221

excluding stimulation. Prior work has demonstrated that, for the Activa PC+S when using

typical stimulation parameters, a 6% reduction in stimulation ”on-time” is all that is required

to offset the power cost of the additional hardware and processing [95]. As stimulation was

disabled 49% of our quantified test in P1 with 48% of the test in the ”rest” state and 36% in

P2 with 56% of the test in the ”rest” state, we can comfortably assume our system delivered

net power savings.

Nonetheless, longitudinally assessing the power savings of these systems in a patient’s

less rigidly structured activities of daily living will be required to make a final determination

of the overall potential of aDBS to improve battery life, and should be a focus of future

work. Given the trends in the development of lower-power integrated circuits and more

efficient microprocessing units, even biased aDBS algorithms that disable stimulation very

conservatively will most likely offset any power cost of the added hardware and processing.

In keeping with previous findings for ET [84, 80], our quantified analyses of symptom

severity indicated that aDBS was substantially more effective in tremor suppression than

cDBS on average, albeit with less substantial tremor reduction in P2 than in P1. This diver-

gence may be partly due to P1 having considerably more severe tremor without treatment,

reducing the relative amount that treatment can observably reduce symptoms in P2. This



36

may be similar to the ”floor” effects found in aDBS for PD [79].

Although the cause of this increased efficacy is not currently well understood, our working

hypothesis relates it to the tolerance and habituation effects previously described in DBS of

the VIM [96, 97, 98]. The regular shifts in stimulation parameters characteristic of aDBS

may have the added benefit of acutely interrupting this habituation, although further studies

will be needed to assess the validity of this hypothesis. A related follow up question requiring

larger subject pools will be whether aDBS is more effective in all patients, improves tremor

suppression in some individual patients more than others, or if it is more effective depending

on stimulation target, such as the VIM vs. the subthalamic nucleus.

That aDBS treatment was at least as effective as cDBS was supported by our patients’

reports in their periods of free movement, during which they noticed no substantial differences

in treatment efficacy. When paired with our quantitative results implying the superiority of

aDBS treatment over cDBS, this suggests that, while the differences in therapeutic efficacy

may be below the threshold of perception for most patients already receiving cDBS, an aDBS

system may be able to operate with a lower maximum amplitude than that used in cDBS

systems, thereby reducing overall stimulation to an even greater extent. This will further

increase the already substantial energy savings promised by aDBS systems. Additionally,

as previous work has indicated that ”context-dependent” fully implanted aDBS systems can

effectively differentiate between several patient states, such as gait holding an object vs. gait

with hands naturally at sides [99], a more quantified treatment of our freely moving period

will be a component of further work.

The transient paresthesia experienced by Patient 1 is most likely an indicator that the

ramping rate for stimulation was set too high [69]. This issue may be resolved through

a straightforward addition to the patient programming phase. Rather than prioritizing

reaching maximum stimulation level as quickly as possible, a ”maximum tolerable rate”

test should be implemented in future training procedures in order to ensure patient comfort

is maintained during aDBS.
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3.5 Evaluating potential short-term effects of binary aDBS

One clinically observed phenomenon with potential implications for binary aDBS in ET is the

”rebound effect” [100, 101, 44], a seeming inversion of the washout period well documented

in PD [102]. Immediately following deactivation of DBS, the rebound effect manifests as a

transient increase in tremor severity which eventually settles into a pre-stimulation baseline

of tremor, referred to here as the ”steady state.” This sudden cessation is a relative nonissue

in patients receiving cDBS, but in binary aDBS could be expected several dozens of times

per day depending on patient activity. Given this paradigm shift in the nature of treatment

provided, a more in-depth consideration of rebound is warranted.

Clinical observations of the rebound effect in existing literature have been mixed. Kro-

nenbuerger et al. [71] did not observe rebound in their ET patients, Patel et al. [97] saw

rebound effect in demyelinating sensorimotor peripheral neuropathy but not ET patients,

and Hariz et al. [101] and Reich et al. [100] observed rebound in only a subset of their

ET patients. In all of these studies, only clinical TRS’s were used to assess the presence

of rebound. These tests are often subject to issues of inter-rater reliability for movement

disorders, especially in writing and drawing tasks [48, 49]. This indicates a need to find a

more quantitative and intrinsically reproducible approach to assessing tremor severity. A

recent study by Paschen et al. [44] marked the first use of IMU data to quantify the curve

of rebound. In the subset of their patients who experienced rebound, this study found that

tremor severity peaked some 2 minutes after cessation of stimulation and reached steady

state after about 30 minutes. This means that, on the timescale on which the above binary

aDBS system was active, we would not have had sufficient time to examine rebound effect

or its immediate consequences on treatment efficacy.

Within this section, largely covered in work presented at the Engineering in Medicine

and Biology Conference in 2020 [103], I detail a study attempting to characterize rebound

effect in a more explicitly quantifiable way. Using tasks specifically chosen to generate a

maximal tremor response, clinical and IMU-based assessment were conducted on patients to
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determine the arc of rebound effect.

3.5.1 Patient information and data collection

Three patients implanted unilaterally with the Activa PC+S served as subjects. Relevant

patient information may be found in Table 3.4. IMU data collection was conducted using a

procedure identical to that described in section 3.3.5.

Table 3.4: Rebound effect patient information, including age, sex, months since im-
plantation surgery was conducted, and the time before the study for which stimulation was
continuously active. Note that, while patients 2 and 3 disabled their devices for sleep, reacti-
vating them each morning, patient 1 preferred to leave his continuously active except during
set medical or experimental appointments when disabling it was required.

Patient No. Age (yrs) Sex Mo. Since Imp. Time Stim. On

P1 84 M 39 3 months

P2 70 M 24 5.5 hours

P3 82 M 29 4 hours

3.5.2 Experimental protocol

Each ”task session” comprised patient completion of two tasks: the spiral-drawing and the

line-drawing tasks of the FTM (examples in Fig 3.6) [45]. A tablet-based application was used

for all tremor data collection. Each experiment involved a series of task sessions completed

at approximately 5-minute intervals over a period of 38-42 minutes, including 1 to 2 sessions

when stimulation was activated and 6 to 7 sessions after stimulation was deactivated. Video

recordings of the patient completing each task were collected for later analysis by clinicians.

IMU and neural data were streamed continuously throughout experiment.
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Figure 3.6: Example spiral and line drawing portion of the FTM test in Patient 1 both
without stimulation (top) and with DBS treatment active (bottom).

3.5.3 Tremor severity analysis and characterization

Recordings of patients completing the tasks were shuffled and shown to 2 clinicians for rating.

The averaged results were taken as the clinical analysis of tremor severity over the course

of the experiment. IMU-based tremor assessment was conducted in the same manner as

outlined in section 3.3.5.

3.5.4 Quantification of rebound effect

Rebound effect clearly manifested in all 3 patients by both clinical and IMU assessment,

the latter of which may be seen in Figure 3.7. Mean time-to-peak by clinical measurements

Tcp = 10 minutes (SD = 5.7); mean gap between peak severity and steady state severity

in FTM point scale (total range = [0, 4]) ∆sc = 0.83(SD = 0.24). Mean time-to-peak by

gyroscope measurements Tgp = 6.65 minutes (SD = 0.80); mean percent gap between peak
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severity and steady state severity ∆sg = 94% (SD = 26%).

In contrast with previous research on rebound effect, all 3 of our patients clearly presented

with some level of rebound effect. Though possibly due to coincidence, this may also be due to

the specific tasks used in our study. The activity-dependent nature of ET symptom severity

and the high level of variability in which activities most consistently generate tremor means

in some cases rebound effect may have gone under- or unreported. Selecting tasks that are

themselves highly likely to cause tremor, especially fine-motor tasks like drawing and writing,

may result in rebound becoming more apparent in patients in whom the effect has previously

appeared less pronounced or even absent. Future work should investigate whether rebound

effect may contribute to understanding of the pathophysiological basis of ET itself.

Figure 3.7: Tremor severity in each patient over course of experiment, as determined with
IMU data generated by combining spiral and line data. Stimulation disabled at 0, indicated
by red line. Variations in Y-axis scaling are due to differences in subjects’ individual symptom
severity and variations in task durations. Note the clear peak taking place some minutes
following cessation of stimulation, followed by a settling to steady state over the ensuing half
hour.
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3.6 Binary aDBS in context

Here we have considered one of the first examples of a fully embedded aDBS system in

freely moving ET patients, and the first with a distributed training procedure and biased

classification algorithm. In addition to demonstrating the efficacy of this system, our evidence

supports earlier work indicating that aDBS is quantifiably more effective than cDBS in

experimental settings without substantial differences in patient perceived treatment efficacy.

Subsequent work has further reinforced the efficacy of chronic fully embedded aDBS in

patients diagnosed with ET [104].

Of note here is the simplicity of the algorithms designed and applied. With fairly mi-

nor expansions upon some of the most elementary methods available for data analysis and

classification, a functioning binary aDBS system was demonstrated with sizeable savings in

battery use and an unexpectedly substantial improvement in overall treatment efficacy. In

the short term, this combination of increased overall efficacy, a novel translation-ready train-

ing procedure, and a clinically-oriented classification algorithm indicate that fully implanted

binary aDBS systems are approaching the level of clinical efficacy necessary for population-

wide deployment.

Binary aDBS may thus be said to provide a substantial and much-needed improvement

on cDBS treatment in terms of battery savings and potentially in both treatment efficacy

and chronic side effect mitigation. However, its restrictive control system almost certainly

falls short of truly optimized treatment. Furthermore, although rebound effect did not

manifest in our patients during the above binary aDBS trials, this may have been due to

the relatively restricted time period over which this treatment setting was evaluated. A

chronically implanted binary aDBS system may thus require rebound to be considered more

fully, as our findings indicate that it manifests more widely than previously thought.

Rather than prompting the pursuit of further, minor advancements in binary aDBS, my

interpretation of these results is that the focus of future work should shift towards more

nuanced, graded aDBS systems. In the following chapter, I will consider and discuss this
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approach, reviewing a pilot study for the deployment of a graded aDBS control system

that seeks to ameliorate these concerns using presently available hardware. Subsequently,

I will consider a tremor prediction algorithm based upon the results taken from the above

study on rebound effect. The combination of these twin developments has the potential to

substantially increase the feasibility of a deployment-ready graded aDBS system based solely

on neural data.
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Chapter 4

AN EXPLORATION OF GRADED ADAPTIVE DEEP BRAIN
STIMULATION STRATEGIES

4.1 Graded aDBS: an alternative approach

As discussed in prior chapters, DBS is an established clinical treatment for refractory stages

of several MDs including PD and ET [8, 7, 9]. In a standard clinical context, DBS parameters

(amplitude, frequency, pulse width, and electric field shape) are periodically determined for

each patient by a trained expert. This recurring, yet infrequent, adaptation accounts for

post-surgical transient states and disease progression. However, it is insufficient for adapting

to behavioral contexts and neurophysiological changes occurring on day-to-day or minute-

to-minute timescales. As an alternative to cDBS strategies, aDBS systems use motor state

surrogates to provide an online adaptation of DBS parameters. Such strategies decrease

stimulation when it is not required, and thus may ameliorate DBS-induced side-effects as

well as increasing treatment efficacy [105, 84, 26, 89, 80].

The previous chapter contained a discussion of a straightforward data collection proce-

dure and clinically-oriented, biased binary classification algorithm for fully implanted binary

aDBS. These developments demonstrate that training and deploying a binary aDBS algo-

rithm is both eminently feasible with presently available investigational devices and that

such a system is a meaningful improvement upon the existing standard of care in both bat-

tery life and in treatment efficacy [89]. However, binary aDBS systems may introduce new

concerns, such as rebound effect and potential side effects related to stimulation ramping

rate [89, 103].

In this chapter, I will discuss an alternative approach to aDBS treatment based on a

graded aDBS control system. Rather than restricting treatment to a simple ”on/off” sys-
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tem, graded aDBS refers to a control system based on several intermediary settings being

made available in an effort to minimize stimulation at a given time and, by extension, to

continuously optimize treatment. The next three sections of this chapter, dealing with a

pilot study on a graded aDBS control system, are comprised of the contents of a journal

article published in Frontiers in Human Neuroscience [106]. The following section, which

considers a more responsive and reliable method for symptom estimation from neural data,

includes substantial portions of a conference paper presented at the Engineering in Medicine

and Biology Conference in 2020 [103].

4.2 A model-free approach to feature selection for graded aDBS

4.2.1 Data-driven neural marker selection

A key component of any aDBS system is a reliable motor state and symptom severity es-

timate, which can be directly quantified in movement disorders using IMU or surface elec-

tromyography (EMG) [81, 75]. Alternatively, motor state surrogates can be extracted from

neural signals, removing any need for external sensors [107, 108, 109]. These motor state

surrogates, here termed neural markers (NMs), can be measured from LFP of subcortical

or cortical areas [84, 110, 111, 112, 79]. A well known example of NMs extracted from

LFPs is the power of the beta-band (12-30 Hz), which – despite unclear causal relation and

action mechanisms – is correlated with PD symptoms including bradykinesia and rigidity

[113, 114, 115, 111, 116]. Likewise, cortical band-power features have also been found to

correlate with motor symptoms’ severity in PD and ET [117, 93].

Pioneering studies of aDBS for PD animal models utilized control strategies triggered

by action potentials in the primary motor cortex (M1) or internal globus pallidus [118].

Later studies in human patients implemented unidimensional power-band features driving

threshold-based controllers, yielding symptom suppression comparable to cDBS strategies,

while having a significantly shorter effective stimulation time, as shown by Little et al.

[84, 119]. Likewise, Rosa et al. implemented a proportional control strategy based on the
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same oscillatory NMs, obtaining similar results in terms of symptom suppression and reduced

net stimulation [82]. These studies stand out among the first approaches on aDBS systems for

humans. In more recent contributions, Velisar et al. have improved upon them by utilizing

fixed dual-threshold control implementing hysteresis which accounts for fast variations in the

control signal [83].

The aforementioned studies follow a top-down approach for the identification of NMs by

following a priori pathophysiological group-level knowledge about the disorder. While these

surrogates facilitate the understanding of underlying neural dysfunctions, their practical

value for controlling an aDBS system may be limited when it comes to an individual patient.

This is due to the highly heterogeneous phenotype of most MDs, indicating that a globally

applicable NM optimally suited for all patients may not exist [120]. Such a universal NM

seems even more elusive in a more semiologically complex disease like PD, where research

has been focused on symptom-wise NM identification.

In contrast, data-driven approaches used in the field of BCI can be used to determine

subject-specific NMs using machine learning [121, 122, 77], thus improving motor state char-

acterization of individual users [123]. Initial work in this direction has been presented by

Connolly et al. [124], who implemented machine learning methods to decode stages of PD in

an animal model based on band-power and cross-frequency features. In more recent studies,

Tan et al. [125], and Yao et al. [126] have argued convincingly in favor of a bottom-up

approach for identification of NMs and discussed the implications that this may have on an

aDBS system. However, the offline nature of their study’s implementation leaves open the

question of the suitability of such an approach in a real-time scenario.

The threshold-based and proportional control strategies for aDBS considered thus far gen-

erally disregard any state transition information or the temporal evolution of the symptoms

and of the corresponding NMs, since the next control signal is determined based on just a

single NM state measurement (the NM at the current time point). However, several authors

have suggested temporal dynamics of beta-band power embedded in beta-burst characteri-

zation as potential source of dynamics-aware information [127, 128, 129]. Dynamics-aware
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control strategies have also been explored, including model predictive control for ET in an

aDBS system based on IMU information [53], coordinated-reset in PD patients and animal

models [130, 131], phase-dependent burst stimulation [132], or context-triggered strategies

based on event-related desynchronization [76]. These studies are an important indication for

considering patient-specific temporal dynamics for control of aDBS systems.

Developing novel aDBS systems is a challenging endeavor. For example in PD, the char-

acterization of robust NMs by itself is a difficult task, mainly due to the significant variability

in symptom presentation between patients. Furthermore, the temporal dynamics in PD are

non-trivial due to the DBS washout—a decaying clinical effect of DBS therapy observed

after stimulation withdrawal—which affects different symptoms at different timescales [133].

In contrast, ET has several characteristics that render it a simpler scenario for aDBS de-

velopment compared to PD. Notably, ET symptoms are generally restricted to kinetic and

postural tremor, and although rebound effect should be considered when stimulation will

be suddenly disabled for prolonged periods [44, 103], the DBS washout effect itself is more

rapid than in PD. Additionally, as the prevalence of ET is significantly greater, it is easier

to investigate: a recent meta-study found that ET affects nearly 5% of the population over

65, compared to under 2% of the same demographic diagnosed with PD [3, 4].

Discussed in this section is the design of a proof-of-concept study of a novel closed-loop

aDBS system with model-free control. This represents the first aDBS system that implements

both 1) characterization of NMs based on machine learning and 2) a dynamics-aware, graded

control. As such, it attempts to address the most significant unresolved challenges in aDBS,

as outlined in chapter 3.

4.2.2 Experimental setup and session design

Experiments were conducted in five sessions performed with three right-handed, male pa-

tients diagnosed with ET: two sessions each with patient 1 (P1, sessions denoted S11, S12)

and patient 3 (P3, sessions denoted S31, S32) and one session with patient 4 (P4, session

denoted S41). All patients were unilaterally implanted with the Activa PC+S investigational
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device (see section 2.3.5). The ECoG recording electrode configuration was determined in a

different study as the most effective for achieving volitional control of DBS, with the same

patient population here presented [80]. ECoG array location may be found in figure 3.3.

Excepting stimulation amplitude, DBS parameters were kept unchanged from clinical

settings, and thus vary between subjects, as found in Table 4.1. The same table shows the

time elapsed between implantation surgery and execution of the corresponding experimental

session, and amount of data collected per session.

Training data was collected during a cDBS parameter optimization procedure carried out

for a parallel study (please refer to [28] for further information). Patients sat at rest in a

chair with hands in their laps; for each trial, the experimenter prompted patients to move

the dominant hand to a patient-specific tremor-eliciting posture, where it was held during

a 10 s interval, followed by a 30 s rest period. For the tremor-eliciting posture, patients

were instructed to conduct the “arms extended” and “wing-beating” postural tests of the

TETRAS test [134]. If these tests did not generate sufficient tremor, patients were asked to

hold a posture they knew to be especially troublesome while untreated. Specifically, for P3

and P4, the “wings” posture was most effective, while for P1 the act of holding a screwdriver

to a fixed point was most effective.

Although different DBS configurations were applied throughout the stage, only trials per-

formed during DBS-off were used as training data. From these trials, only posture segments

were used. Restricting our analysis to the posture condition only is not a useful distinction

in a clinical aDBS system. However, for this pilot study, we aim to prioritize NMs that do

not represent kinetic activity. In a scenario where one would consider both posture and rest

conditions, then the derived labels y would be structured as two large clusters of tremor

activity corresponding to these conditions. The tremor would vary within each of them,

but the largest variation might be between them. So if both conditions are considered, any

NM that we extract to capture variations in tremor might be related to tremor itself (and

would be an appropriate feedback signal for the aDBS system), or might be related only to

posture and rest conditions but unrelated to any pathology. The latter would be unsuitable
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as a feedback signal for the control system because the tremor label would have acted just

as a label of rest/posture conditions, and not as a label of pathological tremor. The total

numbers of rest-posture trials collected during this stage can be found in Table 4.1.

Following the training run, the b-aDBS and g-aDBS approaches were applied online.

Analogous to the training stage, a computer screen signalled patients to remain at rest for

a 20s duration at a timestamped prompt. Following this, patients were to assume and hold

their patient-specific tremor-inducing posture for a 30s duration by another timestamped

prompt. In total, 6 complete rest-posture trials were collected for each controller type during

this online stage, corresponding to 5 minutes in total.

In the final phase of the experimental sessions, the clinical efficacy of the aDBS strategies

was compared to cDBS and DBS-off, using parts A and B of the FTM scale [135]. The

FTM tests were captured on camera and the videos were evaluated offline by two blinded

clinicians. Due to logistical constraints, this clinical assessment was performed only for cDBS

and g-aDBS in sessions S11, S31, and S32.

Table 4.1: Information about experimental sessions, including: months since implan-
tation (MSI), therapeutical cDBS parameters (amplitude, frequency, and pulse width), total
amount of rest and posture trials, and the resulting time segments utilized for training the
tremor decoding model (Nc).

Session MSI Ampl. (mV) Freq. (Hz) PW (µs) Trials Nc

S11 13 3900 130 90 20 200

S12 16 4100 130 90 20 200

S31 5 2900 140 60 20 200

S32 12 3100 140 60 30 83

S41 22 2500 140 90 22 220
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Figure 4.1: Diagram of the implemented data-driven aDBS system, for training and online
stages. Firstly, ECoG data and IMU data are collected for training the tremor estimation
model. During the online stage, the tremor estimated by the trained linear regression model
of Equation 4.1 is used for generating the DBS control signal in Equation 4.2.

4.2.3 Signal acquisition

LFP data was recorded from a single ECoG channel with a sampling rate of 422 Hz. Data was

streamed at 400 ms intervals from the Activa PC+S unit to an RF receiver connected through

USB to an external computer, where all relevant computation was conducted. Angular

velocity and linear acceleration were recorded in three orthogonal spatial directions at 100 Hz

using the IMU contained in a smartwatch fastened onto the subject’s right wrist, resulting

in six IMU channels. Since ECoG and IMU data were acquired with different systems at

different sampling rates, signals had to be aligned with respect to a common timestamp.

This alignment was updated with the beginning of each rest-posture trial. IMU signals

were band-pass filtered with a 5-th order butterworth filter in the band corresponding to

pathological tremor.

The aligned IMU and ECoG signals were segmented into ten continuous, non-overlapping

1 s epochs per trial, such that up to 220 epochs were available per patient. An artifact

rejection stage was applied, removing segments containing ECoG signals with a peak-to-

peak amplitude ≥ 3 mV. For training data, segments belonging to the transient stages of
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movement—i.e., transitions between rest and posture conditions, and vice versa—were re-

moved from the analysis. Such segments were identified by detecting epochs where any IMU

channel showed a standard deviation of more than 5 times the IMU channel-wise average

standard deviation across epochs, in the tremor frequency band.

Table 4.1 shows the final number of epochsNe available for training of the tremor decoding

model. Note that for S32, approximately 72 % of the epochs had to be rejected due to artifacts

and inconsistent patient pose during the posture condition. For the rest of the sessions, all

data collected during posture was utilized.

4.2.4 NM identification based on machine learning methods

The proposed aDBS system is grounded on two main functional building blocks: (a) the

continuous estimation of semi-instantaneous tremor intensity based on individual spectral

features extracted from ECoG signals, processed by a machine learning algorithm and (b)

a model-free control strategy that adapts the stimulation amplitude based on temporally

local statistics of tremor prediction. Descriptions of both functional building blocks and the

specific methods used to implement them are detailed below. All methods were implemented

using the publicly available MNE python module[136].

The appearance of ET has been linked to dysfunctions in the cortico-thalamic-cerebellar

loop. Specifically, anomalies in the connectivity and band-power activity of the motor cortex

have been identified as physiological surrogates of the disease[137, 138, 139]. Therefore,

this approach uses the band-power of several bands of ECoG signals recorded from M1 as

the information source to learn patient-specific NMs for the proposed data-driven tremor

estimation.

In contrast with other sections, where tremor was determined as described in section

3.3.5, an alternate approach to tremor evaluation was taken here. Let y ∈ RNe be a vector

containing average tremor intensity measured at Ne time windows, as characterized from an

IMU. We propose to find a linear projection vector w ∈ RNf+1, where Nf is the number of
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frequency bins of the ECoG signal, such that

ŷ = wTX (4.1)

with ŷ ∈ RNe denoting the predicted tremor intensity atNe time windows, andX ∈ RNf+1×Ne

a matrix containing the spectral power of selected frequency bins computed from Ne time

windows recorded from an ECoG electrode placed over M1, and a row containing only ones,

for bias estimation. Tremor intensity y is an autocorrelated process since contiguous time

points are not necessarily independent; however, for the sake of simplicity in our proof-of-

concept system, we assume that the measurements of y have sufficient temporal distance

such that the samples are independent and identically distributed. Under this assumption,

the weights w can be estimated by solving the optimization problem argminw||y − ŷ||2.

This ordinary least mean square regression problem can be solved analytically, resulting

in a weight vector w = (XXT )−1Xy.

4.2.5 Control signal generation robust to non-stationary dynamics

In the closed-loop study by Little et al. [84], thresholds on NMs to switch DBS on or off

had been determined manually. Similarly, the proportional control strategy by Rosa et al.

[82] uses pre-estimated band-power ranges to determine a linear mapping to DBS amplitude.

These approaches were successful, even in experiments involving freely moving PD patients,

and are referents in the field.

Those fixed mappings between observed NMs and amplitude, however, presuppose the

underlying neural system as a stationary process. This assumption is problematic in aDBS:

The dynamics of band power NMs are context-dependent and change upon, e.g., sitting,

walking, or during transitory movement state [140, 53]. In addition, they are co-modulated

by other processes, such as the circadian rhythm or medication intake [141]. Therefore, we

propose a time-varying mapping of ŷ to the DBS-amplitude, based on local high and low

tremor intensity states, derived from moving statistics of the estimated tremor. Specifically,
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we define an increase or decrease in DBS amplitude ∆u by

∆u =


ui, if ŷ > δth

ud, if ŷ < δtl

0, otherwise

(4.2)

where ui ∈ R+ and ud ∈ R− are scalars that respectively indicate an increase or decrease

in stimulation amplitude, and δth, δ
t
l ∈ R+ are the corresponding time-varying thresholds at

time point t.

We use the Bollinger bands method [142] to compute δth and δtl . It is widely used in

financial analysis for detecting trends in assets pricing, characterizing relative high and low

states while taking local volatility into account. In our case, the same principle is used

to detect whether the current tremor estimation delivered a relative high or low intensity

state, based on a short term history of the estimated tremor ŷ. Specifically, δth = aN (ŷt) +

KstdN (ŷt) and δtl = aN (ŷt) − KstdN (ŷt), where K ∈ R+ is a scaling constant, aN (ŷt) is

the moving average of ŷ computed in the time interval [t − N, t], and stdN (ŷt) defines the

standard deviation of ŷ in the same period of time.

Two alternate approaches for determining the control signals ui and ud, inspired by the

threshold-based aDBS and proportional aDBS systems used in [84], [82], and [83], were

considered. In the data-driven binary aDBS (b-aDBS), only DBS ”on” and ”off” states are

considered, i.e., ui = −ud = AcDBS, where AcDBS corresponds to the patient-specific DBS

amplitude optimized by a trained expert for clinical cDBS therapy. In the data-driven graded

aDBS (g-aDBS), a more granular control of the DBS amplitude is provided by ui = −ud =

0.5V , which is the minimum voltage change ∆u implementable in the available hardware

platform. In both cases, the stimulation amplitude is restricted to the interval [0, AcDBS].

Recall that, in a standard clinical context, the FTM is among the most widely-used TRS’s

for assessing the tremor intensity in ET patients and the corresponding efficacy of DBS or

standard pharmacological treatment. We will use the FTM scale as one of the assessment

criteria for our developed systems. The FTM assessment is divided into several items that
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evaluate axial symptoms, motor activities (such as drawing or water pouring), as well as

tremor intensity in specific limbs. These items are scored with integer numbers from 0 (no

tremor), up to 4 (tremor amplitude > 2 cm). For more details about the FTM scoring system,

we refer the reader to the original publication [135].

4.2.6 Signal characterization and tremor decoding model

For obtaining tremor labels y, the envelope of the band-pass filtered IMU signals was ex-

tracted as the magnitude of the Hilbert transform. Average channel-wise IMU power was

computed for each of the epochs by averaging the envelope across time. The resulting Ne×6

matrix was subsequently standardized along the first dimension. Finally, principal com-

ponent analysis (PCA) was performed and the signals were projected onto the principal

component associated with the largest eigenvalue of the corresponding decomposition, thus

yielding a scalar representation of tremor intensity, used as the ground truth label y for

training and validating the regression model in Equation 4.1.

For extracting neural features, the power spectral density (PSD) of the ECoG signal was

computed for each epoch using the Welch method based on the fast Fourier transform com-

puted with 256 coefficients. Only spectral features in the interval [3−25] Hz were considered

for further analysis, resulting in fourteen 1.56 Hz-wide frequency bins. The motivation for

limiting the analysis to this frequency band lies on the spectral properties of stimulation

and muscle artifacts, which are sometimes detectable in the > 25 Hz rhythms. Even though

ECoG signals are rather robust to muscle artifacts compared to non-invasive recordings such

as electroencephalographic signals, the pilot character of our study called for a more con-

servative approach to the experimental setup, which further enforced this design decision.

Since NMs discussed in the literature are also typically found in this frequency range, it may

be assumed that limiting the spectral analysis to this band does not erode the significance

of results obtained.

A subset of the fourteen ECoG spectral features were used to construct a patient- and

session-specific training data set X. The subset was determined using what is generally
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known as the greedy forward feature selection method. In this method, the full spectral fea-

ture set was iteratively pruned until the regression model’s performance ceased to increase.

In each iteration, the least important feature, as characterized by the corresponding weight

in w, was removed and the linear model was re-trained with the remaining features. Us-

ing a chronological 5-fold cross-validation procedure without sample shuffling, the decoding

performance was assessed using the Pearson correlation coefficient ρ between y and ŷ. If a

performance increase with respect to the previous iteration was observed, the pruned feature

was left out and the iterative procedure was continued. Otherwise, the pruning stopped.

The moving statistics determining δth and δtl were computed using a time window of 2 s

and a standard deviation scaling constant K = 2. These hyperparameters were not optimized

per patient but fixed prior to the study based on analysis of a priori data. A control signal

was issued according to the rules defined in section 4.2.5 every time a new data package was

available, i.e., every 400 ms.

4.3 Graded control in vivo

4.3.1 Model-free neural marker selection

Figure 4.2 shows the average PSD calculated for training data and the corresponding cor-

relation ρ between band-power in each frequency bin of the ECoG signals and labels y.

Features selected are highlighted in green. The spectra show a high inter-patient variabil-

ity: for P3 and P4, the spectrum is characterized by a prominent beta peak, whereas in P1

an alpha-band component is dominant. There is also pronounced intra-patient variability

across sessions in terms of the absolute spectral power. The frequency band of prominent

spectral peaks, however, is constant across sessions for each subject, i.e., alpha-band for P1

and beta-band for P3.

Power band features revealing the strongest correlation with tremor intensity vary con-

siderably between patients: for S11, S32, and S41 the frequency bins with the strongest

correlation are in the alpha- and theta-band, whereas for S12 and S31 the most informative
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Figure 4.2: Session-wise averaged PSD computed for training data. Bars on the bottom
show the Pearson correlation achieved between each frequency bin and true tremor labels
y. Highlighted in green are the frequency bins selected by the feature selection algorithm.
Marked with gray are frequency bins that were not used for the analysis.

frequency bins are found above 10 Hz, mainly in the high beta-band.

In contrast, features selected for inclusion in the tremor prediction model were found all

across the spectrum analyzed. The absence of spectrally compact features may be explained

by the high redundancy of neighboring frequency bins and as the feature selection procedure

typically selects only one out of multiple bins with redundant information.

Figure 4.3 shows a representative example of the robustness of the spectral features used

for tremor decoding under different DBS conditions. Specifically, it depicts a segment of

ECoG data recorded during the online phase of S41. The stimulation artifact is clearly

visible, but does not impede measurement of low-frequency components due to saturation of

the amplifiers or sub-harmonics of the stimulation.

4.3.2 Tremor estimation accuracy

Table 4.2 shows the average Pearson correlation coefficient between estimated and true

tremor intensity. For S41, no IMU data was available during the online stage, and con-

sequently tremor decoding accuracy scores cannot be reported. For S32, no online stage

was executed for b-aDBS due to logistical constraints. As a baseline, the average correlation

between the theta-band power and true tremor intensity, a well known NM for ET stemming
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Figure 4.3: Time-frequency representation of the ECoG signal during stimulation on and off
for a representative example (S41). Although stimulation artifacts are clearly visible, signal
is not saturated and lower-frequency components are measurable even during stimulation
on.

from group-level studies [143] is also considered. All scores derived from the training stage

were computed using a 5-fold crossvalidation without shuffling. Statistical significance was

defined at an uncorrected p < 0.02 for the probability that the score was obtained by chance

under a bootstrapping procedure for 1000 label shuffles.

It can be observed that the proposed data-driven tremor decoding model achieved a

significant correlation in four out of the five sessions for the training stage. During the

online stage, in three out of four sessions conducted, statistically significant decoding perfor-

mance was obtained. Although data-driven decoding performance of the data-driven model

is broadly superior to the fixed theta-band power, the correlation achieved was relatively

weak in all sessions analyzed.
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Training Stage Online Stage

Session theta-only Data-driven Rel. band(s) b-aDBS g-aDBS

S11 0.22∗ 0.21∗ theta, alpha -0.15 -0.10

S11 0.16 0.22∗ beta 0.05 0.12∗

S31 -0.14∗ 0.29∗ theta, beta 0.29∗ 0.35∗

S31 -0.18 0.05 theta n/a 0.20∗

S41 -0.06 0.39∗ alpha n/a n/a

Table 4.2: Average linear correlations between estimated and true tremor intensities using
only θ bandpower and data-driven band selection. Statistical significance (indicated by ∗) is
defined at an uncorrected p < 0.02 obtained with a bootstrapping procedure with 1000 label
shuffles. Additionally, column informative band shows the frequency band with the largest
correlations with tremor intensity, according to Figure 4.2.
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Figure 4.4: Example scatter plot for S11 of predicted versus measured tremor intensities
discriminated between posture and rest conditions
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4.3.3 Control signals distribution

Figure 4.5 shows an illustrative example of the control signal, including the Bollinger bands,

as well as measured and predicted tremor. As expected, predicted and measured tremor

intensity increased during the posture condition, which ensured delivery of stimulation at

most times.

Figure 4.6 shows the average stimulation time during the online stages, compared to the

equivalent cDBS strategy. It can be observed that for all types of controllers, the average

time stimulated was considerably lower than that of the cDBS strategy. Furthermore, there

is an indication for low intra-subject variability of average stimulation, whereas inter-subject

variability might be larger. The total stimulation duration of b-aDBS and g-aDBS strategies

was similar within patients.

4.3.4 Tremor suppression in online stage

Figure 4.7 compares tremor intensity suppression (1− y) between all stimulation strategies

during online stages, under posture condition. Each box shows the standardized mean differ-

ence of the pairwise comparison (top) and the p-values of the corresponding Mann-Whitney

rank test (bottom). If standardized mean difference is negative, no values are shown. For

S32, no significant difference was established among all considered conditions, whereas for

S11 and S31, adaptive strategies achieved tremor suppression superior to that in cDBS and

improved upon DBS-off. For S12, all stimulation strategies improved upon DBS-off, but no

differences could be found among them. Although we expected aDBS to perform as well

as cDBS and better than DBS-off, cDBS only performed better than DBS-off in S12, and

slightly worse in S31, suggesting a suboptimal setting of therapeutic parameters in cDBS.

Overall, all significant differences reflect a small to moderate effect.
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Figure 4.5: Illustrative example of the control signal for b-aDBS computed during the online
stage of S31. There is a clear correlation between posture condition and tremor intensity,
both predicted and measured, thus, triggering stimulation mainly during posture condition.
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Figure 4.6: Average time stimulated relative to the stimulation using the equivalent cDBS
strategy.

4.3.5 Clinical tremor assessment

Table 4.3 shows the FTM scores averaged for both clinical raters. Axial scores reported here

comprise the sum of face, tongue, head, and trunk tremor scores. The scores for left/right

upper/lower tremor comprise the sum of scores obtained during rest, posture, and action

(finger to nose and toe to finger). For subtests with a discrepancy between clinical raters

greater than one point, we marked the averaged value (*) and provided both individual scores

in parentheses.

Considering the total FTM score per session, the proposed g-aDBS strategy did not

lead to worse FTM score than DBS-off. The g-aDBS system achieved at least a moderate

symptom suppression in two out of the three online sessions analyzed (S11 and S31). In

these two sessions, cDBS and DBS-off did not vary significantly in performance, while the
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Figure 4.7: Pairwise comparison of tremor intensity under different stimulation strategies
during the online stage (only posture segments). In each box, top number indicates the
effect size and bottom number the corresponding p-value obtained with the Mann-Whitney
rank test, comparing the method on the y-axis against the corresponding method in the
x-axis. Only positive effect sizes are shown. Green boxes indicate uncorrected p <0.05.
For the comparison, 1 s windows extracted from the 30 s posture intervals of the 12 trials
executed for the online stage.

g-aDBS score improved moderately for S11 and markedly for S31. For S32, g-aDBS did not

improve symptoms compared to DBS-off, while cDBS treatment improved symptoms by 2

points, indicating a moderate tremor amelioration.

A closer look at the sub-tests of FTM reveals that at least one point of improvement (mild

tremor amelioration) between g-aDBS and the baselines cDBS and DBS-off was obtained for

axial and upper lateral scores for S11. For S31, handwriting, drawing, and pouring liquid

with the right hand were the sub-tests for which g-aDBS achieved a mild improvement.

Interestingly, g-aDBS in S12 did not worsen any symptom by more than one point (mild

worsening). However, it improved drawing with the right hand by one point, compared to

DBS-off. In the other sub-tests, differences were at most 0.5 points, which is within the

expected fluctuations over the course of a day [144] and indicates a marginal effect upon

symptoms.

The b-/g-aDBS strategies were driven by NMs for right hand tremor (location of the IMU)

extracted during posture. Consequently, it is important to analyze the specific scores for
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S11 S31 S32

Test cDBS OFF g-aDBS cDBS OFF g-aDBS cDBS OFF g-aDBS

Axial 1.5 1.5 0 0.5 0 0 0.5 0 0

Speech 1 0.5 1 0 0 0 0 0 0

Written 0.5 0.5 0.5 0 2.5 0.5 0.5 1.5 1

L. upper 4.5 3.5 3.5 2* (1/3) 1* (0/2) 1.5 1 1* (0/2) 1.5

L. lower 0 0.5 0.5 0 0 0 0 0.5 0.5

L. draw 3 3 3 1.5 1 1 1.5 1 1.5

L. pour 3 3 3 0.5 0.5 0 0 0 0.5

R. upper 3 4* (5/3) 3* (4/2) 3.5 3 3 2.5* (4/1) 3 3

R. lower 0 0 0 0 0.5 0.5 0.5 0.5 0.5

R. draw 1.5 1 1 2 2 1 1.5 2 1

R. pour 1 1 1 1 1 0 0.5 1 1* (0/2)

Total 19 18.5 16.5 11 11.5 7.5 8.5 10.5 10.5

Table 4.3: Averaged scores of parts A and B of the FTM assessment for sessions S11, S31,
and S32. Scores marked with a ∗ indicate a discrepancy of more than 1 point between the
scores assigned by each of the clinicians, followed by the individual scores in parenthesis.
Due to logistical constraints, FTM assessment is only available for g-aDBS.

this item of the clinical evaluation individually. Clinical raters assessed right hand postural

tremor under DBS-off for all the sessions as either absent (FTM score 0) or slight (FTM score

1, corresponding to a tremor amplitude of less than 0.5 cm). Under cDBS, it was reported

that in S11 and S32 tremor improved, while for S31 no difference could be established.

The evaluation of the g-aDBS strategy showed the same improvement as for cDBS with the

exception of one clinical rater who stated that for S11 tremor increased to moderate (0.5 to

1cm tremor amplitude).



63

4.4 Discussion on pilot study graded aDBS performance

4.4.1 Using machine learning for data-driven decoding of tremor

Using our data-driven approach, tremor intensity could be decoded from spectral information

contained in M1 ECoG signals, yielding a correlation value ranging from 0.21 to 0.39 in all

training trials where statistical significance was attained. This is a significant improvement

compared to tremor decoding using solely theta-band power, in which a significant decoding

performance was achieved in only two sessions. It is noteworthy that in one of the two sessions

where theta-band power was informative about tremor intensity, a negative correlation was

found. This supports the hypothesis that top-down approaches to NM selection generalize

poorly as well as demonstrating the ambiguity and unreliability derived from this method.

One observation confirmed by the D’Agostino’s K2 test is that the kurtosis and skewness

of tremor y and estimated tremor ŷ deviate from a Gaussian distribution. This calls the

generalized effectiveness of the Pearson correlation coefficient into some question. However,

the absence of long tails and outliers in our data set and the fact that only the relative

differences in correlation are meaningful in this approach indicate that the selected decoding

performance score may be relied upon in our use case.

This decoding approach demonstrates that informative features are present in power of

frequency bins found in the range of [3 − 25] Hz, and that tremor estimation from neural

data should not be subject to a single frequency band selected a priori. In addition to

demonstrating the necessity for data-driven NMs identification for aDBS systems in ET,

this has important implications in the development of aDBS systems for more phenotypically

heterogeneous disorders such as PD, where patient- and symptom-specific characterization

of motor symptoms from neural data may improve aDBS even further.

This method further identified non-stationary dynamics contained in the NMs used. Vari-

ations of global spectral features were observed across sessions, as was heterogeneity in the

spectral feature information content as described by the varying intra-patient correlation

scores between power in individual frequency bins and the tremor intensity across sessions.
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Such variability in the feature information content and in tremor decoding performance

within subjects—for example S31 and S32—suggests an underlying mixture of processes

that might correlate with tremor intensity, but that cannot be captured from spectral fea-

tures extracted only from one contralateral ECoG channel in M1. Consequently, multimodal

and multidimensional data-driven NMs should be explored.

4.4.2 Generation of dynamics-aware control signal

The model-free control strategy implemented in our system accounted for non-stationary

dynamics of tremor estimation. Although the number of patients included in the study is

too small for a statistical analysis, those sessions conducted indicated that accounting for

non-stationary dynamics may allow for identification of local tremor states. Their existence

may explain symptom suppression achieved by our g-aDBS system in a wider variety of

conditions during the FTM evaluation, compared to cDBS and DBS-off.

Our control strategy does not account for non-stationary dynamics in the NMs space,

but rather directly in the space where tremor estimation is found. However, different neural

features may be governed by different non-stationary dynamics stemming from factors such

as the circadian rhythm, current physical activity, medication, and surgery-induced stun-

effect. Therefore, accounting for non-stationary dynamics directly in the NM space might

provide a more robust feedback signal. This should be subject to future examination, where

a longer time horizon will enable the study of multi-timescale dynamics.

4.4.3 Clinical assessment

From a clinical perspective, the g-aDBS strategy performed better than cDBS in two out of

the three sessions assessed with the FTM scale. Unfortunately, one of the limiting factors in

our study is that only the g-aDBS strategy, and not b-aDBS, was evaluated using the FTM

scale. In general, the clinical evaluation of motor diseases requires a highly trained clinician

and a lengthy assessment protocol. These requirements play a major role in time-constrained

situations such as those encountered in typical experimental sessions.
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From the patients’ perspective, they could clearly differentiate between no stimulation

and active stimulation, but could not identify substantial differences between cDBS and

g-aDBS. In b-aDBS, patients reported occasional paresthesias in their treated upper limb.

This mainly occurred while stimulation was ramping up from 0 to the maximum amplitude

due to the ramping rate required to keep b-aDBS effective [69].

4.4.4 Technical implications in a clinical aDBS

Our system achieved a reduction of at least 24% and as much as 80% of stimulation time.

According to Khanna et al. [95], the breakeven point of the Activa PC+S regarding power

consumption in closed-loop mode is at a reduction of 6%. Therefore, our system allows

a considerable reduction in power consumption well above this threshold. Another typical

constraint when implementing aDBS in clinical grade systems is that the available platforms

have low computational capacity, which limits the complexity of the algorithms that can be

used. Fortunately, most computationally expensive parts of our system can be implemented

by a fast Fourier transform (power spectrum estimation) and a linear projection (tremor

estimation model). Both operations are relatively inexpensive and are easily implementable

in simple embedded systems contained in modern DBS.

4.4.5 Limitations and open questions

The greatest limiting factor of this contribution is the small sample size and partially conflict-

ing outcome regarding the efficacy of the clinical cDBS condition used as control. Specifically,

according to the FTM scale, cDBS performed better than DBS-off in only one session, sug-

gesting that cDBS suffered suboptimal therapeutic parameter settings. This may also define

a ceiling for the effect of aDBS and calls for a larger clinical study, where the efficacy of the

proposed system can be drawn as a statistically sound conclusion.

Another important consideration is clinical safety of our approach. Although our patients

did not report any side effects during treatment with aDBS (besides transient parethesias)

and we do not think that our strategy does presents any risks not encountered in existing
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aDBS strategies, the safety profile of our approach is still an open issue and should be further

investigated with a larger cohort of patients.

From a technical point of view, there are also several open questions to consider. First,

we limited the training segments to the posture condition only. This allowed us to obtain a

model that effectively decodes tremor intensity during tremor-inducing conditions and should

not contain discriminative information about the posture itself or movement onset. If rest

segments had also been included, our model would potentially have learned to decode the

motor task (going from rest to posture and vice versa). Although detection of movement

onset may provide additional information for controlling the system [76, 125], our main goal

was to obtain an aDBS system relying on symptom surrogates. This design decision limits

the generalization of our approach to other postural conditions, which should be subject to

further investigation.

Our system can account for spectral fluctuation of a specific NM in the short term, since

the Bollinger-bands consider a history of its activity. A large contextual change (e.g., falling

asleep), however, may render the chosen NM uninformative and would limit our approach.

In this case, an adaptation of the decoder (i.e., using a different NM) will be necessary.

Furthermore, by limiting our training data collection to postural data, we implicitly limited

generalizability to long term use. Both the re-evaluation of longer term efficacy of the

Bollinger bands system and extension of training data collection to include a more varied

set of patient states should be subject to future studies. Finally, limiting the features to

spectral power of M1 signals might reduce the decoding power of the underlying machine

learning model. To improve upon this limitation, future systems should include more complex

features, for example as used by Yao et al. in their most recent work [126].

4.5 Tremor prediction from neural data in rebound effect

As is apparent from the sections above, a robust method for tremor estimation from neural

data is a prerequisite for the design of any effective graded control system. Such estimation

would require that neural data be collected in concert with IMU data, and an algorithm de-
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veloped to determine symptom severity using neural data alone. As also demonstrated in 4.2,

population-scale determination of the appropriate NMs for this sort of control system gen-

erally yields suboptimal results. It has previously been assumed that such data is extremely

difficult or even impossible to obtain given the significant variability and unpredictability of

intra-patient symptom severity in most MDs, which may fluctuate due to factors including

fatigue, hunger, and circadian rhythm [54, 55]. This likely contributed to the mixed clinical

results found in section 4.3.

With the more thorough treatment of rebound effect outlined above in section 3.5, how-

ever, we believe that a predictable and repeatable method for collecting this data on a patient-

specific basis has been discovered. In that section, we discussed rebound effect primarily in

terms of its potentially disruptive effect on binary aDBS algorithms. Serendipitously, re-

bound effect itself presents an ideal testbed to develop tremor severity prediction algorithms

directly from neural data by providing a predictable method for analyzing a wide spectrum of

patient-specific symptom severity in a relatively short time frame. In concert with symptom

severity data collection as outlined in this section, neural data was recorded during these

tasks. These data sets were then used to determine whether real-time intra-patient symptom

severity could be predicted solely from neural data.

4.5.1 Data collection and experimental protocol

Patient information and IMU data acquisition may be found in section 3.5.1. In addition to

this inertial data, LFP data was recorded and streamed to an external experimental computer

from VIM and the primary motor cortex (M1) simultaneously from one pair of electrodes at

each site at sampling rates of 200Hz. All data was timestamped upon receipt, guaranteeing

synchronization of neural and IMU data. IMU-based tremor estimation as calculated in

section 3.3.5 was used as ground truth for local symptom severity. The experimental protocol

may be found in section 3.5.2.
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4.5.2 Neural data processing, feature extraction, and tremor estimation

Neural LFP data was collected at 200Hz from VIM and M1 throughout the experiment.

Data was split into task-dependent periods (spirals, lines, or no set task). Welch’s method

was then applied to each period during which a task was being conducted. Transformed data

was further split into θ, α, low-β, and high-β sections for both VIM and M1 data. The area

under the curve of each section was taken and divided by the amount of time required to

perform the task in order to control for variations in the duration of each task. This process

generated 8 features in total, detailed in Table 4.4.

Table 4.4: Neural power bands selected as features for estimation of tremor severity.

Feature Band (Hz)

VIM θ 4-8

VIM α 8-12

VIM low-β 12-20

VIM high-β 20-30

M1 θ 4-8

M1 α 8-12

M1 low-β 12-20

M1 high-β 20-30

4.5.3 Linear regression for tremor estimation from neural data

Linear regression was applied to each data set in order to predict tremor severity. Entire

task sessions were considered, such that each sample represents the neural and IMU data

collected over the course of spiral drawing and line drawing. Accuracy was assessed using

the coefficient of determination R2.
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Figure 4.8: Estimated and actual tremor during Patient 3 spiral drawing task using combined
data from spiral- and line-drawing tasks, with R2

P3 = 0.79.

This estimation was highly accurate, with average coefficient of determination R2
avg =

0.82, SD = 0.14. Although all results were promising, accuracy in P1 was found to be

perfect (R2
P1 = 1.0); however, the risks of over-fitting on so small a data set are hard to

ignore. An example depicting predicted vs. actual tremor in Patient 3 across the entire

experiment may be seen in Fig 4.8.

In aDBS systems based on implanted sensors, graded aDBS systems remain under-

investigated in part because there is a lack of data on how to properly estimate tremor
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severity from neural signals alone. Our highly promising preliminary results in this arena

indicate that there may exist a method to effectively correlate neural activity and tremor

severity on an individual level. The focus of this initial study precluded more in-depth

analysis of this data or attempts at estimation of tremor severity on shorter timescales.

Nonetheless, our results indicate that such an algorithm is eminently feasible, suggesting

that graded aDBS systems may be trained using one of the very phenomena they are de-

signed to help prevent. The intrinsically personalized algorithms stemming from these tests

add support for a more individualized and data-driven approach to aDBS development.

4.6 Integration of graded control and optimization into embedded aDBS

Here we have detailed and discussed the development and evaluation of a graded control

system for adaptive deep brain stimulation in essential tremor patients. Fundamentally

speaking, the design requirements of such a system differ from those of a binary aDBS

system only in the respect that the control signal must be capable of more settings than the

simple ”on/off” classification problem considered at length in chapter 3. Attendant upon

this new requirement, however, are several layers of complexity added due to the need for

a method to estimate symptom severity with far more specificity than required by a binary

system.

The benefits of the binary system lay primarily in its simplicity: one need only determine,

in the broadest possible terms, if a patient needs any stimulation or if it is unnecessary. A

graded system, by contrast, relies on a far more specific reading of symptom severity that

must be conducted in real time. This significantly increases the weight placed on algorithm

design and data analysis methods, which has previously hindered the ability to

The key advantage of our approach to this problem was in recognizing the hindrance posed

by focusing on population-scale feature selection. Our fundamental innovation in this regard

was the development and demonstration of a model-free NM selection method. This bottom-

up approach to feature selection resulted in an intrinsically individualized tremor estimation

system with more accurate settings than achieved by comparable, top-down methods. De-
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spite the inconclusive results stemming from our control system itself, our analysis of our

system’s performance lends significant weight to the argument for data-driven NM selection

methods.

These results also provide further impetus for device manufacturers to invest in im-

plantable devices capable of more complex control systems. As demonstrated in chapter 3,

the most computationally costly portion of developing an embedded aDBS algorithm – train-

ing – may be conducted on an external experimental computer. Additionally, in the process

of classification using the system described in this chapter, a fully embedded binary system

already calculates a linear projection based on neural data. By removing the classification

step and implementing a symptom severity prediction algorithm as opposed to the linear

projection currently used, one could easily generate a continuous control signal based solely

on this prediction. The limitation, then, is in the availability of such a setting within the

device itself.

One concern with this system that has not yet been addressed is the increased complex-

ity that any aDBS system places on the already-laborious parameter selection process. In

the next chapter, we will approach issues concerning the present programming procedure

with an eye towards interoperability with future aDBS systems. This chapter will cover

the development of an automated cDBS programming pipeline based on application of op-

timization theory and the deployment and testing of a tablet- and mobile-based application

to track MD symptom progression remotely. The former will demonstrate that parameter

selection may be conducted in an efficient and reliable manner with a guarantee of optimal

treatment, while the latter will show that remote tracking of patient symptom progression

and, by extension, treatment efficacy may be mostly automated itself.



72

Chapter 5

STRATEGIES FOR OPTIMIZATION IN DEEP BRAIN
STIMULATION TREATMENT

5.1 Efficient delivery of optimized treatment

The preceding two chapters of this thesis have focused on the meaningful improvement

upon existing cDBS treatment provided by binary, fully-implanted aDBS, and strategies for

further improvements through graded aDBS. However, despite the highly promising results

described in these chapters, the question of actual deployment has not yet been approached.

This chapter will instead approach these issues in the context of optimized DBS treatment.

These issues comprise two sides of the same coin. The first lies with the manner in which

deep brain stimulation is programmed. Far from being optimized, this process often takes on

something of a guess-and-check character that rarely results in ideal treatment parameters

being selected. The second is the way in which MD symptom severity is tracked on a chronic

basis. Despite significant variability in rates of progression across individuals diagnosed with

a given MD, evaluation of their symptoms relies on observations during clinical visits that

must be planned months in advance. In the context of the COVID-19 crisis, this requirement

that patients commute to a clinical setting has shifted from merely inconvenient to potentially

dangerous.

At present, DBS parameter tuning is a time consuming and poorly structured process.

Patients are required to travel to a clinical setting to be evaluated by a trained clinician

for programming with the goal of determining settings that strike a balance between tol-

erable side effects and effective tremor suppression. The programming process begins with

arbitrarily selected frequency and pulse widths being applied, followed by a sweep of all

monopolar settings available. If none of these settings prove satisfactory, variable frequency
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and pulse width settings may be tested, followed by bipolar settings. This process possesses

a guess-and-check character that may result in a local minima, but very rarely achieves truly

optimal parameters. Sections 5.2, 5.3, and 5.4 discuss the strides made towards generating a

pipeline for the optimized selection of treatment parameters with a mathematical guarantee

of overall efficacy. In both procedural efficiency and treatment effectiveness, this represents

a considerable improvement upon the current standard of care.

Section 5.5 discusses the development of a novel mobile- and tablet-based diagnostic tool

to track movement disorder symptoms chronically [145]. At present, MD symptom severity

and, by extension, therapy effectiveness is evaluated only during sporadic and sometimes

arbitrarily scheduled clinical visits. Here, we attempt to resolve this inconsistent approach to

symptom assessment with the development of a novel system that permits remote assessment

of tremor. In addition, this section details an algorithmic approach to symptom assessment,

in a pilot attempt to categorize tremor from a purely mathematical and quantified standpoint.

This process both increases the interpretability of results and spares clinicians from the

requirement to evaluate patients manually.

5.2 Parameter selection in DBS

Manual programming in DBS is an extremely time consuming and inefficient process [28, 29].

Initial programming of the DBS device takes place several weeks or months after implan-

tation to allow for any lesion effect to dissipate [146, 147]. Patients must then return to

a clinical setting, where a clinician conducts what amounts to a trial-and-error sample of

the various stimulation settings available [24]. The two required inputs to determine overall

treatment efficacy at a given set of parameters are 1) the severity of tremor and 2) the man-

ifestation and severity of side effects. The dominant procedure presently requires that, after

each stimulation setting, the clinician evaluates the patient’s symptom severity and asks for

patient feedback as to side effects. This process is repeated until the clinician and patient

are satisfied with the parameters selected.

Even with the relatively modest number of parameter and electrode configurations avail-
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able to be set in most presently deployed DBS probes, this process can take several hours.

This can understandably lead to fatigue and frustration in both patients and clinicians. As

a result, there is a high propensity to select the first passable setting rather than pursuing

a truly optimal set of parameters. Indeed, retrospective work has demonstrated that subop-

timal parameter settings are the most common reason for patient dissatisfaction with DBS

therapy [148]. In addition to being a highly inefficient process, this implies that the current

parameter selection procedure also rarely achieves optimized treatment settings.

Future updates or adjustments to a patient’s device are limited by the requirement that

a patient return to a clinical setting. Access to such a setting varies widely between patients,

and the variable disease progression common in MDs means that arbitrarily scheduled visits

may not reflect an individual’s disease progression [54, 55]. A formal reprogramming has been

demonstrated to improve upon outcomes in a majority of cases, but issues of access to care

and the lack of any tool to track efficacy of all settings tested across multiple visits render

such a course of action unlikely [29]. Instead, when a patient does arrive for an update,

changes to settings are usually restricted to incremental shifts in amplitude or frequency.

The manual DBS parameter selection process is therefore inefficient, time consuming, and

highly unlikely to achieve the maximum possible treatment efficacy either at initial setting

or in subsequent clinical visits.

One approach to resolving this problem is the automation of DBS stimulation parameter

selection [28, 149]. By using some quantified measure of tremor severity that may be collected

more quickly than standard clinical rating scales allow, in addition to real-time patient

feedback on side effects through a straightforward computer interface, the problem statement

may be rephrased. This permits the application of advanced methods drawn from the field

of optimization. Previous work has already demonstrated that, even using a simple brute-

force parameter selection algorithm, automatically selected DBS parameters are as or more

effective than clinically selected ones [28]. Building upon this work, this section discusses the

generation of a platform for more advanced optimization methods to be tested and deployed.

This platform exploits the integration of real-time patient feedback on side effects and tremor
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severity ratings extracted from IMU data to generate a rapidly acquired estimate of treatment

efficacy. Using this framework, algorithms may be deployed and exchanged freely, permitting

an immense range of optimization methods to be tested quickly and easily. It is hoped that

this framework will enable future studies to demonstrate that automated programming of

DBS parameters provides an improvement in both speed and effectiveness over traditional,

manual methods.

5.3 Tremor rating scale estimation from IMU

5.3.1 Digitization of clinical rating scales

Clinical tremor rating scales remain the standard for evaluation of MD symptom severity.

The usefulness of these scales is dependent in large part on their relative ubiquity and

generalizations that may be derived from these scores [45, 150]. A patient may not present

with the exact same symptoms in any two tests, but their overall condition will likely remain

within a certain, known range for a period of several weeks or months depending on disease

progression [151]. This is sufficient for a clinician to recommend and prescribe a course of

care in the near term.

Such scales are not without their drawbacks. The most apparent are that inter-rater

reliability can be inconsistent, especially in fine motor tasks, and that the evaluation process

is intrinsically time consuming [48, 49]. One solution to both of these issues is the generation

of a TRS estimation algorithm through some sort of digitally acquired data. This may take

the form of data extracted from a tablet- or mobile-based drawing task, as described in

section 5.5, or through analysis of kinematic or inertial data acquired through the use of an

IMU fastened to a patient’s wrist [28, 85, 145, 152].

In the IMU-based tremor estimation methods described in previous chapters, this estima-

tion was primarily used for measuring relative severity between variable patient states and

stimulation settings. Ground truth was therefore considered less important than maintaining

computational simplicity for the sake of real-time feedback on symptom severity. In contrast,
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our aim with an automated DBS parameter programming system requires that some form of

ground truth be defined such that a guarantee of clinical efficacy may be maintained. The

aim here is therefore to develop a regression algorithm capable of estimating absolute tremor

severity as defined by an established tremor rating scale.

5.3.2 Generation and comparison of IMU-based FTM estimation algorithms

10 patients diagnosed with ET were observed and rated during clinical tests for tremor at

Emory University. Evaluations were conducted with the patient at rest with hands in their

lap (Rest), holding a ”wing beating” posture (Posture), and conducting the finger-to-nose

task (Kinetic), each from the Fahn-Tolosa-Marin tremor rating scale [45]. During these tests,

each with a set 10-second duration, IMU data was streamed at 100Hz using a commercial

smartwatch and timestamped on arrival at an experimental PC.

With slight abuse of notation for consistency with chapter 3, we denote our ground truth

for clinical rating score as χ and our estimate of that score derived from our input features

as χ̂. The x, y, and z components of both accelerometer (a) and gyroscope (v) data were

used as raw data. The four features selected for signal analysis were median tremor band

magnitude, mean tremor band magnitude, root mean square of the raw channel, and root

mean square of the rate of change of the raw channel. These features were extracted from

each channel and the results summed for gyroscope data and accelerometer data separately,

resulting in a feature space X ∈ R8 (enumerated in table 5.1) [28]. These were lined up

against our ground truth FTM scale χ ∈ {0, 1, 2, 3, 4}, with 0 corresponding to no tremor

and 4 corresponding to tremor amplitude > 2 cm [135]. Our objective was the generation

of an estimate χ̂ from X. Due to variations in how FTM scores are calculated, regression

algorithms had to be individually trained for each of the Rest, Postural, and Kinetic tests.

Linear regression (LR) calculated using minimized residual sum of squares, random for-

est regression with 30 trees and minimizing mean squared error (MSE), and support vector

regression (SVR) with a radial basis function kernel were each tested. Cross-validated coef-

ficient of determination R2 and MSE were considered a direct measure of accuracy and an
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inverse measure of specificity, respectively. Results from each are summarized in table 5.2,

while example results from each regression method may be seen below in figure 5.1. Random

forest regression performed best for the Rest and Kinetic cases, while SVR was most reliable

for Postural assessment. In each ”best” case, accuracy was within the bounds of inter-rater

reliability for FTM assessments [49].

Table 5.1: Features from IMU data: This table comprises a list of all features extracted
from IMU data for FTM estimation. Individual features are the sum of each method along
each channel (i.e., median gyroscope tremor band magnitude refers to the summed median
magnitude extracted from each of the x, y, and z channels of the gyroscope).

Median gyroscope tremor band (4-12 Hz) magnitude

Mean gyroscope tremor band (4-12 Hz) magnitude

Median accelerometer tremor band (4-12 Hz) magnitude

Mean accelerometer tremor band (4-12 Hz) magnitude

Root mean square of gyroscope

Root mean square of rate of change in gyroscope

Root mean square of accelerometer

Root mean square of rate of change in accelerometer

5.4 Automated cDBS programming

5.4.1 Development of an automated programming pipeline

The basic structure of an automated DBS programming system is a method to determine

overall treatment efficacy, an optimization algorithm capable of determining what the next

stimulation setting should be, and an interface capable of communicating directly with the

DBS device to ensure that the new settings are uploaded in the most efficient manner possible.

With a given stimulation setting, overall treatment efficacy must first be quantified. Paired

with prior knowledge about previously evaluated stimulation settings, this quantification
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Figure 5.1: Results for FTM estimation from IMU data using linear regression (LR), random
forest regression, and support vector regression (SVR) for the Rest, Postural, and Kinetic
states.
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Table 5.2: R2 MSE for each algorithm tested: This table details the coefficient of
determination (R2) and mean squared error (MSE) for linear regression (LR), random forest,
and support vector regression (SVR) in each state. Best results for each state in bold.
Accuracy for all algorithms is well within the bounds for inter-rater reliability in tremor
rating scales.

Algorithm
Rest Postural Kinetic

R2 MSE R2 MSE R2 MSE

LR 0.69 0.30 0.84 0.30 0.82 0.40

Random forest 0.73 0.24 0.84 0.27 0.88 0.27

SVR 0.68 0.31 0.86 0.27 0.82 0.40

serves as cost function of an optimization algorithm. This algorithm will search for optimal

settings with a guarantee of efficiency.

The basic inputs required to evaluate DBS treatment efficacy are 1) tremor severity and

2) side effect manifestation. An interface to automate this procedure would therefore require

both a reliable method to extract quantified estimates of tremor severity and an interface

allowing rapid input of side effects. This interface may be seen in figure 5.2.

The results described in 5.3 indicate that a reliable estimate of FTM score may be ex-

tracted from only 30 seconds of data per state. This satisfies the first requirement and does

so with a sufficiently small amount of data to be considered highly efficient. Using the simple

and straightforward dropdown menu seen in figure 5.2, each of the 13 most common side

effects may be entered and quantified as s ∈ {0, 1, 2, 3}, with 0, 1, 2, and 3 indicating no,

mild, moderate, and severe side effect manifestation, respectively. These 13 side effects then

constitute a single vector S ∈ R13, which may be factored into optimization alongside the

previously defined χ̂. From this, we may define our presently unknown cost function J(χ̂, S).
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Figure 5.2: Interface for calculation of FTM estimate and side effect inputs. FTM estimates,
in text in the textbox on the right side of the interface, are extracted from the raw IMU data,
visible in the figure at the top of the interface. Side effect severity for each of the 13 most
common side effects of DBS may then be input using the dropdown menu in the bottom
left of the interface. After submission, the FTM estimates χ̂ and side effect severity S are
incorporated into an optimization algorithm that directs what the next stimulation settings
should be.
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Figure 5.3: Interface for collection of IMU data and interaction with DBS device. IMU data
is collected during 10 seconds with the patient conducting Rest, Posture, and Kinetic tests
from the FTM scale, using the three buttons at the center right of the interface. This data
is used in the optimization algorithm behind the interface in figure 5.2 to determine next
stimulation settings, which are returned to this interface for review and activation using the
buttons directly below those used to begin the tests. This interface also permits the user to
set stimulation at will, set maxima and minima to ensure patient comfort, and, if needed,
cease stimulation instantaneously using the ”Emergency Stop” option.

The final component of the interface, the capacity to quickly and effectively interact with

the DBS device used, may be seen in figure 5.3. This interface is derived from the Medtronic

Activa PC+S interface described in previous work and generalized to work with the Activa

PC [74, 81, 76, 28, 99, 80]. This interface serves to collect IMU data, package it for analysis,

receive instructions as to the next stimulation settings, and implement those settings.
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5.4.2 Future deployment of optimized automated cDBS programming system

The system described in this section is prepared for deployment in any patient implanted

with the Medtronic Activa PC or PC+S neuromodulatory device. Using Bayesian optimiza-

tion to develop an active map of symptom severity, this interface will allow for the evaluation

of far more stimulation parameters than presently permitted by time constraints on DBS pro-

gramming. The introduction of a straightforward and reliable pipeline for automated cDBS

programming has the potential to make this process both significantly more efficient and

more likely to reach optimal stimulation settings. Nonetheless, there are still improvements

to be made. As discussed in section 5.3, accuracy for all tests was well within the bounds

of inter-rater reliability for FTM assessments. However, the lowest MSE for each algorithm

tested, which hovered around 0.25 , indicates that an error of ±0.50 points on the FTM scale

of 0-4 will be commonplace during programming. This implies that, although the interface

itself is prepared for immediate use, the features currently used to develop χ̂ may be further

improved upon. The further analysis and review of IMU data will be a focus of future work.

Benchtop testing implies that this framework for optimized automated programming is a

much needed step towards ensuring that patients receive individually optimized treatment.

5.5 A distributed, tablet- and mobile-based diagnostic tool for MDs

5.5.1 Symptom evaluation and tracking in MDs

Although specific tests for symptom analysis in MDs vary condition to condition, each involve

having the patient conduct a series of tasks in the presence of a clinician [47, 45]. This places

a considerable time demand on both clinicians, who must either be present to conduct tests

or review recordings taken by others, and patients, who must make their way to a clinical

setting for these tests. In the context of the COVID-19 public health crisis, the prospect

of in-person visits and tests has shifted from inconvenient to potentially life-threatening,

especially given the advanced age typical of patients diagnosed with MDs [34, 3].

One solution to this is the introduction of a remote tremor evaluation system making use
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of a digitized tremor assessment method [153, 154, 155, 156]. By making use of a tablet- or

mobile-based data-collection application, MD patients may be asked to complete a simple

task at clinically determined intervals from the comfort of their homes. Through cloud-based

storage and an accompanying application for fully remote review by a clinician, data collected

through such a system may be used to clearly and consistently track symptom progression.

One additional benefit of the work described above is the clear, quantifiable data acquired

using the drawing application. In several tremor rating tests across multiple MDs, inter-rater

reliability has been called into question, especially with regards to drawing tasks [49, 48].

Additionally, there is substantial evidence that symptom severity in several MDs fluctuates

over time, and even within a single day, based on factors related to hunger, fatigue, and

circadian rhythm [54, 55]. These factors call into doubt the use of a one-off test in analyzing

MD symptom severity progression.

With the recent increase in the relevance of telemedicine, especially as regards older

patients with underlying conditions, it is also reasonable to suggest this system could sit

at the center of a completely remote DBS parameter programming regime. Manual DBS

parameter updating is a time consuming task for both patients and clinicians. Although

computer-guided and automated systems for DBS programming have been demonstrated in

the past, these systems still require that the patient be present in a clinical setting during

a programming session [30, 28]. The simplicity and wide applicability of drawing tasks

makes a tablet-based remote programming system ideal for minor updates when treatment

parameters become sub-optimal between scheduled clinical visits. Furthermore, the results

of each test could be completed with a ”clinician-in-the-loop” by having a clinician in a

remote location review results of tests immediately upon conclusion of each task.

In this section, I present a pilot study of a system for remote MD diagnosis and symptom

analysis from an application using drawing tasks common in MD diagnostic tests. This

application may be run on mobile, tablet, or touch-enabled PC platforms. Using the tablet-

based version with three patients, we demonstrate that a fully remote data collection system

may be used to assess, and even diagnose, ET.



84

5.5.2 Drawing and replay applications

The application, written for maximum adaptability across both tablet and mobile platforms,

comprises a start screen where the subject may enter their patient and test code, digital

versions of a pre-determined drawing task, and a final screen used to confirm this de-identified

data has been sent securely to the cloud for storage. All data is redundantly backed up locally.

Tasks may be completed with either a stylus or the subject’s finger. Touchscreen data is

collected at a maximum of 120Hz and comprises a timestamp, the starting and ending points

of the line segment completed at the timestamp as defined by the pixel location on device,

and the average pressure applied by the subject to the surface of the device during this

segment.

The spiral- and line-drawing tasks of the FTM TRS are used here as our drawing task [45],

examples of which may be seen in Fig. 5.4. However, these may be exchanged on demand

for any task for which there exists a background image, or for any task that may be run

on a blank background. Drawing tasks may be reviewed remotely using a Javascript-based

application that may be run on any modern browser by dragging and dropping the desired

recording into the application. Although making use of a browser, this review application is

run entirely locally and is therefore intrinsically secure.

5.5.3 Subjects and procedure

29 trials across 3 male subjects diagnosed with ET (age 70-84 years) recruited with informed

consent for ongoing studies at the University of Washington Medical Center with appropriate

IRB supervision, and 45 trials across 2 male and 1 female healthy subjects (age 27-33 years)

were conducted, the latter group comprising three of the authors of Ferleger et al. [145]. Tests

were conducted on a commercial tablet with accompanying proprietary stylus. Subjects were

asked to keep arms and sides of palm elevated from any surface. Subjects were instructed to

complete the tasks as quickly as possible without sacrificing accuracy and to press as gently

as possible on the surface of the device to limit the ability to use the stylus as a ”crutch”
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Figure 5.4: Examples of spiral review data accessible after completion of the replay ap-
plication, taken from A) a healthy subject, B) an ET subject with DBS treatment active,
and C) the same ET subject without treatment. Note the clear differences between healthy
(A) and treated ET (B) samples, potentially indicating sub-optimal treatment settings. An
advantage of our system is that a clinician reviewing these spirals remotely could recom-
mend a reprogramming session as they deemed necessary, rather than relying on arbitrarily
scheduled visits.

against tremor. This also allows collection of pressure data, which has been demonstrated to

increase accuracy in differential diagnosis of Parkinson’s disease compared to pure coordinate

data analysis [157].
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5.5.4 Feature extraction and classification

In order to differentiate between healthy and tremor-diagnosed subjects, 17 total features,

a subset of which may be seen in Fig. 5.5, were extracted from combined spiral- and line-

drawing data sets. First, the number of times a subject lifted their pen during a task was

determined. Data was then split such that only periods of continuous contact would be

considered for other features. From these were extracted several base features, including

drawing velocity (pixels/sec), acceleration (pixels/sec2), and pressure. Additional features

were derived from this base set, comprising both features found to be useful in tremor

analysis from other works [158] and wholly original features. Recursive feature elimination

with cross-validation was used to evaluate and rank features. Two classification algorithms,

logistic regression and linear discriminant analysis (LDA), were tested for their ability to

differentiate between spirals taken by healthy subjects and subjects diagnosed with ET.

Figure 5.5: Scatter plots of subset of feature used in diagnosis algorithm. Samples of healthy
(green stars) and ET (red circles) subjects showing A) the approximate entropy of the
discrete cosine transform (DCT), B) the spectral entropy of the DCT, C) normalized Welch’s
transform of drawing velocity may be seen in all samples from healthy (top) and ET (bottom)
subjects, from which the number of peaks was extracted. ET subjects had many more peaks
occurring at far higher frequencies than healthy subjects.
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5.5.5 Cloud-based data storage and analysis

All data was collected by the tablet-based application. Data from both healthy subjects

and subjects diagnosed with ET was successfully loaded to the cloud and backed up locally.

The replay application was successfully tested on all data. Analyses were conducted entirely

remotely. This implies that a remote system is capable of recording all required information

to help inform a ”clinician-in-the-loop” DBS programming system. This finding lends weight

to the idea that DBS parameters may be updated remotely within a limited scope. Future

work will expand on the level of patient feedback that the program supplies, allowing for

information on side effects to be easily sent in for clinical review.

5.5.6 Classification algorithm performance

Two classification algorithms, LDA and logistic regression, were applied to classify sam-

ple spirals and lines as coming from either ”healthy” or ”tremor” populations. First, 2-

dimensional principal component analysis (PCA) was conducted on the entire set of features

for dimensional reduction. Cross-validated accuracy on this reduced space was 93%; a rep-

resentation of this, with LDA conducted on the entire set, may be seen in Fig. 5.7. Next,

cross-validated accuracy on the full set of features was analyzed and the most useful feature

extracted through recursive feature elimination. The best performing set of features yielded

an accuracy of 98.3%. A ranked list of all features in decreasing order from most to least

useful to our classifier may be found in Table 5.3, with effect of each feature on our model

detailed in Fig. 5.6.

5.5.7 Implications for remote tremor assessment

Using both previously validated and newly developed features, this platform represents the

first fully mobile MD assessment tool. Initial classification accuracy in ET is highly promising

and represents a proof of feasibility for touchscreen-based MD assessment. While conducted

on a relatively small number of subjects, the longitudinal nature of the data illustrates the
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Table 5.3: Table of features in order of usefulness to our classifier

Accuracy Rank Feature

1 Velocity Amplitude

1 Velocity Spectrum Peaks

1 Pressure

4 Smoothing

5 Acceleration Amplitude

6
Seasonal Autoregressive Integrated

Moving Average (SARIMA)

7 DCT Detrend Fluctuation

8 DCT Fractral Dimension

9 DCT Spectral Entropy

10 DCT Singular Value Decomposition

11 Num. Velocity Changes

12 DCT Standard Deviation

13 DCT Approximate Entropy

14 DCT Permutation Entropy

15 DCT Sample Entropy

16 Jerk Amplitude

17 DCT Autoregression

potential for tracking MD progression over extended periods.

Remote evaluation in particular has significant implications for the tracking and treat-

ment of MDs and other neurological conditions and diseases. A questionnaire on ”side effects”

could be incorporated with relative ease to extend the effective mapping of treatment efficacy,

as could a questionnaire aimed towards extending use of this application to neuropsychiatric

conditions. This may be used to persistently track treatment efficacy without the need for
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Figure 5.6: Accuracy of classification algorithm as a fraction between 0 and 1, with n features
used. Order of features is identical to that seen in table 5.3. Note that using more than 6
feature contributes nothing to classification accuracy, indicating that many features may not
be needed for analysis and may even add disadvantageous levels of noise.

frequent clinical visits that would previously have been a prerequisite for such a map. In

the context of the global health crisis and considering the age of most patients diagnosed

with MDs, remote tracking of disease progression is not only more convenient, but safer.

Future studies in this space should specifically be designed to evaluate patient compliance

and capacity for tracking disease progression remotely.

Larger populations of both age-controlled healthy subjects and subjects diagnosed with

MDs will be recruited for future studies. This larger population will also permit nuanced

analysis of symptom severity as opposed to the system’s current binary diagnostic capacity,

enabling any smartphone or tablet to serve as a tool for symptom tracking. Indeed, subse-

quent work has already demonstrated that differentiation between healthy subjects, those

diagnosed with ET and untreated, and those diagnosed with ET and treated with cDBS may

be accurately and efficiently conducted, as the confusion matrix in fig 5.8 from Sonnet et al.,
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Figure 5.7: 2D PCA dimensional reduction of the original 17 features taken from healthy
(green points) and ET (red points) subjects, with a line constituting the LDA classifier
generated from the entire data (blue) set projected onto the space.

2020 [159] clearly demonstrates. In future examinations, MD tests in addition to the FTM

will be analyzed to determine which are best suited to this system. This will also permit

generation of differential diagnostic algorithms to assist physicians in cases where a diagnosis

is unclear.

This larger population pool will also allow for the deployment and analysis of remote

programming tools for aDBS systems, in which DBS parameters are modulated in real time

based on biofeedback about patient state [79, 80, 160, 81]. As aDBS systems see more

widespread use in MDs, the increased complexity of these systems may necessitate more

frequent tuning than is viable with a purely clinic-based treatment. Integrating our system

into both the symptom-tracking and parameter-tuning aspects of such a regimen signifi-

cantly streamlines the procedure for treatment by enabling minor updates to be conducted

completely remotely with a ”clinician-in-the-loop” programming paradigm.
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Figure 5.8: Plot of a confusion matrix for a randomly selected testing subset of the full data
set, divided into ”Healthy” samples with no known MD, ”Treated” samples from patients
diagnosed with ET and treated with cDBS therapy, and ”Untreated” samples from the
same population set with all treatment disabled. This confusion matrix is derived from
the results of a gradient boosting classification algorithm whose design and deployment is
considered more fully in Sonnet et al., 2020. The matrix shows that a small portion of
samples from treated patients were misclassified as healthy subjects. This is expected as, if
patients’ treatment is perfectly effective, their spirals should be indistinguishable from those
of healthy subjects. It also indicates that, in most samples, tremor was not fully suppressed
with cDBS therapy.

5.6 Generalization to optimized aDBS treatment

As detailed in previous chapters, there is no way to ignore the increased complexity that

aDBS systems introduce. The requirement that personalized classifiers be designed and eval-

uated for each patient carries with it an intrinsically increased burden during programming

of DBS devices. The longevity of tremor-detection algorithms on which most binary aDBS

systems are built has been demonstrated to be quite high [88]. However, these classification
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systems will eventually require parameter updates.

Automated programming and remote symptom tracking thus approach each side of the

coin first discussed at the beginning of this chapter. Through the deployment of advanced

optimization methods and the efficient tracking of disease progression through a novel, remote

diagnostic tool, cDBS parameter effectiveness may be optimized during clinical visits and

tracked for when an update is required. These represent two substantial improvements upon

the existing standard of care. However, it remains for future work to deploy these systems

and test them at-large. As this testing is conducted, these systems may also be further

integrated, generating the capacity for remote automated parameter updates.

These developments also lend themselves well to generalization in the context of aDBS.

The automated programming system discussed above intrinsically collects large volumes of

personalized data on treatment efficacy depending on patient state. However, there is always

the potential that a setting ideal for suppression of symptoms during one patient state may

not be ideal in the other two states. If, instead, IMU and side effect data were coordinated

with neural data collection, algorithms could be designed to optimize treatment in real time

depending on patient state. This could be incorporated into the optimization algorithm itself

with relatively little overhead.

Subsequently, the remote tremor assessment tool described above could be altered slightly

to incorporate an assessment of the neural data-based classifier. This would permit the

tracking of both algorithm accuracy and effectiveness of tremor suppression on a chronic

basis. Automation of DBS parameter selection and chronic tracking of MD symptom severity

are thus much more than improvements on the existing standard of care in and of themselves.

They are also integral stepping stones towards personalized, optimized deep brain stimulation

treatment.
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Chapter 6

CONCLUSIONS

In this dissertation we have described the current state of the art in deep brain stimulation

therapy, recognizing the substantial benefits of this vital treatment for neurological disorders,

but with special attention paid to its drawbacks and limitations. With an eye towards the

broader context of personalized medical treatment, we have extracted from these limitations

several key needs that have not yet been met, and defined three aims to approach these

omissions. These aims – the development of a deployment-ready fully embedded binary

adaptive deep brain stimulation system, the design and evaluation of a graded adaptive

deep brain stimulation control system based on a model-free approach to algorithm design,

and the creation of automated programming tools and remote symptom tracking – comprise

three faces of the same die. Recognizing the inextricably linked nature of these aims is the

fundamental keystone around which this work has been constructed.

6.1 Significance of this work

In our demonstration of a fully embedded binary aDBS system, we integrated an under-

standing of the therapeutic context of DBS into our system design. This resulted in an

easily trained and tuned system specifically biased to minimize the potential for stimulation

to be erroneously deactivated when it was needed by a patient. In this process, we demon-

strated that a quickly and easily trained biased binary aDBS system provides treatment

nearly all of the time it is required while simultaneously providing substantial stimulation

power savings. In an unexpected discovery, we further determined that aDBS is far more

effective in tremor suppression than conventional DBS. This suggests that rebound effect,

previously suspected of potentially hazardous interference with binary aDBS systems, may
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not manifest on the stimulation timescales common within these systems.

The simplicity of these binary systems implies that they may reliably be based on top-

down feature selection strategies, an implication firmly supported by our own results. How-

ever, our results demonstrate that, when designing a graded control system based on neural

data-based estimation of untreated symptom severity, top-down approaches to feature se-

lection may be less effective than developing an individualized, data-driven algorithm. Al-

though results in terms of power savings and symptom suppression were inconclusive with

our Bollinger band-based control system, demonstrating that a data-driven approach can

yield benefits in symptom severity estimation lays a solid foundation upon which to base

future work on just such a model-free approach. Additionally, our discovery that neural

data may be used to reliably estimate symptom severity during rebound effect implies that

this downstream effect of DBS may itself be used to generate symptom severity estimation

algorithms.

Finally, we approached the problem of optimization in DBS treatment with special at-

tention paid to its eventual generalization into a fully automated programming platform.

Our first step was the development of an accelerometer and gyroscope-based tremor assess-

ment tool capable of determining a patient’s clinical movement disorder rating within the

range of inter-rater reliability. By pairing this with a rapid and straightforward interface for

side effect input and quantification, we established a pipeline for efficient tracking of treat-

ment effectiveness during programming, specifically designed to permit future deployment of

modern optimization techniques. Introducing a simple drawing application for the chronic

tracking of symptom manifestation and, by extension, treatment efficacy is directly related

to the corresponding need for increased data acquisition in personalized treatment.

6.2 Generalization to future directions in personalized treatment

Perhaps the single most important conclusion we may take from this dissertation is the

recognition that strategies for optimized treatment cannot succeed in a vacuum. No indi-

vidual technique or application will suffice to ”solve” the problem of optimized aDBS in a



95

one-size-fits-all fashion. Rather, researchers must focus on the integration of many methods,

as we have attempted to do here. Without evidence of effective and reliable binary aDBS,

medical device manufacturers cannot be expected to develop the much more complex sys-

tems required for embedded graded aDBS. The increased complexity posed by aDBS systems

makes automated programming a prerequisite for clinicians and patients to adopt these sys-

tems at-scale. Remote evaluation of symptom severity provides for a substantial increase

in the amount of data available about each individual patient’s treatment. The eventual

adoption of fully remote, data-driven programming of aDBS systems can only take place

after optimization through automated programming has been firmly established.

Above all, we have demonstrated that any approach to designing aDBS control systems

and neural data analysis algorithms should be fundamentally patient-centric. Top-down

strategies and population scale analyses have their place in medicine, but as the evidence

shows time and again, treatment design must ultimately be based on the person being

treated. The popular conception that machine learning in medicine intrinsically removes

the human aspect of treatment is rendered false only so long as researchers and clinicians

maintain this vital mindset. Only by applying machine learning methods that reinforce the

individualization of treatment can scientists, researchers, and clinicians meet the challenges

posed by this newly arrived era of personalized medicine.
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[45] S. Fahn, E. Tolosa, and C. Maŕın, “Clinical rating scale for tremor,” Parkinson’s
Disease and Mov Disord, pp. 225–234, 1993.

[46] D. A. Heldman, J. P. Giuffrida, R. Chen, M. Payne, F. Mazzella, A. P. Duker, A. Sahay,
S. J. Kim, F. J. Revilla, and A. J. Espay, “The modified bradykinesia rating scale for
parkinson’s disease: Reliability and comparison with kinematic measures,” Mov Disord,
vol. 26, no. 10, pp. 1859–1863, 2011.

[47] C. G. Goetz, B. C. Tilley, S. R. Shaftman, G. T. Stebbins, S. Fahn, P. Martinez-Martin,
W. Poewe, C. Sampaio, M. B. Stern, R. Dodel, et al., “Movement disorder society-
sponsored revision of the unified parkinson’s disease rating scale (mds-updrs): scale
presentation and clinimetric testing results,” Mov Disord, vol. 23, no. 15, pp. 2129–
2170, 2008.

[48] J. L. Palmer, M. A. Coats, C. M. Roe, S. M. Hanko, C. Xiong, and J. C. Morris, “Uni-
fied parkinson’s disease rating scale-motor exam: Inter-rater reliability of advanced
practice nurse and neurologist assessments,” J Adv Nurs, vol. 66, no. 6, pp. 1382–1387,
2010.



101

[49] M. A. Stacy, R. J. Elble, W. G. Ondo, S. C. Wu, and J. Hulihan, “Assessment of inter-
rater and intrarater reliability of the fahn-tolosa-marin tremor rating scale in essential
tremor,” Mov Disord, vol. 22, no. 6, pp. 833–838, 2007.

[50] J.-W. Kim, J.-H. Lee, Y. Kwon, C.-S. Kim, G.-M. Eom, S.-B. Koh, D.-Y. Kwon, and
K.-W. Park, “Quantification of bradykinesia during clinical finger taps using a gyrosen-
sor in patients with parkinson’s disease,” Med Biol Eng Comput, vol. 49, pp. 365–371,
Mar 2011.

[51] H. Dai, H. Lin, and T. C. Lueth, “Quantitative assessment of parkinsonian bradykinesia
based on an inertial measurement unit,” Biomedical engineering online, vol. 14, no. 1,
p. 68, 2015.

[52] S. Das, L. Trutoiu, A. Murai, D. Alcindor, M. Oh, F. De la Torre, and J. Hod-
gins, “Quantitative measurement of motor symptoms in parkinson’s disease: A study
with full-body motion capture data,” in Engineering in Medicine and Biology Society,
EMBC, 2011 Annual International Conference of the IEEE, pp. 6789–6792, IEEE,
2011.

[53] A. Haddock, A. Velisar, J. Herron, H. Bronte-Stewart, and H. J. Chizeck, “Model
predictive control of deep brain stimulation for Parkinsonian tremor,” in Proc 8th
IEEE/EMBS NER, pp. 358–362, IEEE, 2017.

[54] L. Cleeves and L. J. Findley, “Variability in amplitude of untreated essential tremor,”
J Neurol Neurosurg Ps, vol. 50, no. 6, pp. 704–708, 1987.

[55] J. J. Van Hilten, G. Hoogland, E. A. Van Der Velde, H. A. M. Middelkoop, G. A.
Kerkhof, and R. A. C. Roos, “Diurnal effects of motor activity and fatigue in Parkin-
son’s disease,” J Neurol Neurosurg Ps, vol. 56, no. 8, pp. 874–877, 1993.

[56] G. M. Halliday and H. McCann, “The progression of pathology in parkinson’s disease,”
Annals of the New York Academy of Sciences, vol. 1184, no. 1, pp. 188–195, 2010.

[57] H. A. Shill, C. H. Adler, and T. G. Beach, “Pathology in essential tremor,” Parkin-
sonism & related disorders, vol. 18, pp. S135–S137, 2012.

[58] S. Papapetropoulos, “Patient diaries as a clinical endpoint in parkinson’s disease clin-
ical trials,” CNS Neuroscience & Therapeutics, vol. 18, no. 5, pp. 380–387, 2012.

[59] A. J. Lees, “Unresolved issues relating to the shaking palsy on the celebration of james
parkinson’s 250th birthday,” Movement Disorders, vol. 22, no. S17, pp. S327–S334,
2007.



102

[60] D. J. Lanska, “Chapter 33 the history of movement disorders,” in History of Neurology
(M. J. Aminoff, F. Boller, and D. F. Swaab, eds.), vol. 95 of Handbook of Clinical
Neurology, pp. 501 – 546, Elsevier, 2009.

[61] C. G. Goetz, “Jean-martin charcot and movement disorders: Neurological legacies to
the 21st century.”

[62] J. G. Greenfield and F. D. Bosanquet, “The brain-stem lesions in parkinsonism,” J
Neurol Neurosurg Psychiatry, vol. 16, no. 4, pp. 213–226, 1953.

[63] V. HORSLEY and R. H. CLARKE, “THE STRUCTURE AND FUNCTIONS OF
THE CEREBELLUM EXAMINED BY A NEW METHOD.,” Brain, vol. 31, no. 1,
pp. 45–124, 1908.

[64] J. M. Schwalb and C. Hamani, “The history and future of deep brain stimulation,”
Neurotherapeutics, vol. 5, pp. 3–13, 2008.

[65] R. Meyers, “The modification of alternating tremors, rigidity and festination by
surgery of the basal ganglia,” RESEARCH PUBLICATIONS-ASSOCIATION FOR
RESEARCH IN NERVOUS AND MENTAL DISEASE, vol. 21, pp. 602–665, 1940.

[66] T. RIECHERT

[67] H. Ehringer and O. Hornykiewicz, “Verteilung von noradrenalin and dopamin im gehirn
des menschen und ihr verhalten bei erkrankungen des extrapyramidalen systems,” Klin
Wschr, vol. 38, p. 1126–1239, 1960.

[68] A. Lozano, N. Lipsman, H. Bergman, P. Brown, S. Chabardes, J. Chang, K. Matthews,
C. McIntyre, T. Schlaepfer, M. Schulder, Y. Temel, J. Volkmann, and J. Krauss,
“Deep brain stimulation: current challenges and future directions,” Nature Rev Neurol,
vol. 13, no. 3, pp. 148–60, 2019.

[69] A. Meidahl, G. Tinkhauser, D. Herz, H. Cagnan, J. Debarros, and P. Brown, “Adaptive
deep brain stimulation for movement disorders: the long road to clinical therapy,” Mov
Disord, vol. 32, no. 6, pp. 810–19, 2017.

[70] M. Arlotti, M. Rosa, S. Marceglia, S. Barbieri, and A. Priori, “The adaptive deep brain
stimulation challenge,” Parkinsonism & Relat Disord, vol. 28, pp. 12–17, 2016.

[71] M. Kronenbuerger, C. Fromm, F. Block, V. A. Coenen, I. Rohde, V. Rohde, and
J. Noth, “On-demand deep brain stimulation for essential tremor: A report on four
cases,” Mov Disord, vol. 21, no. 3, pp. 401–5, 2006.



103

[72] H. Ackermann, I. Hertrich, I. Daum, G. Scharf, and S. Spieker, “Kinematic analysis
of articulatory movements in central motor disorders,” Movement Disorders, vol. 12,
no. 6, pp. 1019–1027, 1997.

[73] A. de los Reyes-Guzmán, I. Dimbwadyo-Terrer, F. Trincado-Alonso, F. Monasterio-
Huelin, D. Torricelli, and A. Gil-Agudo, “Quantitative assessment based on kinematic
measures of functional impairments during upper extremity movements: A review,”
Clinical Biomechanics, vol. 29, no. 7, pp. 719 – 727, 2014.

[74] J. Herron, T. Denison, and H. J. Chizeck, “Closed-loop dbs with movement intention,”
in Proc. 7th IEEE/EMBS Conf NER, pp. 844–847, 2015.

[75] D. Graupe, I. Basu, D. Tuninetti, P. Vannemreddy, and K. Slavin, “Adaptively control-
ling deep brain stimulation in essential tremor patient via surface electromyography,”
Neurol Res, vol. 32, no. 9, pp. 899–904, 2010.

[76] J. A. Herron, M. C. Thompson, T. Brown, H. J. Chizeck, J. G. Ojemann, and A. L.
Ko, “Cortical brain–computer interface for closed-loop deep brain stimulation,” IEEE
TNSRE, vol. 25, no. 11, pp. 2180–2187, 2017.

[77] W.-J. Neumann, R. S. Turner, B. Blankertz, T. Mitchell, A. A. Kühn, and R. M.
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