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Abstract

Optimization algorithms hold significant promise for precision medicirtes dissertation
focuses on the application aptimization algorithmsto improve the efficacy and
efficiency of deep brain stimulation (DBS) therapy for treating brain disorders. Targeting
of DBS therapy for a given patient involves neurosurgical amggition of one or more
leads of electrodes within the brain and then identifying a set of electrode configurations
and stimulation amplitudes that most robustly suppress clinical symptoms. One approach
to improve spatial targeting of DBS therapy has lberdevelopment of DBS leads with
multiple electrodes positioned around and along the lead implant. However, with the
additional number of electrodes, brdtece determination of stimulation settings that can
most selectively modulate the brain pathwaysinterest becomes a tirnsuming
challenge. This is especially relevant since DBS can also induce adverse side effects such
as involuntary muscle contractions and mood changes if stimulation is not delivered
correctly. In this dissertationl will show how convex and particle swarm optimization
techniques using mutbibjective contexts can be applied to subgmcific computational
models of DBS to address this challenge. These optimization algorithms leverage complex
bioelectric tissue models aselvas detailed anatomical and biophysical computational
models of the motor thalamus for treating Essential Tremor and the subthalamic nucleus
region for treating Parkinsonés disease.
demonstrated robust and iefént performance in generating spatially targeted solutions
consisting of nostrivial combinations of active electrodes and stimulation amplitudes.
These optimization algorithms have important applications for both targeting specific brain
pathways to nderstand their role in behavior as well as in helping clinicians reduce the

dimensionality of the stimulation parameter feature space to evaluate.
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Chapter 1 Introduction

11Essenti al Tr emor and Par ki nson

Movement disorders make up a wide class of neurological disorders that pose a significant
burden to the U.S. population, and constitute a major clinical challenge for treatment.
Essential Tremor (ET) is the most common movement disorder, affecting about seven
million people in the U.S. ages 40 years and o]@lgrand can be either hereditary or of
unknown, sporadic origif2]. While the neuropathology of ET has not been definitively
identified [3], putative pathological features include the degeneration of Purkinje cells in
the cerebellunp4] as well as involvement of the cerebell@mlamacortical loop overall
[5,6]. The motor signs associated with ET include tremor of the hand, head, eadatoi
a range of 410 Hz[7]. These motor signs worsen over time, leading to debilitating
impairment of motor performance. There is no cure for ET, but pharmacological
treatments, particularly propranolol and pyrimidona&ven been shown to provide
significant reduction of tremor amplitude, albeit in a subset of pafi@ghts

The second most common movement di sorde
affects about 1 million people in the U.S., with 60,000 new cases diagnasedear.
While the cause of PD is largely unknown, a prominent neuropathological feature of PD is
the degeneration of dopaminergic cells in the substantia nigra pars compacta, which leads
to a loss in striatal dopamine that results in the developmehné afrdinal motor signs of
PD [9]. These motor signs can include rest tremigidity, bradykinesia, akinesia, and
gait problemdq10], and the motor signs worsen over time due to the neurodegenerative
nature of PD. In addition, a number of rmotor features of PD can occur as well, such
as depression and cognitive declifiel,12] As with ET, there is no cure for PD
Dopamine replacement therapy is an effective pharmacological treatment for motor signs,

but can lead to problematic dyskinesias three to five years after initial medidajon



1.2 Deep Brain Stinulation (DBS) for Essential Tremor and

Par ki nsonds Di sease

Over the past two decades, deep brain stimulation (DBS) has been established as an
effective therapy for both ET and PD. DBS is a surgical technique that involves the
implantation of an array of ettrodes into a target brain structure. The array is connected
subcutaneously via an extension cable to an implantable pulse generator, which sends high
frequency (100185 Hz), lowamplitude electrical pulses (< 5 mA) to the electrodes.
Chronic DBS wasifst shown to be effective for tremor by Benabid and colleagues, being
explored as an alternative to the th@evalent practice of thalamotorfiy4]. In 1997 and

2002, DBS became FDApproved for ET and P[15], respectively, and since then about
120,000 leads have been implanted worldwide. While the mecohsuuf DBS are not

fully understood, studies suggest that DBS exerts a regularizing excitatory influence on
axons in the vicinity of the electrodes, effectively disrupting the propagation of
pathological informatiorj16,17] Common DBS targets include the ventral intermediate
nucleus (VIM) of thalamugor ET, and the subthalamic nucleus (ST&f)d the internal
segment of the globus pallidus (GPig] for PD.

1.3 Sources of Variability in DBS

While DBS is an effetive treatment for many patients, one of the major challenges with
DBS therapy for movement disorders is the variability in therapeutic response. Indeed, in
a metaanalysis of 36 STN DBS studies for PD, there was a broad distribution of reported
therapeuti improvement percentages due to ORB$)], and this can also be seen in terms

of variability within a single study20] (Fig. 1.1). Beyond intefpatient response
variability, intrapatient response can differ across motor signs ag24¢{{Fig. 1.2. One

source of variability is disease heterogeneity, whicmcaionly lead to different responses

but to different presentations and prognoses for the disease. For instance, one empirical
classification of PD phenotypedassifies patients as being either trerdominant or

having postural instability and gait disorder (PIGR2], with a more benigmwbserved

prognosign the former.



Meta Analysis from 36 Studies
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Another source of variability involves targeting of stimulation, which involves successfully
delivering stimulation tohe desired structures through accurate placement of the DBS lead
in the desired location and through selection of stimulation settings (i.e. programming)



such that the extent of stimulation reaches the structures of interest. Among these, proper
lead plaement is widely accepted as being essential to achieve effective tfi2Bpy
Surgical placement often involves pargical planning based on atlas coordinates as well
as subsequent int@perative microelectrode recordings to engoireper lead location

[24]. Such atlabased techniques, however, are limited by the Hpé¢ient variability in

size and position of target structurg®]. In addition to surgical placement, DBS
programming is also important to achieving the desired therafuring DBS
programming, the clinician selects the pulse frequency, pulse width, active electrode, and
amplitude for the patient such that therapeutic benefit is achieved without the occurrence
of side effectg[25]. However, dbw-threshold stimulatioiinduced side effects can be
barriers to providing therapy, with side effects including muscle pulling, dysarthria, and

paresthesia, among oth¢gs].

1.4 Addressing Variability: Innovations in Temporal Patterns
of DBS

One clas of approaches underway to address the variability of DBS response across
subjects involves delivering stimulation at Roeriodic intervals in order to better leverage
neural dynamics and evoke enhanced clinical effects. Coordinated reset aimswe achie
this by delivering higkfrequency bursts of pulses across different electrodes in a
coordinated fashion in order to desynchronize neural populd@h28], and has been
shown to produce therapeutic benefit outlasting the presence of stimulation in both initial
human studie$29] and in norhuman models of P[B0]. Nonperiodic pulse patterns

have also been developed through the use of sydexmineural models that estimate an
optimal timing of pulse§31,32], and Grill and colleagues reported comparable efficacy to
traditional, highfrequency stimulation with a net reduction in eneboth in rodents and
human patients[31]. Finally, as progress and ongoing efforts towards robust
electrophysiologicabiomarkers continue, closddop stimulation techniqgues have also
become of clinical relevance. In PD, for instance, a number of studies have demonstrated
that subjects exhibit elevated levels of beta activity3323z) in the subthalamic nucleus,

and hat these elevated beta levels are associated with motor impairment and with



therapeutic benefif33i 35]. As a result, Brown and colleagues have leveraged these
findings to test multiple closeldop approaches for DBS in P[36,37] with a similar
approach based on tremor phas&T [38], showing efficacy of stimulation with lower

energy consumption.

1.5 Addressing Variability: Innovations in Spatial Targeting of
DBS

In addition to improvements in the temporal delivery of DBS pulseshost of
advanements have been initiated to enhance spatial targeting of stimulation. With respect
to surgical targeting, advancements in uliigh field MRI have enabled subjespecific
imaging of common DBS targets, including the ST39] and VIM [40], with limited
geometric distortiorj41]. These imaging techniques have enabledsprgical planning

that is based on direct, subjegecific imaging, rather than atthased targeting that is
limited by subject variability24]. Developments in intraoperative imaging techniques are
also cantributing to enhanced surgical precisi2]. In addition toenhancedsurgical
targeting, the coupling of meoimaging and computational modeling have enabled the
development of models for visualization of stimulation extent, which hold promise for
improvingtherapyas well aknowledge of therapeutic mechanisms by providing feedback
to clinicians during programing[43]. Such developmentsavemanifested in commercial
systems such as GUIDE DH84] and SureTung45], as well as newer experimental
systems with more realistic pathway model6]. A third recent innovation relevant to
spatial targeting is the commercial deployment of DBS leads with directional stimulation
and multiple independent currecintrolled capabilitiept7]. Such technology has already
been shown to increase therapeutic windg4& 50], in part due to avoidance of side

effects from pyramidal tract stimulati¢sl].



1.6 Programming Problems

While increased precision in DBS programming capabilities hold promise in optimizing
therapy, the issue of selecting stimulation parameters remains to be add@ssed.the
major componerd of this problemnvolves the large parameter spdlat a clinician can
traverse insearch fora clinically-optimal stimulation setting. Testing and lnically
evduating stimulation settings can be a burdensomeiar@consuming procegs2], and

this process is only further complicated witinect efforts to leverage the capabilities of
directional DBS systems with higher electrode cowamd multiple independent current
sourced47]. Evaluating settings caasobe difficult when effects of DBS require hours

or even months to manifel&3], or in the occurrence of subtle side effects (@gnges in
mood[54]). An alternative approach to programmthgt may enable circumventing these
issues is to target specific neural pathways associated with therdi@lyile such
associations are still under deb,putative pathwayfor PD include the hyperdired65],
subthalamepallidal, and pallidethalamic pathway$16], andputative pathwaysor ET
include the cerebelithalamic pathwajb6,57]and caudal zona inceifta8]. This approach

has potential value in providing a princiglguide for programming, though the use of
such pathways as DBS targets would require the incorporation of potentially complex,
subjectspecific pathway trajectorie§&iven the complexity of subject anatomy, and the
range of possible stimulation parametiensDBS, there is clearly a need for optimization
algorithms to reduce the complexity of DBS programming, as well as a need for a deeper

understanding of pathological neural dynamics to inform DBS parameters.



1.7 Objectives and Research Goals

This thesis adresses the problems of DBS programming, both directly through the
development of convex and ngonvex algorithms for finding optimal electrode
configurations (Chapters ), as well indirectly through the analysis of
magnetoencephalographic recordingsatical dynamicsnvolvedinPar ki nsonodés di
heterogeneityAppendix) to inform the development of simultaneso MEG and DBS
approaches for programming.

Chapter 2 describes a convex optimization approach for DBS programming in a
computational model othe ventral posteriolateral nucleus pars oralis (VPL0o) and pars
caudalis (VPLc) of the nehuman primate, which is homologous to the VIM in humans.

Chapter 3 describes a particle swarm optimization technique in the same
computational model of VPLo andPLc, facilitating simultaneous maximization of VPLo
activation and minimization of VPLc activation.

Chapter 4 describes an extended nufljective particle swarm optimization
technique in subjeedpecific human models of STN DBS, applying the techniquesgiat
retrospective human datasets to evaluate the performance of the algorithm in the presence

of seven clinically relevant pathways.



Chapter 2 Theoretical Optimization
of Stimulation Strategies for a
Directionally Segmented Deep
Brain Stimulation Electrode Arya

(Published)
Y. Xiao*, E. PefTa~*, and M. D. Johnson, ATh
Strategies for a Directionally Segmented D

Trans Biomed Eng, vol. 63, no. 2, pp. 8891, Feb. 2016. [*cdirst authas]

2.1 Introduction

Deep brain stimulation (DBS) is an effective surgical procedure for the treatment of a
number of neurological and neuropsychiatric disorders, including medigafi@ctory
Par kinsonods di sease (PD) , e s aver@ tohsesdive t r e m
compulsive disordef59]. The procedure involves the placement of a lead of electrodes
into a precise brain region taodulate abnormal neuronal activity with various forms of
pulsatile electrical stimulation. Successful treatment is characterized by both symptom
suppression and lack of sigdfects. Such success requires accurate lead placement as well
as spatially targted stimulation settings to avoid activating regions that elicit, for example,
adverse motdi60], sensory61], and cognitivg62] sideeffects for the patient.raditional
designs of the DBS lead implant (for example, the Medtronic model 3387/838Jour
cylindrical electrodes to deliver current in an omnidirectional fashion around the lead. A
major improvement to this existing design would be enabling one to direct or steer current
both along and around the DBS lead. This feature would beiabpeseful in cases of
off-target DBS implantf63,64]and for small or compleghaped brain targets, such as the
pedunculopontine nucle(i85,66]for treating freezig of gait in patients with PD.

Several designs for higiensity DBS arrays (DBSAs) with circumferentially
segmented electrodes have been advanced in recent years through computational studies
[64,66,67]andin-vivo studies in nofhuman primates (NHP§3] and human§48,68,69]



Here, we modeled DBS leads with 32 oval shaped elextradranged in 8 rows of 4
electrodes each, radially separated by f5,64,66] The surface aread the DBSA
electrodes were a fraction of the size of cylindrical electrodes found on commercial leads
and have potential for improving the spatial resolution of targeting modulation of neuronal
activity within the brain to improve overall therapy.

The safgy and efficacy of current shaping technology has recently been
investigated clinically using leads with annyl@8] and circumferentialhsegmente43],
[69] designs. In the latter case, therapeutic current thresholds were 43% ldatvex w
radially directed stimulation scheme compared to the omnidirectional scfhe
Further, the O(tiffeemcaipcarentihreshalds to praducé a meaningful
symptom suppression and tostin a sideeffect) was the widest when using radially
directed stimulatiofd8], [69]. Current shaping along the length of the DBS lead in patients
with ET has ao been shown to better alleviate stimulafimiuced dysarthria while
preserving tremor contrd68]. The challenge with such current shaping approaches,
however, especially in the case of DBSAs, is the number of possible electrode
configurations and size of the stimulation amplitude, frequency, and pulse width parameter
spaceg64].




Figure 2.1: Threedimensional thalamic nuclei reconstructiorfReconstructins were
generated from (A) NHP susceptibitiyeighted imaging and (B) warped brain atlas
overlays. (C) Sagittal and (D) coronal view of the reconstructed VPLo and VPLc with the
implanted DBSA.

Optimal programming of a DBSA has potential to improve immeatt benefit and
expedite the programming process. The current framework for programming the
stimulation settings of DBS leads with four annular electrodes typically begins with
evaluation of each contact using monopolar stimulation at fixed frequenaeguése
widths [70,71] The setting that requires the lowest stimulation amplitude to maximize
therapy and/or has the widest therapeutic window is set for chronic stimulation unless
persistent advse sideeffects are observed, in which case bipolar or multipolar stimulation
configurations may be explored by combining the chosen contact with adjacent contact(s).
The programming process can be time consurf2d, especially in cases when lew
threshold sideeffects appear. Furthermore, relying on direct patient biaeld for
programming may not be feasible for disorders in which the therapeutic benefits may not
emerge for weeks to months after starting stimulafit®73] The efficacy of this
programming method is also influenced by other factors, such as the intuition and
experience of the DBS programmer, as well as the time allottecctopagient74]. To
explore the vast parameter space of the DBSA using this manual method of programming
would not be feasible,ste each additional electrode would prolong programming time in
a nonlinear fashion and also pose a steeper learning curve. In addition, this method of
programming fowelectrode leads may underutilize the full potential of the DBSA to
deliver optimal stimlation through a combination of active electrofis76]

Alternative programming approaches have been proposed aimed at increasing the
efficiency of the process. One such approach uses a probabilistic efficacy atlas derived
from intraoperative microstiulation response daf@d7]. Theatlas is nonlinearly warped
onto the preoperative magnetic resonance imaging (MRI) datarégistered to post
operative CT) to guide programming. This approach requires substantial accumulation of

intraoperative patient data which is not readily accéssid the larger neuromodulation
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community. In addition, individual brain anatomy can vary substantj@By and an
entirely empiricabpproach may not be adequate.

Another proposed method estimates the volume of tissue actiVeted)
[43,79,80]from a particular DBS settingylsimulating an activating functid@l1] derived
from a finite element model solution of thissue voltages along the neuron membrane
compartments during DBS. In this case, DBS lead positions within the nucleus or fiber
tract are dictated by thegoe gi st r at i o n -opgefativeamagnatic regonancé s pr
(MR) brain imaging with posbperatie MR imaging or computed tomography scan data.
The benefit of this approach is that it provides direct visualization of the neuronal pathways
that are modulated for a given stimulation set{Bg2j.

The second spatial derivative of the extracalluloltage potential, or activating
function (AF), generated through the DBS lead is the driving force behind action potential
initiation in neuronal processg®l] and can be used to predict the VT[88]. However,

AF thresholds for neuronal activen depend on axon orientation and distance from the
stimulation sourcg84]. An alternative approach is to apply the AF to compartment neuron
models[85] in a target region, which can have detailed morphologies and biophysical
parameters, and then find the stimulus btonges to initiate an action potentig83]. Such
biophysical models, usually performed in the NEURON programming enviror{8@nt

can provide additional information aboutumonal activation that AF alone may not
describe, but this process can be time consuming and computationally intensive. In order
to obtain the patiergpecific stimulation strategy solutions, thousands of such simulations
using different electrode configations, axon orientations and locations must be run ahead
of time, and the VTA solutionswust be precompiled and sto@2]. Due to the resouree
intensive and time consuming nature of this approach, it may not be readily accessible to

the broaderesearch and clinical community.
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Figure 2.2: Procedural flowchart forconvex optimization approacihree different

optimization criteria (MD, QP, LP) were considered separately.

In this study, we propose an algorithm that leverages the superposititie of
activating function, thus requiring only a set number (equal to the number of electrodes) of
anatomical FEM simulations to be run. By combining this with the principles of convex
optimization, we formulate an approach that maximizes the AF valuég molume of
interest. We consider three separate optimization criteria that may be used with this
approach. Overall, the methods presented here bypass the need to run extensive simulations
of neuronal activation, providing an automated, computationdilyiezit way to patient
specific programming of a DBSA implant.
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2.2 Methods

We constructed a computational model of motor thalamic DBS using cwoetrblled
stimulation using nofuman primate MRI daté{g. 2.1). High frequency stimulation of

the ventraintermediate nucleus of thalamus (Vim) in humans can suppress tremor, while
persistent paresthesias is thought to emerge from activation of the adjacent sensory
thalamic nucleus (ventral posterolateral nucleus of thalamus/MRBL)In the norhuman
primate, the equivalent nuclei to Vim and VPL are the oral (VPL0) and c@yBak)

ventral posterior lateral nuclei of thalamus, respectif@ly. We reconstructed both VPLo

and VPLc and modeled independent cur@trdled stimulation through each DBSA
electrode (n=32). Volumes were discretized into points arranged in a grid pattern, with
anatomically realistic afferent and efferent fiber orientations. We show a theoretical
maximum AF value for each grid point, whichriigs a theoretical maximum curve (Max
Curve) that cannot be surpassed. We take advantage of the principle of voltage
superposition to achieve AF values as close as possible to this Max Curve through the use

of convex optimization algorithm$ig. 2.2).

2.2.1 Remnstruction of Thalamic Nuclei and DBSA

High field magnetic resonance imaging (7T, Magnex Scientific) was performed on a
female rhesus macaque monkewataca mulattpunder isoflurane anesthesi the
University of Mi nnes ot a &s Researchisimgra Siemens Ma g n-
console.A | | procedures were approved by the Ul
Animal Care and Use Committee and complied with United States Public Health Service
policy on the humane care and use of laboratory animatsustomized head coil was
developed with 1&hannel transmit and 16+6 receive channels, in which 4 coils mounted

on top of the s dldop i wdéresaddecdta enhaace signal detedian

from subcortical structurdg88]. Susceptibilityweighed imaging (SWI) data was acquired

with a 3D flowcompensated gradient echo sequence. SWI data was aligned to the anterior
commissure (AG)posterior commissure (PC) plane (Ayee 11.0, AnalyzeDirect) and

resliced into serial coronal sections with 40 coronal images spanning the thalamus.

Matching plates from a rhesus macaque brain @f#jsvere nonlinearly defoned[90,91]
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to the coronal MR images, and the contours of VPLo and VPLc within each were extracted.
These contours were imported into asfine modeling program (Rhinoceros) and
arranged serially at an inted of 0.4 mm (voxel size) along the antermusterior direction.

The contours were then lofted into 3D surfaces.

2.2.2 Finite Element Model of stimulation through the DBSA

The DBSA (NeuroNexus, Ann Arbor, Michigan) consisted of 8 rows of 4 elliptical
electrales (semimajor axis: 0.265 mm; semminor axis: 0.14 mm). The lead was 0.5 mm

in diameter and 40 mm in length. The angular distance between adjacent electrodes in the
same row was 90° and the distance between two adjacent rows of electrodes was 0.75 mm.
A 0.1 40 mm (thickness height), 0.18 S/m homogeneous encapsulation layer and a
100 100 mm (diameter height), 0.3 S/m cylinder of homogeneous bulk tissue
surrounded the lead92i94]. The DBSA eletrodes and insulation were assigned
conductance values of 4&/m and 132 S/m, respectively. The electrode surfaces were
designated as boundary current sources and the walls of the bulk tissue cylinder were set
to ground. The voltage distributions rdsuf from electrical stimulus perturbations were
calculated via the finite el ement met hod
Multiphysics (v4.3b). Simulations of monopolar cathodi@ (mA) stimulation were

performed with each of the electrodes actinthascathode (n=32).

2.2.3 Discretization of Thalamic Volumes

A 3D reconstruction of the DBSA geometry was created in Rhinoceros and placed within
the VPLo close to its lateral border with VPLc such that the electrodes spanned the length
of the VPLo. The trajdory of the lead was 77° above the horizontal plane and 10° from
the sagittal planf95] (Fig. 2.1). The electrodes were assigned indices from 1 to 32, such
that the contacts facing posterior, medial, antedgad lateral were labeled 1, 2, 3 and 4,
respectively. This order of labeling wasimained in every row, with indices increasing
along the vertical direction. The lead, VPLo, and VPLc were then rotated together such
that the center of the first row of electrodes was consistent with the FEM model. The
rotation matrix Tar) was stored fothis change in a coordinate system from-RC to

FEM model coordinates.
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Efferent Data
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D
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Figure 2.3: Discretization of thalamic volumeBhe top row (A,B) shows the discretization

0.5mm

process for the efferent direction while the bottom row (C,D) shows the process in the
afferent direction. Both the VPLo and VPLc are shown in coronal orientation. In either
case, the left image shows grid points arranged in serial layers spanning either volumes.
The arrow indicates the orientation of the neuronal processes. The right image @hly

those grid points that fall within the volumevérlaid points). The internodal distance

between successive layers of grid points are shown. (A) and (C): VPLo. (B) and (D): VPLc.

The afferent fiber orientations into VPLo and VPLc are about 45h fthe
intercommissural line in the coronal plane and 60° in the sagittal [B&heThe efferent
fiber orientation from VPLo and VPLc to cortex follows a ventradial to dorsalateral
direction approximately 45° from the intercommissural plane in the coutiredtion

[97,98] At the scale bthe grid spacing used in this study, the thalamus is generally
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considered to be an isotropic struct{94]. The surfaces of the DBSA, VPLo, and VPLc
were generated in Rhinoceros and theivest of these surfaces were imported into the
Matlab programming environment (v2013b, MathWorks) using theP&Ccoordinate
system. The vertices of thalamic volumes were rotated (rotation métisxich that either

the afferent or efferent fiber directions were oriented in theection. A 3D rectangular

grid consisting of multiplelayers spanning the-direction was constructed for each
volume. Each layer spanned the maximal extent ofadhene in the x and y directions and
consisted of 10,000 points (100 x 100) in total. An additional layer was added to either side
of the existing grid for calculating AF values. These grid points were arranged in this way
to represent axonal node compagnhts. The distance between layers of grid points was 0.5
mm in both the efferent and afferent directions, consistent with internodal distances of
myelinated axons used in previous studlig. The coordinates of theggid points were
transformed into AGPC space by multiplyingY (Fig. 2.3) and then were transformed

into the FEM model space by multiplyifigr. Data regarding the discretizani process

are listed inTable 2.1

Efferent Data
Total Grid Points Number of Grid Points in C matrix
VPLo 17 pm 27173
VPLc 17 pm 34059
Afferent Data
Total Grid Points Number of Grid Points in C matrix
VPLo 11 pm 20836
VPLc 14 pm 25010

Table 2.1 Volume discretization dattor VPLo and VPLc in thalamic model for convex

optimization
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2.2.4 Activating Function Values and Construction of the Max Curve

Using each FEM model solution stored previously, the activating function values for each
grid point along the fiber direction was calculated using the following formula:

_ (2.1)

wherewis a position along the direction of fibers,is the voltage value as a function of
position, andYois the internodal distance. The AF values for grid points within thedayer

at either end cannot be calculated and these points are therefore discarded. Points that
overlap spatially with the DBSA are also discarded. The AF values for the remaining

points can be stored in a 3@ matrixo:

(2.2)

o

D>
Mhmp Mh

D>

where the’Q row contains the AF values resulting from stimulation through“he
electrode alone, deliveringl mA° monopol ar cathodic current

electrostatics dictates that the tissugagé distribution is related to the current by:

nQneg 0 (2.3)

where,, is the tissue conductance, dnd the current. From2(3) it is possible to derive

that— © "OAlong with (2.)), it can be shown that the AF uak resulting from multiple

voltage sources can be linearly superimposed. To find the maximum possible AF value at
a given grid point from any possible electrode configuration (subject to a 1 mA power
constraint), we can consider the following thought expent: suppose there age
different categories of items that can be manufactured, each with the same cost but different

profit margins. For a given manufacturing budget, the highest profit achievable occurs
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when the entire budget goes into manufacturing the most profitablelitezwise, it can

be readily shown that the highest possible AF value achievable at each grid point is
obtained when stimulating through a single electrode using the entire 1mA of current.
Therefore the maximum value in each colunph df the 6 matrix is the theoretical
maximum AF value possible for grid poipnt The maximum AF values are sorted in
ascending order and arranged into the Max Curve. Each grid point represents the center of
a membrane compartment. Positive AF values are responsible foryditegdlarizing the

cell membrane and considered here as potential initiation sites for action potential
generation[81]. Negative AF values represent direct hyperpolarization of the cell
membrane and thus limit the likelihood of generating action potentials. The goal as defined
in this study was to obtain the highest AF value possible at eachagnidvgthin VPLo.

This corresponds to maximizing proximity to the Max Curve.

2.2.5 Convex Optimization

The volume activation problem can thus be
bring as many of the grid points as close as possible to their cordaspamaximum AF
values on the Max Curve?0 To formulate th

principle of superposition to denote the AF values due to a given electrode configuration:

00 60 (2.9

where'Gs the32 1 vector of currents through each electrode, @i@ando are the AF

value and column od corresponding to grid point Together, the AF values resulting
from stimulation at each grid point can form another curve called the Actual Gitrve.
each grid point, the difference between the maximum AF value and the actual AF value

from stimulation with'Gs given by the following:

Q80 §8; 8 O 2.5
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Using (2.9 as a measure of digpancy between the Max Curve and the Actual Curve, we
can set the objective to minimize discrepancy. Specifically, we considered three different
optimization criteria using three different measures of discrepancy between the two curves.
For simplicity, we have used constraints in all three cases that the currents through any of
the 32 electrodes be greater or equal to zero and that the sum of all currents through the
electrodes be equal to 1mA. The latter constraint was arbitrarily defined and can be
adjusted as necessary in the context of using total current amplitudes that do not express
stimulationevoked side effects.  Using only the difference between the Max Curve and
Actual Curve as a measure, the problem can be solved by linear programmiras (LP)

follows:

minimize:B 0 j 00
subjecttoB'O pandO T foral™Q

Using the square of the difference between the two curves, the problem can be solved by

guadratic programming (QP):

minimize:B 6y 00
suljectto:B'O pandO T for all'Q

Finally, the maximum deviation (MD) between the two curves as a criterion to minimize

is given by:

minimize: & @ 0 f 0 0
subjecttoB'O pandO T forall'Q

For linear programming, quadratic programming, and maximum deviation minimization
via convex optimization, the problem is wplbbsed and has a unique, global minimum.
Here, we considered all three of these criteria separately (LP, QP, and MD), and
implemented the optimization in MATLAB (v2013b) using the cvx package for solving

convex optimization problen{99]. All computations ad performance assessments were
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run on a PC with eight cores, &4 operating system, 24.0 GB RAM, and an Intel Core i7
processor at 3.40 GHz. To verify optima were reached, one million random electrode
configurations were generated, and their correspondiiscrepancy measures were

obtained to construct noise histograms for each of the three methods.

2.2.6 Runtime and Sampling Robustness

We ran the algorithms on random subsets
runtime with respect to number of gnwbints used, and (2) the robustness of electrode
configuration solutions with respect to sampling. Each of the three optimization criteria
(MD, QP, LP) was used on random subsets of the efferent VPLo grid points. The random
subsets consisted of eight sdimp levels: 1/2, 1/4, 1/8, 1/16, 1/32, 1/64, 1/128, and 1/256

of the total number of grid points within the volume. We obtained and ran 31 random
subsets of grid points for each sampling level. The resulting electrode configurations were
assessed based the average height and angle of the active electrodes. The runtime was
also measured. This yielded 31 measurements of height, angle, and runtime for each

sampling level.

2.3 Results

2.3.1 Electrode Configurations

The optimal current output in the efferent and r&ffeé cases is shown graphically in Figs.

4 and 5, respectively. In both cases, MD had the most active contacts, while LP had the
least (contacts delivering ‘1A or more current were considered active). The distribution

of current amongst the active conttawas fairly uniform in the MD criterion solutions and

less so in the QP criterion solutions. In the efferent case, the mean current output was
0.067 0.037 mA per electrode (meanstd) for the MD solution and 0.090.104 mA

per electrode for the QP salm. In the afferent case, the mean current output was
0.072 0.043 mA per electrode for the MD solution and 02147 mA per electrode for

the QP solution. In the efferent case, the active electrode contacts faced the anterior or
posterior directions prinmdy. In the afferent case, most active electrodes faced medially

or laterally. In the case of the LP solution, for both efferent and afferent cases, the entire
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1 mA current was applied through only one contact, as expected from the previously

mentioned hhought experiment.

Efferent VPLo
Mean Std (V/mnf) Max (V/mnv) Min
(V/Imm?) (V/mm?)
MD 7.763 p 1 0.022 0.445 -0.287
QP 15 pm 0.04 1.362 -1.172
LP 22 p T 0.091 3.573 -2.953
Efferent VPLc
Mean Std (V/mnf) Max (V/mnv) Min
(V/Imm?) (V/mmn?)
MD 931 pm 0.002 0.009 -0.046
QP -8.867 p T 0.007 0.049 -0.186
LP -8.605 p 1 0.012 0.119 -0.381
Afferent VPLoO
Mean Std (V/mnf) Max (V/mnv) Min
(V/Imm?) (V/mn?)
MD -15 pm 0.027 0.576 -0.342
QP 14 pm 0.045 1.599 -0.809
LP 39 p1m 0.069 3.912 -0.785
Afferent VPLc
Mean Std (V/mnf) Max (V/mn?) Min
(V/mm?) (V/mnmy)
MD -8.835 pm 0.003 0.043 -0.022
QP 2174 p 1 0.001 0.012 -0.004
LP 4975 p 1 0.001 0.009 -0.003

Table 2.2 Activating function valuegesulting from convex optimization approaches

2.3.2 Activating Function Values

The algorithm AF solutions were baksen grid points in VPLo and were optimized to
achieve proximity to the VPLo Max Curve. The resulting AF values for both VPLo and
VPLc are summarized ifable 2.2 and shown graphically ifrig. 2.6 & 2.7. Not
surprisingly, higher AF values were concentratedr the active electrodes. In both the
efferent and afferent cases, the MD, QP and LP solutions produced successively tighter

concentrations of larger AF values along the length of the thalamic nuclei. The MD solution
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AF values exhibited the least amowitspread both spatially and numerically. The LP
solution, on the other hand, exhibited the most spread, the largest mean, and the largest
maximum AF values, but also produced the lowest AF values within VPign.2.7
illustrates the proximity of the acal AF values to the Max Curve fMPLo grid points.

The LP solution had many points that achieved their maximum value, though a relatively
large variation in AF values was once again evident across grid points. In contrast, very
few grid points from the N and QP solutions achieved their maximum values, but there

was relatively less variation in AF values compared to the results using the LP criterion.

2.3.3 Optimization Results
Fig. 2.8 shows three different measures comparing the performances of the MDndQP, a
LP solutions to one million random (chance) electrode configurations. Stimulating
electrode configurationigthree separate criteria solutions and 1 million random solutions)
were used to calculate the modeldgicted actual AF values using (2.4 heresults were
arranged into the Actual Curve. The maximum deviation, sum of differences, and square
of the sum of differences between the Actual Curve and the Max Curve were calculated.
As expected, the MD solution achieved the lowest maximum deviatienQEh
solution achieved lowest sum of square of deviations, and LP solution achieved the lowest
sum of deviations. Furthermore, within each of these categories, th@drsming
solution performed significantly better than chance. While no single opatimzsolution
yielded bettethanchance results across all three measures, MD tended to perform better
relative to chance in all categories. QP and LP showed fk&iechance performance for
all except the maximum deviation category. Theapues for ach category are listed in
Table 2.3
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Figure 2.4: Convex optimizatiogenerated electrode configuratiorier the thalamic
efferent pathway approximations. The left, middle, and right columns show outcomes from
the MD, QP and LP optimization criteriagspectively. Active contacts (> 19 in each

case are showf(top row) with the precise amount of current calculated by the algorithm
shown in indexed colors (second row). Axial views (third row) and oblique views (fourth
row) of VPLo and VPLc are shoumthe context of the DBA with active contacts shown
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Figure 2.5: Convex optimizatioigenerated electrode configurations for the thalamic

afferent pathway approximationisabeling is identical to that described fBigure 2.4.
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Figure 2.6: Comparisonof convex optimization results against Max CurMax Curve

(upper bounding linecomparedto solutions obtained by MD, QP, and LP for efferent
(top) and afferent (bottom) data. Grid points in the region of interest are sorted based on
their maximum achievable valuésr each optimization criterion, the actual value at each
grid point is plotted underneath its maximum possible value. Therefore, the closeness of
the grid points to the Max Curve is a measure of optimization performan€d.4Ad (G

): AF values at # grid points are presented in units of V/fnD-F) and (3L): Grid

points with AF values less tha@.01 V/mrAwere omitted in these plots. The remaining
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AF values were made positive by adding 0.01 and the natural logarithm of the resulting

values was @mputed.

Efferent Data
Max Deviation Sum of Square of Sum of
Differences Differences
MD < 0.001 <0.001 0.001
QP 0.8348 <0.001 <0.001
LP 0.8593 0.0037 <0.001
Afferent Data
Max Deviation Sum of Square of Sum of
Differences Differences
MD < 0.0a <0.001 0.0583
QP 0.2758 < 0.001 < 0.001
LP 0.2758 < 0.001 < 0.001

Table 2.3:P-valuesof each convex optimization approach compared to random chance.
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Figure 2.7: AF values resulting from DBSA stimulation using algoritemerated
electrode confjurations.(A-C): Efferent data, axial view of the AF values resulting from
stimulation configurations generated using the MD, QP, and LP criteria, respectively. (D
F). Coronal view of the AF values shown irnda (G1): Afferent data, axial view of the

AF values resulting from stimulation configurations generated using the MD, QP, and LP
criteria, respectively. GL): Coronal view of the AF values shown if)(jFor visualization

purposes, all AF values greater thah01V/mmMwere made positive by addi®.01 and
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the natural logarithm of the resulting values was computed. The logarithm values were
used as indexed colors. The color bar in this figure ranges{8dn3 in logarithm values.
Points with values outside of this range were directly assigmedalues of6 or-3. Points

with AF values less tha®.01V/mriwere assigned logarithm values-6f Refer to Figure
2.1(D) for borders between VPLo and VPLc in the coronal view. Refer to Rglice 2.5

for the border in the axial view.
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Figure 2.8: Performance comparison of MD, QP, and LP to one million random electrode
configurations(gray normalized histogram), in efferent and afferent data. The three
measures considered (Max Deviation, Sum of Squares, Sum) each indicate deviation from
maximum possible activating function values. Thus, lower values correspond to better

performance.
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Figure 2.9: Comparison of runtime and sampling robustness for MD, QP, andTif.
original number of grid points for efferent data was 27,173. For each Iégalopling (Y2,

Y4, etc.) a random subset of the original points were selected. (A, D, G) Average height of
active electrodes with respect to multiple sampled subsets. Standard deviation of height
progressively increases as smaller subsets of original pametsised. (B, E, H) Average

angular direction of active electrodes. Similarly to average height, standard deviation
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increases toward random distribution. (C, F, I) Runtime and logarithm of runtime with
respect to sampling.

2.3.4 Runtime and Sampling Robushess

In terms of runtimeKig. 2.9: C,F,l), mean duration for 27,173 efferent VPLo grid points
was 3.0 seconds for the MD solution, 3.4 seconds for the QP solution, and 0.2 seconds for
the LP solution. Runtime scaled nonlinearly with respect to numbercdpgints, such

that sampling half the grid points reduced runtime by more than half. Using subsets of the
full grid points for the computation yielded active electrodes with similar mean hEight (

29: A, D, G) and mean angular directiokig. 2.9: B, E, H). However, smaller subsets

yielded larger standard deviations of the active electrode heights and directions.

2.4 Discussion

Current steering has shown promise for improved therapy in other electrical stimulation
technologies such as cochlear implafi®0], retinal prosthese$l101], spinal cord
stimulation[102], and nerve cuff electrodgs03]. With the introduction of higher density
DBS arrays, current steering technology has fibtential to significantly improve DBS
therapy by shaping the electric field toward a target volume while avoiding regions that
could induce adverse side effe¢&9]. In this study, we presented a computationally
efficient, mathematically flexible miimization formulation to optimize and shape current
delivery through a 32hannel DBSA in order to enhance the probability of neuronal
activation within VPLo thalamus. This approach is readily extensible to other DBS lead

designs and other DBS targets within the brain

2.4.1 Predicting Neural Activation

Several computational methods have been used to presiconal activation. The first
spatal derivative along the neuronal process has been shown to be appropriate for
modeling activation near the vicinity of the sofi@4]. However, computational studies
have also shown that the waveforms used in DBS applications are likely to elicit action
potentials first in the axond05,106] based upon the second spatial derivative of the

extracellular voltage along the axonal procesds107] Such calculations can be
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performed using spatially distributed mutompartment neuron modgE08] to obtain a

VTA. However, this process is computationally intensive. A more efficient approach, as
described in tis study, is to use the AF values along the estimated direction of neuronal
processes to predict the VTA. This method is widely u&&)83,109,11Q] but still
requires large amounts of simulationso®run and the results stored in order to account
for different orientations and displacements of neuronal processes from the source(s) of
stimulation[75]. Studies have pointed out the limitations to this apprfiEch] and a novel
method for VTA prediction using artificial neural networks (ANN) has been proposed
[112], although substantial amounts of simulations are still needed to generate different
stimulation scenarios to train the ANN.

Our goal here was to increase the probability of neuronal activation instead of
determiningthe exact activation profile using VTA prediction. We do this by maximizing
AF values, taking advantage of webtablished theories associating higher AF values with
neuronal activatiofi81,107] It is not straightforward to set an exact threshold AF value
due to the variation in reported vaf{&3], [67], and the dependence on factors sash
fiber orientation and distance of compartments to the active electrofiefk)
Nevertheless, the method presented here circumvents such limitations by determining a
theoretical maximum AF value at eaclidgpoint (Max Curve) given a current input limit.
These grid points represent neuronal compartments, each with the ability to initiate an
action potential. The goal of our superposition and optimizdiased framework is to
achieve proximity between théiraulatiorrinduced AF values and the Max Curve. This
ultimately aims to increase the probability for action potential initiation or other forms of
subthreshold modulation.

While we used the Max Curve, the algorithm can be readily adapted to activation
thresholds, such as a constant AF threshold used in some sf68je$67,83] or a
nonlinear AF threshold fathff with respect to distance from the stimulating electrode
[84].. Here we selected the Max Curve as the target criteria to compare each grid point
against its own theoretical maximum AF value. This avoids certain issues that constant
AF thresholds may introduce, such as waighthe discrepancies due to grid points far
from the electrodes too heavily. Furthermore, it is possible that certain AF values on the

Max Curve are negative, which means that the hyperpolarizing effect would elicit an
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indirect depolarizing influence ohé axons. These points can be omitted frondthmetrix
so that the algorithm can focus on the remaining points with positive AF values on the Max
Curve. Here, we chose to keep these points in this study.

2.4.2 Algorithm and Performance

Finding the optimal stimulation strategy for higbnsity electrode eays remains a
challenge in various electrical stimulation technologies. Manipulation of the amounts of
current delivered through each electrode has been shown to shape the spatial distribution
of voltage potentials, their gradiensl 3], and ultimately the VTA114].

Algorithms for automatic generation of stimulating electrode configurations require
well-defined neuronal response measures and an understanding of the underlying
mechanisms of action. In cochlear implant studies, the goal is to minimize current spread
from activating multiple electrodes so as to reduce the effects of interfering stimulation.
Studes have proposed using psychophysical measurements to find the optimal electrode
configuration in order to selectively activate a particular neura)kitg 116] In DBS, the
goal has been viewed as one to maximize modulation of neuronal spike activity within a
target brain regionyhile avoiding activation of pathways implicated in the manifestation
of side effects. Interms of the former, one of the established approaches is to search through
pre-compiled solutions to find the settings that give the most overlap between the YTA an
the target volumgl17]. For DBS arrays, this approach would require massively large
computational resources to calculate this solution. The computational efficiency of our
approach arises fronircumventing VTA prediction, while maintaining simplicity in user
inputs: the power constraint (1 mA in this study), the target volume, and fiber orientations
(in order to discretize the volume into grid points aligned in that orientation).

FromTable 22, the mean AF values differed depending on the orientation of the
fibers. However, this difference was not significant. Within VPEig(2.6/Table 22), the
LP solution achieved the highest mean AF values, but also resulted in the largest spread of
data (dout 2.54 times larger than the MD solution, and-2.3 times larger than the QP
solution). Meanwhile, the QP solution produced slightly larger mean AF values than the

MD solution in both efferent and afferent cases, and only had a slightly larger.spread
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Based on this analysis, the LP criterion would be selected if one was interested in
optimizing for the average AF value in the region of interest. Indeed, the LP solution
converges on a single electrode, which has the greatest influence on the AFaioean
The LP criterion is mathematically equivalent to maximizing the mean AF values across
all grid points. As such, it is expected that some grid points from the LP solution will lie
on the Max Curve (as shownHig. 2.6) since all the current is appdi¢o a single electrode
and thus certain grid points will achieve their maximum AF and lie on the Max Curve by
definition. On the other hand, if one considers generating a more uniform activating
function value of the region of interest, the QP and M2getwould be more appropriate.

It is important to note that each criterion is meant to be used independently. What remains
is performing the electrophysiological investigation to ascertain which criterion yields the
most robst therapeutic effect with DBS

There are other considerations to factor into this calculation. For one, charge
density limits of stimulation at a given electrode may impact the LP approach more than
the other two curve fitting approaches, since the LP solution converges on a single
electrode. Additionally, the QP and MD criteria require multiple electrodes with
independent current controlled stimulators that are not yet widespread clinically.

The optimization approach with MD, QP, and LP criteria each outperformed one
million random egctrode configurations in their respective measures of proximity to the
Max Curve Fig. 2.8). However, no single criterion solution yielded betteanchance
performance for all three measures. Indeed, while the LP solution clearly achieved the best
perfomance for sum of deviations, it also had the worst performance for the other two
measures. It is thus important to recognize that the efficiency and mathematical flexibility
of these algorithms must be coupled with a clear goal of what are the detesd tor
the resulting AF values. These criteria may depend on pajeatfic parameters (e.g.
modulating a target uniformly or leveraging activation of a pathway that can have broad
synaptic influence over the entire regié4].

The algorithm runtime for each of the MD, QP, and LP criteria was on the order of
several seconds fadhe number of grid points used here, making it feasible fesiten
patientspecific clinical use. Runtime scaled nonlinearly with respect to number of grid

points (i.e. halving the number of grid points reduced runtime by more than half). However,
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thisnonlinear relation was not very strong. Randomly sampling half the grid points yielded
a similar average height and angle of active electrodes, indicating that the algorithm is
robust to changes in grid point resolution. However, very small samples fondasy to

low grid point resolutions) resulted in chance electrode configurations, since the spatial
extent of the samples was sparse relative to the spatial features of the electric field. The
algorithm presented here also allows for fast computatiomudifple stimulating electrode
configurations using the same DBSA to target different neuronal subpopulations within a
target region, as in the case of coordinated reset stimul@fhl8]to desynchronize
pathological oscillations.

2.4.3 Study Limitations and Future Work

This study applied the optimization concept using relatively simplistic models to create a
controlled environment. One important limitation to this study is the simplicity of the tissue
model and its underlying neuron morphologies. For example, the volumé3Lof and

VPLc were discretized in two fixed directions, and the grid points were arranged in serial
layers. A more realistic way to discretize the volumes would be to populate them with grid
points that are more morphologically realisf@?,98106,119,12Q] Second, while the
activating function was computed with potentials constrained to the approximate axonal
trajectories within thalamus, the voltage distribution itself was obtained under the
assumption of a homogeneous and isotropic tissedium. This approximation is
reasonable at the grid point spacing considered [Bdiethough a more realistic model
would incorporate conductance inhomogeneity as well as anisotropy througsioatiff
tensor imaging57]. The changes would take place in the initial construction of the FEM
(e.g. extracting anisotropic and inhomogeneous tissue conductixitragfffusion tensor
imaging data), but would not impact the overall efficiency of the algorithm. As such, this
framework enables one to readily adapt the model with changing implant environments
(e.g. to model edema in acute implants vs. encapsulatiolramic implants). Third, we

did not model the voltage drop or capacitance of the electlederolyte interface. Such
considerations are importd21], and the optimization algorithms developed in this study
are amenable to the inclusion of suadmplexities as part of future iterations of the

algorithm. Another important consideration is that the algorithm in its current form does
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not include minimization of the AF values in regions deemed to elicit side effects when
stimulated, such as VPI[64,122,123] Such an algorithm, which optimizes both cathodic
and anodic currents delivered through the DBSA, is part of a subsequent study.

Validation studies exploring tke parameters are needed to clarify this relation
between the AF criteria and both electrophysiological changes in the brain and behavioral
outcomes in the subject. Studies in the fields of cochlear and retinal implants have
demonstrated that currentsteerg can create o6virtual el ectr
of current between physical electrodes to elicit percepts intermediate to those produced
using monopolar configuratio$00,124] In DBS, clinical validation studies have shown
that stimulation strategies ek on computational models can be superior to clinically
derived strategies to limit cognitive deficienc[d8] and improve therapeutic outcomes
[80]. Electrophysiological studies to validate the model predictions are important and have
been limited to date. For one,i# important to consider the spatial distribution of the
modulated neuronal firing patterns around the DBS [@28,126]and how this varies
amongst algorithrgenerated stimulus settings and the setting derived from a clinical
exam. It is also importarib validate the models at a circuit ley&R7] to compare the
ability for a given set of settings to modulate neuronal activity throughout the affected
network. Ultimately, it is important to directly measure behavioral outcomes, such as motor
capsuleside effects[117] and symptom reductiofd8] [69], in a clinical setting to

determine if the algorithm gerated stimulation is more effective and efficient.

2.5 Conclusion

In this study, we have described an efficient computational algorithm for programming
high-density DBSAs using convex optimization. The algorithm departs from the traditional
approach of VTA pediction by solely aiming to achieve higher probabilities of neuronal
activation within a target volume. The FEb&sed nature of this approach allows it to
readily accommodate any patiesgecific, anisotropic / inhomogeneous data. A limited
number of sirmlations (equal to the number of electrodes) are all that is needed to compute
the optimization routine, which in itself requires seconds to compute. Together, this convex
optimizationbased framework for electrode configuration selection presents a novel

approach for ofsite patientspecific clinical application.
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Chapter 3 Particle Swarm
Optimization for Programming
Deep Brain Stimulation Arrays

(Published)

E. Pefa*, S. Zhang*, S. Deyo, Y. Xiao, and
for programmingdge br ain sti mulation arrays, 0 Journ
no. 1, p. 016014, Feb. 2017. [*fiost authors]

3.1 Introduction

Deep brain stimulation (DBS) therapy has shown tremendous promise and growth over the
past decades as an invasive neurosatgechnique for treating numerous brain disorders
[128]. The clinical success of DBS relies on both accurate implantation of one or more
leads of electrodes into deep brain target(s), and identification of stimulation parameters
that alleviate gmptoms without inducing adverse side effects. One recent advance in the
field of DBS that can address both factors is the development of DBS leads with electrodes
distributed both along and around the shank of the |é8¢563,64,69,129] With this
increase in number and distribution of electrode sites, thesallsd DBS arrays (DBSAS)
expand the programming options for steering, shifting, and sculpting volumes of neural
activation[63,130] Such functionality may be especially important when DBS leads are
positioned in a brain region with a noniform target morphology66], or when DBS
leads are implanted in close proximity to nuclei or fiber pathways that, when stimulated,
evoke adverse side effe¢63,64,131]

However, increasing the number of independent electrodes creates the logistical
challenge of identifying (or programming) the stintida settings that optimize therapy
for a patient. DBS leads with four cylindrical electrode contacts are known to require hours
of meticulous and tedious triahderror programming in some casfis32], and the
increase to eighjd8] or thirty-two electrode$69] is likely to create an intractable problem
to optimize electrode configurations and stimulation parameters within a clinical setting.

One solution to decrease the higimensionality ofthis programming problem is to
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construct computational neuron models of DBS that are fit to patient imaging data
[121,133 135] and then apply efficient algorithms to identify stimulation parameters on a
subjectspecific basi$112,136]

One previously developed algorithmic approach is based upon machine learning
and training a classifier on thousarmafscomputational neuron model simulatiofid 2]
that are based on biophysically realistic axon moflEd¥]. These axon models are
distributed across a range of orientations relative to a DBS lead, and finite element models
are used to solve for the tissue voltage across a rangeabfoele configurations and
stimulation setting$75,138] Geonetrical features that describe the resulting volume or
tracts of tissue activated from these neuron model simulations are then used to train a
machine learning algorithm. The trained algorithm can then predict stimulation settings
based on a new target uohe of tissue that one wishes to activate. While comprehensive
in formulation, the machine learning approach requires a large number of upfront
simulations to train the classifier.

A more computationally efficient approach for automating the DBS progragnmin
process is to optimize a less complex model of neural activation without actually simulating
multi-compartment neuron models. In such models of electrical stimulation, one typically
estimates the stimuldaduced currents applied to each neuronal mengbcampartment
through an activating functiof81], driving function[139], or weighted driving function
[111] that is calculated from extracellular voltagastained from solving finite element
models. For example, Xiao and colleagues showed that one can maximize the sum of the
activating function values within a region of interest using convex optimization to automate
programming of DBS arrayj436]. Similarly, genetic algorithms have been developed for
programming stimulation settings through peripheral nerve cuff electidd€$ The
challenge, however, with this overall approach is knowing how well the less complex
model simulations actugl compare with the more detailed mutbmpartment neuron
models that incorporate more biophysicallyliste elements and parameters.

In this study, we formulate the problem of predicting neural activation within
regions of interest and regions of avande as a neoconvex, discretealued objective
function with local minima. To solve such a problem, we developed a particle swarm

optimization (PSO) methodology, which works by iterative exploration of the electrode
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configuration and stimulation amplitugerameter space. The PSO approach has been
successfully applied in a number of optimization probldfal], which range from
permutation$142], inversion of ocean color observatigh43], training multilayer neural
networks[144], predictng tremor onsdtL45], and tracking human motion without markers
[146]. In addition to implementing the PSO approach to solve thecaovex, threshold
based problem we have formulated, we also extend the optimization problem to-a multi
objective one that optimizes for three separate clinically relevant objectives: (1) maximize
activation of the therapeutic target volume, (2) minimize activation of side effect volumes,

and (3) minimize overall power consumption.

3.2 Methods
3.2.1 Finite Element Modding

A threedimensional finite element model (COMSOL Multiphysics v5.2) was developed
for a DBS array131], which consisted of 32 ellipticalectrodes (0.53 mm major axis, 0.3
mm curved minor axis, 0.1 mm thick) arranged in eight rows and four columns along the
cylindrical l ead (0.5 mm diameter).Conduc
S/ m) and el e cbtSimpvier setagaiding=to d greViGus model from our
group[136], approximating the conductance of silicon carbide and polyimide insulation
and conductie platinum electrodes, respectively. Though more complex tissue
conductance models of DBS have been develdpddl47 149], for the purposes of
demonstrating the PSO algorithm, we assigned simple isotropic conductance values to the
encapsulation | ayer ([160]and tomne bulk tissue (100imm= 0 . 1
di ameter ; {02]. Quadrati® teti@tiedndl mesh elements were generated by
Delaunay triangulation with variable resolution mesh refinements set such that further
refinement of the mesh yielded less than 5% changes in the activating functionemeasur
The resulting mesh consisted of 4,104,421 domain elements, 204,990 boundary elements,
and 12,708 edge elemei86,151]

While there are myriad number of electrode configurations and stimulation
amplitudes that could be modeled, we leveraged the principle of superposition and solved
the Poisson equation in COMSOL to calculate the tisstiagemap individually for each

of the 32 electrodes. In this case, for each simulation, a single electrode was set as the
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boundary current source with a cathodic current of 1 mA (current density 856841f)

and the outer surface of the bulk tissue setsto ground. These single boundary current
source simulations resulted in tissue voltage maps, which were then scaled and
superimposed to generate finite element modeling solutions for more complex electrode

configurations with independent current sostce

3.2.2 Predictions of Thalamocortical Axon Model Activation

3.2.2.1 Motor and Somatosensory Thalamus Reconstructions

For this study, we modeled stimulation targeting the rhesus macaque censueliaing

area of motor thalamus (VPLo: ventral posterolateral parks)pfa36], which is the
homologue of the ventral intermediate nucleus (Vim) in humans and primary DBS target
for treating essential tresn. Of note, clinical DBS implants targeting this nucleus can be
difficult to program because of lethreshold side effects such as paresthesia, which are
thought to result from the spread of stimulation into the somatosensory thalamus (VPLc:
ventral postmlateral pars caudaligb4,152] Surface reconstructions of the region of
interest (ROI; in this case, VPLo thalamus) and the region of avoidance (ROA; VPLc
thalamus) were generated from the rhesus macaque[b8&iy153] A DBSA was placed
within the VPLo volume at 77° above the horizontal plane and at 10° from theabagitt
plane in an anterior to posterior traject@¢frg. 3.1A). VPLo and VPLc volumes were
populated with 4,549 and 5,937 thalamocortical axon models (0.2 mm internodal spacing,
with each axon arranged in a grid 0.72 mm away from adjacent neighbors) witifiessimp
linear trajectories running from ventromedial to dorsolateral at 45° from the axial
intercommissural plané-{g. 3.1B). The linear trajectory and 45° angle were approximated
from a previous investigation of efferent thalamic fibers in-haman prinates[154].

Axon models that overlapped the DBSA were removed from subsequent analysis.
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Figure 3.1: Models of thalamic DBSA stimulatiaovith fibers (A) Reconstructions of the
cerelellar-receiving area of motor thalamus (VPLupperleft region) and somatosensory
thalamus (VPLclower right region from the rhesus macaque, showing DBSA placed 77°
above the horizontal plane and at 10° from the sagittal plane in an anterior to posterior
trajectory [136]. (B) Trajectories of thalamocortical axonaxpns throughvPLo and
throughVPLCQ) extending from both thalamic nuclei.

3.2.2.2 Modeling Myelinated Axon Algation
One way to estimate axonal activation resulting from extracellular stimulation is to solve

the inhomogeneous cable model equation of a myelinated[88@155,156]

_— t — o  _— (3.1)
where & is the axon space constant that S
Vmis the membrane voltage, némbrane anbdsthei me ¢ c
interpolated extracellular potential calculated from the finite element model solution. For
simplicity, the source term can be approximated with the difference approximation:
f o h

5 (3.2)
where encorresponds to the extracellul ar vol t
bet ween adjacent nodes of Ranvier. This sc
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shown to provide a reasonable approxiorabf the norfaradaic transmembrane currents
that result from the initial onset of an extracellular stimulation g8se.07}]

Here, we use a modified activating function (MAF) to predict axonal activation.
We compute the second spatial difference using extracellular potentials freawljaant
nodes of Ranvier:

000wy CWp Wk (3.3)

Notably, this approach is fundamentally the same as the activating function, except
that it yields a smoother version of the activating function. Because this modified spatia
difference is a linear function of the extracellular potentials, the superposition principle can
be used to efficiently predict MAF values for an arbitrary electrode configuriii).

For each axon, we constructed abjd3 2 mat ri x (denoted as the
the MAF value for all N nodes of Ranvier when stimulating through each electrode
individually. This enabled computinge MAF value at every node for arbitrary electrode

configurations by multiplying the C matrix with the -B§-1 vector of currents going
through each electrode of the DBSA.

3.2.2.3 Defining MAF Thresholds for Axonal Activation

An axon was considered activatédfor a given electrode configuration, the MAF value
exceeded a predefined threshold (MAFT) at one or more of its nodes. Because the choice
of MAFT is dependent on the specific axonal geometry, we tuned our MAFT empirically
to maximize its predictive accacy for our thalamic fiber geometry. We simulated the
axonal fiber geometries as medtompartment myelinated axon models in NEURON
(v7.4). Axon models consisted of 2 um diameter fibers with compartments representing
nodes of Ranvier, myelin attachmengsents, paranode main segments, and internode
segments connected through an axial resistfi®g]. Axonal membrane compartments
were each driverusing the extracellular mechanism in NEURON (e_extracellular)
[64,66,157] We applied a waveform witha® us cathoddeading phase, 400 ps interphase
delay, 3 ms chargbalanced anodic phase, and 135 Hz pulse [d8]. The specific
extracellular potential localized to each axonal node from cuo@mtrolled DBS inputs

(0 to-1 mA per electrode) was estimated with the FEM and superposititer. ihning
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30 primer simulations with a range of electrode configurations, we computed a best fitting
MAFT value by minimizing the mean squared error between MAFT predictions and the
30 primer NEURON simulations. The obtained MAFT value (0.0023) was foseall
subsequent PSO runs.

3.2.2.4 Estimating Axonal Activation

The MAFT value was then used to construct functions that predicted the number of axons
activated in ROIR(x), and the number of axons activated in RGx) These threshold

based functions wemescribed as follows:

Yo B Oi A@ ;e | (3.4)

Yo B O A@ ;e | (3.5)

wherex is a vector of size 32 corresponding to the current through each ele@rode;
and Croajare the C matrices for ROl axérand ROA axorj, respectively;H ( & the
Heaviside function; antlis the MAFT value. Using a MAFT value of 0.0023 (obtained
as described in Section 2.2.3), the discrepancy between MhAB&d predictions and
NEURON model predictions was less than 1%haf total axons in either ROl or ROA
(Fig. 3.2). Given this low discrepancy, the MAFT value and the functRf9 and S(x)

were used in all subsequent PSO simulations.
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Figure 3.2: Comparison of MAFT predictions and NEURON model predictions in the ROI
and ROA.(A) Spatial cross sectional view of a subset of axons illustrated overall
agreement between the MAFT (0) and NEURON predictions (x). (B) Comparison of MAFT
and NEURON predictions in terms of number of axons activated. Results indicated a
discrepancy of-1.3 + 38 axons (slight MAFT underprediction) for ROI, and 1.6 + 20 axons
(slight MAFT overprediction) for ROA. This constituted a discrepancy of less than 1% of

all axons.

3.2.3 Optimization Problem

For the simplified thalamocortical axon geometry moded , the optimizati
objectives were to (1) maximize the number of activated axons in the ROI, (2) minimize

the number of activated axons in the ROA, and (3) minimize the power dissipated by the
stimulator. These three distinct objectives aefflthe desired clinical outcome, in which

robust therapy is delivered with little to no side effects and with low power consumption.
Additionally, we constrained the stimulus waveform through each electrode contact to have

a cathoddeading phase (betwednhto -0.5 mA), which was within the current density

safety limits based on the electrode size. Conceptually, this optimization problem can be
denoted as follows:
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maximize Y ® (3.6)

minimize Yo (3.7)
minimize Ve B o (3.8)
subject to ™ o TWQ phBiluc (3.9)

whereP(x) is the power in mA(not scaled by impedance).

To solve this multobjective optimization problem, we employed standard
approach known as linear aggregation, which involves creating a single scalar objective
function from the weighted sum of the three distinct objectives. We chose a weighting
based on our ranking of importance of the objectives:

minimize Yo (Yo ™I e (3.10
subject to ™ o TQ pBlvg (3.11)

However, one limitation of the linear aggregation approach, from the clinical
perspective, is that it assumes that there is one correct prioritization between the three
objectives. This limits the user who seeks to prioritize outcomes in a different, subject
specific manner. Ideally, we would be able to solve the optimization problem for every
possible combination of weightings. To efficiently obtain solutions for a rangeighting
combinations, we mixed the aggregatlmsed method with elements of a Pareto
dominancebased method. Specifically, we leveraged the fact that exploratory optimization
algorithms like particle swarm optimization evaluate many intermediate s@utiGcearch
of the fAbesto solution. We collected these
dominatedd any candidate solution for whic
better in all three objectives). By collecting these interatedsolutions and getting rid of
solutions that were Pareto dominated, we were able to construct a set of solutions known
as thePareto front(Fig. 3.3. Solutions on that Pareto front are considétaceto optimal
becausehey were not Pareto dominateddayy other solution. As such, each solution on
the resulting Pareto front represents the best electrode configuration possible given the
specified tradeoffs. The Pareto front obtained from such a mixed approach enables the

user to readily select among tiple Pareteoptimal electrode configurations without
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Figure 3.3: Typical output from a PSO rufA) A threedimensional Pareto front showing

five unique points on the Pareto front, where each point corresponds to a different
predicted ROl and ROA agttion (i.e. number of axons activated) and power consumption

(in m& without the impedance). Among them, point number 1 achieved the lowest objective
function valueEquation 3.9. (B) Electrode configurations for each of the five highlighted

points. Deppdi ng on a userods desired prioritizat
different point along the Pareto front can be selected for stimulafiba table shows the
PSOpredicted axonal activation (bold, in number of axons) in relation to the total number

of axons in ROI and ROA, as well as the R8€dicted power consumptioimn (mA

without the impedancédr each electrode configuration.

having to directly solve the problem for different weighting combinations. A schematic

flow of this approach is illuséited inFigure 3.4.

3.2.4 Particle Swarm Optimization

3.2.4.1 PSO Behavior

PSO solves optimization problems through a series of searches performed by a collection

of interacting individual$159]. Each individual (particle) exhibits three simplehaviors

that enable it to search through the solution space, and to communicate its findings to
neighboring individuals (swarm). The most f
persistent and somewhat random movement through solution spach, emables it to

explore different potential solutions over time (i.e. inertia). The second behavior is the
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particledbs tendency to move toward a point

(i.e. the fAsocial o or f®@gltdhkalptarbectl)edsTher
towards the best point the particle itseldf
Mat hematically, a particleds position i

described as follows:
wo p wo ULVO p (12)
where® 1* Y& D (13)

wherex is the position (i.e. electrode current) bounded betwé&gnand Xmay i IS the
particle numbertis iterationandvi s t he @A v el owogeihguwent). Ehethmee( i . e .
simple behaviors of the particle are included in this velocity term by three components:

inertial, social, and cognitivil60]. Hence, velocity is defined as:
0O O p 0B O6 ®IA 60200 wWo wId 0200 w O
(14)

wheregj is the electrode numbewis the inertial component; is the cognitive component,

c2 is the social emponenty is the particlespecific best as of iteratianandRis the global

best as of iteration Meanwhile rijj andrzjj are additional weighting factors that allow for
randomness, which promotes exploration. In our implementation, wg tebe randomly
distributed between 0 and 1 (inclusive), whidgwas set to 1 for allandj. As such, the
random component of motion was solely due to the cognitive component. Finally, we

definedw as follows:

6o —0 0T (15)

wheren is the maximum number of generations. Wevgstch that it decreased linearly
from 0.9 to 0.4 in order to promote initial exploration followed by a tendency to converge
toward the endl160] (Table 3.1).
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3.2.4.2 Cognitive vs. Social Velocityagdhponents

PSO exploration is driven by social and cognitive components, such that the chaice of c
(cognitive) and g (social) significantly influences the effectiveness of exploration in a
problemspecific way. To determine appropriate @&d ¢ values fo our thalamic
geometry, we performed a parameter sweep by running the PSO algorithm five times for
every possible combination of and ¢ across a range of values (0.025, 0.05, 0.1, 0.2, 0.4,
0.9, 1.8, 2.7, 3.6, 4.5, 5.4, and 6.3). We then assessed¢@abimation based on (1) the
optimality and consistency of its objective function value (i.e. mean and standard deviation
of objective function value), and (2) its termination status (i.e. convergence vs. stalling vs.
generation limit reached).

3.2.4.3 Number ofParticles

The number of particles affects how effectively and efficiently the swarm can explore the
search space. More particles increase the extent of exploration, but also increase
computational demand. To select an appropriate number of particlesefondtieled
thalamic geometry, we assessed the performance of PSO with respect to 50, 100, 200, and
400 particles. Accuracy was measured using the minimum objective function value
achieved, while computational demand was measured by the number of objautienf

calls by the program.

3.2.4.4 Stimulation Current Constraints

In our implementation of PSO for DBSA programming, each electrode configuration was
represented as a particle in-82nensional space (corresponding to the 32 electrodes).
Each dimension was baded between 0 mA te0.5 mA, corresponding to current
constraints below typical current density limif&able 3.1). We generated 100 particles,

68 of which were initialized to have random current through each electrode (within 0 to
0.25 mA). The remaing particles were initialized to have exactly25 mA going through

only a single electrode. This woa | | e ds tfiamrutl tiini ti alizationo
exploration of the search spdd&9]. Constraints were enforced by checkingday out
of-bounds particles at each iteration. Particles that exceeded the current constraints at any
givenelectrodever e stripped of their velocity (i

t hat el ectrodeods ma X st i meaitheu® mAwoa-=mAO r m ¢

a7

. e
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depending on which bound was exceeded. Notably, these current bounds were the only
constraints applied to the particles.

3.2.4.5 Generation and Termination Criteria
Similar to genetic algorithm approaches, the PSO algorithm involvexplter&ion of a

state space over the course of multiple

Age
established three termination criteria: (1) convergence, (2) stalling, and (3) reaching the
generation limit. The criteria for convergence, stglliand generation limits were tuned

by trial and error Specifically, we consi
currents were close to each other in at least 30 out of 32 electrodes, as measured by a given
electrode having a the standardvidéon less than 0.004 mA across all particles. In
addition, we considered particles to be stalled if the objective function score did not
improve for 100 consecutive generatioiiglfle 3.1). Meanwhile, we set the generation

limit to be 200 generationg &ble 3.1) since we found this enabled enough iterations for
convergent runs to terminate while also enabling-camvergent runs to explore the space

and improve Pareto front estimates. If any of the termination criteria were met, the PSO

algorithm terminged and returned the estimated Pareto frBig. (3.4).

Initialized

particles (position | Select first particle Predict ROI, ROA, and | _ (Lijzdlijézgacirs;:)i:aor:lt | Evaluate objective
. tot ; = (i.e. - X }
& velocity) A o traverse Power for particle points) function for particle

Fix out-of-bounds

|

particles

Are any particles
out of bounds?

Select the next
particle to traverse

ave all particles

been traversed?

Update velocity
and position of
each particle

NO

Any termination
criteria met?

Y
Update global-
and particle-
specific best

Estimated
Pareto front

Figure 3.4: Flowchart for the PS&ased DBS programming approach
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3.3 Results
3.3.1 PSO Variable Parameter Sweeps

Consistently low objective function values were obtained whevas 3.6, 4.5, or 5.4 and

when e was 0.1, 0.2, or 0.4 (white outlined boxed=ig. 3.5A-B and black outlined box

in Fig. 3.50. We used low objective function values as a measure of accuracy because
such values were obtained by having either (1) increased ROI activation, (@asbetr

ROA activation, or (3) decreased power. As such, the lowest objective function value also
corresponded to the most favorable electrode configuration possible. While the stochastic
nature of our algorithm did not guarantee that it would find the lop@ssible objective
function value on any given run, we took a lower objective function value to mean that the
algorithm had more closely approaafed this
combinations that had low objective function values,sefected center values for &s

4.5 and ¢ as 0.2 for all subsequent PSO rumal{le 3.1). With respect to number of
particles, an increase from 50 to 400 caused computational demand to increase linearly,
while generating only a small improvement in ae@yr(Fig. 3.5D). We chose a balanced

tradeoff by selecting 100 particles for the remaining simulatidablé 3.1).
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Figure 3.5: PSO algorithm parameter sweeps across cognitive and social veloeités.
show (A) mean objective function values actossns, (B) standard deviation of objective
function values across 5 runs, and (C) termination behavioe. boxes highlight a range

of ceand e values that consistently yielded low objective function values with little stalling.

(D) Effects of number gfarticles on objective function value and computational demand.
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Parameter Value
Number of Particles 100
Generation Limit 200
Stalling Generation Constant 100
Cognitive Attraction Weight, i 4.5
Social Attraction Weight, € 0.2
Upper Inertia 0.9
Lower Inertia 0.4
Velocity Limit Infinite
Additional Cognitive Weighting,1f | [0,1]
(random)
Additional Social Weighting,2j; 1
Lower Bound Current per Contact | -0.5 mA
Upper Bound Current per Contact| 0 mA
Total Bounded Current none

Table3.1: PSO Algorithm Parameter Values

3.3.2 Consistency of PSO Solutions

We measured the PSO algorithmbés consistenc)
across 30 independent runsig. 3.6). In addition, we compared each estimate to a
Aicombi nedo th&tsasednsiructed frem &ll 30 Pareto front estimates. For each

point Y on each of the 30 Pareto fronts, we computed the discrepancy betwedrthe
closest Acombi nedod P a rFiguren3.6A fordive sampleo Rareto . As
fronts, the frod exhi bited considerable overl ap, a
configurations had in common 8 out of-13 active electrodes$-{g. 3.6B). Furthermore,

predicted ROI activation variation was within 2.0% across all 30 runs. Constructing a

A ¢ o mb iParetodront Fig. 3.60 and comparing its distribution of values to the all 30

runs (uncombined), we observed a relatively small difference in median ROI activation (19

axons), median ROA activatior2Q axons), and median powe4.(L1 m&) (Fig. 3.6D).
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Figure 3.6: Pareto fronts from multiple PSO algorithm rufi$e point that minimized the

objective function is highlighted on each of the five independent Pareto front (A) and the
corresponding electrode configurations are provided (B). The tablevshbe PSO

predicted number of axons activated in relation to the total number of axons in ROI and

ROA, as well as the PS@edicted power consumption for each electrode configuration.

Pareto fronts and electrode configurations exhibited consistent topbg®across runs.

The Acombinedd Pareto front (C) was obtaine
fronts. (D) Comparing the distribution of ROI, ROA, and Power across all runs to the
distribution across the combined Pareto front in (C), thereavadatively small difference

in axons activated and power. ROl and ROA

is in u®niwibobhodmAthe i mpedance.

3.3.3 Robustness
We evaluated robustness by measuring ROI, ROA, and Power under three conditions: (1)

the existence of open electrode sites (i.e. those unusable because of very high impedances);
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(2) low per electrode current limit (e.g. low battery); and (3) lead shifts by 1 mm anterior,
posterior, medial, and lateral relative to the DBSA trajectory. PB® was able to
accommodate for disabling 3 or 12 active electrodes, with ROI activation reduced by only
1.8% and 14%, respectivellig. 3.7A). Reducing the maximum petectrode current by
50% and 80% reduced ROI activation by 5.6% and 16%, respecthigly3.7B). Lead
displacement by 1 mm resulted in different yet relatively similar percent ROI activation
(center: 27.8%, posterior: 20.3%, anterior: 24.2%, lateral: 20.9%, medial: 37.0%). ROA
activation was not significantly different across shifts (<d8ange in any direction}(g.
3.7C-D). Notably, additional simulations with larger lead shifts at 3 mm yielded more
divergent values of percent ROI activation (center: 27.8%, posterior: 10.4%, anterior: 0%,
lateral: 10.3%, medial: 41.4%). The chosen etetds were similar between the 1 mm and

3 mm shifts.
No Disabled 3 Disabled 12 Disabled Max Current Max Current Max Current
(A) Electrodes Electrodes Electrodes (B) Amp0.5mA Amp 0.25 mA Amp 0.1 mA

29 30 31

25 26 27

21 22 23

13 14 15 16 13 15 16 | 13 14 15 16 13 14 15 16
9 10 11 12 9 10 11 12 9 10 11 12 9 10N 12 9 10 11 12
5 6 7 8 5 6 iy 8 5 6 7 8 5 6 7 8 5 6 7 8
1 2 3 4 1 2 3 4 1 2§38 4 2034
ROI 1258/4549 1176/4549 606/4549 ROI 1312/4549 1057/4549 601/4549
ROA 39/5937 24/5937 16/5937 ROA 42/5937 24/5937 0/5937
Power 27.75 20.03 345 Power 41.16 13.92 230

© (D)

21 22

17 18 20 7 |8‘ ]

13 14 15 16 13 14 15 16 1314 15 16 {50

9 10 11 12 9 10 11 12 9 10 11 12

5 6 7 8 5 67 8 S8 7 8

LR Y G 2R s 1 2588 4

; ROI 1265/4549 956/4711 1198/4944 986/4717 1698/4588
ROA 32/5937 34/5646 13/5987 10/5954 67/5951
Power 33.20 8.48 106.15 27.06 57.18
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Figure 3.7: Three tests for PSO algorithm robustng#s. When three select electrodes

near the ROI were disabled, the algorithm maintained relatively stable activation of ROI.
Disabling additional etctrodes resulted in ineffective targeting. (B) The algorithm
exhibited similar robustness when reducing the upper bound curreit) {&hen shifting

the DBSAlead r om or i gi nal center position ACO toc
| ater al Alad, AMOd rméaditi ve to the DBSA traj
stimulation to reflect the new location of the spatial tarJéte tables show the PSO

predicted number of axons activated in relation to the total number of axons in ROI and

ROA, as well as thPSQpredicted power consumption for each electrode configuration.

ROl and ROA are in units of Anu?nbwitbbubxol

impedance.

3.3.4 Efficiency

Efficiency was measured as the average runtime for constructing a Pargtaarich
obtaining a best electrode configuration. We assessed this by running the PSO algorithm
five times on a PC with eight cores,-b6# operating system, 24.0 GB RAM, and an Intel
Core i7 processor at 3.40 GHz. The algorithm took 3.19 seconds pertgeneesulting

in an average of 10.6 minutes per run. These times reflected the duration for obtaining a
solution after segmentation of the brain volume, positioning of the DBSA within the
volume, incorporation of axonal tract morphologies, and identificeof the MAFT for

the ROI and ROA.

3.4 Discussion

In this study, we developed a particle swarm optimization approach to identify DBS
electrode configurations and stimulation amplitudes that generate the most selective and
efficient activation of a regiormf interest around a DBS array. This muabjective
problem incorporated a Pareto front, which offers a range of optimal electrode
configurations from which a user can choose based on pafientfic programming goals.

For example, a programmer may dkxithat activation within an ROA above 10% is

undesirable for a given patient, whereas in another case, this value can be higher or lower.
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Thus, while the PSO is an automated algorithm, the user can select and test a set of
optimized solutions along the iR#o front as needed, making the overall programming
process more intuitive despite the complex geometries and nontrivial electrode

configurations involved.

3.4.1 Particle Swarm Optimization

Particle swarm optimization algorithms employ cognitive and sociapoosnts that adapt
across multiple iterations, much like genetic algorithms and other evolutionary algorithms
[140,16]. In the case of the PSO algorithms, the individuals (or particles) survive
throughout all iterations and continue to refine the solution to the overall pr¢bi&

This iterative refining process enables PSO to efficiently aedtafely search the solution
space. For multobjective PSO, there are a number of approaches for selecting best
solutions and subsequently updating particle positions. We used a mix between the linear
aggregatiorbased approach and a Pareto domindmased approach. Specifically, we
used a linear aggregation objective function to guide exploration of the particles, and we
used Pareto dominance criteria to construct an archive of Ragrtaal points from all
explored candidate solutions.

The linear aggFgationbased approach combines all the objectives of a multi
objective problem into a single objective function with fixed weights. This is the simplest
approach to mukobjective PS(141]. However, this approach gives only one solution
and does not consider the range of the solutions that could be obtained by altering the
weighting of the objectives. To address this, we coupled a Pareto domireseremethod
to keep track of all the Paretptimal points at every intermediate iteratj@62]. Notaly,
the Pareto front estimate was fundamentally independent of the final solution obtained
from the aggregatbased approach, which yielded Pareto front estimates that were robust
to choice of weighting for ROI, ROA, and power consumption. In other wassdgning
a different weighting to each of the objectives (ROI, ROA, power) would yield a
comparable Pareto front estimate in spite of the algorithm evolving differently across
iterations.

In addition to linear aggregatidmased approaches, there are alsomber of more

complex Pareto dominandmsed method463] that may yield more efficient Pareto front
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estimates (e.g. in fewer generations or with fewer particles). These Pareto dominance
based approaches rely on selecting-dommi nat ed Al eader o solut
algorithm. Employing such methods for DBSA programming would require testing and
tuning several different parameters, such as leader selection schemes, swarm diversity,
particle front spread, and archive maintenajizkl ).

Also important to PSO algorithms in general is the topological network of
connections amongst particles and neighborhoods, which govern the convergence behavior
of the algorithm. Here, we fiylconnected all particles to one another such that all particles
in the swarm were directly informed of the global best solution at each iteration. Using
such a global network enables the swarm to converge more rapidly than using a local
network (e.qg. rig, tree, wheel, von Neumann networks), since a locally connected network
i's slower to propagate the information of
faster convergence, however, may be undesirable if it leads to premature convergence on
local optima[162]. As a result, using a local neighborhood approach may improve the
diversity of exploration and consistency of the Pareto front estirfidsl65]

To avoid premature convergence and facilitate exploration, we employed three
strategies: (1) we implemented a musliart initialization approach (see Section 2.4.4); (2)
we chose low acial velocity relative to cognitive velocity, which promotes exploration
[162]; and (3) we set the convergence criteria to be very strict, as the particles are
considered converged only when the standard deviation of current was less than 0.004 mA
(<1% of max currentin at least 30 electrodes.

Notably, while exploration is essential to obtaining consistent Pareto front
estimates, convergence is not necessary. We found that similar and comparable results
were obtained from neoonverging runs that reached the genenmatimit. This finding
enabled us to specify a generation limit (see 2.4.5) such thatomwerging runs continued
to make small improvements before terminating. Such a strategy produced more
exploration at the cost of additional generations of the PStOrd-studies may wish to try
different topological network organizations to aid the PSO algorithm in optimizing its

parameter space exploration and convergence.
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3.4.2 PSO Performance

3.4.2.1 Consistency
Across 30 independent runs, the means and standard deviatidveshafst points on the
Pareto fronts were 1281 + 22 (1.7%) for ROI activation, 34 + 5 (14.7%) for ROA activation,
and 34.0 + 4.6 mA(13.5%) for Power. Furthermore, visual inspection of five sample
Pareto fronts indicated a significant overlap betweenrtdd. This level of consistency
meant that one could expect the PSO algorithm to provide fairly similar outputs across runs
(particularly for ROI activation) in spite of varying initial conditions.

The discrepancies bet we athe30mdviddatfromsb i n e d ¢
were 19 axons for median ROI activatie?) axons for median ROA activation, a#d11
mA2f or median power. The signs reflect the
higher ROI activation, lower ROA activation, and loyemer, which was consistent with
expectations. Considering these discrepancies in terms of the total number of axons for
each region (4,549 for ROI and 5,937 for ROA) and the maximum power attained (60.04
mA?), these discrepancies corresponded to <1% @F &d ROA axons, and 6.8% for
power. The overall small discrepancies further suggested that the PSO algorithm could
come up with similar estimates of the Pareto front across runs. However, despite this
overall low discrepancy, there were still points @ individual Pareto fronts that reached
high discrepancies (e.g. up to ~300 axons, or ~7% of maximum ROI activated). Future
implementations involving purely dominanbased Pareto front estimation (section 4.1)

may help reduce the incidence of such démwet

3.4.2.2 Robustness

The PSO was also robust to translation of the lead trajectory in relation to the ROA, which
was located posterior, lateral, and slightly ventral to the R®h result, shifting the lead

1 mm in the posterior direction positioned thestat and posterior portions of the lead
closer to the ROA. This caused a reduction in stimulation through the posterior electrodes
(21, 25, 29) and the lateral electrodes (24, 28). The ventral electrodes (21, 22, 24) also had
less current because the shap¢he ROA at the new lead location had a greater ventral
extent. The consequence of fewer electrodes being active and the lead being closer to the

ROA was lower Power consumption, lower ROI activation, and relatively unchanged ROA
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activation. This resulaligned with our objective function weightings in which low ROA
activation was more highly prioritize&¢uation 3.9. Shifting the lead 1 mm in the lateral
direction had a similar impact as the posterior shift, since it positioned the lead closer to
theROA. As a result, the posterior electrodes (site 21) and lateral electrodes (sites 24, 28)
experienced a reduced current. In contrast to the posterior shift, however, the ventral
electrodes were still active since the ventral end of the lead in the &idratill remained
surrounded by ROI axons. The resulting solution had lower ROI activation, lower ROA
activation, and lower Power (though Power was not as low as in the posterior shift).
Shifting the lead 1 mm in the anterior direction had the oppefiieet of the posterior
shift. Since the lead at that location was further away from the ROA, there was less ROA
activation. In addition, virtually every electrode in the ROI was sourcing current, resulting
in an overall larger Power consumption. Howesnce this shift also caused the lead to
have fewer surrounding ROI fibers, there was a reduction in ROI activation relative to the
original location. Shifting the lead 1 mm in the medial direction positioned the lead farther
away from the ROA in all dictions, as well as positioning it deeper in the ROI. This
resulted in more active ventral electrodes (site2Q)7 which increased Power (though not
as much as in the anterior shift) and increased ROI activation. Notably, ROA activation
was also increasedeflecting a tradeoff between the large increase in ROI activation and
the relatively smaller increase in ROA activation (Equation 3.9).
Additionally, the PSO showed robustness
as well as modifying maximum curreamplitudes resulting from a low battery, for
instance. In the PSO runs, disabling posterior electrode 25 and anterior electrodes 27 and
31 led to an increase in current through the neighboring anterior electrode 23. Disabling
the three most dorsal rowd electrodes (2B2) resulted in relatively higher current
through the ventral electrodes 14, 17, 18, and 19. Overall, we observed the expected trend
of reduced ROI, ROA, and Power as more electrodes were disabled. When employing more
stringent current castraints, we also observed that the electrode configurations did not
appreciably change in topology as current limits were reduced. As expected, lower current
limits were associated with lower activation of ROl and ROA, as well as lower Power
consumption.This was consistent with the idea that a higher power consumption would

allow for more activation, all else being equal. Notably, if we had instead set constraints
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that force the algorithm to budget a total amount (e.g. sum) of current across all e¢ectrode
the reduced current limits may have evoked more complex changes in electrode

configuration pattern.

3.4.3 Model of Predicting Axonal Activation

The PSO approach relies on accurate prediction of neural modulation from electrical
stimulation. We used a moditleversion of the activating function (MAFdredicted
activation) to demonstrate the PSO approach. This MpifeHicted activation tracked the
multi-compartment NEURON models welligy. 3.2. While one could solve the nonlinear
differential equations govemmy a multicompartment neuron model as performed in
NEURON and as we have shown here for a thalamocortical axon model, the computational
time required for these calculations is high. This limitation led several groups to develop
other simplified and moreoenputationally efficient axonal excitability prediction models.
These models have ranged from a discrete difference approximation of transmembrane
current induced by extracellular stimulation (i.e. thecsal | ed o6éacti vati ng
[81,107] to variations in the activating function that acebfor redistribution of current

via space constanf$66], to inclusion of additional source terms at other points along an
axon that can affect a given node through intracellular ohmic condudibB@l to a
weighted distribution of source terffisl1]. It is important to note that the PSO algorithm

as described here can utilize other computational approaches for modrétngl
excitability resulting from DBS, as long as the predictive functions are specified (Equations
3.4 and 3.5).

It is also important to acknowledge that predicting axonal activation depends on a
variety of factors including axon diameter, distance betwnodes of Ranvier, ion channel
density at the nodes and surrounding compartments, current waveforms, and geometry of
the axons relative to the induced electric fi@8]. In terms of latter, the MAFT value was
found to vary slightly amongst axonal orientations, which means that one would need to
identify an activatingfunction threshold a priori and for each axonal pathway that one
wishes to evaluate with the PSO. Along these lines, it would be possible to introduce more
complex axonal geometries, such as-tioear axonal trajectories, while keeping intact the

fundamen t a | framewor k of PSO for programmi ng
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However, the activation prediction functions, R(x) and S(x), would need to be tuned to
obtain reasonable predictions for the new,-fioear geometries. Future developments in
activationpredictions could be readily deployed into the PSO programming algorithm to
facilitate robust prediction across stimulation parameters.

Because of this limitation on axonal geometry, biophysical models for the axonal
geometry of interest must be constecttand run once as a primer for identifying an
appropriate MAFT value. Since accurate prediction of axonal activation relied on the
appropriate selection of a MAFT value, a poor choice of MAFT value would lead to
suboptimal predictions. While this need frsmaliscope biophysical model simulation
adds an extra setup step in applying the PSO approach, the overall process remains
computationally efficient. Another important limitation in the application of the PSO in
this study is that we modeled only aglaaxonal pathway between thalamus and cortex.
There are indeed several pathways that are likely activated during thalamic DBS, including
the reticular nucleus to VPLo, the cerebellothalamic tract, and corticothalamic tract. Their
activation as well as ehdynamic synaptic modulation resulting from the activation may

underlie components of the therapy.

3.4.4 Practical Considerations

The results on robustness highlight an important practical point for DBS lead placement
and the capabilities of current steeradgorithms. While the simulations Figure 3.7CG
D suggest that current steering is able to compensate ftarg#t placement, this ability
of directional DBS leads may be limited to displacements of a couple of millimeters or less
[151]. At larger displacements, current steering through a single lead of electrodes may not
adequately compensate for-tdirget lead placement, depending on the size of target. For
the VPL example demonstrated in this paper, applications of the PSO tiisleladements
of 3 mm yielded greatly reduced to no activation for shifts away from ROI, particularly in
the anterior direction where the lead completely exits ROI.

For proofof-concept and consistency with other ongoing work in our group, the
PSO approeh presented here was implemented for @l82trode DBS array with four
radial electrodes per row. However, PSO programming is readily applicable to the eight

electrode directional DBS leads that have recently emerged on the market, such as the
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Vercise ad Infinity DBS systems. While any given row of these commercial DBS leads
only has three radial electrodes, this reduced number of radial electrodes does not
significantly diminish steering capabilities when current is allowed to beundormly
distributed across the electrodd$1]. As such, the PSO approach can be readily integrated
into a system that uses such DBS leads, enabling the development of a system for efficient,
subjectspecific DBS programming.

The PSO approach was obgsit to be efficient by running in a matter of minutes.
However, it is important to acknowledge that running the PSO algorithm requires a series
of preparatory steps that include segmenting the target structures from -spejeitt
anatomical images, asllas specifying the trajectory of the axonal pathways. Ultimately,
the PSO approach for DBS programming is intended for use in sigpjecific contexts.

As such, widespread use of the algorithm will require that DBS systems become
streamlined for anatoically-informed, subjeetpecific DBS. We anticipate that this
streamlining process will occur in tandem with the current developments in directional
DBS, due to the complementary nature of these two technologies. For the time being,
centers that alreadyakie the technical expertise to implement prospective sugpecific
models can leverage the PSO approach to enable optimized programming of directional
DBS leads.

3.4.5 Future Applications

The PSO algorithm demonstrated here was applied to a pathway thobghnhvolved in

DBS therapy for treating Essential Trenjé4,167] However, it could readily be applied

to other known DBS targets. A nioer of DBS targets have been characterized in terms of
their relevant fiber tracts and morphologies using probabilistic tractography and/or
histological processing in the context of computational neuron models of DBS. For
i nstance, i n BBANDIBS thesapyrisG@heugitt io stenafrene g combination

of modulating pathways in and adjacent to the S[li81,133,168] and a similar
combination of therapeutic pathways is thought to occur with[BES [169,170] There

Is also ongng research to characterize targets for other indications, such as in Major
Depressive Disorder, where retrospective modeling suggests that the forceps minor,

uncinate fasciculus, and cingulum bundle may play a critical role in the therapeutic DBS
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mechamms[135]. It is important to note that the PSO approach presented here can be
reaedi |l y extended to cases in which there are
could provide the user with a set of electrode configurations that intuitively demonstrate

the tradeoff between stimulating one target vs. another target (i.bevitgateto Front).

In addition, one could also consider including other stimulation parameters such as
bipolar/multipolar stimulation, a range of pulse widths, and potentially different
stimulation pulse train patterns. The key to incorporating additmera@meters would be
to have a mathematical representation of how these factors influence axonal excitability.
While this study used a simplistic homogeneous and isotropic model of tissue conductance
to obtain extracellular potential values at the axondesof Ranvier, one may consider
using more complex models of brain tissue with the PSO algorithm. For example, studies
have shown that finite element models that incorporate inhomogeneous and anisotropic
tissue properties (assigning different conductaradees to various tissue types) improve
modeling results and may better reflect the physiological properties of the brain
[121,148,171] Finally, while the implementation presented here was designed for
programming a set of electrodes that have already been implanted, it is conceivable to
leverage the efficiency of this approach for-ptegical planning of DBS lead mlament.

By simulating different lead placements (e.g. location, angle of attack, etc.) and aiming for
the one that best achieves the objectives, one may be able to optimize lead placement and

therefore improve targeting and functional outcomes of DBS.

3.5 Conclusions

We have shown particle swarm optimization to be an efficient, consistent, and robust
method for programming DBS arrays. The proposed implementation provides thseznd
flexibility to select among alternative configurations and objective fundmtification

along the Pareto front to accommodate sukgpetcific needs.
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Chapter 4 Multi-objective Particle
Swarm Optimization for
Subthalamic Nucleus Deep Brain
Stimulation Pathways

(In Preparation)
Edgar Pefa, Simeng Zhang, Remi Patriat, Noam Harelh#atiohnson

4.1 Introduction

Deep brain stimulation (DBS) is an effective neurosurgical therapy for movement disorders
[18] and a promising interventional option for a range of neuropsychiatric disorders
[172,173] In recent years, there has been a surge of technological developments to further
optimize and individualize DBS therapy on a patgpécific basisA major area of
developmaet has focused amproving the spatial precision of targeting stimulation within
the brain, which is especially relevant given the likelihood of surgical targeting E28prs
and the association of targeting errors with variabilityesponses to DBS within and
across clinical centerld9]. Toward this end,hiere have been notable improvements in
imaging to guide surgical targetirjg1,42] Computational modmg studies have also
demonstrated that one can increase targeting specificity of stimulation using current
steering [75,76] and directional DBS lead technolod$l,64] With the growing
availability of directional DBS systems which incorporate such capabhiléiggerimental
[48] and recent clinicall[49,50] investigations have reported increased therapeutic
windows, suggesting a wider range of programming options available to optimize therapy.
In spite of the potential for directional DBS systetasoptimize therapy, there
remain several challenges to maximally leverage this technology. One challenge is the
large stimulation parameter space, which includes the larger set of stimulation electrode
contacts that can be individually addressed in teofnamplitudes, pulse width, and

waveform shape, among other parametdPsogramming for conventional fowhannel
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DBS lead systems involves traversing this parameter space through an iteratavedtrial
error proces$25] across multiple visit§52,74], which can be both timeonsuming and
result in potentially suboptimal therapy. By adding more contaotsthe capability to
simultaneously activate multiple independent electrodes, directional DBS systems
exacerbate the problem of identifying optimal stimulation settings amidst an even larger
parameter spadd7].

Another challenge is the complexity of effects that stimulation can have (both
therapeutic and side effects), and the lack of definitive clarity regphibw those effects
relate to specific neural targets. Not only do the therapeutic effects of DBS vary across
signs and symptoni21], but in some cases improvement in one sign magcooir with
worsening of anothel74]. Overt side effects can also be diverse, being comprised of
muscle pulling, dysarthria, and transient paresthesia, among (#6grg5] Furthermore,
effects with long wasin times (e.g. tonic components of dystojiid], t i cs i n Toul
syndrome[176]) and less overt side effects (e.g. m¢bdl], duattask performanc@t3])
further complicate conventional programming approaches. Results from @wrewalies
i n Par ki n $48,174] &£ssehtiakTeemdl é7], and depressioil35] suggest that
incorporating subjeespecific anatomy of pathways and target regions may have value in
addressing the range of possible DBS effects andhiitg therapy. Directional DBS
systems provide an opportune platform for targeting such pathways and for facilitating
further investigations into the role tiiesepathways in DBS mechanisms. However,
incorporating subjeespecific regions and pathwaftgther complicates the programming
process, such that identifying the optimal stimulation settings becomestadive.
Computational methods are needed to simplify this problem.

In order to reduce the complexity of the programming problem and ntake i
clinically feasible, computational methods must be able to (1) predict the effects of DBS
in terms of subjeespecific neural activation, and (2) efficiently traverse the parameter
space to identify optimal stimulation settings. Over the past decadeslsnoidDBS
induced neural activation have been used to provide insights into DBS mechanism
[106,133,168,169nd to evaluate new stimulation paradigitis 76] Many of the models
I mpl emented in studies to date have used t
(VTA) [45,51,63,112,117,17880], which estimates the effects of stimulation in terms of
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its spatial extent. As subjespecific imaging, and particularly diffusion tractography,
have become more prevalente thse of pathway activation models (PAM) lcasneto
replace VTAs as a more precise way to predict the effects of DBS on specific neural
pathwayq446,76,149,171]

To identify DBS settings, it is essential to couple such neural activation models
with efficient optimization algorithms. Previously, we developed a convex optimization
approachior programming an experimental DBS lead with 32 electrodes and tested the
algorithm in an anatomical model of DBS for treating Essential Tr¢b3&]. While this
convex formulation could identify settings within several seconds, the simplifying
assumption of convexity may not necessarily hold for arbitrary fiber trajectories, since
activation of an axon can occur at multiple spatidilyparate nodes. Within the same
anatomicalframework, we subsequently developed a programming approach based on
particle swarm optimizatiof181], which is well suited to solving such neonvex
problems. By weighting the different pathways modeled to specify regions to activate and
to avoid, this programming algorithm identified optimal, fiotuitive solutions within
minutes.

In the present study, our objective was to evaluate the utility of the particle swarm
optimization programming approach in identifying optimal electrode configurations in
subjectspecific human models of DBS for subthalamic nucleus (STN), particuretie
context of a directional DBS system with multiple pathways in the vicinity of the lead.
Using a retrospective imaging and clinical notes dataset of eight STN DBS implants, we
compare the optimized results to simulated monopolar review activagoofiles,
highlighting key differences. Furthermore, we have adapted the optimization technique
developed181] to handle a igher number of pathways than previously modeled, using
dominancebased criteria to evaluate candidate solutions, which negate the need to

predefine weighting values in the objective function.
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4.2 Methods
4.2.1 Clinical Imaging and DBS Programming Data Sets

This gudy included retrospective analysis of imaging d&tg. 4.1A) from seven subjects

(six male andone e mal e), who had a clinical diagnos
had received a DBS lead implant in the subthalamic nucleus (STNppPrative

anabmical imaging data included TMeighted imaging at 1.5T and Meighted,
diffusion-weightedandsusceptibilityweighted (SWIjmagingat 7T. A MedtronigMDT)

3389 (Minneapolis, MN, USA)DBS lead had been implanted in the STN bilaterally for

one subjectand unilaterally forsix subjects. Stimulation settings were programmed for

each DBS lead during a omeonth postsurgical followup visit, at which time subjects

also received a posiperative CT scan to identify the DBS lead position and trajectory
through the STN.

The programming process involved a monopolar review in which a movement
disorders specialist incrementally increased the stimulation voltage from OV to a voltage
that elicited one or more side effects, including involuntarysete contractions
paresthesiaand dysarthria among others. Final DBS settings for each lead were identified
as those stimulation parameters and electrode configurations thatretk therapy on
bradykinesiayrigidity, and tremorwhile staying below the threshold fanducing side

effects.
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Figure 4.1: Subjectspecific modeling overviefor STNDBS (A) For each subject, the
pre-operative imaging acquired included T1 (at 1.5 T or 3 T) and g field (7T)
T2, susceptibilityweighted imaging, and diffusiemeighted imaging. Posbperative CT
was also obtained. (B)rB-operativeimaging data were useib construct a head and
brain geometry, to build an inhomogeneous anisotropic conductivity model, to segment
the subthalamic nucleus (STNand to createfiber tractography models of axonal
pathways into and around the STiKplantedDBS lead positions and orientations with
respect to the STN were determined throughegstration of preoperativeT 1 with post
operative CT imaging. The finite element model was théhtb estimate DB$hduced
electric potentials in neural tissue. Meanwhilé slinically relevant pathways were
constructedand simulated in the context of the 3389 and 2202 DBS .ledtese
pathways include&TN superior cerebellar peduncle (SCPyplerdirectpathway (HDP)
thalamic fasciculus (ThE)medial lemniscus (ML), anidternal capsuleorresponding to

the corticospinal tract from all of motor cortébC).
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4.2.2 Modeling the DBS Lead

The trajectories of the implanted MDT 3389 leads were extrdciadpostoperative CT

and ceregistered to the Fveighted imagesHig. 4.1B). While the imaging for this study
was obtained from subjects who were implanted witilaT 3389 DBS lead, we also
incorporated a virtual model of the Boston Scienti8SC) 22@ (Marlborough, MA,
USA) lead for modelingpyro s es i n p |l a cmeexsfing eBSdehd pastidn] ect 0
As a directional DBS system withight contactsand multiple independent current
controlled stimulation capabilitieshe BSC 2202 hasufficiently complex electrode
configuration options to benefit from moetdriven spatial optimizatior.he modeled BSC
2202 leads were positioned within te@meextracted trajectorgs the MDT 3389 leads,
such thathe proximal cylindricalcontacts of the BSC 2208adswerealigned with the
proximal contact of their correspondindIDT 3389leads. Geometric models were built

on COMSOL Multiphysics v5.3alrhegeometric modebr the MDT 3389 lead comprised

of a 1.27 mm diameteiland insulating tip of length 1.5 mrfour cylindrical contacts of
length 1.5 mmandinter-row spacing of 0.5 mm. The BSC 2202 lead was modeldda
diameter of 1.3 mma tip contactof length 1.5 mm (including a spherical tip of radius
0.635 mm)iwo rows of directional contacts of lendittb mm and 0.34 mgircumferential
inter-contact spacing, a proximal cylindrical contact of length 1.5 mm, and 0.5 mm inter

row spacingAn encapsulation layer of 0.15 mm was modeladll DBS leads

4.2.3 Finite Element Modeling

We constructed an inhomogenspanisotropic conductivity moddfig. 4.1B) to estimate
DBS-induced electric potentials in neural tiss@ibjectspecific imaging was used to
model four different tissue types: white matter, gray matter, cerebrospinal fluid (CSF), and
lumped head tissueTo classify the tissue as either white matter, gray matter, or CSF, the
brain was manually segmented out from-Wwéighted anatomical images. The-T1
weighted images were then automatically classifiedFty L 6 s F ALSmped heaal |
tissue was defined &l tissue within the head residing outside the br@onductivity
tensorswere then estimatefdr gray and white mattarsingdiffusion tensor imagingas
described byf182] and [183]. The isotro electrical properties used to calculate the

conductivity tensors were derived at the median frequency of ppbéed stimulus
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waveform (4.294Hz) (white matter:i = 0.066184 S/myx = 23361 gray matteri =
0.10836S/m, (r = 48617 [184i 186]. All other tissue types were modeled using isoitro
electrical properties (CSk:= 2.00 S/mfx = 109; encapsulation laygr87]: (i = 0.066184
S/m,( = 23361; lumped tissué:= 0.23 S/n{188], i = 1)).

To define the boundaries of our modéle geometry of the head and brain were
manually extracted from Fiveighted imagingKig. 4.1B). The headsuface and brain
surfacewvere imported into COMSOL models of the DBS leads, and Delaunay triangulation
was used togenerate a muitiesolution meshsuch that tetrahedral element spatial
resolution was 0.00.2 mm near the DBS lead, and up to 20 mm atutface of the scalp
Theresultingvolumes were meshed using 686,806,655 quadratic tetrahedral elements
with 125,431+ 4,778vertices. Anormal current densitfBSC) or electric potential (MDT)
wasthenapplied on theelectrodesurfaces such thatchsimulation comprised of a single
contact with 1 mA(BSC) or 1 V (MDT) of stimulationenabling thesubsequentise of
superposition to estimate the voltage distribution of arbitrary combinations of contacts and
stimulation amplitudesThe caudal base ofi¢ head model was assigned as grquadO
V, Dirichlet boundary conditiopp while rest of the scalp surface and the DBS lead shatft
were assigned zeraurrent density (i.e. Neumann boundary conditiarg.estimate the
spatial distribution of electricalgbential, simulations were run at a single AC frequency
corresponding to thmedian frequency (4.294 kHz) of the stimulus waveform applied on
our axon models, at which conductivity properties were also estintdtedinite element
analysisvas performeavi t hin t he el ectric currents phys

and the solution was obtainadgth the BiCGStabterative solver

4.2.4 Modeling Fiber Tracts and STN Projection Neurons

We leveraged diffusiomveighted imaging and probabilistic tractogragfyg. 4.1B) to

extract subjeespecific trajectories of the internal capsule (IC&. corticospinal tracts

from across motor cortexsuperior cerebellar peduncle (SCP), medial lemniscus (ML),

and axons coursing through the lenticular fasciculus and joinmghtdlamic fasciculus

(ThF) [96]. The tractography termination mask f
cortical parcellation of precentral gyrus using the Destrieux atlas, while the seedpoint mask

was set to be the ipsilateral crus cerebri. For SCP, the seedmsk was the decussation
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of SCP, the waypoint mask was a dilated mask of the ipsilateral red nucleus, and the
termination was the lateral extent of the ipsilateral thalamus. For ML, the seedpoint mask
was the region just anterior and lateral to theudsation of SCP, the waypoint was the
region just posterior and lateral to the red nucleus, and the termination mask was the lateral
extent of the ipsilateral thalamuskinally, the pallidethalamic tract was obtained by
joining tractography streamlinesrf the lenticular fasciculus with streamlines for the
thalamic fasciculusThe joining was defined to occurthae region medial to theubstantia
nigraand lateral to the anterior portions of red nucléimss region was used as a seedpoint
mask for traadgraphy for both the lenticular fasciculus and for the thalamic fasciculus,
with the globus pallidus and the thalamus used as termination masks, respeétitely.
generating the fiber tract trajectories, the tracts were populatednwitinatedaxons

(fiber diameter: Zm; internodal spacing: 0.2 mm; passive first and last nodes) using the
thresholdcontour mapping procedure describefilinl]. Also, axons that overlapped with

the lead were removed.

We also modeled projection neurons of the STN. The STN was manually
segmented from ultrhigh field T2weighted or SWI coronal image&i¢. 4.1B), as
performed in previous ultrhigh field studies imaging the basal ganfdia]. The STN was
subsequently populated with neurons consisting of realistic morpholofyigsndrites,
somas, and axons derived from staining experiments irshnoran primate§l69]. The
axons of these STN neurons were oriented such that the main axis of the STN neuron
axonalprojections were parallel to a line connecting the centroid of the globus pallidus to
the centroid of the STN.

In addition to modeling SCP, IC, ML, Thiand STN we also constructed the
hyperdirect pathwayHDP) given its potential relevance to DBStherg f or Par ki n s
diseas¢45,46,55] The hyperdirect pathway was modeled as a set of collaterals emanating
from IC into random points in the STN. Axons were generated within IC, and random
nodes at the superiimferior level of STN were selected as dgmints for the collateral
branches to STN. Random points within the STN were subsequently selected as terminal
points for the collateral, such that the end points did not overlap with the DBS lead or its
encapsulation layer. Trajectories with predomtha superiofto-inferior components

were iteratively revised. Random curvature was added to the trajectories at evenly spaced
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points along each trajectory, followed by a cubic spline to produce a smooth curved
trajectory. Fibers that overlapped with tiBS lead were removed from further
simulations. The simulated fibers were subsequently modelegeamatedaxons with 1

em diameter, 0.2 mm internodal spacing, and with passive nodes at first and last nodes to
prevent lowthreshold terminal activation.

4.2.5 Activation Prediction

Membrane activity of the axon models were simulated in thgraneming environment,
NEURON [86], in the context of monopolar stimulation through each electrode on the
MDT 3389 and BSC 2202 DBS leads. The biophysical axon models consisted of
multicompatment axons and multicompartment neuron models, whictuded cell
bodies dendrites, and axsnl137]. DBS was model ed ueeliularg NEUR
function, which calculates transmembrane current that is derived from finite element
analysis results of extracellular potentials at each membrane compartment. To drive
activation, we applied a square curreantrolled (BSC) or voltagecontrolled (MDT)
waveform consisting of a 6% cathodic pulse, a 4@8 interphase delagnd a 2 ms anodic
phase. Vdveforns werefiltered as described previously to generate voltage waveforms
consistent with those found in tissiig89]. The median frequency of the waveform was
4.294 kHz, and this median frequency was used to estimate the electrical properties for
finite element modeling.

A binary search algighm was used to compute threshold currents for each
simulated axon and neuron for monopolar stimulation through each of the electrodes on
the DBS lead. As performed {i81], a modified activating function (MAF) value at
threshold was computed by scaling the FE&fived distribution of electric potentials
using the threshold current value. The maximum MAF value along eactataotivation
was taken to be the MAF threshold (MAFT), and the median MAFT value across axons
within a given pathway was used as an approximation threshold for actishmy axon
in that pathway.This MAFT value was supplied to the particle swarm roation

algorithm for activation prediction.
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4.2.6 Particle Swarm Optimization

Particle swarm optimization (PSO) was first proposed by Kennedy and Eberhart in 1995

as a means of solving nonlinear optimization probleynsiodeling the social behavior of

swarmsof simple organismg159]. Through cooperation over many iterations, the
members odswarm explore their problem space to identify the best (i.e. optoations

to complex problems. This emergent behavior, or swarm intetlgelmas since been

applied widely across fields,aluding the training of neural networks, design applications,

and otherg190]. In this studywe implemented the PSO algorithm to identify the set of

optimal electrode configurations (i.e. electrodes and currents)tfeaing targets of STN

DBS using the BSC 2202 DBS lead in the presence of multiple neighboring trects.
performed previoushf181], we def i ned 1vhére gagh garticle wdses 0 ,
instanceof a DBS leadFig. 4.2A). Eight of the particles were initialized with a single

electrode configuration, and the rest of plagticles wereinitialized with random electrode
configuratiors, each representingan initial position in eightdi mensi onal nel e
spaceo. Particles were then allowed to mo:

each iterationgach particlegained a new electrode configuration correspondingst

| ocation in electrode space, and the fAsuc
evaluated and stored. T he gpacewas guitled By0 mo v €
three componentd-(g. 4.2B) : (1) a fAsocialo compadant at

point that the swarm has co(ié¢ glabalbest2)ay deem
Acognitiveo c o egeloimdidual partieldowardaagoint degmed most
Asuccessful 0 bas(eedpersonalbedt)s aondvai( B) asdiponlyased
actual velocity ofeachparticle at any given iteration. Mathematicalbgrticle positions

and movement were represented as follows:

0V O p 0V 60 ®A 62006 WO wI 600200 w o
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i ox “Yrip
wherei is the index of the particléis iteration numberx is particle positiony is velocity,
j is electrode indexy is a personal best as of the given iteratiis, a global best as of the
given iterationg: is weighting of the cagjtive componentg: is the weighting of the social
componentyis the weighting of the inertial componentis the total number of iterations,
andry andr. are uniform random variables that help promote exploration. The inertial
weightingw was seta be highest at initial iterations to promote initial exploration. In

accordance with our previous wdi81], we defined thgparameters as follows; = 4.5,
c2=0.2,n=200,w(0)=0.9,w(n)= 0.4.

A. electrode configurations electrode space B.
X, x, | social
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Figure 4.2: Overview of multiobjective particle swarm optimization algorithrtd)
AParticleso were defined as N instances of
configuration, corresponding to an eighiimensional point in electrode space (schematic
projection into 2D shown). (B) Each particle explbtke electrode space with stochastic
movement thatvasguided by location designated as local leaders (cognitieepgtions

designated as global leaders (social), and inertia. (C) Each pamvelemapped onto

objective space, and natominated particlesieretracked togeneratea Pareto front. (D)
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The Pareto Front improwkover the course of thierative exploration. (E) Thefinal
outputPareto frontwas set after reaching the poefined iteration limit Each point on
the Pareto front represeragd a distinct Pareto optimal electrode configuration, given
tradeoffobjectives in the mukbbjective space

4.2.7 Dominancebased Criteria

At each iteration, the personal best and global best were determined based on an evaluation
of the electrode configurations at each iteration and in the context of all prior iterations. In
optimization problems having only one objective, jgtat can be evaluated based on their
objective function value. However, in the present work, we defined a-omnpictive
problem consisting of six objectives. We desigtieel following optimization problem:

Given a certain power budgdéd the bestvaysto distribute current across the electrodes

(i.e. the best electrode configurations)maximize activation irtarget pathwaysSCP,

ThF, STN HDPB while minimizing activation in pathways associated with side effect (IC,

ML). Mathematically, this was peesented as follows:

maximize

Q
Q
Q
"0
minimize Q
Q

subject to o0

~

®oeYe® U

whereQe B Ol AGre |
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wherex is electrode configuration constrained to be cathodal stimulation 6Qly "Q
functions that predict number of axons activate®&@P, ThF, STN BP, IC, and ML,
respectivelyH is the Heaviside function, is the tract index is the axon indx withinthe

tract, U is the total number of axons in a tra€,is the matrix that maps electrode
configurations to activating function valudsis the MAFT valueR is an eightby-eight
diagonal matrix in whicldiagonals represent thmpedance of thelectrodesP is the

power budget. Basedn an in vivo prospective study50] and on our finite element
modeling, we heuristically assigned an impedance &f fiokhe tip contact and cylindrical
contact of the BSC DBS lead, and assigned an impedance ¥f 2tko t he dir ec
contacts. Furthermore, in the data presented here, we set a power budget of 6.25 mW
across.

Evaluating electrode configurations fowlti-objective problems posea unique
challengecompared to singlebjective problemsn that there is no clear objective
function. In our previous implementation of PSO for DBS programnii@i], we
addressed this issue by formiadinear aggregate objective functitlmougha weighted

sum of each of the objectives:

minimize b Qe 0 Qe 0 Qe E 60 e
subject to 0 ® 1mwQ pBH

whereA 1, Az, Az, andA, are weightings applied to each objectiveis the cathodal current
bound, ® is the vector of amplitudes applied to each contact, Kargl the number of
contacts This objective function enabled the selection of local best and global best points
to guide exploration of the particleaVe furthermore tracked the evaluated solutions in
terms oftheirdominanceFig. 4.20), removing any candidate solutions for wharother
solution existed that was better in all objectives. This collection ofdoomnated
solutions, referred to as the Pareto Front, enabled us to trackoimeittive information

in spite of having a single aggregate objective function to guidseedwehWhile such a
hybrid approachto multiobjective optimizatiorcanbe expanded to a highaumber of
objectives, selecting the weightings can be subject to arbitrary crifBoi@mccommodate
multiple pathways of interest and avoidance, we exteadedriginal PSO technique using

apurelyPareto dominanebasedapproactj163]. The dominancédased method contrasts
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with the previously described approach in that its aim is solelyrtaree the Pareto front,
rather than trying to optimize for a single aggregate objective function. The dominance
based method bypasses the linear aggregate function by constructibgpetive vector
from the objectives:

b ® Qe Qe QefEMQ €0

whereBs, By, Bz, andBn are not weights, but simply settb or +1 depending on whether
the region or pathway is one to targdf ©r avoid (+1).At each iteratio, objective vectors
are compared in terms of their dominance, #iage that are not dominated are appended
to the Pareto frontThe goal of the optimization, then, is to continually find objective

vectors that dominate the previously identified objectivetors:

NP hiervO

whereD is the set of all points on the Pareto front. Pareto fronts were calctdateach
particle, which provided the seeds to generate a populatiesed Pareto front using an
adapted version of the Moore Chapman apph[163]. In this approach, the Pareto Front
represents the best solutions obtained so far, based on-Bangttance. A random point
on the Pareto From selected as the global bemtd each particle is attracted to this global
best at each iteration. Additionally, each particle has its own Pareto Front corresponding to
the best points it has traversed. The local best is chosen from among each personal Pareto
Front. The local andlgbal bests are each used to drive Pareto Front exploration further.
This technique contrasts with the previously implemented PSO technique in its ability to
select local and global best based on randomly picking points designated as dominant.
While thiscan lead to a slower exploration process, the dominbased PSO technique
avoids the use of arbitrary objective function weights associated with each pathway. In
this manner, the dominantised PSO enables multiple pathways to be added for
optimizatian without prior knowledge of how to weight each pathway.

We ran the muktbbjective PSO (MOPSO) for each of the eight STN DBS implants,
obtaining a Pareto Front for eadfid 4.2D) in which each point represents an activation
profile, and has a correspading electrode configuration. We then compared the MOPSO

output to singleelectrode configurations.
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4.3 Results

4.3.1 Relationship betweenPathway Modulation and Clinical Ratings

In models of activation due to the monopolar review of the MDT 3389 DBS lead, a range
of pathways were engaged during the programming proEess4(.3B). These included
SCP, ThF, HDP, and STN. ML activation occurred infrequently and in small amounts.
Across all subjectsHig. 4.30), the final therapeutic setting used primarily activateth

the STN and the HDP. In some implants, minor activation in ThF and IC occurred as well.
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Figure 4.3: Percentage of pathways modulated by DBS for the clinically optimized DBS
setting in each subjectA) Sample monopolar review for a subject whosor sign
assessmentscluded rest tremor, postural tremor, and upper extremity rigidity. The
clinical monopolar review (shown in terms of current applied) across all four electrodes

yielded multiple therapeutic settings. The highlighted settirgléd) wasused as the
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clinically-optimized DBS setting(B) Themodeldndicated that a range of pathways were
engaged during therapeutic stimulation, including SCP, IC, HDP, and STN. (C) At the
therapeutic settings across all subjects, the pathways that weseautivated were STN

and HDP. (One subject was omitted from plot due to no data on final therapeutic setting

used.)

4.3.2 Single-electrode Biophysical Simulations in BSC DBS Lead

To assess the ability of directional leads to more selectively target pattwthys and

near the STN, a BSC DBS lead was introduced in the computational models in the exact
position that the MDT 3389 DBS lead(s) had been implanted in each pati¢hé single
electrode simulation of the BSC 2202 DBS lead, applying currents &eté to 5 mA

on each contact yielded a range of activation profffés. @4), with correlations existing
across pathways. Most pathways were correlated to some degree (i.e. activation in one
pathway was associated with activation in another), with stnengest correlations
occurring between ThF & SCP and STN & HDP. Significant correlation coefficients (p <
0.01) via norparametric Spearman correlation were as folld&&P/ThF, 0.77; SCP/STN,

0.34; SCP/HDP, 0.26; ThF/STN, 0.41; ThF/HDP, 0.27; STN/HRBG; STN/IC, 0.24;
HDP/IC, 0.42
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Figure 4 4: Correlation between activation of different pathwalyi. pathways not shown

due to low occurrence of activation.

Across all subjects, the activation profiles were direetlependent Kig. 4.5. Tip
eledrodes (row 0) tended to inferior to the STN, resulting in little activation of STN in
general, with some instances of IC activation. In contrast, the proximal cylindrical contact
(row 3) was either in the STN or in the region dorsal to STN, resultiactivation profiles

with high selectivity for STN, HDP, SCP, and ThF. The directional contacts (rows 1 & 2)
exhibited directional dependence, whereby stimulation through the lateral contact was
more likely to activate IC than stimulation through mediaiteots, which were more likely

to activae SCP and ThF. Anterior and posterior contacts were most selective for STN and

HDP to the exclusion of other pathways.
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Figure 4.5 Singleelectrode results for BSC DBS lead across all subjeétstivation
profiles exhibited directional dependence, such that medial contaitdlé bars within
each region foiS1 to S6 and S&ftmog bars within each region fog7) activated STN,
HDP, ThF, SCP, andnly minor amounts ofC; lateral contacts rightmost bars within
each region foS1 to S7leftmog bars within each region fd88) activated STN, HDP, IC,
some ThF, and min@mounts oSCP; anterior contactddftmog bars within each region
for S1 to S6) activated STN, HDP, andsome casekC; and posterior contactarfiddle
bars within each region fo87,rightmost bars within each region f&8) activated STN,
HDP, and IC.
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4.3.3 MOPSO Output

The result of running thBIOPSOalgorithmwasa six-dimensional Paretéront. In most
cases, ML activation was limited, so offilye of the six objectivesrequiredvisualization

As such,visualization ofthosefive objectivesrequiredat leasttwo Pareto Front€Each
point on any of the Pareto Fronts correspondeghteletrode configurationKig. 4.30

and an activation profileHg. 4.3D.

% activation IC %
Figure 4.6: MOPSO results for an STN DBS lead in SubfediA & B) Two different
projections of thesix-dimensional Pareto front showirfiye of thesix objectives (no ML
activaion occurredin this subjedgt Each point on the Pareto Frontprresponédto an
eightdimensional electrode configuration (C) aadix-dimensional objective vector (D).
(E) The electrode configuratiofiom (C) is shown in the insets, consisting of multiple

electrodeoriented along thenedid-facing column of the BSC DBS lead

Optimal electrode configurations often consatof either asingle dominant
electrodeor a dominant electrode surroundey fnultiple other electrodedelivering
smaller though stilhppreciable amousibf current(Fig. 4.6). For example, at a threshold
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of 50% of the peak electrode current, about 30% of points on the Pareto Front had multiple
electrodes active, compared to%4@hat had a single electrode activeg( 4.7A). These

multire | ectrode solutions tended to f@Abridgebo
electrode solutionsg. 4.7B).

MOPSO solutions were evaluated compared to the best -@lggiFode results
possble with the BSC DBS lead. For the purposes of quantitative comparison across these
two methods, a sample weighting was established to prioritize among the objectives, and
the point that minimized the weighted sum of objectives was selected as theobest f
comparison. The weightings selected for SCP, ThF, STN, HDP, IC, and ML were 0, O,
5,-5, 20, and 20, respectively. This prioritized activation of STN and HDP, ignoring SCP
and ThF activation, and penalizing IC and ML activation. For the power letected
(6.25 mw), the MOPSO Pareto Front consistently contained a point that surpassed the
single-electrode configurations in all subjecEsd. 4.8A), achieving a lower weighted sum
as well as a corresponding higher activation in both STN and HDP. Ingstaece (Subject
2), the MOPSO solution had minor IC activation. The MOPSO solutions contrasted with
the singleelectrode solutions in that multiple electrodes were activated simultaneously
with distributed currentsHig. 4.8B). In all but one case (Sjdtt 4), the MOPSG&ierived
electrode configuration had its highest current on the same electrode as thelsttgbele
case. The total sum of current in the MOP&®ived method was larger than the single

electrode method, while still yielding the sanmeaaunt of power based on the impedance
of the electrodes.
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Figure 4.7: Number of electrodes active for MOP8€rived electrode configuration@)
Across the eight implantat a power limit of 6.25 mWhe Pareto front witlsix objectives
yielded configtations with multiple active electrodes (where active was defined as either

20%, 50%, or 90% amplitude of the main active electrode for each configuration). (B) The
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ParetoFront from a sample implant, for SubjectiBustrating the points that consist of
one (@larkest bold poinfs two (nidsize dark poin{s or three or more lfrighter point9
active electrodes (at 50% threshold).
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* Single-contact best, 2202 at 25 mA > Clinically chosen, 3389
Figure 48: Comparison of MOPSO to singt®ntact and clinicallyoptimized

configurations.Objective vectors (A) and electrode configurations (B) of a sele@t®ar
optimal solution for each of the eight implants (S1 to &8) a singleelectrode
configuration of the BSC 2202 DBS leatbng with the clinically optimizesetting of the
MDT 3389 DBS lead. Thaoints selected for compariséor the singlecontact 292 and
MOPSO approachesere chosen on their ability to prioritize STN and HPD, neglecting
SCP and ThF, and avoiding IC and MKA) The objective vector from the Pareto Front
exhibited higher STN and HPD activation comparechédth the monopolar MDT and
single-electrode BSC case in all subjects. (B) The MOPS@rived configurations
consisted of nointuitive combinations of multiple electrodes, although geometric
consistency was observed between the MOB&®ed solutions and the singidectrode
casesMaximum power wasetas 6.25 mWClinically-optimized contact not shown for

Subject 1 because it was not recorded in the clinical notes.

Finally, looking at the efficiency of the algorithm, the total computation time was about

five minutes for running # sixobjective modelKig. 4.9.
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Figure 4.9 Efficiency of MOPSO with increasing objectivescross eight implants, the
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average computation time for the MOPSO algorithm increased at a roughly linear rate for
the number of objectives considered.

4.4 Discussion

4.4.1 Relationship between Pathway Modulation and Clinical Ratings

In developing methods to program DBS leads, it is important to understameuhes
pathways involvedn both therapy and side effects of stimulatioim our models of the
MDT 3389 DBSlead, we found that a number of pathways were engagdcelicited
therapyduring the programming process. Therapy during the monopolar recewred
alongwith activation of pathways thabuld includeSTN, HDP,ThF, SCPandto some
extent IC (Fig 43A & 4.3B). However, thefinal therapeutic setting selectdsy the
clinicianwas most often associated with high STN and HDP activation, with relatively low
activation of other pathways. It is important to note that the choice of the final setting did
not necessarilyindicate that STN and HDP were better at providing therapy than other
pathwayssince selection of final settingéten reflectsa combination ofleliveringtherapy

with a large therapeutic windoy25]. Indeed, he implication ofthe engagement seen
across pathways during the monopolar review is that multiple pathways may have relevant
clinical effecs, as suggested by previous retrospective modeling work using[V¥33.

Along these lines, neviouswork by others hasuggestedhe potential role of cerebello
thalamic pathways (SCP & Thh) tremor and gaif177,191] and even to some degree

the role ofiC in rigidity [174]. Finally, ML activation was relatively infrequent and low in
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amplitude due to its distantosterior location relative to the implanted DBS leads,
suggesting a limited role BTN DBSprogrammingsettings

4.4.2 Single-electrode Biophysical Simulations in BSC DBS Lead

Another important consideration in designing and evaluating programming algorghms
the capability of the DBSystem to target pathways in the absence of such algorithms. Our
single-electrode biophysical models of the BSC 2202 DBS lead showed that patirerays
often inter-related in their activation (i.e. a correlation was foundvieen strength of
activation in one pathway and strength of activation in anqttem the degreef
correlationvaried acrospathways. In particular, for the placement of the DBS leads
considered in the present study, the most highly correlated patiweegsheanatomically
adjacentSCP and Thif96], and theSTN and HDPThis correlation poses a limitation to
separately targeting those pathways individuallgh current DBS lead designs and
implant trajectoriesIn spite of these correlations, the spediitivation profiles depended

on the direction of stimulatio(Fig. 4.9, such that lateral contacts tended to activate IC
more readily than other contacts, and mechaltacts tended to activate ThF and some SCP
more than other contact§ his directional dpendence of activation profiles is consistent
with a previous simution studyusing VTAs [51]. However,we observed that the
differencesacrosssuch activatiorprofiles could besulile (e.g.Fig. 4.5 Subject 4, row 1,
lateral vs. anterior contacts), making it difficult to designogtimal activation profile
based solely on knowledge of electrode placentgintilarly, a recent prospective study
with directional DBS systems reported that the posteromedial electrodes were most
frequently chosen clinically for therapy, but variation was fountthénchosemrientation

[50]. We additionally obsered that the proximal cylindrical contaattivatedmultiple
pathways, with the most strongly activated pathways being STN (Subjects 2, 3, 4, 7, & 8),
ThF (Subjects 1 & 5), and HDP (Subject 6). In light of the results in the two directional
rows, the presence of directional electrodes in the most proximal row may yield more
precise directiordependent targeting among these three activated pathways, which could
be of additional clinical value given tipeoximity of this row to theegions dorsal to STN
[133].
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4.4.3 MOPSO Output

In this study, we ran the MOPSO programming algorithm oaigilitsimulatedSTN DBS
implants using a fixed poweonstraint(6.25 mW). The goal of the algorithm was to find

a distribution of current that optimized for six objectives: maximize activation of purported
therapeutic region&SCP, ThF, STN, HDP), and minimiaetivation of regions associated

with side effects (IC, ML). The result for each run was adamensional Pareto Front
(Fig. 4.6A & 4.6B), consisting of a range of candidate solutions that exibitideoffs

in pathwayactivation. Visualization of the wfti-objective Pareto Front required two
separate Pareto Fronemch withthree dimensions. Each point on the Pareto Front
corresponded to an electrode configuratibig(4.6C) and a resulting activation profile
(Fig. 4.6D). Choosing alternate candidgieints on the Pareto Front yielded a different
activation profile, such that at least one objective improved at the expense of at least one
other objective (e.g. more STN activation in exchange for less HDP activation). Such a
programming interface/ould enable the clinician to prioritizgathwaydased on the goals

for apatiend theraputic outcomer for aresearch study. The sample solution highlighted

in (Fig. 4.6B) prioritized high STN & HDP activationwhich wasachieved through the use

of multiple posteromedial anonesuperior contact.

One important outcome AMOPSO programming method wake simultaneous
stimulation through multiple distributed contacts. Such radgtitact configurations were
frequenly found on the P=to Front Fig. 4.7A), such that only about 40% of candidate
configurations consisted of a single electrode at a 50% threshold (i.e. having an electrode
with at least twice as much current as any other), compared to about 30% that had two
electrodes at a 50% threshold. Thesdti-re | ect r ode configurations
bet weeno the single el ectFg 47, igicatingtheiro ns o n
role in simultaneous engagement of multiple pathways.

Notably, these multelectrode configurations had a totalns of current that
exceeded that of their singédectrode counterparts, due principally to the surmpafer
constraintrather tharconstraining thesum ofcurrent Taking into account the impedance
differences between the directional and cylindrical aotst,and the fact that a constraint

on the power allows more current than a constraint onstim of current (i.e. as a
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consequence of the sum of squares inequafity?@ (a+by), the optimal configurations
were found to be nemtuitive distributions of current across multiple electrodes.

To compare the performance of targeting by the MOPSO approach to the
performance from the singlntact cases, electrode configurasiverechosen such that
the activation profiles minimized a quantitative weightihgt prioritized HDP and STN
activation, penalized IC and ML activation, and was indifferent to SCP and ThF activation
This process resulted in higher HDP and STN adtiwain the MOPSO solutions than the
singlecontact 2202 casdsr the same amount of powdfig. 4.8A). Activation profiles
for both casealso exhibitedsome SCP and ThF activation in 7 of 8 STN implants. In terms
of electrode configuratias) the best sigle-contact configuration wasonsistenwith the
most active contagh the MOPSO solutions for six ofgit simulated implants, with the
contacts being adjacent to each other in the remaining two impldnatssaid, the MOPSO
solutions consistently hadhultiple active centrodes with the dominance oé single
electrode being one possibility in a continuum of current distributions. While these
comparisons were made by using a weighted sum of activation profiles, it is important to
note that this was dompeirely to make quantitative comparisons that could be standardized
across subjects. The MOPSO itghtf not rely on a weighting of objectives, and the results
consisted of a range of solutions stored on a Pareto Front, enabling flexibility in selecting
how to prioritize among objectives.

Comparing the clinicallyoptimized setting to the 2202 singleontacs and the
MOPSO results, activation was similarly focused on STN and HDP, with minor SCP
activation in Subject 3, minor ThF activation in Subject 5 amnor IC activation in
Subjects 2, 6, and 8For all subjects,he activation of STN and HDP was |des the
clinically optimized MDT 3389 lead implantsanfor the singlecontact 2202 and MOPSO
settings This difference in magnitude was due in langert to therelatively lower
stimulation level thatould appliedclinically, given the emergence of side effects. This
corresponded to a totaveragecurrent of2.16 mA, corresponding to a power of about 4.7
mW, compared to 6.25 mW for the simulationsttwihe BSC lead. Interestingly,the
clinically chosen contacthrough the MDT 3389 leadvas in the same row as the
simulatiorrderived contactir the BSC 2202 leauh only 2 subjects (Subjects 2 & &jor
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other subjects,he clinically chosen contact was an adjacent row to thelgorithm
derivedprimary activecontacts

As a note on efficiency, the MOPSO runtime for the six objectives discussed here
was about 5 minute$(@. 4.9. This runtime changed at a linear rate with respect to the
number of objetives. Such a short runtime is not restrictive, and is therefore amenable to
implementation as part of a larger framework of subgpecific modeling for DBS
programming.lt is important to consider, however, that while the algorithm was designed
to run efficiently, the process of building the subjspecific finite element models and
generating the axonal pathway models remains a largely manual process. Additional
advances in automating the-gagistration of imaging data sets, segmentation of naokbi
fiber pathways, and reconstruction of axonal trajectories based on diffusion weighted
imaging will be needed to make til clinical implementation of the particle swarm

optimization algorithm feasiblat high volume DBS implant centers

4.4.4 Limitation s
This studywas limited inits retrospectiveapproach which prevergd evaluating the
clinical effects of the optimatonfigurations derivedrom the MOPSO algorithm As
directional DBS systems become more clinically widespreladcal and researcterters
with sufficient preoperative imaging will be able to agpghis MOPSO platform. Such an
implementation would haverelevance for both targeted programming anébr
investigations into the clinical role afodulatingparticular pathwaysvithin the brain

Another limitation was the use ofsingle STN regionin the objective function
Studies have shown that STN exhibits a topographic substr{i@d@}revith a probabilistic
distribution of cells receiving input from motor, associative, and limbic regions. While we
did not take this substructure into account here, the MOPSO algorithm can readily
accommodate such subgions, and future efforts will focus on how these subdivisions
influence optimal programming settings.

A third limitation was our use of thBactivating functionrd p a r t@ ¢redictm
activation for the MOPS@pproach The activating function has beenosm to be
sensitive to a range of parameters, including axonal geometry, distance from the lead, and

temporal parameters like frequency and pulse widthl,192] The MDT 3389
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simulations and the BSC 2202 singlentact simulations were abased on muki
compartment axon models, which are the gold standard for predicting activation due to
their ability to incorporate the nonlinear dynamic interactions between stimulation and
activation. For the MOPSO approach, we calibrated our activatimgtibn thresholds
using the BSC 2202 singt®ntact simulations. Nevertheless, this approach to predicting
activation may preclude subtle effects of stimulation from manifesting in the final
programming settings.
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Chapter 5 Conclusiors

With recentadvancemenin spatial and temporal precision of DB&], there ispotential

to furthertailor DBS therapy athe indivdual level However, advancements in DBS lead
designs and mukchannel independent currezdntrolled technology have also created
new challenges imanaginghigher system complexitiyn the clinical environmentThis
dissertation addressehese challengeusing two different computational approachws.
addressed the need for spatial targeteatptiiques by developing convex (Chapter 2) and
thennon-convex (Chapter 3) methods to select optimal electrode configuration in DBS for
Essential Tremor. Fthernore,we adapted the neconvex approach to handle multiple
clinically relevant pathways, and demonstrated its utility neteospectivestudyof STN

DBS subjects.The outcomes of these investigations provide plat®rm enhance
programming through effient navigation throughlarge DBS parameter spaseand
throughmore efficient identification of pathways underlying therapy and side effects of
DBS. Future application of these algorithms will require careful behavioral and electro
physiological assessment§oward this goal, this dissertation also developed the
computational pipeline to investigate the relationships between spectral features in non
i nvasive magnetoencephalography (MEG) recol

and medication theragAppendix).

5.1 Summary of Findings
In Chapter 2we developed a computationally efficient, modb@lsed algorithm to identify

an electrode configuration that most strongly activéitsue within a volume of interest.
The cerebellareceiving area of motor #famus, the target for treating essential tremor
with DBS, was rendered froMR imaging data and discretized into grid points aligned in
approximate afferent and efferent axonal pathway orientations. A-éldtaent model
(FEM) was constructed to simulatiee volumetric tissue voltage during DBS. Wen
leveraged the principle of voltage superposition to formulate a convex optimibaiseal
approach to maximize activating function (AF) values at each grid point (via three different
criteria), hence inceesing the overall probability of action potential initiation and neuronal

entrainment within the target volume. For both efferent and afferent pathways, this
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approach achieved global optima within several secondsreBudtingoptimal electrode
configuratons and resulting AF values differed rass each optimization criteria, and
showed dependence on fiber orientation.

In Chapter 3ye leveraged swarm intelligence techniques to develop-amorex,
particle swarm optimization (PS®ased approach to pra@gn DBS arraysising a swarm
of individual particles representing electrode configurations and stimulation amplitudes.
Using a finite element model of motor thalamic D&S done in Chapter 2)ur objective
was to evaluate the efficiency of the PSO aldponiin optimizingathreeobjective function
that maximizeaxonal activation imne pathwawf interest (ROI, cerebellaeceiving ara
of motor thalamus), minimizedxonal activation irone pathwayof avoidance (ROA,
somatosensory thalamus)daminimized power consumptionThe algorithm solved the
multi-objective problem by producing a Pareto froonsisting of a collection of Pareto
optimal (i.e. tradeoff) solutionsROI and ROA activation predictions were consistent
across swarms (<1% median discrepaim axon activation). The algorithm wable to
accommodate for (1) |l ead di splacement (1 r
ROA (O1%) activation changes, irrespective
perelectrode current (by 50% and 80%) with ROI activation decreasing byan@%6%,
respectively; and (3) disabling electrodes (n=3 and 12) with ROI activation reduction by
1.8% and 14%, respectively. Additionally, comparison between PSO predictions and
multi-compartment axon model simulations showed discrepancies of k&t¥een
approaches.

In Chapter 4we developed detailed subjextp e ci fi ¢ model s of hur
disease subjects in order to present and evaluate a-ahjdtitive particle swarm
optimization (MOPSOQ) algorithm. In this retrospective modeling study of skueran
subjectswho had undergone DBS of the subthalamic nucleus (S#&nodeleda four
contact Medtronic 3389 lead and an eigbhtact Boston Scientific 2202 leagich with
the same position and orientation according to the patfgetific imaging da We also
modeled neighboring pathways, includiting superior cerebellar peduncle (SCP), medial
lemniscus (ML), motor portion of the corticospinal tract (IC), thalamic fasciculus (ThF),
and hyperdirect pathway (HDP). Using a fixed power constrdiet MOPSO approach

efficiently constructed a range of optimal electrode and current combinations in less than
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five minuteshat maximized activation in STN, SCP, ThF, and HDP while minimizing ML
and IC as defined by Paretmptimality. In addition, the MOPS@lerived predictions for
programming the Boston Scientific 2202 lead achieved higher activation in the STN and
HDP compared to any single contarsingthe same legdand these solutions exhibited
norrintuitive, multi-electrode configurationscross all subgs Finally, our retrospective
modeling also indicated the engagement of SCP, ThF, STN, HDP, and IC during the
programming process, and that clinigabptimizedtherapeutic settings achieved primarily
activation of STN and HDBuggesting these two pathysaare critical for achieving high
levels oftherapy on parkinsonian motor signs

5.2 Experimental Assessment of Algorithm Performance

In the shorterm, the next step in developing the programming approaches presented here

is to expand thecapabilities In particular, the temporal parametershefwaveform (e.g.

pulse width, waveform shape) have been shown to influence fiber recruitbddmtin

some cases having more subtle batevant dynamic effects beyond what can be
determined by the spatial characteristicstiod electric field[193]. Prerequisite to
incorporating such parameters, however, is the development of better methods to
efficiently predict the effects of stimulation. While all prediction in this dissertation was
based on the #fAact i v dl017], which predicts activatioro usimga | ¢ u |
estimates of the initial depolarizing influence of a stimulus on an axon, a number of studies
have shown that this approach is subject to variation with spatial and temporal parameters
[111,192] Future work wild/l need to either tral
stada d 0 -compattment axon approafdi?], or develop robusnodelfits that relate

specific stimulus parameters (e.g. electric potential distribution, waveform shape) to
specific spatial parmeters of inteests (e.g. stimulation extefit94], fiber orientation

[195]).

Another important future diction is the development of objective metrics to
evaluate stimulation outcomes. On the one hand, this involves establishing a clear
relationship between activation of particular pathways and the clinical effects consequent
to that stimulation. The prograning approaches presented in this dissertation are well

suited to facilitating this investigational probing of pathway involvement by helping to
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contr ol the Ainputodo to the system. - On
physiology also present a majopportunity for developing objective metrics to evaluate
programming outcomes, providing a <clear
subcortical (acut¢196] and chronic[197]) and cortical (acut¢l98]) recordings show
promise in this domainFor example, in the context of VPUDBS, one could record
neuronal spike activity in both primary motor cortex (M1) and primary somatosensory
cortex (S1) to assessetlegree to which the algorithms developed in this dissertation can
successfully predict stimulation settings that more selectively activate the corticothalamic
and thalamocortical pathways between VAMD and between VPLE1. Similarly,
assessment of thalgorithms for STN DBS targeting could compare neuronal spike
recordings withinGPito compare the extent to which antidromic responses are elicited
when targeting the STN proper versus the pallidofugal pathway within the thalamic
fasciculus.

In addition to assessing the prediction of how well the algorithm can predict
electrode configurations that more selectively taoget pathway over another, it wallso
be important to validate how well the subjesyiecific models can predict the percent
activationwithin a given pathwayVhile recording from individual, let alone populations
of axons, is extremely difficult, there are electrophysiological techniques to assess
antidromic and orthodromic modulatiofineuron cell bodies with axons coursing near the
adive electrodes as well as neuron cell bodies and dendritic processes innervated by axonal
processes that may be modulated by DERich validation experiments wilo doubt
require sampling from a large population of neurons, especially when consitteatng
many model predictions found 10% or fewer of the axons within a pathway activated for
any given stimulation settinglore broadly, however, validation of subjesgecific DBS
models is still a need and a limitation in the applicatiorsulfjectspecifc modelsin
generalfor clinical and research purposes. While inhomoger2&8], anisotropyf121],
and electrodg¢issue interfac§l99] have been found to relate to metidsnodel accuracy,
it remains unclear how critical any given layer of complexity is to true predictive accuracy,
or whether there is a missing layer of complerigded to fully capture the critical factors.

In the context of assessing the algorithm germiance in human DBS patientgm

invasive functional imaging approachiesuch as MEG, fMRI, and PETwill be useful.
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Toward this end, a preliminary study in Pal
performed to first assess the variability inrtaal spectral features amongst a cohort of

i ndividual s di agnos éAppendix)tApplyiRgaME® techsiquesfos di s
DBS programming however, faces a number of technical hurdles in terms of the
complexity of the datg200] and removal of stimulation artifacts that can intexfesth
interpretation of the daf201]. However, more fundamentally, the use of MEGriform

DBS programing requires that cortical MEigtectable biomarkers of disease be
established for the various DBS indications. This dissertation demonstrated the relevance

of motor subtypes to the cortical signaturePo& r k i diseasa, @rsd othevork has

shown the occurrence of diseas¢ated coherend02] and network connectivitj203].

However, nore work in larger cohortzes, and new techniques in large data angd&83)

are needed to establish robust cortical markersctretlatewith clinical phenotyps and

individual parkinsonian motor signsUItimately, a MEGdetectable cortical biomarker

would have strong implications not only for DBS programmimng, for patient selection

and for probing disease development over time.

5.3 Clinical Translation

To translaethe programming algoritheddeveloped in this dissertation to clinical settings
the major hurdle to overcome is the development of streamlinedwiothated processes
for building subjectspecific models. Currentlythe steps ofmage segmentation, image
registration, lead localization, and finite element modetiag betime-consuming and
require trained individuals to performiWhile a numbelof software resources currdynt
exist to facilitatesome of thesgrocesss (e.g. FSL, FreeSurferla more integrated
approach is needed to promote widespread use in centers with high patient volume. Such
development of automated techniques will be essemiabnlyto apply these modeto
inform programming, but als@o enable and facilitate clinical validation of model
performance and development.

Clinical studies investigating the effects of targeted DBS on movement disorders
are well positioned to levage the programming algorithms developed in this dissertation
for not only increasing the efficiency of programming but to also help identify pathways

involved in the manifestation and treatment of movement disorder symptoms. Emerging
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indications of DBS' including addictiorf204], treatmentresistant depressidt72], and
traumatic brain injury205] i in which studies are limited in sample size are also likely to
benefit from the use of the programming algorithms in that the algorithms can provide a
closed set of patierdgpecific DBS parameters to test thus enabling more rigorougwith
subject experimental designs. Such programming algorithms may be especially useful for
treating patients in which DBS is known to have long wiasperiods, such as dystonia

and treatmentesistant depression, and not conducive to rigorous monopoleawrev

programming approaches.
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Appendix(APP): Spatial Patterns of
Phase Amplitude Coupling using
Resting State
Magnebencephalography in
Parkinson's Disease

(In Revision)

Edgar Pefa, Luke Rosedahl, Tareqg M. Mohammad, Fedaa Almohammed, Tahani AlOtaibi,
Shahpar Nabhrir, Lahbib Soualmi, Vahe Poghosyan, Scott E. Cooper, Veikko Jousmaki,
Matthew D. Johnson, and Jawad A. Bajwa

APP.1 Introduction

El etrophysiological studies of Parkinsonods
of clinically relevant hypersynchrony underlying disease pathophysiology, particularly in

the beta band (135 Hz)[33i 35]. Nortinvasive magnetoencephalography (MEG) studies,

for example, hee pointed to the occurrence of diseaskated cortical hypersynchrony.

These include correlations between beta power and contralateral motor imp$20agnt

reduced dynamic changes in beta during movement [28K§ sensorimotor beta power
differences compared to healthy contr¢®08,209] as well as diseagelated links

betwea motor cortical activity and basal ganglia actiji20], muscular activityj202],

and other cortical awity [203].

One neurophysiological measure of network dynamics that may have relevance to
Parkinsonds di s e as eamplimde boopiry yP&LH@)linavhgichtheé s p h a:
amplitudes of high frequen oscillations (HFOs) are phakecked to the lowfrequency
oscillations in the beta band. pHohav®keenk i ns o
reported to occur in the basal gandli®6,211 213], where the degree of coupling was
found to depend on disease seve[l29], deep brain stimulation therag212], and

therapeutic dopamine replacemgh®6]. Elevated levels of PAGiro have also been

117



reported in focal recordings of the sensorimotor coft88,214,215] with a reduction in

coupling in response to therapy. Such elevatedyRA&has been proposed to represent

a pathological hypersynchrony between local neuronal spiking and low frequgnals s

that facilitate neuronal communication across brain red@1#]. While PAG+ro sShows

promise as a potential diagnostic and ther

is limited evidence for how PAGro manifests across the cortex and such signals relate

to clinical features of Parkinsondés diseas
In this study, we leveraged MEG and souspace imaging to neimvasively probe

restingstate PAG.Hro across multiple cortida r egi ons i n Par kinsonodos

also examined Parkinsondés disease subjects

guestions we studied were the following: (1) How are cortical R&€ patterns

distributed acr osbgctsP@)How doshese patternd coretate svith s u

clinical motor factor scores derived from |

Disease Rating Scale (MBD3PDRS) Part I1I? (3) What electrophysiological changes are

consequent to parkinsonian mogign improvements after dopaminergic medication?

APP.2  Materials and Methods
APP.2.1 Human Subjects and Clinical Ratings

We recruited 18 subjects with an establist
ratings and MEG recordings were obtainedrfreach subject after 12+ hour medication
withdrawal ( A med -&0f rhinutes fadlasvingwedrhidistrateors of 4 5
standardized dose of medication (two tabl e
ono). This standardized dtbae washsetubfjecbé
not so high as to induce dyskinesias. The med on state was subjectively confirmed by each
Parkinsonds disease subject. Il n both the
disease subjects were rated immediatelpteeéntering the MEG scanner by a movement
disorders neurologist using the MRB’DRS Part Il (motor examination) rating scale.

Subpart scores were then summed into the following seven factor scores accaridg to

(Table APP.1), which have demonstrated clinicometric validity in characterizing

Pda ki nsonds disease: midline function (eigh
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items), upper extremity bradykinesia on the right (three items) and left (three items),
postural and action tremor (four items), and lower extremity bradykinesiaiféons). We

also collected additional clinical features, including sex, age, disease duration, predominant
motor sign at disease onset (based on subject interview and clinical history); Yadehn
stage, and MinMental cognitive scoreT@able APP.2). The study protocol and consent

form were approved by the King Fahad Medical City and University of Minnesota
institutional review boards, and the study followed ethical principles descimb#te
Declaration of Helsinki.
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Rest Arm Arm P/K MDS-

Axial Tremor Rigidity (right) (left) Tremor Leg UPDRS Il
Subject off on off on off on off on off on off on off on off on
1 6 4 12 7 8 5 6 3 3 0 6 5 3 2 44 26
2 7 3 0 0 4 2 2 2 2 1 0 0 4 2 19 10
3 155 115|45 6 85 9 55 45 |5 4 0 0 5 5 44 40
4 15 05 |45 3 55 4 3 2 25 05 |1 1 1 0.5 19 115
5 6 5 5 5 6.5 45 |15 05 |15 05 |0 0 35 1 24  16.5
6 75 5 0 0 9 8 15 05 |25 15 |15 1 4 2.5 26 185
7 12 8 7 3. 95 65 |45 2 5 35 |2 1 25 15 425 26
8 15 135|6 5 6 55 |10 75 |8 65 |1 0 8 8 54 46
9 12 11 |4 1 7 6 5 6 35 3 05 05 |12 13 44  40.5
10 16 20 |9 7 4 2 9 6 6 4 4 4 14 9 62 52
11 85 6 0 0 95 95 |5 3 4 2 4 4 6 3 37 275
12 18 18 |0 0 6 35 |6 3 4 15 |0 0 2 1 36 27
13 16 10 |6 1 8 4 6 2 6 2 3 1 12 9 57 29
14 9 9 0 0 7 2 85 8 9 9 0 0 12 9 455 37
15 17 17 |2 0 6 4 8 3 9 4 0 0 12 7 54 35
16 5 3 15 0 5 4 4 3 4 3 15 05 |0 0 21 135
17 11 6 25 0 7 3 4 3 6 3 0 0 2 0.5 325 155
18 8 3 0 0 2 2 85 45 |8 45 |0 0 7 5 33,5 19

TableAPP1l:Par ki nsonbd6s disease subject factor s dleerseven pakmsbnianéastgro n s e

scores correspond to categorized MD8DRS Part 1l ratings based di0]. The sum of all seven factor scores corresponds to the
total MDSUPDRS Part Il score. P/K: miural and kinetic tremor
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APP.2.2 MEG Recordings
MEG recordings were perfor med i n Par ki nsc
medication at the MEG Unit of the King Fahad Medical City, Riyadh, using &B&6nel

(102 magnetometers and 204 planar gradiersgwholehead system (Vectorview; Elekta
Neuromag Oy, Helsinki, Finland), at a sampling rate of 1000 Hz andgmsof 0.03

330 Hz Fig. APP.1A). In conjunction with the MEG recordings, electrocardiogram (ECG)
and electrooculogram (EOG) were also releal. All subjects underwent these recordings
while sitting upright in a resting state condition (eyes open) for approximately three
minutes. Only planar gradiometer data was analyzed due to its higher sensitivity to cortical

signals and lower sensitivitp noise compared to magnetometers.

APP.2.3 MEG Data Preprocessing

Temporallyextended signal space separation (tSSS) and movement correction algorithms,
implemented in Maxfilter software (Elekta Neuromag Oy, Helsinki, Finland), were used

to suppress exten a | and internal noi se, and compen
during the recording217,218] The Fieldtrip toolbx was then used to split signals into
five-second epochs and bandpass filter them at a high frequency band in which artifacts

are likely to appear (i.e. 50 to 333 Hz). Epochs and MEG channels were rejected if their
average higifrequency power was moredin 1.5 standard deviations above the mean. The

signal was subsequently imported into the Brainstorm software pack8
(http://neurocimage.usc.edu/brainstyyrwvhere we employed signal space projection to
remove cardiac artifacts and blinks associated with ECG and EOG {220its
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Predominant

Disease Hoehn Mini - Motor Sign at

Age Duration Yahr Mental Onset
Subject Sex (years) (years) Stage  Score
1 F 68 5 2 20/25  tremor
2 M 56 1 2 26/30  bradykinesia
3 M 71 5 2 19/21  tremor
4 F 57 2 2 30/30  tremor
5d F 62 9 2 28/28  tremor
6 M 55 6 2 29/30  bradykinesa
7 M 71 6 2.5 30/30  tremor
8™m M 55 5 2 30/30  tremor
9 M 70 7 3 30/30  bradykinesia
10 F 55 9 3 27/30  tremor
11 M 51 3 2 30/30  bradykinesia
12 M 57 <1 3 29/30  bradykinesia
13¢m F 53 7 2 28/30  bradykinesia
149m M 53 10 2 26/30  bradykinesia
15" M 70 4 3 25/30  bradykinesia
16 M 69 1 2 30/30  bradykinesia
179 M 69 5 2 30/30  tremor
18¢ M 52 6 2 30/30  bradykinesia

Table APP2: Par ki nsonos

di sease

subj ect demogr a;

dopamine replacement therapyistory of d/skinesia and motor fluctuations are indicated

by superscripts

(6d6
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DirectPAC (au)

01 03 05 07 5 10 15 20 25 30
Time (sec) Phase (Hz)

Figure APP.1: Calculation of sourcespace phasamplitude coupling(A) MEG sensor
|l ocalizati on. (B) Source | ocal wthasamplen ont o
point (vertex) highlighted in white. (C) Source signals were hzass$ filtered into high
frequencies and low frequencies. Coupling was then measured between high frequency
amplitude (solidipperline) and low frequency phase (calculated fréwa $olid black line).
(D) Coupling for each pair of high and low frequencies was summarized on
comodulograms showing the phasmplitude coupling strength across frequency bands.
Coupling in the frequency range of interest (denoted by the white dashedvasx)
averaged and mapped onto its corresponding point on the cortex. (E) Surface rendering of

phaseamplitude coupling strength across the cortical surface.
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APP.2.4  Mapping MEG Signals onto the Cortical Surface

Each subject underwent Meighted magnati resonance imaging. These anatomical
images were then processed with FreeSurfettp(/surfer.nmr.mgh.harvard.edu

[221,222] generating subjedpecific cortical surfaces. Preprocessed sensor sigeats w
mapped onto the cortical surface using the Brainstorm software package. Specifically, we
imported the cortical reconstruction, downsampled the cortical mesh to 15,000 vertices,
and coregistered the mesh to the MEG sensors using headpoints to refimatieg We

then performed distributed source reconstruction by applying the whitened minimum norm
estimate with depth weighting@23], an overlapping spheres head mo@24], and no

noise modelingKig. APP.1B). The sources were constrained to be normal to the cortical
surface, with other parameters having default Brainstorm values (dmnalse ratio: 3;

noise covariance regularization: 0.1; depth weighting order: 0.5; maximal depth weighting:
10). The output was a kernel that mapped theregected gradiometer sensanéseries

to the 15,000 cortical vertices.

APP.2.5 Cortical Phase Amplitude Coupling

We applied the DirectPAC measuf225] to each point on the cortical surface. The
DirectPAC measure provides a simple and theoretically sound approach for assessing
coupling between low frequency oscillatory phases and high frequescilatory
amplitudes Fig. APP.1C). For the source signal at each point on the cortical surface, we
generated a comodulograrRig. APP.1D), which shows the phasamplitude coupling
across a range of individual frequencies. The phase was extracted Wwofreduency
components of the source signat32 Hz), with each component bandpass filtered
individually at 1 Hz bandwidth. The amplitude was extracted from high frequency
components of the source signal{280 Hz), each bandpass filtered at higher badiths

for higher frequencies, ranging from 1.2 Hz (for 40 Hz) to 9.8 Hz for (280 Hz). While the
power line frequency (60 Hz) was preserved in order to minimize-fédated distortion

of the MEG signal, the DirectPAC measure was unaffected since théuepf 60 Hz

was independent of the low frequency signals extracted. We then averaged the DirectPAC

comodulogram values within the -BD Hz (phase) and 5860 Hz (amplitude) range,
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providing a measure of overall PAGro for every point on the corticalusface Fig.
APP.1E). As a feature of the DirectPAC calculation, the BAE» values obtained were
linearly biased by the duration of the signal used to compute the-i80Ne corrected

for the linear duration bias by using an additive offset to remuoearrelation.

APP.2.6 Cluster Identification

The spatial distribution d?AC,.nFrowas investigated by localizing clustefsd. APP.2),

where values were in the upper ©7percentile of PAGonro across all subjects,
corresponding to 0.0045 DirectPACiisn The clusters were obtained by first visually
identifying the number of cortical clusters present in each hemisphere. A hierarchical
clustering tree based on Euclidean distance was then created in order to quantitatively
define the boundaries and cemdk of the clustersHig. APP.2B). The cutoff thresholds for
clusters were specified to create distinct, large clusters. Clusters that contained fewer than
100 vertices were excludedlhe centroid of each cluster was then assigned to one of five
cortical regions: frontal, sensorimotor, temporal, parietal, occipital. The sensorimotor
region was considered independently from the frontal and parietal regions in order to

facilitate comparison to previous studies.

A subject 15 B clusters

Figure APP2: Cluster identification exan@. (A) The original data containing a

continuum of PAguroVvalues. (B) All values above theé™gercentile (across all subjects)
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were clustered by their Euclidean distance using a hierarchical clustering tree. Each
cluster was assigned to the corticagion from which its centroid originated (frontal,
sensorimotor, temporal, parietal, and occipital).

APP27 Generali zed Linear MéoFO€lustersg Rel

to Clinical Factors
In order to assess the relationship between motor factor scoregauttinrence of PAC
Hro Clusters, we constructed generalized linear models (GLM) that mapped each of the
seven motor factor scores listedTliable APP.1 to the probability of cluster emergence in
each brain region. This was performed separately for thieafieand med on conditions.
The emergence of PAGro clusters in a given cortical region was modeled as a binomially
distributed random process, and the logit transformation was used as the link function
between the probability of cluster emergence duedclinical factors. Therefore, for each
GLM, the following loglikelihood was iteratively maximized using thiglm functions in
MATLAB R2016b:

TTICI A Moo ® I T OO 1T Q

whete L was the likelihood of observing the data given the fit parameteveas the

intercept, b was thepredictor coefficient,n was the number of observations (i.e. 18
subjects)Y was a binary value indicating the presence or absence of a clustiteirthe

left or the right hemisphere, anawas the predictor of interest. For a given motor factor

score, the sign of the predictor coefficient reflected the type of correlation (i.e. negative vs.
positive) between cluster occurrence and the motor factwidered. We subsequently
investigated the influence of the other sources of clinical heterogeneity in our cohort by
constructing a second set of GLM6és incorp
included the following data froffiable APP.2: genderage, disease duration, predominant

motor sign at disease onset, Hoetahr stage, and mimental score. Therefore, this
second set of GLM&és consisted of 13 -factor

predictor models with the best fits were ob&d. The quality of fit for each GLM was
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assessed by comparing its deviance to a model that only includes a constant value.
Statistically significant improvements in deviance due to an additional predictor were
assessed by a ebguared statistic for trehange in deviance using one degree of freedom.

APP28 Changes -HRO DBeAdOopaminergic Therapy and
Motor Improvement

We used Mc Ne mar 6values te determivwa changesinxcusters ofi24c

with respect to medication. In addition, we performed a poyapoint subtraction of the

O0medd oafnfd 6 med ond vVval ue shpntostrermth at eaxlsofthelivee ¢ h an
cortical regions. Finally, correlations between BAg changes and motor sign
improvements (as measured by changes in NUP®BRS Part Ill and by motor factor

scores) weressessed by Spearman tests at a 5% significance level with corrections for

multiple comparisons.

APP.3  Results
APP.3.1 Spatial Distribution of PACpb-Hro Clusters

PAGCs.1Fo occurred in distinct spatial patterns and clusters across the cortex, both on and
off medication Fig. APP.3 & APP 4; Supplementary Figure APP.1). In the med off
condition Fig. APP.3) there were 13 frontal clusters across 9 subjects, 5 sensorimotor
clusters across 4 subjects, 5 temporal clusters across 5 subjects, 8 parietal clostebs acr
subjects, and 15 occipital clusters across 10 subjects. Temporal clusters occurred only on
a single hemisphere, while clusters centered in other regions occurred in either one or both
hemispheres. There were two subjects who had no clusters iegiap.r In the med on
condition Fig. APP.4), there were 11 frontal clusters across 8 subjects, 1 sensorimotor
cluster across 1 subject, 8 temporal clusters across 7 subjects, 11 parietal clusters across 7
subjects, and 15 occipital clusters across 9 stijeln all but one subject in the med on
condition, temporal clusters occurred on only one hemisphere, while clusters from other
regions occurred in either one or both hemispheres similar to the med off condition. The

effects of medication on the PAGro and the clusters ranged from little clear change (e.g.
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subjects #14, #10, #9, #2) to evident decreases (e.g. subjects #1, #7) to shifts in spatial
distribution (e.g. subjects #6, #15, #13).

#3 #4

#11

DirectPAC x 10'3
2 3 4 5

HEE e

Figure APP.3: Axial view of PA@-HFO clusters across all sgydrts (off medication).

Subject numbers are the same as those listed in TABPL & APP2. Subjects were

sorted to approximately group subjects with clusters in similar locations, based on city

block distance between cluster tables for each subjdot c&ntroid of each cluster was
projected outward and | abeled with a | ett

(frontal), 06S6 (sensorimotor), OT6 (tempor
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DirectPAC x 10'3
2 3 4 5

HEE e

Figure APP4: Axial view of PA@HFO clusters acrossll subjects (on medication).

Subject numbers are the same as those listed in TABPd & APP2. Subjects were
arranged as based on city Dblock distance f
visual comparisons across the two medication doms. The centroid of each cluster was
projected outward and | abeled with a | ett

(frontal), 06S6 (sensorimotor), OTO6 (tempor

APP.3.2 Generalized Linear Models to Map Clinial Features to

Cluster Occurrence
The significant GLM results are illustratedrigure APP.5. In the med off condition, the
GLMs that only incorporated motor factor scores had two sipggdictor models with
significantly lower deviance than a predicindependent constant model: rest tremor with
frontal clusters (pralue: 0.0227; coefficient (SE)0.388 (0.204); intercept (SE): 1.294
(0.836); Fig. APP5A) and leg bradykinesia with temporal clustersvétue: 0.0223;
coefficient (SE)-0.507 (0.336);ntercept (SE): 0.817 (1.18Hig. APP.5B). In the med
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on condition, there were three models with significantly lower deviance: rest tremor with
frontal clusters (pralue: 0.00967; coefficient (SE0.634 (0.332); intercept (SE): 0.798
(0.664);Fig. APP.5C), rigidity with temporal clusters (palue: 0.0133; coefficient (SE):
0.639 (0.323); intercept (SE)}3.528 (1.645)Fig. APP.5D), and postural/kinetic tremor
with occipital clusters (jwalue: 0.0135; coefficient (SE)1.073 (0.682); intercept (SE):
1.375 (0.696)Fig. APP.5E).

I n GLMOGs that I nc olabje aArPP2,twe tbund that onlg the a f r o
motor sign at disease onset provided a significantly better gumgtictor fit relative to
predictorindependent constant models. Specificaflybjects who had tremor as their
predominant motor sign at disease onset had a lower predicted probability of cluster
emergence than subjects with predominantly bradykinesia at onset. This result was
observed both in the med off-yalue: 0.00283) and mexh conditions (pvalue: 0.0109)

(Fig. APP.5F). Performing a chsquare proportions test for both med off and med on
conditions confirmed that subjects with predominant bradykinesia at onset had a
significantly higher incidence of PAGiro clusters in therbntal regions compared to
subjects with predominant tremor at onset (med effllpe: 0.0044; med on-yalue:
0.0147).

A Frontal (med off) B Temporal (med off) C Frontal (med on)
E 8 o o _‘3 o ° E e o
:\esa ° :\’es"" ;:\(.\ §
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Figure APP5: Associ ations with significant GL Mo s
probability of cluster occurrenceFor visualizaion, random jitter was added in the y

direction (AF) and in the xdirection (F). Factors shown provided significantly better fits

of cluster probability compared to factardependent constant models. (A, C, F) The rest

tremor negatively correlated to éhoccurrence of frontal clusters both off and on
medication. Motor sign at onset (i.e. bradykinesia vs. tremor) was also correlated to frontal
cluster occurrence. (B, D) Leg bradykinesia and overall rigidity were negatively and
positively correlated (resrtively) to the occurrence of temporal clusters. (E)

Postural/kinetic tremor was negatively correlated to occipital cluster occurrence.

APP.3.3 Changes in PAG.+Fro with Medication

In consideringPAGs-HrFo cluster changes due to medication, we maintaaasgparation

between subjects with different predominant motor sign at onést.shown in Fig.

APP.6), medication had no significant effect on the RA&o clusters in any brain region

for either of the two modes -wafes phr©8.@5. ( McN
Meanwhile, dopamine replacement therapy had a range of effects on deAiCahro

intensity that were heterogeneous across the cohort of subjEgs APP.7A).
Furthermore, theséhanges il ACo-Hro generally did not correlate with cnges the MDS

UPDRS Part Ill scoresF{g. 7B) or with changes in the corresponding factor scores

(Supplementary Figure APP.2) (Spearman rho tests: p > 0.05 for all comparisons).

Medication Condition

Bradykinesia

Tremor

Predominant Motor Sign at Onset
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Figure APP 6: Incidence of PAG-HFO cluster centroids in five different braregions.
Values of colors are shown in percentages. Regions: (1) frontal, (2) sensorimotor, (3)
temporal, (4) parietal, and (5) occipital. Centroids were defined for each,BALIuster.
Percentages reflect the total number of subjects with predomireamor at onset (n = 8)

and with predominant bradykinesia at onset (n = 10). Medication did not have a

significant effect on cluster occurrence.

APP 4 Discussion

In this study, we applied MEG imaging and sotspace signal processing methods to
investigate cortical PA€hroacr oss a range of <clinical f e
Building off of other g[226],uoprssiudy wghlights then h e a
capabilities of magnetoencephalographitaging to reveal distinct cortical PAGro

spatial profiles in neurological disorders. We found that cortical RA&was present

across the cortex, that clusters of cortical BA& were negatively correlated with clinical

factors, particularly with lv rest tremor scores and with the absence of tremor at onset,

and that medication had no consistent effect on cluster occurrence or cortigahddAC

strength.
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Figure APP.7: Change in PA®-HFO due to medication(A) Change in PAg+ro for
each subjecacross all points (vertices), sorted by median change (increasing from bottom
to top). (B) MedianPACsHro change with respect to change in MDEDRS Part Il
score. Median plotted in two different linear scales to facilitate visual presentation of wide

data range (grid lines spaced 0.1 DirectPAC units apart).

APP 4.1 Distribution of Cortical PACpHro Cl ust ers 1 n Par ki

disease Subjects

Our study builds on previous studies that have recorded-R4&@om subdural electrodes
placed overthesensotbt or cortex in Parkinsonbs disea
stimulation (DBS) surgerj198] and from EEG electrodes placed in the vicinitythodé

motor cortex[214]. Those studies reported elevated levels of RAGi n Par ki nson
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